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Abstract

At the time of writing this thesis, the complete genomes of more than 180 organisms have
been sequenced and more than 80000 biological macromolecular structures are available
in the Protein Data Bank (PDB). While the number of sequenced genomes and solved
three-dimensional structures are rapidly increasing, the functional annotation of protein
sequences and structures is a much slower process, mostly because the experimental de-
termination of protein function is expensive and time-consuming. A major class of in silico
methods used for protein function prediction aim to transfer annotations between proteins
based on sequence or structural similarities. These approaches rely on the assumption that
homologous proteins of similar primary sequences and three-dimensional structures also
have similar functions. While in most cases this assumption appears to be valid, an increas-
ing number of examples show that proteins of highly similar sequences and/or structures
can have different biochemical functions. Thus the relationship between the divergence of
protein sequence, structure and function is more complex than previously anticipated.
On the other hand, there is mounting evidence suggesting that minor changes of the
sequences and structures of proteins can cause large differences in their conformational
dynamics. As the intrinsic fluctuations of many proteins are key to their biochemical
functions, the fact that very similar (almost identical) sequences or structures can have en-
tirely different dynamics might be important for understanding the link between sequence,
structure and function. In other words, the dynamic similarity of proteins could often serve
as a better indicator of functional similarity than the similarity of their sequences or struc-
tures alone. Currently, little is known about how proteins are distributed in the ‘dynamics
space’ and how protein motions depend on structure and sequence. These problems are
relevant in the field of protein design, studying protein evolution and to better understand
the functional differences of proteins. To address these questions, one needs a precise def-
inition of dynamic similarity, which is not trivial given the complexity of protein motions.
This thesis is intended to explore the possibilities of describing the similarity of pro-
teins in the “dynamics space’. To this end, novel methods of characterizing and comparing
protein motions based on molecular dynamics simulation data were introduced. The gen-
erally applicable approach was tested on the family of PDZ domains; these small protein-
protein interaction domains play key roles in many signalling pathways. The methodol-
ogy was successfully used to characterize the dynamic dissimilarities of PDZ domains and
helped to explain differences of their functional properties (e.g. binding promiscuity) also
relevant for drug design studies. The software tools developed to implement the analysis
are also introduced in the thesis. Finally, a network analysis study is presented to reveal
dynamics-mediated intramolecular signalling pathways in an allosteric PDZ domain.
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Chapter I

Introduction

From all we have learnt about the structure of living matter, we
must be prepared to find it working in a manner that cannot be
reduced to the ordinary laws of physics. And that not on the
ground that there is any ‘new force” or what not, directing the
behaviour of the single atoms within a living organism, but
because the construction is different from anything we have yet
tested in the physical laboratory.

- Erwin Schrodinger, What is Life? (1956)

1.1 A single molecule as a complex system

Life has no secret ingredient. Living organisms are composed of the same chemical ele-
ments (mostly Hydrogen, Oxygen, Carbon, Nitrogen, Sulphur and Phosphorus) that also
make up non-living material. What distinguishes a living system from its inanimate en-
vironment is its extraordinary complexity. In other words, the key to understanding a
biological system is not really to learn what building blocks it is composed of, instead to
puzzle out how these components are organized to function together as a system.
Although a living cell is indeed nothing more than a collection of molecules (as is
a non-living object), the interaction networks of these biomolecules form a complex ma-
chinery that is incomparably more complicated and more precise than the most complex
man-made machines. From this point of view, biology, now becoming increasingly inter-
disciplinary!, shares many challenges with engineering sciences. While the objective in
engineering is to design a system that can perform a desired function, the goal in mod-

ern biology is the opposite: to reverse-engineer complex biological systems in order to
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understand how they are constructed to perform the observed functions.??

Complex Systems Theory, a relatively new and rapidly emerging field in mathemati-
cal, physical, social and life sciences, deals with systems which consist of a large number
of mutually interacting components.* In such systems, characteristic features can emerge
that cannot be understood by studying the components of the system in isolation. This
property (i.e. "the whole is more than the sum of its parts") is often referred to as the irre-
ducibility of the complex systems and is particularly true in the case of biological systems
that are made up of a very large number of interacting components.*> Emergent functions
arising from complexity are observed on every levels of organization, from molecular to

cellular to ecological systems.(see Figure 1.1).

Proteome Single g,g
Tissue of a cell protein T

Complex network Complex protein Complex residue
of cells interaction network (PIN) network

Figure 1.1: It is their complexity that distinguishes living systems from their inanimate environ-
ment. Complexity can be observed at every level of biological systems. A tissue is a a complex
network of cells. The proteome within a single cell is a complex interaction network of proteins.
An individual protein is made up of a complex network of amino acid residues. Therefore to fully
understand how a protein performs its biochemical function, one needs a system-level approach.

Systems Biology is a fast developing integrative discipline that aims to gain a system-
level understanding of biological systems and processes learning from Complex Systems
Theory.>” In contrast with the traditional reductionist approach of life sciences that aimed
to decompose living systems into its basic components (cells, proteins, genes etc.) and

understand the functions of these individual parts, the objective of systems biology is to
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explain how these components work together as a complex dynamical system.>®

Proteomics

Svstems
Biology

Metabolomics

Transcriptomics

Epigenomics

Figure 1.2: Solving the molecular puzzle of life: systems biology views a living cell as a complex
system and aims to understand its emergent functional properties by the integration and system-
level modelling of genomics, proteomics, transcriptomics, metabolomics and epigenomics data.

With the completion of genome programs and emergence of high-throughput experi-
mental technologies (e.g. microarray, next-generation sequencing and mass spectrometry),
the amount of available data about the building blocks of cells, their interactions and dy-
namical behaviour is rapidly increasing.®” The challenge of systems biology is to integrate
the genomics, transcriptomics, proteomics, metabolomics and epigenomics data (Figure
1.2), focusing on the interactions between the components, to reverse-engineer emergent
cellular functions.!? This challenge, however, is especially difficult due to the complexity
of living systems: for example, it has been estimated that a single typical eukaryotic cell
contains approximately one billion protein molecules. !

Although the major focus of Systems Biology is the analysis of protein interaction, gene

regulatory and metabolic networks, even understanding a single protein molecule imposes
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a very difficult challenge. Composed of a large number of interacting components (i.e.
amino acid molecules), an individual protein molecule itself is a complex system (Figure
1.1). Therefore similarly to the approach of studying complex protein interaction networks,
in order to understand how a particular protein carries out its specific function, one should
think of it as an irreducible system which is more than the sum of its parts. In other words,
to elucidate the biochemical function of a protein, one would need to gain a system-level

understanding of the molecule.!?

sernnnnannnnanCentral doama PETTEOPPPTPPPED Central doama
: | DNA i i{| DNA
lTranscrirption lTranscrirption
i | mRNA i i| mRNA
lTra nslation lTransIation
. Polypeptide E :  Polypeptide :
(AA sequence) (AA sequence)

]’t Complex
b energy landscape

l Static : ¢ Dynamic

Function ‘ Function

A. B.

Figure 1.3: Information flow from DNA sequence to biochemical function. According to the central
dogma of molecular biology, for protein-coding genes, information is transferred from DNA to
RNA to the polypeptide chain (primary sequence of protein). In the outdated view (A.), the amino
acid sequence encodes the native tertiary structure of the protein which determines its biochemical
function. In reality (B.), the amino acid sequence encodes a complex free-energy landscape that
determines the dynamic nature of the protein. Instead of a single native structure, proteins exist in
an ensemble of conformations and their flexibility is key to their biochemical functions.
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Figure 1.4: Being dynamic molecules, proteins cannot be described as a single structure, but exist
in conformational ensembles. As an example, the solution NMR ensemble of apo calmodulin from
Xenopus laevis (PDB: 1cfc) is presented. All 25 conformers in the ensemble are superposed using
a weighted superposition method (weights indicated in different colors). The apparent structural
variation of calmodulin is due to the intrinsic dynamics of the protein. (Image courtesy: Mechelke
and Habeck 201013)

Although proteins are complex systems because they are composed of a network of
interacting amino acid residues, their real complexity arises from their dynamic nature.
According to the traditional view (Figure 1.3A), the primary amino acid sequence of a pro-
tein encodes a well-defined three-dimensional (tertiary) structure, and this native structure
determines the function of the protein.'* However, this oversimplified model of sequence-
structure-function relationship provides a static picture of the protein. In reality, proteins

are not rigid bodies but flexible molecules and their mobility is key to their functions.®
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What is really encoded in the primary sequence is not a single conformation, but a com-
plex free-energy landscape that determines the conformational dynamics of the protein
(Figure 1.3B). Consequently, instead of adopting a single native structure, proteins exist in
an ensemble of conformations (illustrated with the example of calmodulin in Figure 1.4).
16 As discussed in Section 1.2.1, the topography of the free-energy landscape determines
the complex hierarchy of the functionally relevant substates of the protein.

A generally observed feature of complex systems is the emergence of collective, self-
organized behaviour that cannot be inferred from the interactions between the individual
components. Such collective behaviour were described in many complex biological phe-
nomena such as the motion of bacterial colonies, nest construction of social insects, flock-
ing of birds, migration of cancer cells, activation of neurons and function of the immune
system.!’22 Being a complex dynamical system, an individual protein molecule also ex-
hibits collective behaviour: i.e. the collective fluctuation of its atoms. As discussed in
Section 1.2.3, large-scale concerted motions of atoms in a protein are often crucially impli-

cated in its biochemical function and are therefore under evolutionary selection pressure.

23

1.2 The dynamic nature of proteins

1.2.1 The topography of the energy landscape

In contrast to many textbooks that depict them as static molecules of a well-defined three-
dimensional structure, proteins are not rigid bodies, but flexible systems that constantly
change their shape under physiological temperature.!® Protein motions (ranging from
small atomic fluctuations to collective movements of entire domains or subunits) are cru-
cially implicated in the function of many proteins. For instance, the ability to change con-
formation has been found to be key in the function of several enzymes, transport and
signalling proteins and proteins involved in the immune system (see a few examples be-
low).?* As discussed in the previous section, it is the energy landscape of a protein that

determines its native conformational dynamics.
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\

Tier O ps to ms
O
>
m —— ———
2
o N
w
5]
o
Tier1
Tier 2 AGpp
(PAr PB)

Conformational coordinate

Figure 1.5: Simplified illustration (one-dimensional cross-section) of the high-dimensional energy
landscape that determines the organization of substates and the hierarchy of timescales in protein
dynamics. The relative populations of the two tier-O states A and B (p4 and pp) depend on their
free energy difference (AG4p). Furthermore, the rate of interconversion between the two states
(ka_,p and kp_, 1) depend on the energy barriers separating them (AG¥(k4_,5) and AG¥(kp_,4)).
In contrast to the interconversion between tier-0 states that occur on the ps to ms timescale, the
transition between tier-1 or tier-2 substates correspond to faster fluctuations described on the ps to
ns timescales. Perturbations (e.g. ligand binding or mutation) can change the free-energy landscape

(e,g. from the dark blue to the light blue curve). (Image courtesy: Henzler-Wildman and Kern 2007
16)

The complex topography of the high-dimensional energy landscape is an intrinsic prop-
erty of proteins16 which encodes their folding, stability and function-related conforma-
tional changes®. The energy landscape is known to have a hierarchical structure and
contains multiple local minima corresponding to different substates of the protein.?® The
relative populations of these conformational substates depend on their energies, while the

rates of interconversion between them are determined by the heights of energy barriers
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(see Figure 1.5).1626

The hierarchical structure of the energy landscape is also directly related to the hier-
archy of timescales of protein dynamics. One can distinguish between protein motions
happening on the ‘slow’ timescale (also referred to as tier-0 dynamics) and motions hap-
pening on the ‘fast’ timescale (referred to as tier-1 and tier-2 dynamics). The former are the
consequences of fluctuations between states separated by several kgT energy barriers (i.e.
tier-0 states), while the latter are the results of fluctuations between structurally similar
states separated by energy barriers of less than kT located within the well of a particular
tier-0 state.(Figure 1.5) The rare transitions between different tier-O states correspond to
large-amplitude, collective motions on the microsecond-to-millisecond timescale. By con-
trast, tier-2 and tier-1 transitions correspond to frequent, small-amplitude, local motions
observed on the picosecond-to-nanosecond timescale, respectively. 127

Since the topography of the energy landscape (and the resulting conformational dy-
namics) is a unique, inherent characteristics, Henzler-Wildman and Kern called this prop-
erty the ‘dynamic personality’ of the protein.'® Importantly, the functional properties of
most proteins are closely related to their ‘dynamic personalities’, as discussed in the next

subsections.

1.2.2 Collective motions of atoms

Collective motions (i.e. concerted fluctuation of groups of atoms) have been found to play

crucial roles in the biochemical functions of many proteins.?® Recurring movements were

classified according to their types such as ‘hinge’, ‘shear’, ‘twist” or ‘screw’ motions 2?30

which appear on multiple levels of the structure. For example, the Database of Macro-

molecular Movements (molmovdb)? provides a multi-level classification system that dis-

criminates between loop, domain and subunit motions. However, since these motions
are very complex and occur in a correlated fashion, instead of classifying them into dis-
crete types, they were suggested to be better described by overlapping, "fuzzy" flexibility

classes.>!
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Figure 1.6: Most dominant modes of motions of the multidrug resistance protein mexA calculated

using Principal Component Analysis (PCA) based on a 25 ns molecular dynamics simulation.3? The
first two eigenvectors (principal components) are visualized as "porcupine” representation with
the Dynamite web server3®. In this plot, a cone is assigned to each a-carbon atom pointing in
the direction of the eigenvector for that atom, while its length is proportional to the amplitude of
motion. A: Visualization of the first eigenvector (which describes 53% of the total motion) shows
rotation of the a-helix at the C-terminal end of the S-barrel subdomain. B: The plot of the second
eigenvector (which describes 20% of the total motion) reveals a hinge-bending motion between the
B-domain and the a-helical hairpin. (Image courtesy: Vaccaro et al 20063?)

In order to derive collective motions of atoms from conformational ensembles or Elas-
tic Network Models (ENM), data mining methods such as Principal Component Analy-
sis (PCA) or Normal Mode Analysis (NMA)343> are often applied. (These mathematical
techniques are described in Chapter 2.) A series of studies that used PCA to reduce the
dimensionality of molecular dynamics trajectories have concluded that only a small set of
principal components account for most of the variation in protein motion®*?. In other
words, internal protein motions can usually be described appropriately by a few eigen-
vectors (of the covariance matrix), that are referred to as the essential dynamics modes (see

an example in Figure 1.6). As discussed above, these collective motions correspond to
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transitions between major conformational substates.
The challenge of relating large-scale collective motions to functional properties of pro-
teins has been discussed in a number of papers and reviews*’. In many studies the analysis

of collective motions helped to understand the function of proteins*=4.

1.2.3 Flexibility and function: examples

Several examples are known in which conformational flexibility is essential for the bio-
chemical functions of proteins. Without trying to give a comprehensive list, only a few of
these examples are mentioned here in order to illustrate the diversity of functional roles
conformational dynamics may play in proteins.

First of all, protein motions are crucially implicated in various aspects of enzymatic
functions. For instance, in dihydrofolate reductase (DHFR) which catalyzes the NADPH-
dependent reduction of 7,8-dihydrofolate (DHF) to 5,6,7,8-tetrahydrofolate (THF), confor-
mational changes that arise from fast thermal motions were suggested to facilitate the hy-
dride transfer reaction. The intrinsic motions of the enzyme, substrate and cofactor are
involved in reducing the donor-acceptor distance, creating a favourable electrostatic envi-
ronment for the reaction and finding the correct orientation of the substrate and cofactor.
45 Another example is streptococcal pyrogenic exotoxin B (SpeB), a cysteine protease, in
which large amplitude loop movements were shown to play key role in enzyme activa-
tion. 1> Upon removal of the pro-domain from the protein, a loop (called the ‘latency loop”)
undergoes large fluctuation (resulting in >25 A displacement) followed by the motion of a
second loop (called the ‘switch loop’) that is now allowed to move away from the active
site, thereby activating of the enzyme.

Furthermore, collective atomic fluctuations in enzymes often play important roles in
substrate binding and product release. For instance, in Triosephosphate Isomerase (TIM)
which catalyzes the isomerization of dihydroxyacetone phosphate (DHAP) to D-glyceral-
dehyde 3-phosphate (GAP), access to the active site of the enzyme is controlled by the
constant fluctuation of a flexible loop (see Figure 1.7). This loop acts as a rigid lid that per-

forms opening and closing motions which can also be observed in the absence of ligand.
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4647 Similarly, in Adenylate Kinases (ADKs) that are responsible for catalyzing the inter-
conversion of adenine nucleotides, collective domain motions which play essential roles
in opening the nucleotide binding lids are required for product release. In addition, there
appears to be a strong link between the described collective motions of the enzyme and the
catalytic turnover of different hyperthermophilic and mesophilic ADK homologs.* How-
ever, protein dynamics are important for ligand binding and release not only in enzymes.
For example, large-scale protein fluctuations on the nanosecond-to-microsecond timescale

were found to be crucial for ligand escape in myoglobin.*

Figure 1.7: Functionally important loop motion in Triosephosphate Isomerase (TIM) is one of many
examples where conformational dynamics play crucial role in biochemical functions. Comparison
of the open (A.) and closed (B.) conformation of the subunit 1 of the enzyme shows that the flexible
11-residue loop (in yellow) acts as lid at the active site. Residues also found to be crucial for proper

loop opening and closure are highlighted in green. (Image courtesy: Derreumaux and Schlick 1998
46)

For many proteins, the conformational selection mechanism was found to be key to
molecular recognition of single or multiple interaction partner(s). Such proteins actu-
ally visit the different binding conformations required for forming complexes with their
ligands. Therefore, in these cases, the intrinsic fluctuations of proteins are necessary for

accessing the required conformations and participating in the binding interactions. Exam-
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ples in which conformational selection was shown to play crucial role include the highly
flexible ubiquitin®® and the SPE7 antibody>'. (Both proteins and the mechanism of confor-
mational selection are discussed in details in Chapter 5.)

Protein motions are also involved in ion channel gating as exemplified by K™ channels,
acid-sensing ion channels (ASICs) and nicotinic acetylcholine receptors (nAChRs). For in-
stance, in KcsA potassium channel, millisecond-timescale conformational dynamics were
found to play a key role in gating.>?>3 In particular, KcsA fluctuates between the open and
closed state of the pore and these cooperative motions involved in gating of the channel ap-
pear to be also coupled to the selectivity filter region which controls selective permeation
5233 Gimilarly, in the acid-sensing ion channel ASIC1, gating was found to be governed by
collective motions of the protein: the rotation of the extracellular domain and the collective
dynamics of the thumb and finger domains result in a "twist-to-open" motion of the chan-
nel pore. Finally, in case of the nicotinic acetylcholine receptor nAChR, collective mo-
tions of different domains (i.e. extracellular domain, transmembrane domain, intracellular
domain and ligand-binding-sites) were found to be responsible for the opening-closing
mechanism of the channel. >

In addition to ion channels, large-scale domain motions are important for the func-
tion of many proteins. For instance, in Alcohol Dehydrogenase (ADH) that catalyzes the
interconversion between ethanol and acetaldehyde, correlated interdomain motions were
shown to play crucial role in binding and releasing of a necessary cofactor (NAD™).%®
Another example is the thermostable DNA-polymerase I from Thermus aquaticus (Tag-
polymerase) in which coupled domain motions were found to be involved in its complex
function of nucleotide synthesis and cleavage.®’

As reviewed by Smock et al.”®, intrinsic protein fluctuations are also of key importance
in intercellular and intracellular signalling. The mechanisms by which signalling proteins
transmit information between one another and the role of conformational dynamics is in-
creasingly well understood. In most cases, upstream signals (e.g. interactions with partner
proteins, peptides and small ligands, or covalent modifications such as phosphorylation)

remodel the free-energy landscape of the signalling protein altering its dynamics.®
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The change of dynamics may alone be responsible for the propagation of the signal
throughout the protein without any apparent conformational change to happen. An ex-
ample is the phosphotyrosine-binding domain of insulin receptor substrate-1 (IRS-1) that
is crucial for transmitting signals from hormone-activated insulin receptors to intracellu-
lar pathways. While IRS-1 undergoes only slight conformational changes upon binding
to a phosphotyrosine-containing peptide, a pathway of dynamically altered residues con-
necting the peptide-binding site and a distal surface was identified.* Interestingly, while
only minimal differences were found between the apo and peptide-bound IRS-1 struc-
tures, comparison of NMR relaxation data showed significant changes between the dy-
namics of backbone amide groups and side-chain methyl groups for a number of residues,
some of which are located remotely from the binding site. Furthermore, these dynami-
cally altered residues were found to form a pathway connecting the binding site with a
distal (and probably functionally important) site of the protein. As the authors suggest,
this dynamics-mediated pathway may play crucial role in intramolecular communication
by transmitting signals between the binding site and the distal site without prominent
conformational change to happen. Similarly, in the dimeric catabolite activator protein
(CAP), allosteric communication between the two subunits was found to be transmitted
by changes of dynamics. €0 (See Section 6.2.1 for more details of catabolite activator protein

and dynamically driven allostery.)

1.2.4 Experimental and computational methods

The amount of data available about protein dynamics is rapidly growing due to the ad-
vances of experimental and computational methods that allow to study the conformational
flexibility of biological macromolecules.®! One of the most important evidences of confor-
mational dynamics of proteins often comes from the comparison of snapshots representing
their different substates (i.e. tier-0 states). A number of experimental methods can provide
such atomic (or near-atomic) resolution snapshots including X-ray crystallography, NMR
(nuclear magnetic resonance) spectroscopy, cryo-electron microscopy and small-angle X-

ray scattering. 6
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In addition to structural information, X-ray crystallography experiments provide B-
factor profiles (also referred to as the Debye-Waller factor) which characterize the thermal
mobility of atoms.%?% However, since the B-factors depend on both real atomic fluctu-
ations and lattice disorders, their interpretation as a measure of intrinsic mobility of the

protein is difficult.®
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Figure 1.8: A wide range of timescales of protein dynamics (A.) can be captured using different
NMR techniques (B.). The approximate years from which the same timescales can be studied with
molecular dynamics simulations.(C.) (Image courtesy: Fisette et al. 20125)

On the other hand, NMR spectroscopy also serves as a powerful tool that allows to
study protein dynamics covering a broad range of timescales (see Figure 1.8A and B). For
example, nuclear spin-relaxation measurements can capture both fast fluctuations happen-
ing on the ps to ns timescales and slow fluctuations observed on the ys to ms timescales
with atomic resolution.®® Although due the technical limitations, NMR experiments were
originally feasible only for small (<30 kDa), soluble proteins, thanks the advances of mod-
ern spectrometer technology, molecules as large as 100 kDa can be investigated today with

this method. %’ Furthermore, in addition to solution NMR techniques, solid-state NMR (ss-
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NMR) spectroscopy can be used to measure insoluble proteins and this technique does not
have protein size limitations. ®

In the same time, fluorescence methods applied at the single-molecule level are open-
ing promising new possibilities to study protein dynamics by allowing to monitor the
real-time behaviour of individual molecules.®’ Single-molecule FRET (fluorescence reso-
nance energy transfer) is a sensitive technique which can measure the change of the rela-
tive distance between two fluorophores linked to specific sites of the protein.”’ Although
the method can provide information only about a single characteristic distance, smFRET
was successfully used to follow the conformational dynamics of proteins (e.g. the proton-
powered subunit rotation of FyF;-ATP synthase”!) and protein folding (e.g. the folding
and unfolding dynamics of adenylate kinase”?).

In addition, computational methods allow the in silico exploration of the conforma-
tional space accessible to proteins of interest. Molecular Dynamics (MD) simulations serve
as a powerful tool commonly used to study the intrinsic motions of proteins.”> MD simula-
tions provide continuous trajectories of the conformational dynamics of biological macro-
molecules, giving an insight into the dynamics of the system at an atomic level of detail
and with high (femtosecond) time-resolution (see a more detailed description of the tech-
nique in Chapter 2). However, due to the high computational cost of these calculations,
the time-scales explored by MD simulations were traditionally limited to ~100 ns to ~1
us and were therefore mostly suitable to study the tier-1 and tier-2 dynamics of proteins.
16 Recently, the accessed timescales were extended to 1 millisecond (Figure 1.8C).”* In or-
der to achieve better sampling of the conformational space, several accelerated MD vari-
ants have been developed” including High-Temperature Molecular Dynamics (HTMD)”®,

Replica Exchange Molecular Dynamics (REMD) 77 Umbrella Sampling78, Multiple Time-
Step (MTS) methods” and Digitally Filtered Molecular Dynamics (DFMD)®.
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Figure 1.9: Snapshot of an all-atom molecular dynamics (MD) simulation of Src kinase protein
(shown in green). The protein is solvated in a box of ~15,000 water molecules (oxygen and hydro-
gen atoms shown in red and white, respectively). Potassium and chloride ions (shown as purple
and orange spheres) are also added to the box. The whole simulation system consists of a total of
~50,000 atoms. (Image courtesy: Karplus and Kuriyan. 20057%)

Furthermore, in addition to all-atom MD (AT-MD) simulations that explicitly repre-
sent every atom of the biomolecular system, coarse-grained molecular dynamics (CG-MD)
simulations that use simplified models of the system were shown to be effective.?152 CG-
MD simulations represent groups of atoms as single particles ("pseudo-atoms") thereby
significantly reducing the number of interactions to be calculated.®? Although the predic-
tions of CG-MD simulations are not as reliable as those of atomistic simulations, CG-MD

models have the great advantage of enabling to simulate macromolecular systems of large
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(i.e. submicrometric) sizes and on biologically relevant timescales (i.e. us to ms).%! Ad-
ditionally, multiresolution approaches that combine low-resolution CG models with high-
resolution all-atom models were developed that aim to unite the advantages of both levels
of description. %

Alternatively, non-dynamic methods such as CONCOORD?#* can also be used for sam-
pling the conformational space of proteins. The CONCOORD algorithm does not rely
on any potential function, instead it can randomly generate a conformational ensemble

around a known structure to satisfy a set of geometric constraints calculated from the

strengths of interatomic interaction.

Figure 1.10: Elastic Network Model (ENM) of the lysine-arginine-ornithine (LAO) binding protein.
The top figure shows the standard cartoon representation of the protein, while the bottom figure
presents the residue network in which pairs of Ca-atoms closer than 8 A are connected by harmonic
springs. (Image courtesy: Tama and Sanejouand 2001%)

Finally, Elastic Network Models (ENM) that are based on a simplified (coarse-grained)
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representation of the molecules have also emerged as a widely used tool for studying pro-
tein fluctuations.® The protein structure is represented in an ENM as a network of particles
which are connected by elastic springs (see Figure 1.10).%¢ In Gaussian Network Models
(GNM), the particles correspond to the a-Carbon atoms of the protein. However, depend-
ing on how much details the model incorporates, the particles may represent groups of
atoms or representative points of amino acids or side chains (e.g. their center of mass).
ENMs rely on a harmonic approximation of the free-energy surface around an equilib-
rium structure. Normal Mode Analysis (NMA) applied to ENM models (ENM-NMA) was
effectively used in many studies to identify functionally important collective motions of

proteins (see a more detailed description of the technique in Chapter 2).878

1.3 Comparison of protein dynamics

Since conformational dynamics play important roles in the biochemical functions of many
proteins, the comparative analysis of protein motions may help us to better understand
the similarities and differences of various functional properties. Several studies aimed to
compare the dynamics of a given collection of proteins; only few examples are mentioned
below (some of them are also discussed in Section 4.2).

Spiwok et al. have studied five cold-active enzymes (i.e. enzymes from cold-adapted
organisms that are evolved to have high catalytic activity at low temperatures) to under-
stand the functional differences between these proteins and their meso- or thermophilic
counterparts® To this end, they have run molecular dynamics simulations for each pair
of cold-active and meso/thermophilic enzymes and have performed comparative analysis
of their residue fluctuation profiles and collective motions. The comparison of conforma-
tional dynamics has revealed key differences in the rate and extent of the opening/closing
mechanism of active sites in these enzymes resulted from the adaptation to low tempera-
tures.

In another example, Barreca et al. have performed a comparative molecular dynamics

study of the wild-type and double mutant HIV-1 integrase (IN) in complex with a small-
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molecule inhibitor (5CITEP).?® HIV-1 integrase is one of the three essential enzymes (be-
sides reverse transcriptase and protease) of the human immunodeficiency virus (type 1)
and is consequently an emerging target of antiviral drugs.”! Barreca et al. have compared
the conformational dynamics of the wild-type integrase and the double mutant enzyme
which contained mutations known to cause drug resistance. Their comparative method
has identified significant dynamic differences between the wild-type and mutant proteins,
in particular, regarding a loop located next to the active site. These results helped Barreca
et al. to create a hypothetical model of HIV-1 IN inhibition and drug resistance.

Another example of comparative analysis of protein motions was an NMR study of
two members of the lipid binding protein (LBP) family, H-FABP (heart fatty acid binding
protein) and ILBP (ileal lipid binding protein).?? In this study, comparison of >N NMR
relaxation data has revealed that the backbone dynamics of the two structurally similar
proteins are surprisingly different: while H-FABP is relatively rigid, ILBP was found to be
highly flexible. This varying flexibility of different members of the LBP family was then
suggested to be related to differences in their ligand-binding affinities.*?

Finally, Tai et al. have compared the conformational dynamics of the active sites of
four distantly related enzymes® including three hydrolases (acetylcholinesterase, outer-
membrane phospholipase A and outer-membrane protease T) and a transferase (PagP).
The comparative analysis was carried out based on molecular dynamics simulation data
using the BioSimGrid framework®. Although these four enzymes do not share a common
three-dimensional fold, their active sites are structurally similar. Tai et al. have found
striking differences between the flexibility of the active sites in the four enzymes and have
linked these distinguishing dynamic characteristics to catalytic mechanisms.

The examples discussed above illustrate that comparative analysis of dynamics can
be an efficient approach to identify functionally important protein motions. Comparison
of conformational flexibility of homologous, functionally-related proteins can lead us to
better understanding of the role of dynamics in various functional properties. On the
other hand, comparative analysis of dynamics can help to figure out how exactly protein

motions are encoded in primary sequence and tertiary structure (see Section 1.4 for more
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detailed discussion about the mapping between protein sequence, structure, dynamics and

function).

1.4 Continuity and discontinuity of the protein universe

1.4.1 Three distinct layers of description

The exploration of the “protein universe’ (defined as the "collection of all proteins of ev-
ery biological species that lives or has lived on earth"%) is one of the central problems
of molecular biology and bioinformatics. Understanding the diversity and distribution
of naturally occurring proteins has implications for example in protein evolution studies,
protein engineering, function prediction and classification.””~° The ‘protein universe’ is
most often described by multiple distinct layers called the sequence, structure and func-
tion space of proteins.!® The first layer, the ‘protein sequence space’ is an abstract space
representing all possible amino acid sequences where each point symbolize a particular
protein sequence. While the theoretical size of protein sequence space (the number of all
possible sequences) is practically infinite, only a tiny fraction of it corresponds to existing
sequences. 11

Several methods were developed for quantifying the similarity of protein sequences
(i.e. measuring the distance between points of the sequence space). There are important
differences between the alternative measures. For example, while the Needleman-Wunsch
global sequence alignment algorithm 1% provides an overall sequence similarity score, the
Smith-Waterman algorithm !9 quantifies local similarity between sequences (see Section
2.5). Some sequence alignment methods also use scoring matrices such as BLOSUM %4
or PAM % to incorporate evolutionary information. In contrast to the dynamic program-
ming approach used by the Needleman-Wunsch and Smith-Waterman algorithms, tools
such as BLAST (Basic Local Alignment Search Tool) 1%, PSI-BLAST (Position-Specific It-
erative BLAST) %7 and FASTA '® rely on rapid heuristics to quantify the local similarity
of protein sequences. A number of clustering and automatic classification methods based

on these sequence similarity measures were proposed including CluSTr !, Tribe-MCL 0
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and Systers!!l. Interestingly, it has been found that naturally occurring proteins are not
evenly distributed in the sequence space, instead are organized in distinct clusters that
correspond to sets of functionally and structurally similar proteins. 271>

The second layer of description is the “protein structure space’ which is an abstraction
of the collection of all three-dimensional structures adopted by all sequences of the ‘se-
quence space’. Thus each point of the ‘structure space’ represents a possible tertiary struc-
ture. Many approaches were developed for quantifying the similarity of protein structures
(i.e. the distance between points in the structure space).!!® The alignment scores provided
by structural alignment algorithms such as DALI'Y, CEM8 VAST ! and SSAP!? serve as
alternative measures of structural similarity. In addition, other algorithms such as PINTS
121 and ProBiS!?2 are able to detect and measure local structural similarities of proteins (see
Section 2.5). Several studies addressed the question of mapping the protein structure space
using various similarity measures®?123124(see Figure 1.11) and have found that proteins of
similar biochemical functions tend to be located adjacent in the structure space.

In order to understand the structure of the protein structure space, a number of struc-
tural classification systems have been created such as the manually curated SCOP (Struc-
tural Classification of Proteins)!?®, the semi-automatic CATH (Class Architecture Topology
Homology) 126 and the purely automatically generated FSSP (Families of Structurally Sim-
ilar Proteins)!?’. Both the SCOP and CATH databases provide hierarchical classification

and both assume a discretized picture of the protein structure space. In contrast, recent

studies have pointed out that the protein structure space has a continuous rather than dis-

28 129,130

crete nature!?® or at least has a complex discrete-continuous duality

Finally, the third layer of description is the ‘protein function space’ that represents the
whole set of biochemical functions carried out by proteins. 3! However, unlike protein se-
quence and structure, protein function is much more difficult to define, and therefore the
first challenge is the standardization of terminology used to describe functional properties
of proteins.!3%13 Several comprehensive classification systems of biochemical functions

has been developed such as the Gene Ontology (GO) database!3* generally applicable to

annotate molecular functions and the Enzyme Commission number (EC number) nomen-
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clature 3> specifically used to classify enzyme-catalyzed reactions.

Color | SCOP class = of Chains

® All o proteins 360
Coiled coil proteins 47
All B proteins 352
o and P proteins (o/) 290
@ | and P proteins (o+p) 350
@ |Multi-domain proteins 202
@ |Membrane / cell surface proteins 38
Small proteins; 180
Peptides 59
) Not classified by SCOP: 10
Designed structures 10
Total: 1898

Figure 1.11: Several studies have aimed to analyse the topology of the protein structure space. For
example, the above 3D map was created by Hou et al. using the multidimensional scaling (MDS)
approach. The total of 1898 structures mapped (represented by spheres) are coloured according to
the SCOP classes they belong to. In this map, proteins belonging to the «, f and a/f SCOP classes
form separate, elongated clusters along the three axes. (Image courtesy: Hou et al. 2005°%)

Furthermore, it is even more difficult to define an applicable quantitative measure of
the similarity of protein functions. However, this is especially important in order to study

the topology of ‘function space’ in relation to the topology of sequence space and structure

1,136

space. Alternative similarity scores were reviewed by Chagoyen et a and Pesquita

et al.13”. Several proposed measures of functional similarity rely on the GO annotation

133,138-141

system , while some other similarity scores are based on the comparison of the EC

numbers of enzymes 42,
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1.4.2 Mapping between sequence, structure and function

One of the most important challenges in bioinformatics is to describe how the above dis-
cussed protein sequence, structure and function space map on each other. 12 This question
is of central relevance for the problem of computational function prediction (see below),
protein design and understanding the evolutionary processes that have shaped proteins.
Putting it another way: studying the elementary steps of protein evolution can lead us to
a better understanding of the current organization of protein universe. 43

For example, following a gene duplication event, the resulting two copies of the protein-
coding gene begin to accumulate mutations independently and the two proteins start to
diverge. 1* Importantly, however, the rate of divergence of the two copies may be different
within the protein sequence, structure and function space. In other words, two points that
are close in one space, may map on two points that are distant in another space (based on
some similarity measures). This is exactly what was found regarding the relationship of
the sequence and structure space of proteins: sequence tends to diverge faster than struc-
ture. Many examples are known for proteins that share a highly conserved tertiary struc-
ture despite the absence of detectable sequence similarity. 14147 For example, structural
alignment and superposition of the GTPase domains of Ras p21 oncogene protein and
elongation factor Tu (EF-Tu) show that the two proteins have very similar 3D-structures
(«C-RMSD of 1.36 A ), despite their very low sequence identity of only 17%. 145

Detecting remote evolutionary relationships (homology) based on sequence similar-
ity of proteins becomes especially difficult if the proteins belong to the so-called "twilight
zone", meaning that their sequence identity is not larger than the average sequence identity
of random proteins (i.e. below a threshold of ~20%).148 In this case, structural similarity
serves as a better indicator of homology because even if protein sequences diverge beyond
recognition, the tertiary structures may remain similar.'*’ As a result of the different rate
of divergence in the sequence and structure space, despite the large number of possible
protein sequences, the number of distinct structural folds is relatively small.'* For exam-
ple, in the latest release (1.75) of the SCOP database, the 38221 categorized PDB entries

have been classified into only 1195 distinct structural folds.
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Figure 1.12: A. Following a gene duplication event, the two protein copies (which are identical
in the beginning) start to diverge due to the accumulating mutations. However, the rate of their
divergence is different in sequence space and structure space: i.e. their primary sequences tend to
diverge faster than their tertiary structures. B. As a result, the same structural fold may be adopted
by a set of closely related sequences which are organized into a network referred to as the neutral
network. Individual sequences are represented by the nodes of the network and two sequences are
connected if they differ in only a single point mutation. (Image courtesy: Xia and Levitt 2004 115)

In order to better understand the mapping between sequence and structure space and
the dynamics of protein evolution, a number of studies'>"1>2 have used simplified protein

models such as hydrophobic-polar (HP) 2D square lattice models.*3!>* The advantage of
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these simplified models is that they allow to calculate the complete mapping between se-
quence and structure space. These studies have found that indeed many protein sequences
may fold into the same structure and the sets of homologous sequences adopting identical
structures are interconnected by single substitutions (point-mutations) forming complex
networks referred to as the neutral network of the fold. These neutral networks were
shown to have a "super-funnel” organization: i.e. each network is arranged around a "pro-
totype sequence" which has the most neighbours in the network and the more we walk
away from this sequence, the less stable the corresponding protein structures are.'>152 Tt
is important to note, that a single protein fold may map to multiple neutral networks in
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the sequence space.” ™ The size of the neutral networks of a structure (i.e. the number of

sequences that fold into the structure) is called the ‘designability” of the fold 1>>15¢ which
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is a property that varies across different structures.'>” In general, however, the results of

lattice model studies suggest that naturally occurring proteins have high designability. 1>

Understanding the nature of the mapping from sequence space to structure space is
particularly important for the field of protein structure prediction which develops in silico
methods that aim to infer the three-dimensional structures of proteins from their amino
acid sequences.!* De novo (or ab initio) protein structure prediction try to solve this prob-
lem by using only sequence information. 158 By contrast, the homology modelling159 and
protein threading!®® approaches rely on templates (i.e. previously solved structures of
homologous proteins). It is generally considered that for generating reliable homology
models of a protein, at least 30% sequence identity with the template(s) is required.'>
However, increasing number of exceptions complicating the situation are known: for ex-

ample, two proteins having 88% sequence identity were found to adopt significantly dif-

ferent 3D-structures (as discussed in more details below) (see Figure 1.13).157/161
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Figure 1.13: Comparison of the NMR ensembles (comprising 20 structures) of two engineered pro-
teins (G 488 and Gp88) that have 88% sequence identity, yet entirely different global structures and
functions. Main chain atoms are shown in blue, hydrophobic core side-chains are highlighted in
red. (Image courtesy: He et al. 20081%7)

The problem of describing the mapping from protein sequence and structure space to
protein function space is even more complex. A series of studies aimed to understand

162-165 For instance,

the relationship between sequence similarity and function similarity.
Shah et al. have tried to discriminate between EC (Enzyme Commission) classes based on
pairwise sequence similarity of the enzymes, and have found that most EC classes cannot
be perfectly defined using any sequence similarity threshold. In other words, for most EC
classes one can find at least one protein sequence outside the class that is more similar to a

sequence inside the class than two sequences both belonging to the class. 16>
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Although there is consistent correlation between sequence similarity and function sim-

ilarity 19316 in general, predicting protein functions based on solely sequence similarity
(i.e. homology transfer) suffers from serious difficulties. In particular, the reliable transfer
of functional annotations between similar protein sequences requires very high degree of

sequence identity (> 70%) 165166

and the problem becomes especially difficult if sequence
identity is below 40%.'%” One of the reasons why the sequence-based function inference is
even more challenging than the inference of structure is that certain residues are directly
involved in function while the conservation of the fold is less sensitive to random muta-
tions. ¢ To summarize, sequence-based function prediction methods have limited accu-
racy pointing at the complex relationship between protein sequence space and function
space.

Finally, the mapping between the structure space and function space has also been
investigated in several studies both for theoretical and practical reasons (i.e.).?*126:168,169
For example, Orengo et al. have analysed of the degree of functional similarity of protein
structures with similar folds in the CATH database and have found that the vast majority
(>90%) of homologous enzyme families comprise functionally similar proteins (i.e. those
that share at least their first three EC iden’cifiers).126 As a consequence, functional annota-
tions can be transferred between proteins that have significant global structural similarity
168 On the other hand, however, the similarity of the global structure may not always
correlate with functional similarity (see in the next subsection): for instance, proteins with
different global folds can have similar local functional sites as a result of convergent evo-
lution, or proteins with the same fold can have entirely different local functional sites as
a result of divergent evolution.>>!79171 Consequently, in many cases, local structural sim-
ilarity may serve as a better indicator of functional similarity, as was demonstrated for
example by Hwang et al. who have discovered the previously unknown nucleotide bind-
ing function of an archaeal protein based on local structural comparison. ”2.

Hegyi and Gerstein have come to similar conclusions when studying the relationship

between the structure and function of a large set of enzymes by comparing their classi-

fication in the SCOP and EC databases. They have found considerable variation in the
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functional diversity of different protein folds. For example, the five functionally most ver-
satile folds identified were the TIM-barrel, the Rossmann fold, the alpha-beta hydrolase
fold, the ferredoxin fold and the P-loop containing NTP hydrolase fold. On the other
hand, the most versatile enzymatic functions (i.e. which had the most structural folds as-

sociated with them) were the glycosidases and carboxylases. %’

Examples of proteins with
different global structures but identical (or similar) biochemical functions include bacterial
subtilisin and mammalian chymotrypsin which are both serine proteases despite adopting
different folds.'®® These results point out the difficulty of the structure-based function pre-

diction problem and shed light on the complex relationship between the protein structure

space and function space.

1.4.3 Transition points in sequence and structure space

Sequence- and structure-based function prediction (homology transfer) methods work rea-
sonably well because in most regions, the mapping from sequence space to structure space
and to function space is continuous in the sense that "small" changes in one space cor-
respond to "small" changes in the other space. Consequently, for example, similar pro-
tein sequences tend to map to similar structures and functions. However, the continuous
nature of sequence—structure, sequence—function and structure—function maps is not
generally the case. Instead, the maps were found to contain discontinuities: i.e. points
at which small change in one space is accompanied by large change in the other space.
For example, minor changes of the primary sequence (e.g. single point mutations) may in
some cases result in large changes of the 3D-structure, even switching between entirely dif-
ferent folds. Those points where mapping between sequence, structure and function has
such discontinuity will be termed as "transition points" (referring to the phenomenon that,
for example, single point mutations in the sequence can cause transition between distinct
structural folds).

As discussed in the previous subsection, the results of lattice model studies suggest
that protein sequences adopting a common fold can be represented as a neutral network

in which links connect neighbouring sequences (i.e. those that differ in single point mu-
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tations).>152 Furthermore, it was found that distinct neutral networks may also be con-
nected through the above-mentioned transition points (or "bridge states") (i.e. sequences
that form bridges between different structural folds) (see Figure 1.14). 173,174 Syich transition
points in the sequence space are likely to be crucial in protein evolution as they facilitate
abrupt changes of the global structure via gradual changes of the amino acid sequence by

single point mutations.
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Figure 1.14: In sequence space, neutral networks of certain structural folds are connected by so-
called "transition points" (also referred to as "bridge states") which enable evolutionary transitions
between distinct folds by single mutational steps (top figure). Some transition points were found
to correspond to "metamorphic proteins" which exist in a dynamic equilibrium between multiple
folds as for example shown for cysteine-rich domains (bottom figure). Single point mutations can
stabilize one of these alternative structures. (Image courtesy: Meier and Ozbeg 2007 174)
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Although it will take further research to test the predictions of simplified lattice mod-
els on real proteins, several examples have already been reported of proteins that have
highly similar sequences yet very different global three-dimensional structures. 617> For
instance, Alexander et al. have shown that it was possible to redesign two small, naturally
occurring proteins to create two sequences which have 88% sequence identity but have
entirely different folds and different biochemical functions. One of the two engineered se-
quences adopts a 3-a helix fold capable of binding to albumin, while the other sequence
adopts an «/ B fold capable of binding to immunoglobulin G (IgG) (Figure 1.13). Since in
these proteins only 12% of the amino acid positions (i.e. a total of 7 positions) encode the
difference between the two structures, switching between the two folds requires only a

few mutational steps. 157161

"176 were shown

Moreover, a number of proteins referred to as "metamorphic proteins
to be able to adopt more than one native folds and can actually fluctuate between these
very different global structures. Connecting the neutral networks of different folds, these
metamorphic proteins were suggested to serve as transition points between dissimilar
global structures and may therefore play key roles in protein evolution.!”® For example,
in case of NW1, a naturally occurring cysteine-rich domain, a single point mutation was
shown to switch to a protein that exists in an equilibrium between the original NW1 fold
(with 22 % occupancy) and the distinct fold of another cysteine-rich domain, Mcol1C (with
78 % occupancy). Moreover, a further point mutation has lead to a domain which exclu-
sively adopted the fold of Mcol1C (Figure 1.14).174

Additionally, as already discussed above, the fact that two proteins have highly similar
global structures does not necessarily mean that they also have identical or similar bio-
chemical functions. Numerous examples are known of proteins that share the same fold
but have different active sites and therefore carry out diverse functions. 177178 T this case,
local structural similarity of the functional sites is often better indicator of functional corre-
spondence than global similarity.!”” For example, the TIM barrel fold that consists of eight

180

a-helices and eight parallel B-strands ™" serves as a highly versatile structural scaffold on

which various different types of functional sites could evolve resulting in TIM barrel pro-
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teins with a wide range of functions.!®! Moreover, even if two proteins have highly similar
active sites in addition to adopting essentially identical folds, they may catalyze different
chemical reactions, as is the case, for example, for mandelate racemase (MR) and muconate
lactonizing enzyme (MLE)1%2.

The sensitivity of protein functions to minor sequence and structure perturbations im-
poses limitations on homology-based function inference methods. On the other hand, the

existence of transition points between sequence/structure and function also has important

consequences for the evolution of new protein functions and protein engineering.

1.4.4 The fourth layer: protein dynamics space

The difficulty of inferring the tertiary protein structure from the primary sequence, or
predicting the molecular function of a protein from its sequence and structure has been
emphasized thus far. However, since the conformational dynamics of many protein are
closely related to their biochemical functions (as discussed in 1.2.3), one can also use dy-
namic information about the protein to predict or understand its function. In other words,
a fourth layer of description, here referred to as the ‘protein dynamics space’, can be in-
troduced that may serve as a bridge between the sequence/structure space and function
space of proteins. The concept of ‘dynamics space’ does not presently exist in the litera-
ture, mainly because, such like protein functions, the property of protein dynamics is very
difficult to define. In addition, it is even more problematic to specify what one means on
‘similarity’ of protein motions and to develop quantitative measures of dynamic similar-
ity. However, in order to compare the organization of the dynamic space with that of the
sequence, structure and function space, exact definitions of protein dynamics and similar-
ity measures are required. Some comparative protein dynamics studies (also discussed in
Section 4.2) have experimented with different dynamic similarity measures 1837186 hut the
optimal way to quantify similarity of protein dynamics is yet to be established.

As discussed in Section 1.2.3, intrinsic protein motions often play important roles in
biochemical functions, therefore studying the mapping from sequence and structure space

to dynamics space is closely related to the problem of sequence and structure-based func-
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tion prediction. However, little is known about how protein dynamics is encoded in se-
quence and structure.

The dependence of large-scale collective motions on the three-dimensional structures
of proteins has been intensively studied. Keskin et al. have found that proteins with similar
scaffolds (3D-folds) have similar cooperative global motions, however, individual struc-
tural segments may still exhibit distinct dynamic behaviour that allow a given fold to per-
form diverse functions.'®” Low-resolution coarse-grained ENM models, which represent
the protein at the level of Ca-atoms, were shown to carry enough information to accu-
rately predict the essential dynamics of proteins. 518189 The most important conclusion
of these studies is that functionally important modes of global dynamics are in some extent
independent from sequence, since coarse-grained GNM models can reproduce large-scale
collective motions without using sequence information.

On the other hand, a series of studies have suggested that sequence has a more refined
role in determining dynamics than just encoding the structural fold of the protein. Some
studies have analysed the conservation of protein motions in relation to the conservation
of amino acid sequence. 112 For example, by comparative analysis of Ca B-factor profiles
for a large set of homologous proteins, Maguid et al. have found that backbone dynamics
diverges slowly and can be conserved even across proteins that have highly diverged se-
quences.!?° These conclusions are in agreement with the two observations that proteins of
similar folds tend to have similar large-scale motions and highly diverged sequences may
adopt the same fold.

In a following study, Maguid et al. have analysed the evolutionary divergence of col-
lective protein motions using Gaussian Network Models. Their results have shown that
the most collective modes of motions (i.e. the lowest-frequency normal modes) were the
most conserved within the large dataset of proteins.!®! These results support the notion
that collective atomic fluctuations are of functional importance and must be under evolu-
tionary selection pressure. Liu and Bahar have used Elastic Network Models to study a set
of 34 enzymes representing diverse protein families and functional classes and have found

that conserved residues tend to have little mobility in the global modes, while sequence
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variability was found to correlate with increased mobility. 19>

However, similarly to the cases of discontinuous mapping found between sequence,
structure and function space (discussed in the previous subsection), one can easily imagine
such discontinuities in the sequence—dynamics and structure—dynamics interfaces as
well. In other words, it may be possible that small changes in protein sequence or structure
corresponds to large changes of protein dynamics. Although very little is known about the
mapping from sequence/structure to dynamics, the following few examples suggest that
such “transition points” at which dynamics changes abruptly upon minor modification of

sequence or structure do exist.

Figure 1.15: Single point mutations may have large and global effects on dynamics. In chy-
motrypsin inhibitor 2 (CI2), each of the five studied point mutations (at sites shown in yellow)
were found to significantly change side-chain fluctuations in all regions of the protein according
to 2H NMR data.'”® Residues of consistently altered side-chain motions (i.e. in at least 4 of the 5
single mutants) are distributed throughout the structure (highlighted in green). (Image courtesy:
Whitley et al. 20081%)

For instance, Whitley et al. have used NMR relaxation experiments to study the ef-
fects of five hydrophobic core mutations on the backbone and side-chain dynamics of chy-

motrypsin inhibitor 2 (CI2).1%® They have found that each of the tested five point mutation
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have significantly altered the picosecond-nanosecond side-chain motions as well as back-
bone motions, increasing the flexibility throughout the whole protein (Figure 1.15). The
relative rigidity of the wild-type structure was suggested to be evolutionarily optimized
and have an important role in the serine protease inhibitor function of the protein. How-
ever, minimal sequence changes can switch between entirely different global dynamic be-
haviours.

Similarly, the effects of single point mutations on functionally relevant molecular mo-

1

tions have been investigated in case of many other proteins including lysozyme %4, sper-

mine synthase!” and the SH3 domain of Fyn tyrosine kinase'®°.

For example, Mittermaier and Kay have found based on 15N and 2H NMR relax-
ation data that backbone and side-chain dynamics of Fyn tyrosine kinase SH3 domain
have changed considerably (i.e. the protein has become more flexible) as a result of single
point mutations.!® Verma et al. have also shown that certain point mutations in lysozyme
caused small local structural perturbations accompanied by large changes of backbone
flexibility. 194 1 jkewise, Zhang et al. have studied the effect of minor sequence differences
on the conformational dynamics of spermine synthase (SMS). They have used molecular
dynamics simulations to elucidate the effects of three clinically identified missense mu-
tations known to be crucial in the development of Snyder-Robinson syndrome. Their re-
sults showed that some substitutions altered the conformational dynamics of the enzyme
largely affecting its function.!”

In terms of discontinuities in the mapping from structure to dynamics, a number of
examples are known of proteins that adopt highly similar 3D-structures yet have very dif-
ferent dynamic properties. For instance, in case of the dimeric catabolite activator protein
(CAP), binding of a cAMP ligand to one of its subunits was found to have no effect on
the structure of the second subunit, yet it caused prominent changes in its intrinsic dy-
namics.®’ The process of negatively cooperative binding of cAMP to dimeric CAP is one
of the first discovered examples in which allosteric communication is exclusively medi-

ated by altered residue fluctuations without apparent conformational change (see more

about dynamically-driven allostery in Chapter 6). On the other hand, this example also
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illustrates that very similar or even identical protein structures may have entirely differ-
ent internal motions. Similarly, comparison of the apo and ligand-bound forms of the
phosphotyrosine-binding domain of insulin receptor substrate-1 (IRS-1) has revealed only
neglectable structural difference but a significant shift in dynamics (also discussed in Sec-
tion 1.2.3).%° Thus minor local structural perturbations (due to various reasons such as
interactions with ligands, chemical modifications or point mutations) may induce large
differences in protein motions.

To summarize, these examples show that neither sequence similarity, nor structural
similarity necessarily mean that two proteins would have similar dynamics. The existence
of transition points at which protein dynamics can change abruptly due to point mutations
or slight structural perturbations is likely to be remarkably important in protein evolu-
tion. First of all, the "evolutionary path" between distinct protein functions may be shorter
than expected as single or only few mutational events might switch between significantly
different conformational dynamics and, consequently, function. Secondly, since function-
ally important protein motions may depend sensitively on certain amino acid positions or
structural features, these critical residues and structural properties are probably evolution-
arily highly conserved. The above-mentioned examples also suggest that Elastic Network
Models that represent proteins without taking into account their primary sequence have
only limited accuracy.

As discussed above, in order to study the conservation of protein dynamics indepen-
dent from the conservation of sequence and structure, one would need to define a quanti-
tative measure of dynamic similarity (which does not require sequence or structure infor-
mation). Figure 1.16 presents a schematic representation of six possible relations between
sequence, structure and dynamics similarity of two proteins. When both the sequences
and structures of the two proteins are significantly similar (Figure 1.16A and D), either
pairwise sequence alignments or structural alignments can be used for comparative anal-
ysis. In case the proteins have significantly conserved 3D-structures, but highly diverged
sequences (Figure 1.16B and E), structural alignments are still able to match equivalent

structural regions. Transition points between the sequence and structure space may re-
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sult in protein pairs that have similar sequences and dissimilar structures (Figure 1.16C),
as exemplified by G488 and Gg88 (discussed above). Although in most cases similar se-
quences and structures or just similar structures are good predictor of dynamic similarity
(Figure 1.16A and B), this is complicated by the existence of transition points between se-
quence/structure space and dynamics space (Figure 1.16D and E). Finally, Figure 1.16F
represents an imaginary option when two proteins with no detectable sequence and struc-
tural similarity have similar functionally relevant motions. In this case, dynamic similarity
could help to predict similar protein functions even in the absence of sequence and struc-
ture conservation. However, this option relies on the assumption that one can formulate a

definition of dynamic similarity that is independent from structural correspondence.
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Figure 1.16: Schematic representation of six possible relations between sequence, structure and
dynamics similarity of two proteins. The three levels, "Seq", "Str" and "Dyn" represent the sequence,
structure and dynamics space, respectively. Similarity and dissimilarity are illustrated as small
and large distances between the two points. Due to the different divergence rates in the three
spaces, the existence of transition points and convergent evolution, sequence similarity does not
guarantee structural similarity, structural similarity does not guarantee sequence similarity and
neither sequence similarity, nor structural similarity guarantee dynamic similarity.
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1.5 PDZ domains: connecting proteins

Throughout the research work covered in this thesis, the family of PDZ domains has
been investigated and used as a test case to assess the novel methodology. There were
several important reasons why PDZ domains have been selected as suitable systems for
this research. First of all, because of their small sizes, long (>100 ns) molecular dynam-
ics simulations were easily feasible. Secondly, substantial literature and experimentally-
determined structures were available. Furthermore, PDZ domains represent proteins with
highly conserved 3-dimensional structures but diverse functional properties (i.e. ligand
binding specificities). As discussed in Section 1.4, such examples are interesting for study-
ing the relationship between protein sequence, structure, dynamics and function. Finally,
PDZ domains are of great clinical importance playing central role in various disease path-

ways.

1.5.1 What are PDZ domains?

PDZ (Post-synaptic desity-95/Discs large/Zonula occludens-1) domains are small (80-90
amino acid long) protein interaction modules commonly found in signalling proteins.!'%
They play a key role in various signalling pathways by controlling the localization, target-
ing, clustering and anchoring of receptors, transporters and ion channels.*® PDZ domains
most often interact with the C-terminal peptides of target proteins mediating protein-
protein interactions.®” The biophysical aspects of folding and binding reactions of PDZ
domains has been intensively studied 18, as well as their ligand preferences!*? and the
background of binding specificity against a wide range of ligands?%!.

Due to their biological importance, PDZ domains are found in a large number of species:
bacteria, yeast, plants, invertebrates and vertebrates.?”> However, the PDZ family has un-
dergone a evolutionary expansion and diversification: i.e. the number of PDZ-containing
genes encoded in metazoan genomes is much larger than in prokaryotes, plants, and
fungi. In addition, the architectures of PDZ-containing genes and the variety of associ-

203

ations between PDZ and other domains are much more diverse in metazoan.<"° Based on



1.5. PDZ domains: connecting proteins 38

large-scale genomic studies and in silico bioinformatics analysis, the number of potential
PDZ domains is estimated to be ~90 in the Caenorhabditis elegans, ~130 in the Drosophila

melanogaster and over 400 in the human genome. 2%

1.5.2 PDZ domain-containing proteins

Intracellular signal transduction from receptors at the plasma membrane to the cytoplasm
and the nucleus are mediated by specific protein-protein interactions.?®® Signalling pro-
teins that belong to the same signal transduction cascade are often found to be organized
into large multiprotein complexes (i.e. signalling complexes) at the cell membrane. 144206
There are several biophysical advantages of the formation of signalling complexes. The
fact that different components of a pathway are organized in close proximity and chemical
reactions can take place in these clusters instead of freely diffusible environments largely
enhances signalling efficiency and can ensure its specificity. Moreover, oligomerization of
signalling complexes may further increase signalling sensitivity. 144

PDZ domains play essential role in the assembly of many signalling complexes by me-
diating protein-protein interactions. Their primary biochemical function is recognizing
and binding to C-terminal peptides in a sequence-specific manner.?%® In addition, alterna-
tive modes of PDZ domain-mediated protein interactions have also been identified: e.g.
some studies have shown that certain PDZ domains can bind to internal peptide motifs
or interact with other PDZ domains.??21% Holding the different signalling components
together via protein-protein interactions, PDZ domains act as "glue" in the formation of
multiprotein complexes at the cell membrane.'”® An example in Figure 1.17 shows how
PDZ domain-containing proteins participate in the organization and regulation of neu-
rotransmitter receptors in the postsynaptic density. A similar example of the role of the

PDZ-containing protein InaD in Drosophila phototransduction signalling is presented in

Chapter 5.
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Figure 1.17: Multiprotein complexes held together by PDZ domain-containing proteins in the post-
synaptic density (PSD) (Image courtesy: Feng and Zhang 2009)2%
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Figure 1.18: Domain architecture of the human Postsynaptic Density Protein 95 (PSD-95). The
protein contains three tandem PDZ domains, an SH3 domain and a guanylate kinase (GK) domain.
(Image courtesy: Lee and Zheng 20102'1)

More than 250 PDZ domain-containing proteins have been identified so far in the hu-
man proteome.?!2 One of the major roles of PDZ domain-containing proteins is to serve as
scaffolds for the assembly of large multiprotein complexes at the cell surface or other spe-
cific subcellular locations.?”® Many PDZ domain-containing proteins carry out only this

scaffolding function as they are exclusively made up of an array of PDZ domains. Exam-
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ples of such multi-PDZ proteins include InaD (Inactivation-no-after-potential D protein)
and GRIP (glutamate receptor interacting protein) that are composed of five and seven
tandem PDZ domains, respectively. Other PDZ-domain containing proteins, such as PSD-
95 (Postsynaptic Density Protein 95) and HtrA (High-temperature requirement A protein),
contain additional interaction or catalytic domains and have more complex functions than
simply acting as a molecular glue between signalling proteins. As an example, Figure
1.18 shows the domain architecture of the human Postsynaptic Density Protein 95 (PSD-
95) that contains three consecutive PDZ domains, an SH3 domain and a guanylate kinase
(GK) domain. PSD-95 plays key role in the organization of signalling complexes in the
postsynaptic density (Figure 1.17).2!3 As additional examples, the domain architectures of
tive other PDZ domain-containing proteins are shown in Chapter 5.

With each PDZ domain having unique peptide binding specificity properties, the dif-
ferent combinations of PDZ domains in scaffold proteins (e.g. GRIP) determine the compo-
sition of multiprotein complexes formed around these molecular scaffolds.?% In addition,
the ability of many PDZ domain-containing proteins to multimerize (mostly via PDZ-PDZ
interactions) can further increase the size and potential heterogeneity of the protein com-
plexes.?%214 For example, GRIP and ABP (AMPA receptor binding protein) can form both
homomultimers and heteromultimers interacting via their PDZ4-6 domains.?!>?1¢ Another
example is InaD which can self-associate via its PDZ3 and PDZ4 domains to form multi-

mers. 217

1.5.3 The canonical PDZ structure and peptide binding

PDZ domains are classified as a separate structural family in the SCOP database. 12> Experi-
mental structures of a large number of PDZ domains are available in the RCSB Protein Data
Bank (PDB). The canonical PDZ domain structure consists of six -strands (81-86) and two
a-helices (x1 and a2).192!1 While the lengths of secondary structural elements vary in dif-
ferent PDZ domains, the tertiary structure is highly conserved.?!! The primary sequences
fold into a globular "six-stranded B-sandwich" structure. ! The canonical peptide-binding

site is formed between the B2-strand and the a2-helix and is capped by the p1/p2 loop
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referred to as the carboxylate-binding loop that contains a conserved Gly-Leu-Gly-Phe
(GLGF) motif.208
As a representative example of the canonical PDZ fold, Figure 1.19 shows the crystallo-
graphic structure of PSD-95 PDZ3 in complex with the C-terminal peptide of CRIPT (PDB:
1be9). Like in case of most PDZ-peptide interactions, the ligand binds to the extended
peptide binding groove located between p2-strand and a2-helix.
H (-sheet

B o-helix
1 turn/coil

B1 B2 B3 a1l P4 PS5 a2 P6 a3

Figure 1.19: Secondary structural elements and tertiary structure of the third PDZ domain (PDZ3)
of PSD-95 in complex with the C-terminal pentapeptide of CRIPT (KQTSV) (PDB: 1be9). The sec-
ondary structural annotations are predicted by the STRIDE web server.
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When interacting with a C-terminal peptide, three main chain amide protons of the
GLGF motif in the carboxylate-binding loop form hydrogen bonds with the free carboxy-
late group at the C-terminal end of the peptide ligand.?!® Furthermore, a series interactions
between the main chain of f2-strand and the main chain of the peptide stabilize the ligand
in the binding pocket. As a result, the peptide is inserted as an anti-parallel extension of
the B-sheet on the PDZ domain surface. !’

In addition to interacting with the main chain of 2-strand and the carboxylate-binding
loop, the ligand also engages in specific side-chain interactions with the a2-helix at the op-
posite side of the binding site.?!” These side-chain interactions are crucial for determining
the ligand specificity of the PDZ domain enabling the recognition of specific peptide mo-
tifs. (For more detailed discussion of what determines ligand binding specificity of PDZ
domains, see the next subsection and Section 5.2.2.)

Although the most common interaction mode of PDZ domains is binding to C-terminal
peptides, some PDZ domains have been found to also interact with internal peptide mo-
tifs. 1% Interaction with an internal peptide region usually involves a very similar binding
mode as with a C-terminal peptide, since the internal peptide motif is often structured as
a "pseudo-peptide" to fit into the binding pocket. For instance, the second PDZ domain of
PSD-95 (PDZ2) recognize the PDZ domain of nNOS (neuronal nitric oxide synthase) in a
way that is not dependent on the C-terminal sequence of nNOS PDZ, however, requires
a 30-residue extension on the nNOS PDZ domain. Studying the structural basis of this
binding mode has revealed that the 30-residue extension on nNOS PDZ folds into an ex-
tended B-hairpin conformation called the "p-finger" which can dock into the PSD-95 PDZ2
binding pocket mimicking a C-terminal peptide ligand.??

Besides the six B-strands and two a-helices found in the canonical PDZ fold, some
PDZ domains such as PDZ3 of PSD-95 have additional secondary structural elements, for
instance, as in the case of PSD-95 PDZ3, a third a-helix (a3). The roles of such extra ele-
ments are not always clear but they may be important for the function of the PDZ domain.
For example, removal of a3-helix of PSD-95 PDZ3 reduces its ligand binding affinity by

21-fold despite the fact that a3 is located remote from the peptide binding site.??! In some
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PDZ domains (e.g. PTP-BL/BAS PDZ2), distal sites opposite the peptide binding groove
have been found to be allosterically linked to the binding site via intramolecular commu-
nication pathways.??>?2 (The allosteric communication pathways of the mouse PTP-BL

PDZ2 domain are studied in Chapter 6.)

1.5.4 PDZ domain specificity and promiscuity

In general, PDZ domains are involved in four different types of interactions: recognition of
C-terminal peptides®!!, recognition of internal peptides?!!, PDZ-PDZ dimerization?*4226
and recognition of lipids?'®2%”. Since PDZ domains function as "glue" in large signalling
complexes, their ligand binding specificities are crucial in determining the compositions
of these multiprotein complexes.

Those PDZ domains that interact with C-terminal peptides (also referred to as the
classical or canonical binding mode) has been further divided by early studies into three
classes (Class I-III) based on their preference against carboxyl-terminal ligand positions 0
and -2 (i.e. the very C-terminal position, po, and the third C-terminal position, p_» of the
peptide). (10). According to this original classification system, class I PDZ domains rec-
ognize peptides that have Serine or Threonine at position p_, and a hydrophobic amino
acid at position pg (a motif of Ser/Thr-X-®-COOH, where X is any amino acid and ® is any
hydrophobic amino acid). Class Il PDZ domains bind to peptides that have any hydropho-
bic amino acids at both positions py and p_, (a motif of -X-®-COOH). Finally, Class III
PDZ domains interact with peptides that have Aspartic acid or Glutamic acid at position
p—2 and any hydrophobic amino acids at position pg (a motif of Asp/Glu-X-®-COOH). As
discussed in the previous subsection, the specific recognition of these peptide motifs are
mediated by side-chain interactions between binding site and peptide residues.

However subsequent studies suggested that the picture is far more complicated, be-
cause PDZ domains have overlapping specificity and promiscuity toward their target pep-
tides!®® and the PDZ binding cleft is able to interact specifically with up to seven C-
terminal peptide residues??®. A recent large scale analysis of the PDZ domain family in

the human and Caenorhabditis elegans proteome found 16 distinct specificity classes sug-
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gesting that the specificity map of PDZ domains is indeed surprisingly diverse and com-
plex??. Using protein microarrays and quantitative fluorescence polarization to study the
interactions of 157 mouse PDZ domains with 217 genome-encoded peptides, Stiffler et al.
have found that PDZ domains do not really fall into discrete specificity classes, instead
they are evenly distributed in selectivity space.??’

Even applying the simplest classification system discussed above which divides PDZ
domains into three distinct specificity classes, it is intriguing that many PDZ domains are
able to interact with multiple peptides belonging to different classes of peptide motifs. For
example, the PDZ domain of Erbin can bind both to class I peptides (e.g. the C-terminus of
J-catenin) and to class II peptides (e.g. the C-terminus of ERBB2).?*Y Other PDZ domains,
such as the PDZ domain of Dishevelled-2 are able to bind to both C-terminal and internal

peptide ligands.?!

The promiscuity of PDZ domains, a property that is likely to be rel-
evant for their central role in organizing signalling pathways and also essential for their
evolvability, is discussed in details in Chapter 5.

Finally, it is important to note that the peptide binding preference of some PDZ do-
mains may also be modulated by other structural elements in the protein. For example,
Van Den Berk et al. have found that the binding specificity of the second PDZ domain
of mouse PTP-BL (PDZ2) is regulated by the first PDZ domain of the protein (PDZ1). In
isolation, PDZ2 recognizes class III peptides, however, when linked to PDZ1, it is unable
to bind to class I1I ligands (see Section 6.2.2 for details).?3? Alternatively, PDZ-ligand inter-
actions can be modulated via different regulatory mechanisms such as phosphorylation.
For instance, Zhang et al. have recently found that phosphorylation at the atypical helical
extension (a3) of PSD-95 PDZ3 that occurs in vivo allosterically modulates ligand binding

affinity of this domain.?33

1.5.5 Clinical importance of PDZ domains

Since PDZ domains play central roles in many signalling pathways serving as hubs in
protein-protein interaction networks, their malfunctions can have serious consequences

and lead to various diseases. Several heritable human diseases including Usher syndrome
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2% and Cystic Fibrosis?** have been linked directly to de-

234 Dejerine-Sottas neuropathy
fects of PDZ domain-containing proteins or their interaction partners. In addition, PDZ
domains are crucially involved in the organization of signalling pathways implicated in
many human diseases including cancer, Alzheimer’s disease and schizophrenia (see Chap-
ter 5). Because of their central role in various disease pathways and their well-defined

binding sites, PDZ domains are promising targets for rational drug design.?’

@ Ligand-binding domain

Allosteric
binding site

PDZ motif

PDZ
domain

Figure 1.20: Alternative strategies of modulating signalling pathways. In the traditional ap-
proaches, receptor activity is modulated by agonist or antagonist molecules that bind to the ex-
tracellular ligand binding site (a) or allosteric sites of the receptor (b). A novel strategy could
be using peptides (c) or small molecules (d) that dock into the peptide binding sites of the PDZ
domains of co-activator proteins. This would result in competitive inhibition of the interaction be-
tween the co-activator and the receptor. Alternatively, small molecules could be designed to bind
to the carboxy-terminal domain of the receptor, masking the peptide motif recognized by the PDZ
domain (e). Finally, small molecules may interact with allosteric sites on the PDZ domains modu-
lating the peptide binding affinity of the domain (f). (Image courtesy: Dev 2004)2%”
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Interestingly, many viruses were found to encode proteins that bind to cellular PDZ
proteins. These include both oncogenic and nononcogenic viruses (e.g. hepatitis B virus,
rhesus papillomavirus, cottontail rabbit papillomavirus, influenza and human immunod-
eficiency virus).?*® Understanding how the virus modulates the cellular protein-protein
interaction networks by interacting with PDZ domain-containing proteins of the host cell
could also lead to novel targets for antiviral therapy.?*’

Significant effort has been made in recent years to explore the possibilities of target-
ing PDZ domain-containing proteins. A straightforward option for modulating protein-
protein interactions is using inhibitor peptides that mimic specific motifs recognized by the
PDZ domains (Figure 1.20c).?*” This results in competitive binding between the synthetic
peptide and the natural ligands of the PDZ domains in vivo. Several successful attempts of
inhibiting protein-protein interactions using small blocking peptides have been reported.
A promising example was the disruption of interactions between PICK1 and glutamate

receptors using synthetic peptides?40241

. Since the the PDZ-domain containing protein
PICK1 interacts with many disease-associated proteins (e.g. proteins involved in various
cancers such as breast, lung and kidney cancer or psychiatric, neurological and neurode-
generative disorders such as depression, hyperactivity, schizophrenia and Parkinson’s dis-
ease), modulating the interactions of PICK1 with these proteins has been suggested to open
new therapeutic possibilities in various diseases.?”

Although blocking peptides are indeed very effective in disrupting PDZ-peptide inter-
actions, there are several difficulties of using synthetic peptides as drug compounds. For
example, peptides have limited membrane permeability and their peptidic nature makes
them subjects of undesired degradation and pharmacokinetics.?”

An alternative approach is the use of small-molecule nonpeptide inhibitors designed
to bind either to the PDZ peptide binding cleft, the carboxy-terminal motif on the binding
partner or an allosteric site on the PDZ domain (Figure 1.20d,e,f).237 For example, screen-
ing of ~44,000 compounds have recently identified a small-molecule nonpeptide inhibitor

that binds to the PICK1 PDZ binding site with an affinity similar to that observed for

endogenous peptides. The inhibitor was found to effectively modulate the PICK1/AMPA
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receptor interaction and is therefore a promising compound for the therapy of neuropathic
pain, excitotoxicity and cocaine addiction.?*2

As a second example, much research have been conducted to find small-molecule in-
hibitors against the PDZ domain of Dvl (Dishevelled) because of its central role in the Wnt
signalling pathway.?43-247 Using such inhibitors to block the association between the Dvl
PDZ domain and Frizzled receptors has proven to be very effective for suppressing upreg-
ulated Wnt signalling in tumour cells.?** More PDZ domains of clinical /pharmacological
importance are discussed in Chapter 5.

While some of the drug candidates against PDZ domain targets have been identified
using high-throughput biochemical compound screening (HTS) methods?*>?#, virtual (in

silico) screening has also proven to be very useful in the search for small-molecule in-

)245247 and structure-based 243246

hibitors. Both ligand-based (i.e. pharmacophore-based
virtual screening approaches have been used. Since the ligand preferences of PDZ do-
mains are likely to be determined not only by their sequences and structures but also their
conformational dynamics, structure-based (docking) studies should incorporate informa-
tion about the flexibility of the PDZ targets.24%24 Better understanding of how the intrin-
sic dynamics of PDZ domains are related to ligand binding could make structure-based

screening approaches more reliable.



Chapter 2

Methods

2.1 Molecular Dynamics (MD) simulations

As discussed in Section 1.2.4, Molecular Dynamics (MD) simulations serve as a powerful
tool for studying the conformational dynamics of proteins. The key elements of atomistic
MD simulations performed in this work are briefly summarized in this section. All simu-
lations discussed in the thesis have been prepared and run with the molecular dynamics

software suite GROMACS20

2.1.1 All-atom MD simulations (AT-MD)

All-atom MD (AT-MD) simulations?! represent every atoms of the biomolecular system
individually, calculating their coordinates and velocities in the course of time. The system
may contain atoms of protein molecules, atoms of the solvent (in case of explicit models
discussed below), solvated ions, atoms of other molecules (e.g. lipids, ligands, cofactors or
drug compounds) etc. All these move in a dynamically changing potential (also referred

to as the "force field") and can be accurately described with Newton’s laws of motion.

Empirical force fields

The force field of the system?>? can be decomposed into multiple terms describing the po-
tential energy contributions of different types of interactions. Generally, the total potential
energy is the sum of bonded and non-bonded energies. The contributions of bonded inter-
actions (corresponding to covalently bound atoms) include the effects of bond-stretching

(Vionds), angle-bending (Viq1e5), improper and proper dihedrals (Viyprop and Vprop). Fur-
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thermore, the non-bonded potential energy terms describe long-range electrostatic (V,jectr)
and van der Waals (V,,y) interactions. The total potential energy of the system can there-

fore be given as the following sum:

Viotat = Vponds + Vungles + Vimprop + Vprop + Veteetr + Voaw (21)

For example, in the simplest case, Viouas, Vingles and Viyprop can be modelled as har-
monic potentials. Additionally, to represent the potential energy of proper torsional devi-
ations (V}rop), the Ryckaert-Bellemans function 253 is often used. Furthermore, electrostatic
interactions (V) can be described by Coulomb’s law, while van der Waals interactions
(Vpaw) are modelled with the Lennard-Jones potential 252,

Therefore a possible form of the total potential energy is given as

k
Viotal = ), %(b—bo)er ). %(G—QO)ZJF ). 56(5—50)24‘

bonds angles impropers
5 qiq;
+ Z Z Cu(cos(¢ — 180))" + Z 47]”%— (2.2)
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where the key parameters are: the equilibrium bond lengths (by), the equilibrium bond
angles (6p), the equilibrium torsion values (&), the force constants of the harmonic poten-
tials (kj, kg and k¢), the coefficients of the Ryckaert-Bellmans function (Cy), the vacuum
permittivity and relative permittivity of the solvent (¢p and €,) and the collision diameter
and well depth parameters of the Lennard-Jones potential (¢;; and €;;).

A number of different force field functions have been developed for MD simulations
including the OPLS-AA%*, GROMOS?°, AMBER?® and CHARMM?” force fields that
differ in their exact forms and their parameters optimized by fitting the potential func-
tion against experimental data. The commonly used OPLS-AA (Optimized Potentials for

Liquid Simulations - all atom) force field>** has been applied in the MD simulations per-



2.1. Molecular Dynamics (MD) simulations 50

formed in this work.

Numerical integration of the equations of motion

In classical MD simulations, the motion of each atom can be described by Newton’s second
law: e.g. the second time-derivative of the position of atom i (r;) is directly proportional to

the force acting upon this atom (F;):

dzl'i
Fi - mzﬁ (2.3)
where the force vector F; is the gradient of the potential field given in Eq. 2.2:
Fi = —VV(I‘i) (2.4)

In such many-body systems, the analytical solution of the above described differential
equations is not feasible. To overcome this problem, numerical methods such as the Verlet
algorithm and leap-frog algorithm are used to integrate Newton’s equations.?*®*” These
numerical integration techniques aim to calculate the coordinates and velocities step by
step: that is, given the current state of the system, the coordinate and velocity vectors are
re-calculated for the next time step.

In the leap-frog integrator®’ used in this work, the velocities and coordinates are ap-
proximated recursively. As a first step, the velocity vector is determined at time t + 35t
(where 6t is the integration time step of the MD simulation):

1

vu+§&):va—%&y+4g& 25)

Here a(t) denotes the instantaneous acceleration vector derived from Eq. 2.3.

As a next step, the coordinate vector at time t + Jt is calculated as

rU+&):dﬂ+vU+%&Mt 2.6

Finally, the velocity vector at time ¢ is approximated according to
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v(t) = % v(t+ %&) vt — %&) 27)

The above three steps are iterated in order to generate trajectories in the 3N-dimensional
conformational space discussed below (where N is the number of atoms in the system).

When using bond length constraint algorithms such as RATTLE?®?, SHAKE?%! or LINCS
262 to constrain bond stretching vibrations, an increased 6t integration time step can be ap-
plied in the MD simulation. The LINCS (Linear Constraint Solver) method was used in

this work that allowed for an integration time step of 6t =2 fs=2-10""s.

Implicit and explicit solvent models

Incorporating the effect of solvent is a crucial problem for performing realistic simulations
of proteins. There are two main strategies used to represent aqueous solutions in MD
simulations: applying explicit or implicit water models.

In explicit models, all water molecules added to the system are represented and simu-
lated explicitly thereby largely increasing the number of degrees of freedom of the system.
Although this strategy is clearly the most accurate way to incorporate the effect of solvent,
calculating the coordinates and velocities of a large number of water molecules is time-
consuming. Several different representations of water molecules have been developed
such as the SPC, SPC/E, TIP3P, BE, TIP4P and ST2 models.2032¢7 In this work, the SPC
(Simple Point Charge) explicit water model?*® was used: that is, water was represented as
a rigid 3-atom molecule assuming an ideal tetrahedral shape.

The alternative strategy is applying implicit solvation models by adding an extra en-

ergy term (i.e. solvation energy term) to the potential function of the system:

V(I‘) = Vvuc(r) + AGsolv<r) (2-8)

where Vi,c(r) denotes the potential energy function in vacuum and AGg,,(r) is the
added solvation energy term. Several implicit models are available such as the GB (Gen-

eralized Born) model, ACE (Analytic Continuum Electrostatics) model and ASP (Atomic
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Surface Area-based Empirical) model.?%-2"Y Using implicit water models results in signif-

icantly faster but less accurate simulations.

Long-range electrostatic interactions

As shown by Eq. 2.2, the contribution of electrostatic interactions (V) to the total poten-
tial energy of the system is calculated as a sum of all pairwise Coulomb interaction ener-
gies between each pair of atoms. If the system contains a large number of atoms (especially
when explicit solvent is used), the calculation of this summation is computationally very
expensive.

To address this problem, one option is to define a distance cutoff value beyond which
electrostatic interactions are not taken into account. However, this would introduce non-
physical effects causing problems in the simulations.?”!73 A more advanced solution is
the particle-mesh Ewald (PME) summation method?”* used in this work that reduces com-
putational time but still providing an accurate approximation of the electrostatic contribu-
tions to the potential energy.

In the PME method, the electrostatic potential energy is decomposed into two parts:
a first term describing short-range interactions and a second term accounting for long-
range interactions. Within a distance cutoff, the short-ranged potential is calculated in real
space as a summation of the pairwise Coulomb interaction energies. Beyond the cutoff, the
long-ranged potential is approximated as a summation in Fourier space using fast Fourier

transform (FFT) on a discrete grid after interpolating electric charges to the grid points.

Distribution of initial velocities

The initial velocity vector of each atom is generated randomly based on a Gaussian distri-
bution called the Maxwell-Boltzmann distribution. That is, for example, the probability of

the x-coordinate of the initial velocity of atom i to be assigned to value v;, is given as

' o m; ) _lmivizx
p(oix) = \ 27tk T ex’g[ 2 kBT] (2.9)
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where m; is the mass of atom i, kg is the Boltzmann constant and T is the specified
temperature of the simulation. Drawing initial velocities from this Gaussian distribution

ensures that the total momentum of the system is approximately zero.

Temperature and pressure coupling

To maintain constant temperature and pressure of the system, these parameters are con-
trolled with the Berendsen algorithm”5 . In particular, in the Berendsen thermostat, the
system is weakly coupled to an external heat bath of temperature Ty. At every simulation

step, the instantaneous temperature is corrected depending on its deviation from To:

iT  Ty—T
T

(2.10)

where T is the time constant that characterises the rate of the exponential decay of
temperature deviation.
In practice, correcting the temperature involves rescaling the velocities of each atom at

every time step of the simulation. The rescaling factor A is given as

1/2
e (3-)

The temperature coupling constant 7r is related to above used time constant T accord-

ing to the formula:.

T = NdkaT
= 2cy,

(2.12)

where Cy denotes the total heat capacity and Njs denotes the total number of degrees
of freedom of the simulated system.

Similarly, the Berendsen algorithm is used to maintain constant pressure by weakly
coupling the system to a barostat with a reference pressure of Py. At every time step, the

instantaneous pressure P is corrected depending on its deviation from Py:
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P Py—P
a7

(2.13)

At every simulation step, coordinates and box vectors are rescaled using the scaling

matrix y which can be calculated as

ot
pij = 0ij — E,Bij { Poij — Pojj(t) } (2.14)

where matrix B describes the isothermal compressibility and 7p is referred to as the

pressure coupling constant.

Periodic boundary conditions
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Figure 2.1: Schematic illustration of the use of periodic boundary conditions. Atoms leaving the
box at one side, enter at the opposite side. (Image courtesy: Steinhauser and Hiermaier 200927°)

Simulating a biomolecular system in a finite box can lead to severe errors (referred to as
"boundary effects") arising from the fact that atoms at the edges of the box are not treated

correctly. Therefore, to avoid these unwanted effects, periodic boundary conditions (PBC)
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are often used in MD simulations mimicking that the protein is embedded in an "infinite"
solvent environment. 27

In practice, the application of PBC means that, for example, an atom which exits at one
face of a cubic simulation box, automatically enters the box at the opposite face (Figure 2.1).
This ensures that the motions of atoms are not limited by the "walls" of the box. PBC can
be implemented using several different simulation box types such as cubic, rectangular,
rhombic dodecahedron and truncated octahedron. These different box geometries differ

in their efficiency of realizing the same periodic image distance. For convenience, in this

work, MD simulations with PBC have been performed in simple rectangular boxes.

Energy minimisation, restrained and unrestrained simulations

Prior to MD simulation, the system usually undergoes an energy minimization (EM) pro-
cedure. The objective of EM is optimizing the geometry of the protein structure in order to
identify an equilibrium conformation corresponding to a local minimum of the potential
energy surface. The equilibrium structure is then used as the starting point of the MD sim-
ulation. There are a number of different algorithm used for energy minimization including
the steepest descent, conjugate gradient and L-BFGS method.?”7/?78

In the steepest descent algorithm applied in this work, the 3N-dimensional coordinate

vector r of the protein structure is iteratively refined based on the following formula:

F,
= L — ] 2.
Iy =1+ max]Fn| n (2.15)

where r, and F,, denote the coordinate vector and force vector at the n'" iteration step
and max|F,| is the maximum of absolute values of the F, vector components. Parameter
h, denotes the maximum displacement which is initialized as hy = 0.01nm.

At each step, the force vector (F,) and the potential energy (V) are re-calculated based
on the latest r, coordinates. If the potential energy decreases (V11 < Vj,), the proposed
coordinate vector calculated by Eq. 2.15 is accepted and the maximal displacement is reset

to h,41 = 1.2h,. If the coordinate refinement does not reduce the potential energy (V;, 1 >
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Vi), the proposed coordinates are rejected and h,,; = 0.2h;,. The iteration terminates after
a predefined number of steps or if max|F,| < € where € is a suitable cutoff value.

In order to let solvent molecules equilibrate around the protein, position restraint sim-
ulations are often applied in which atoms of the protein are restrained to some reference
positions, while water atoms, ions and other molecules move in normal force field. For
example, the potential energy used for protein atom i in a position restrained simulations

can be given as

1
V]ﬂr(ri) = Ekpr‘ri - Rz"z (2.16)

where kpr is the position restrained "force" constant and R; denotes the reference posi-
tion of atom i. Note that the potential energy of restrained protein atoms is described by a
harmonic potential.

Following the energy minimization and a possible position restrained simulation, the
main MD simulation (referred to as production run) is performed in which the whole system
is governed by the normal force field defined in Eq. 2.2. In the production run, simulation

frames ("snapshots") are saved for further analysis with a certain sampling frequency.

Output trajectories of the MD simulations

The output of an AT-MD simulation is the time series of K simulation frames saved for
analysis that make up a conformational ensemble of the simulated protein. Let Sy denote
the k™ conformation in this structural ensemble and the position vector of atom i in struc-
ture Sy is denoted as

Bk = {rs" rox rsk} (2.17)

i ix’ iy’ iz

where vector ris * has three components: the X, y and z coordinates of the atom.
As each structure is characterized with 3N coordinates (where N is the number of
atoms in the structure), the output {Sk}f:1 ensemble corresponds to a trajectory in the

3N-dimensional configuration space. Since it describes the conformational dynamics of
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the protein, this 3N-dimensional trajectory is the input dataset for further analysis.

2.1.2 Root mean square fluctuation (RMSF)

A commonly used approach to characterize residue fluctuations is calculating the root
mean square fluctuation (RMSF) profile of alpha carbon atoms based on the MD trajectory.
As a first step, each protein conformation in the ensemble is superposed to a common
reference conformation using the least square superposition method. The RMSF profile

characterizing the mobility of individual atoms can be calculated as

RMSF(i) = % f(r?k —1R)2 (2.18)
k=1
where risk denotes the position of Ca-atom i in the superposed structure Sy and ¥ denotes
the position of Ca-atom i in a second reference structure R.

Note that two different reference structures may be involved in the calculation of RMSF
profile: the reference used for superposition and the reference with regards which atomic
displacements are measured (R). The two reference conformations may, however, be iden-
tical. Usually, the first structure of the ensemble is used as reference for superposition, and

structure R is set to the mean of the superposed conformations.

2.2 Dimensionality reduction methods

Dimensionality reduction methods refer to a class of mathematical techniques that facili-
tate the analysis and comparison of high-dimensional datasets. The general objective of
these methods is to reduce the dimensionality of datasets while preserving the original
structure of data. To address this problem, several approaches have been proposed in the
data mining literature including Principal Component Analysis (PCA), Multidimensional
Scaling (MDS), Locally-Linear Embedding (LLE), Kernel Principal Component Analysis
(kPCA) and Isomap algorithm.3+279282 Two of these methods, PCA and MDS, are sum-

marized in this section.
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2.2.1 Principal component analysis (PCA)

Principal component analysis (PCA)3* is a widely-used data mining technique applied
to analyse the hidden structure of complex multi-dimensional datasets. The goal of the
method is to calculate an orthogonal linear operator that transforms the original data ma-
trix to the coordinate system which best describes the variance of data. The axes of the
new coordinate system are defined by the principal component vectors (PCs) of the data
matrix. Principal components can be ordered according to the proportion of variance they
explain: e.g. the first PC describes the largest variance of data, the second PC describes
the second largest variance etc. PCA is a common tool in the analysis of MD trajectories
as it has proven to be efficient in separating functionally important collective (correlated)
atomic motions (also referred to as essential modes of motions) from uncorrelated ther-
mal fluctuations. Given an input data matrix, calculating the principal component vectors

involves the eigenvalue decomposition of the coordinate covariance matrix defined below.

Covariance and correlation matrix

S oy . . .
Let vector 17 denote here the position of atom i in conformation Sy after each Sy confor-
mation is superposed to a common reference structure. The NxN atomic covariance matrix

capturing the cooperative motions of individual atoms is defined as

K
Z:(riSk - r?)(r].sk - r]p) (2.19)

where 1? denotes the mean position of atom i in the ensemble:

o1& s,
) = Ek;ri (2.20)

Comparing of Eq. 2.18 and Eq. 2.19 and assuming that the reference position rf is
the mean position of atom i, we get that the root mean square fluctuation (RMSF) can be

calculated as the diagonal elements of the X atomic covariance matrix:
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RMSF(i) = %; (2.21)

Furthermore the NxIN atomic correlation matrix of displacements is given as the covari-

ance matrix normalized by the product of standard deviations of the two atoms:

s s
% L (17 — 1) (1] — 1) Yy

1] - —
S s ;0]

\/ Vi (1% — \/ Y (17 r())z o

The atomic correlation matrix (also called dynamical cross-correlation map) is com-

(2.22)

monly used for visualizing the pairwise dynamic couplings between atoms.
In addition to the above-defined atomic covariance and correlation matrices, the fol-
lowing 3Nx3N coordinate covariance matrix is used to characterize the concerted motions of

individual atomic coordinates:

1 K

vy _ k 0

L= 7 Z - — a]-) (2.23)
where a5« is the 3N-dimensional vector containing the 3N coordinates of structure Sy:

Sk Sk Sk S S

aSx = {7’1;, 1’1;, i) Tonsn rl\}‘z} (2.24)

and vector a’ contains the mean coordinates calculated for the ensemble:
1 S

a4 =% Y a (2.25)

Eigenvalue decomposition of the ~*Y* matrix

The principal components (PCs) of the MD trajectory can be calculated by the following

eigenvalue decomposition of the coordinate covariance matrix X*V%:

YV = VAVT (2.26)

where matrix V contains the v; eigenvectors (i.e. principal components) as its columns
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and the diagonal matrix A contains the corresponding A; eigenvalues. The PC vectors are

usually ranked according to their ordered eigenvalues:

M2>2A2>A3> .2 Ay (2.27)

Note, that the eigenvalue corresponding to a PC determines the relative proportion of

variance the eigenvector explains in the dataset:

(2.28)

Essential subspace overlap

As discussed in Section 1.2.2, a number of studies have found that only a small set of
PCs (referred to as the essential modes) can describe the functionally relevant large-scale
motions of many proteins. When comparing the dynamics of different proteins or different
simulations of the same protein, several studies have used the following root mean square
inner product (RMSIP) measure>® to quantify the overlap between the subspaces spanned

by the essential PC vectors (essential subspaces) of two trajectories, A and B:

M:

RMSIP(A,B) = %

1

(vA- VJB)2 (2.29)
=1

J

Il
—_

where viA and V}B denote the PCs of simulation A and B, while the two sums run over
the top n eigenvectors of the largest eigenvalues (a usual choice is n = 10). The RMSIP
value of 1 means that the two subspaces are identical, while the RMSIP value of 0 indicates

that the two subspaces are orthogonal.

Covariance matrix overlap

An alternative measure of similarity between the essential subspaces calculated for two

simulations (A and B) is the covariance matrix overlap®®® defined as
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1/2
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Q(A,B)=1-—
DAL+ AP

(2.30)

where v and v]B are the eigenvectors while A2 and /\]B denote the eigenvalues of sim-

ulation A and B, respectively.

2.2.2 Multidimensional scaling (MDS) (Torgerson-Gower scaling)

Multidimensional scaling (MDS)?” is a statistical technique that aims to transform a high-
dimensional dataset to a lower-dimensional representation while preserving the pairwise
dissimilarities (or distances) between individual data points. The method is used in Chap-
ter 4 for mapping protein conformational ensembles to two-dimensional space so that they
can be visualized and compared.

The input of the MDS algorithm is a KxK dissimilarity matrix D that contains pairwise
structural dissimilarities of the K conformations. (Matrix D can be defined based on differ-
ent structural similarity measures: see Section 2.5.2 and Section 5.3.1) The output is a KxLL
coordinate matrix denoted by Y, where L is the dimensionality of the lower dimensional
space to which the conformations are mapped. For example, "projecting” the data points
to a two-dimensional map for the purpose of visualization (L = 2), the output Y is a Kx2
matrix and (Y1, Yj;) are the (x,y) coordinates of the point representing conformation i on
the 2D map.

In classical MDS (or Torgerson-Gower scaling)?”?, the goal is minimizing the following

¢(Y) objective function:

oY) =X (D3 = lyi — yI1?) 231)

ij
where ||y; — yj|| is the Euclidean distance between the two points representing confor-
mations i and j in the low-dimensional space. The ¢(Y) function measures how well the

low-dimensional distances reproduce the original D;; dissimilarities.
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The Y matrix that minimizes the ¢(Y) objective function can be calculated by the eigen-

value decomposition of the following G matrix (referred to as the Gram matrix):

1 2 1 > 1 2, 1 2
Gij=—5 (Dif_KZl:Dil_KZl:Dfl+I<le:Dlm (232)
m

Given the eigenvectors of matrix G, the entries of matrix Y are simply given as

Yi()é =\ /\avaz’ (233)

where {va}oLC:1 are the top L eigenvectors of the Gram matrix G, and {Aa}izl are the

corresponding eigenvalues.

2.3 Elastic Network Model (ENM)

Elastic Network Models (ENMs)?* are simplified representations of biological macro-
molecules commonly used to study their large-scale dynamics. In these coarse-grained
models, a protein is represented as a network of particles connected by elastic springs. In
different types of elastic network models, the particles may represent individual atoms,
groups of atoms (e.g. residues or secondary structural elements) or characteristic points
defined for groups of atoms (e.g. center of mass of residues or side-chains). A major ad-
vantage of ENMs is their little computational cost as compared with for example MD sim-
ulations. Despite their simplicity, several studies have confirmed that protein fluctuations
predicted by ENMs can reproduce MD or experimental data reasonably well. Accordingly,
as discussed in Section 4.2, the ENM approach were used in comparative protein dynamics

studies.

2.3.1 Gaussian Network Model (GNM)

In the Gaussian Network Model (GNM) !# | residues are represented by their alpha car-
bon atoms. Linked particles of the network are connected by harmonic springs (Figure

2.2) which have a potential energy proportional to the square of their extensions. This
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harmonic approximation of the potential greatly simplifies the study of protein dynamics.

y

. @

Figure 2.2: Schematic illustration of GNM. Each pair of particles (representing Ca-atoms) in the
network is connected by harmonic springs that have the same < force constant. Therefore the
potential energy of an (i,j) particle pair is proportional to the square of their displacement AR;;.

The total potential energy of the Gaussian network can be given as the sum of potential

energies of all connected pairs of particles:

N
) AR;T;;AR;
ij

N
Z(AR,- — AR;)?

ij

r)/
V== 2.34

_
2

where AR; is the displacement of Ca-atom i, 7y is the force constant and I' denotes the

Kirchhoff matrix defined as

-1 ifi;éjandRierc
Ij==410 ifi # jand Ry > rc (2.35)
— YNl ifi =
It is easy to show that the covariance matrix of atomic displacements in the GNM can
be given as

3ksT .
< AR; - AR; >= j [T1; (2.36)

where kp is the Boltzmann constant, T is the absolute temperature and I'~! denotes the

inverse of the Kirchhoff matrix I'.
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As a consequence, the mean square fluctuations (MSF) of residues can be calculated as

the main diagonal elements of the above described covariance matrix:

3kpT

< AR? >= =1, (2.37)

In addition, atomic fluctuations can be converted to theoretical B-factors (Debye-Waller
factor) that are directly comparable with experimental B-factor profiles provided by X-ray
crystallographic studies:

. 87T2kBT

8 2
— T CAR? >= #[r—l]ﬁ (2.38)

B;

2.3.2 Normal mode analysis (GNM-NMA)

A commonly applied analysis on Gaussian Network Models is identifying the function-
ally most relevant modes of motions of a protein structure. The application of Normal
Mode Analysis to Gaussian Network Models (GNM-NMA) has proven to be an effective
approach for decomposing protein fluctuations into collective modes of atomic motions.

Deriving the normal mode vectors of the model involves the eigenvalue decomposition of

the above-defined Kirchhoff matrix:

I =UuAu’ (2.39)

where the NxN unitary matrix U contains the u; eigenvectors of the Kirchhoff matrix
(normal mode vectors) and the diagonal matrix A contains the A; eigenvalues correspond-
ing to these eigenvectors. However, because I' is a positive semi-definite matrix, the first
eigenvalue (A1) equals 0.

Given the eigenvalue decomposition of the Kirchhoff matrix, combining Eq. 2.36 and

Eq. 2.39 the covariance matrix of atomic displacements can be written as:

3kgT

< AR; - AR;j >= (A wud )i (2.40)
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2.4 Markov chain Monte Carlo (MCMC) methods

Markov chain Monte Carlo (MCMC) algorithms?® refer to a set of methods mostly used
in Bayesian statistical inference as a computationally feasible strategy to sample from a
probability distribution of interest (called the target distribution).?®> The approach is based
on creating a discrete time stochastic process called Markov chain (see more precise defi-
nition below) that converges to the desired target probability density. In addition, MCMC
methods are also used in the field of stochastic global optimization, i.e. for finding the
global minimum or maximum of an objective function, as applied in this work (in Chapter

4).

2.4.1 The Markov property ("memorylessness')

A Markov chain is defined as a sequence of random variables (indexed as X3, X5, X3, ..., X;)
which satisfies the Markov property: i.e. the probability of the next state of the chain (X,,11)
depends only on the current state (X,) and is therefore independent of the all previous
states of the chain (Figure 2.3).2%¢ This property is also referred to as the memorylessness

of the stochastic process:
P(Xpt1 = xp1| X0 = xn, X1 = Xp—1, ., Xo = x0) = P(Xp11 = xp11| X = x)  (2441)
where X; € S values are the states of the Markov chain that belong to ‘state space” S.
(X0 X X~ X XX X
~__ T . 4 ~ L. 4 o ~_

Figure 2.3: Markov property of a sequence of random variables: the chain is memoryless, i.e. the
transition probability from X, to X, 1 is dependent only on state X,.

The way P(X,+1 = x,41|Xn = xy) probability is calculated differs in different MCMC
methods. The Metropolis-Hastings algorithm?8”2% detailed below was applied in this

work to perform global optimization.
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2.4.2 Metropolis-Hastings algorithm

287,288

In the Metropolis-Hastings algorithm , a potential next state of the Markov chain (X”)

is generated first by sampling from a proposal probability density function q(y|x):

X'~ q(y|x?) (2.42)

Next, the proposed state X" is accepted or rejected as the next state of the chain accord-

ing to an acceptance probability function that depends on the current state of the chain:

. X’ with probabilit x@, X
xi — ] % p y Pl ‘) (2.43)
X@  with probability 1— p(x(), X")

where p(x,y) is called the Metropolis-Hastings acceptance probability calculated as

e = mind1 LW axly)
plxy) {1'f<x>q<yrx>} @49)

where f(x) is the target probability density function to which the Markov chain is set to
converge. It can be shown that using the acceptance probability presented in Eq. 2.44, the
equilibrium distribution of the states of the Markov chain is equal to the f(x) distribution.

In case of using a symmetric proposal density defined as

q(xly) = q(y|x) (2.45)

the acceptance probability is also simplified to the form of

p(x,y) = min {1, {fg;} (2.46)

Suppose, for example, that the target probability density f(x) has the form of the Boltz-

mann distribution defined as

flx) = e T (2.47)
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where E(x) is introduced as the energy of state x and T denotes the "temperature"
parameter. The normalization factor Z is referred to as the canonical partition function

and is calculated as a summation over the S state space:

Z=Y e (2.48)

x€S
Given the Boltzmann target density, combining Eq. 2.46 and Eq. 2.47, the acceptance

probability can be calculated as

p(x, y) = min {1[6%(15(3‘)_]5@))} (249)

Note that in Eq. 2.49, the acceptance probability does not depend on the normalization
factor, Z, which means that one can use the MCMC algorithm to sample from the target
Boltzmann density even if f(x) is known only up to a constant of proportionality. As
shown by Eq. 2.49, the acceptance probability depends on the AE = E(x) — E(y) energy
difference between the current state and the proposed state. If AE is non-negative (i.e. the
proposed state has lower or equal energy than the current state), the acceptance probability
is 1, therefore the proposed state is always accepted. On the other hand, if AE is positive
(i.e. the proposed state has higher energy than the current state), the proposed state is
rejected with certain probability also depending on the temperature parameter. In case the
proposed state is rejected, the new state of the Markov chain is set to the previous state:
Xiy1 = X (see Eq. 2.43).

According to Eq. 2.47, the target probability distribution f(x) has its global maximum
where the energy function E(x) has its global minimum. Thus the above-described MCMC
algorithm using the Boltzmann target density can also be applied for global minimization
of an arbitrary E(x) function. Since the distribution of states of the Markov chain converges
to the f(x) distribution, the state of interest which corresponds to the global maximum of
f(x) (and therefore the global minimum of E(x)) is sampled with relatively high probabil-
ity. The lowest-energy state sampled in the MCMC algorithm can therefore be used as an

approximation of the global minimum of the energy function.
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2.5 Sequence, structure and dynamics comparison

As discussed in Section 1.4.1, in order to study the relationship between the topology of
protein sequence, structure, dynamics and function space, one needs precise definitions of
sequence, structural, dynamic and function similarity. In global pairwise protein alignment
methods, in which two proteins are matched from end to end, the alignment score serves
a measure of global similarity. By contrast, in local pairwise alignments, in which only seg-
ments of proteins are matched, the alignment score quantifies local sequence or structural

correspondence. Some basic protein comparison methods are discussed here.

2,51 Sequence alignments and similarity

The Needleman-Wunsch algorithm!?? is a global pairwise sequence alignment method
in which the exact solution (global maximum of the alignment score and corresponding
alignment) is calculated in polynomial time by the dynamic programming approach. The
input is the two amino acid sequences, A and B of lengths N and M, respectively. The
output is an NxM binary matrix X referred to as the alignment matrix, where X;; = 1, if
residue A; and residue B; are aligned and X;; = 0 otherwise. The total sequence alignment

score is given as

Score =Y Xjj-S(Ai,Bj) — Ng-g (2.50)
ij

where S(A;, B;) denotes the 20x20 substitution matrix that defines the match and mis-
match scores between each pair of the 20 standard amino acids, N, is the number of gaps
in the alignment and g is the gap penalty score (assuming linear gap penalty scheme).
Alternative S substitution matrices include the BLOSUM % and PAM matrices1®.

To find the optimal pairwise alignment that maximizes the score function defined in
Eq. 2.50, a dynamic programming matrix F is built recursively using the following simple

step:
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Fi_1;-1+S(A; Bj)
Fj = max Fj1—¢g (2.51)
Fi1j—8
Note, that matrix entry F;; stores the maximal score of all possible subalignments be-
tween the first i and j residues of sequences A and B, respectively. Finally, the optimal
global alignment is determined in a backtracing process that starts from the highest scor-

ing matrix cell and identifies the optimal-scoring path in matrix F.

2.5.2  Structural alignments and similarity

When different conformations of the same protein are compared, the most common struc-
tural similarity measure is the root mean square deviation (RMSD) which is defined be-

tween conformations A and B as

RMSD(A, B) = % 3 (xA — xBY2 (2.52)

i i
i=1

where N is the number of atoms in the protein. Importantly, to calculate RMSD, the two
conformations first need to be superposed using the least square superposition method.
Alternatively, structural similarity measures that do not depend on structural superposi-
tion such as the distance root mean square deviation (dRMSD) (defined in Section 5.3.1)
can be used.

On the other hand, if the structures of different proteins are compared, structural align-
ment tools are applied to find the optimal mapping between the two structures. As in the
case of sequence alignments, the output of structural alignment is a NxM binary alignment
matrix X defined in Section 2.5.1.

One of the most commonly used structural alignment algorithms, DALI (Distance Ma-
trix Alignment) 17, is briefly discussed here. The input of the DALI algorithm is the pair of
distance matrices of the two protein structures to be aligned. The entries of D distance ma-

trix are defined as the pairwise distances between the alpha-carbon atoms in the structure:
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Di]' = ||Xi — X]' || (253)

DALI aims to identify the optimal match between two submatrices of the two input

distance matrices (D” and D) maximizing the following structural alignment score:

Score =

1

L L
) (254)

=1j=1

where the sums run over the two sets of the L aligned residues and ¢(i, j) denotes the

contribution of a pair of aligned residues to the score given as

A B
‘Dij_Diﬂ

g 2 D:) if i#]
¢(i,j) = ( P >w( i A (2.55)
0 if i=j

where 0 is the similarity threshold parameter, D;‘]- is the mean distance of the two alpha-

carbon atoms and w is an envelope function applied as weighting.

As a first step, DALI creates a list of similar 6x6 submatrices identified in the D# and
DB matrices. The method then uses a Monte Carlo algorithm to assemble these 6x6 pat-
terns into larger, consistent, high-scoring pairs of submatrices. Finally, the alignment score
is compared to a random background score distribution and is converted into Z-score in
order to assess its statistical significance. Besides predicting the optimal structural align-
ment (i.e. matrix X), the Z-score of the alignment can be used as a pairwise similarity
measure between protein structures.

In addition to DALI several other structural alignment algorithms and tools are avail-
able including SSAP (Sequential Structure Alignment Program), CE (Combinatorial Ex-
tension method), VAST (Vector Alignment Search Tool) and MatAlign (Matrix Alignment
algorithm). All these approaches offer different quantitative measures of global structural
similarity. Note that once two proteins are aligned, the RMSD and dRMSD measures can

also be calculated between the two sets of aligned residues.
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2.5.3 Local alignments of sequences and structures

Some other methods focus on identifying locally similar sequence or structural regions in
proteins. These tools are especially useful when one is looking for evolutionarily con-
served functional sites in the absence of detectable global similarity.

The Smith-Waterman algorithm % aims to find the best local sequence alignment be-
tween two proteins by trying to match sequence segments of all possible lengths opti-
mizing the alignment score defined in Eq. 2.50. This means that non-aligning regions can
be excluded from the alignment without gap penalties and mismatch scores. The exact
solution of the problem (i.e. identification of the maximum-scoring local alighment) can
be calculated in polynomial time by the dynamic programming approach.

In the Smith-Waterman method, similarly to the Needleman-Wunsch algorithm, a dy-

namic programming matrix H is built recursively using the following simple step:

H;i 1,1+ S(A; Bj)
H. o —
Hy=max{ '8 (2.56)
Hi1j—g
0

\
The important difference between the H matrix and the dynamic programming matrix
F used in the Needleman-Wunsch algorithm (Eq. 2.51) is that while F; entries can be
negative, the H;; entries are always non-negative. Similarly to the Needleman-Wunsch
algorithm, the optimal local alignment is determined in a backtracing step starting from
the highest scoring matrix entry and identifying the optimal-scoring path in matrix H.
Furthermore, more advanced heuristic algorithms such as BLAST (Basic Local Align-
ment Search Tool) 1% and FASTA (FAST-AIl)'% are available that enable significantly faster
local sequence alignments more suited for large database searches. The BLAST algorithm
tirst identifies short matches (termed as "words") between the input sequences and then
assembles the high-scoring words into longer alignments. Although BLAST is much faster
than the original Smith-Waterman method, it does not guarantee to find the optimal local

alignment.
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Additional tools that enable local structural alignments of proteins are available includ-
ing PINTS 121 ProBiS122, eF-seek 2 and MolLoc?%°. For example, PINTS (Patterns In Non-
homologous Tertiary Structures) uses a depth-first search strategy to rapidly identify geo-
metrically similar local patterns in two protein structures. Other methods such as ProBiS,
use graph theoretical approaches (e.g. maximum clique algorithms) to find local similari-

ties between otherwise globally dissimilar structures.

2.5.4 Dynamics alignments and similarity

In contrast with the problem of aligning 1-dimensional protein sequences or 3-dimensional
structures, the comparison of high-dimensional MD trajectories is an even more difficult
challenge. However, one may largely simplify the problem either by applying dimension-
ality reduction methods to the input trajectories (Section 2.2) or using simple measures

(e.g. RMSF profiles) for characterizing and comparing residue fluctuations (Section 2.1.2).

The ‘residue matching problem’

In addition, analysing the pairwise similarity of protein dynamics is further complicated
by the fact that the motions of two non-identical sets of residues need to be compared.
Therefore most approaches used to study the dynamic similarity of proteins require them
tobe aligned. For example, in order to compare the essential dynamics subspaces by calcu-
lating the RMSIP similarity measure (Section 2.2.1), one would need an alignment that de-
fines the corresponding residues in the two proteins for which the covariance matrices are
calculated. Similarly, an alignment is required when overlaying RMSF profiles calculated
for different proteins. In other words, the comparison of protein dynamics is inherently
dependent on the alignment matrix X introduced in Section 2.5.1.

Defining matrix X for the purpose of comparative MD analysis will be hereafter re-

ferred to as the "residue matching problem" (Figure 2.4).
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Figure 2.4: In order to study the dynamic similarity of different proteins, a mapping between
the non-identical sets of residues is required ("residue matching problem"). As illustrated by this
schematic figure, the size of alignment space (i.e. the number of possible alignments between two
proteins) is exponentially large. Searching in the alignment space for the optimal alignment is
therefore a problem of high computational complexity.

Note that in case of comparing different MD trajectories of the same protein, the map-

ping between residues is trivial: matrix X equals the Iy identity matrix.

Two strategies of comparative MD analysis

Two different strategies are discussed here that can be undertaken to address the above-
described residue matching problem. The first option is to apply prior sequence or structural
alignments (e.g. Needleman-Wunsch or DALI alignments) to calculate the X matrix be-
tween two proteins and use it for comparing their conformational dynamics. As shown
in Figure 2.5A, in this case, information of protein motions (MD data) and information of
the prior alignment are both inputs of the comparative analysis, while the output is a sim-
ilarity score quantifying the dynamic correspondence of the two proteins (given a suitable

definition of dynamic similarity).
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Figure 2.5: Difference between the basic data analysis pipelines of the two described strategies
of comparative MD analysis. In the prior alignment-based comparison (A.), the data of protein
dynamics and prior sequence or structural alignment are both inputs of the comparative analysis
which outputs a similarity score measuring dynamic correspondence of the proteins. By contrast, in
the dynamics-based alignment (B.), only MD data are taken as input and the alignment of proteins
is created "on the fly", and is the output of the analysis. The dynamic similarity score also given as
output measures the extent the two proteins can be aligned based on their dynamics.

Alternatively, the second option is to create a pairwise alignment "on the fly" based
exclusively on the dynamics of proteins. Such alignment could be derived by searching
in the "alignment space” to identify the optimal alignment that maximizes the dynamic
similarity of the mapped residues. As shown in Figure 2.5B, in this strategy, information
of protein motions (MD data) are the only input of the comparative analysis. Importantly,
the alignment matrix X is not the input but the output of the pipeline. Furthermore, the
similarity score corresponding to the optimal dynamics-based alignment can be used as
the dynamic similarity score (or dynamics-based alignment score) between two proteins.

Note that examples from the literature which apply the above described two strategies

of comparative analysis are discussed in details in Section 4.2.



Chapter 3

JGromacs and ABCD

3.1 Summary

One of the objectives of the thesis was to develop novel ways for analysing protein dy-
namics and to implement these ideas into reusable program code and/or user-friendly
applications. In this chapter two software tools that were created are described. The first
is JGromacs, a Java library that facilitates the development of cross-platform data anal-
ysis applications for Molecular Dynamics simulations. The JGromacs API builds on the
strengths of object-oriented programming in Java by providing a multilevel object-oriented
representation of simulation data to integrate and interconvert sequence, structure and
dynamics information. The easy-to-learn, easy-to-use and easy-to-extend framework is in-
tended to simplify and accelerate the implementation and development of complex data
analysis algorithms. Furthermore, a basic analysis toolkit is included in the package. The
programmer is also provided with simple tools (e.g. XML-based configuration) to create
applications with a user interface resembling the command-line UI of GROMACS appli-
cations. The second tool introduced in this chapter is ABCD, a visualisation interface for
comparing protein fluctuation patterns. The program implements the idea of prior align-
ment based comparative analysis described in Chapter 5. The features of both software

tools are summarized and examples are presented below.

3.2 Introduction

As discussed in Section 1.2.4, Molecular Dynamics simulations provide a powerful method

to study the native dynamics of biological macromolecules with atomistic resolution. !>
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Due to recent advances in hardware and software, as well as the development of en-
hanced sampling techniques, computer simulations now can sample biologically relevant
timescales (microsecond and beyond).292 On the other hand, while simulations can better
explore the conformational space of interest, the large number of conformations sampled
requires increasingly sophisticated methods for analysis.?’> Data mining and visualiza-
tion techniques are therefore becoming essential in the extraction of functional information
from MD data.

GROMACS?', mentioned in the previous chapter, is one of the four most commonly
used molecular dynamics simulation suites (together with CHARMM?**, AMBER?”® and
NAMD?). However, GROMACS is the only package of the four that is open-source.
The GROMACS suite also includes a series of tools to process and analyse trajectories
generated by simulations. Although these in-built tools cover a wide spectrum of standard
analysis methods (from principal component analysis to density calculations to clustering),
one may need to develop their own analytical tools that process GROMACS trajectories.
Even though it is possible to modify or extend the open source GROMACS code written
in the programming language C, it would often be more convenient to build applications
from scratch that operate on GROMACS data files.

In this chapter I discuss JGromacs, a Java API (Application Programming Interface)
which provides full freedom in developing data analysis tools that can directly process
GROMACS data. The library contains parsers for GROMACS file formats allowing sim-
ulation data to be accessed through the Java code. Data read from input files are stored
in an object-oriented architecture representing different levels of structural information
(from sequences to structures and trajectories). Processed data can be saved back to GRO-
MACS formats enabling integration of GROMACS and Java-based tools into a data analy-
sis pipeline.

The goal of developing JGromacs was to simplify the analysis of protein motions within
the framework of Java, one of the most popular programming languages in academic soft-
ware development and in particular bioinformatics. The most important reason for the

popularity of Java is that it makes cross-platform GUI application development very easy,



3.2. Introduction 77

and GUIs are often essential to visualise bioinformatics results. At the same time, Java

297

is a powerful and robust object-oriented language~’. Many existing bioinformatics tools

and packages were written in Java (including programming libraries such as BioJava®®,

3

analysis and visualization tools such as StatAlign?*®, J]Mol®% or Jalview*’! and complete

bioinformatics analysis platforms such as Geneious®??).

BioJava is a mature open-source project providing a framework for the analysis of bio-
logical data in general. It provides Java classes representing biological objects and a large
collection of analytical and statistical routines covering a wide range of fields of bioinfor-
matics. By contrast, JGromacs is designed to focus on the particular problem of processing
and analyzing molecular dynamics (MD) trajectories; therefore, it is a much smaller API
with more focused functionality. Packages developed for similar purposes in different pro-
gramming languages include MDAnalysis3** and MMTK (Molecular Modeling Toolkit) 3%
designed for Python, LOOS (Lightweight Object-Oriented Structure library)3® designed
for C++ and OpenStructure3® designed for Python/C++. While all frameworks men-
tioned offer object-oriented design, they have different support for reading and writing
trajectory and coordinate file formats. From this point of view, MDAnalysis and LOOS are
the most versatile, as they can import and export formats used by multiple MD suites such
as GROMACS, CHARMM, AMBER, and NAMD. Unlike the other three packages, MMTK
also enables setting up and running MD simulations. MDAnalysis, LOOS, and OpenStruc-
ture all offer an atom selection feature; i.e., atom groups can be selected using descriptors
and boolean operators. Since JGromacs has been designed to process GROMACS trajecto-
ries, it defines atom groups via index sets used by GROMACS tools. By contrast to other
packages, it also supports input/output of sequences and multiple alignments and enables
the joint analysis of sequence and structural /dynamics data.

The JGromacs API (and detailed documentation) is released under a GPL (GNU Gen-
eral Public) licence and is freely available as an open-source package from the project’s
website (http://sbcb.bioch.ox.ac.uk/jgromacs). For most of the work covered in this the-
sis the JGromacs library was used to implement the new analysis ideas.

The structure and main features of the JGromacs API are discussed here first, followed
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by an example presenting a simple JGromacs code and its application on a sample MD
trajectory. The detailed documentation of the API (including a quick start guide, examples
and description of all subpackages, classes and methods) is available on the JGromacs
website mentioned above.

In addition, a novel visualisation tool, ABCD (Alignment-based Comparison of Dy-
namics) is introduced in this chapter. The goal of developing ABCD was to facilitate the
comparison of fluctuation patterns (see Section 5.3.2) based on prior pairwise sequence
alignments. The GUI was designed to help recognizing equivalent regions in two struc-
tures that show different extent of mobility. The interface provides a visual mapping be-
tween fluctuation matrix entries and the corresponding positions of the sequence align-
ment. (For more details about prior alignment-based comparative analysis see Chapter 5).
ABCD has also been developed in Java using the JGromacs API and Swing>" , the primary
Java GUI Widget toolkit. The interface has proven to be useful in the comparative analysis
of PDZ domains (discussed in Chapter 5). The main features of ABCD are explained in

this chapter followed by an example analysis.

3.3 JGromacs API

The most important features of the JGromacs library are summarized in this section and

two examples are presented.

3.3.1 Structure and features of the package
Object-oriented description

The JGromacs library comprises 5 subpackages, each of which is a collection of Java classes
sharing a distinct function (see the UML (Unified Modelling Language)®*® diagram of the
five subpackages in Figure 3.1). The core subpackage, jgromacs.data contains 13 classes
representing different levels of structural data from single atoms and amino acid residues
to protein structures to complete MD trajectories. The subpackage also contains classes to

handle amino acid sequences, multiple sequence alignments, atomic index sets, simulation
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frame index sets and mathematical objects such as 3-dimensional points, point sets, angles,
matrices and vectors. The objects defined in jgromacs.data are the basic building blocks of

JGromacs applications and can be interconverted between each other in many ways.

jgromacs.db

- = of
- -
- - -
I I
jgromacs.data 4= - - - _ jgromacs.ui
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Figure 3.1: UML package diagram representing the inner structure of the JGromacs library. De-
pendencies between the five subpackages are shown by arrows (an arrow is pointing from package
A to package B if package A uses the classes of package B). These five subpackages of JGromacs
contain a total number of 25 Java classes (which are also listed and explained in details on the JGro-
macs website).

Figure 3.2 shows how these hierarchically related classes represent multiple levels of
sequence, structure and trajectory information. The class Structure, for example, can be
used to store single structural models read from coordinate files and separate polypeptide
chains. A Structure object is also a collection of Residue objects that represent amino acid
residues, water and other molecules in the structure. On the other hand, a Residue object
is a collection of Atom objects representing the atoms in the residue. Atomic coordinates

are stored by objects of the Point3D class. JGromacs defines groups of atoms with the help
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of index sets, analogously to the index (.NDX) files in GROMACS.
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Figure 3.2: JGromacs classes and multiple levels of data represented: A. structures and trajectories;
B. sequences and alignments; C. atomic index sets and MD simulation frame index sets. Blue circles
depict different levels of data, green pentagons depict Java classes. Arrows between two blue circles
mean hierarchical relationships between JGromacs classes. Arrows between blue circles and green
pentagons mean mappings between JGromacs classes and the data levels they represents.
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MD trajectories and structural (e.g. NMR) ensembles are stored in objects of the Tra-
jectory class. Frames of a trajectory can be retrieved either as Structure or PointList objects
which are used to extract atomic coordinates. The Sequence and Alignment classes are
designed to represent amino acid sequences and multiple sequence alignments. Atom and
residue types are defined in subpackage jgromacs.db.

The classes in jgromacs.data provide methods for retrieving and modifying the proper-
ties of data objects such as rotating and translating atoms, calculating interatomic and in-
terresidue distances, extracting trajectory segments, retrieving amino acid sequence from
a protein etc. For further information on the functionalities of subpackage jgromacs.data

see the API's documentation (available on the JGromacs website).

Parsing GROMACS files

The jgromacs.io subpackage provides parsers for GROMACS data files (including support
for PDB, GRO, XTC, TRR and NDX formats) making it simple to import structures, trajec-
tories and index groups to JGromacs objects (which can be saved back to GROMACS files
with the output routines of jgromacs.io). The jgromacs.io subpackage also offers parsers
and output functions for FASTA format to import and export sequences and alignments.
Importing and exporting data between GROMACS files and JGromacs objects enables to
connect Java tools and GROMACS tools as an integrated data analysis pipeline. Further-
more, the subpackage jgromacs.io provides an option to execute any GROMACS com-
mands from within the Java code and automatically import the output files as JGromacs

objects.

In-built analysis toolkit

The subpackage jgromacs.analysis offers a collection of analytical routines covering vari-
ous areas from calculating dihedral angles to extracting contact matrices to weighted su-
perposition of structures. Making use of the toolkit one can for example retrieve the mean
distance matrix or covariance matrix of a trajectory, calculate the RMSIP (root mean square

inner product) between conformational subspaces, look at the cumulative variance profiles
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in PCA, extract time series of interatomic distances or dihedral angles, find the simulation
snapshot where two atoms are in closest proximity, use Gaussian network models and
many more. These analysis functions operate on the objects defined in subpackage jgro-
macs.data. The toolkit can easily be extended with additional routines that fit into this

framework.

User Interface support

Finally, subpackage jgromacs.ui provides a simple way to add a user-friendly interface
to JGromacs applications. The Ul can easily be set up with an XML configuration file.
It supports help messages, log files and command line argument parsing and in many

aspects resembles the UI of GROMACS tools.

3.3.2 First example: dynamical networks

As demonstrated in the examples below, complex concepts that would normally take
hours to code up from scratch can be implemented in a matter of minutes with the help of
the JGromacs library. The first example illustrates how JGromacs simplifies the implemen-

tation of the idea of dynamical networks.>%

Dynamical networks

The definition of dynamical networks was introduced by Sethi et al.>" to study allosteric
signalling in tRNA:protein complexes. Their idea was to represent a tRNA:protein com-
plex as a weighted graph in which each amino acid residue and nucleotide of the complex
is represented by a single node. Two nodes are connected in the network if the monomers
are in contact: i.e. their closest heavy atoms are within 4.5 A of each other for at least 75%
of the MD simulation frames. An edge between nodes i and j is weighted by the abso-
lute value of the C;; correlation between the two monomers calculated over the course of
the MD simulation. The weight of a link estimates the probability of information transfer
between the two residues. The length of a link was defined as — log |C;;|. Adding informa-

tion about dynamics, these networks give a more realistic picture about the system than
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the unweighted protein structure networks (PSN) constructed based on the contact pat-
tern of a single structure. Sethi et al. used network analysis concepts (i.e. shortest path,
betweenness centrality, suboptimal path and community analysis) to identify nodes and
paths in the network crucial for intramolecular signal transduction, highlighting possible
allosteric communication pathways within the complex. (See more details of this analysis
in Chapter 6 where it was applied to study the allosteric communication in the second

PDZ domain of the mouse PTP-BL protein.)

Implementation in JGromacs

The following short JGromacs code calculates the weight matrix of the dynamical network

of a protein from a GROMACS MD trajectory:

Structure s = |IOData.readStructureFromGRO("example.gro”);
Trajectory sim = |OData.readTrajectory(s,”example.xtc”);
int d = sim.getNumberOfResidues();

Matrix contact = Distances.getFrequencyContactMatrix(sim,
Distances.CLOSESTHEAVY, 0.45, 0.75);

IndexSet alphaCarbons = s.getAlphaCarbonindexSet();
sim = sim.getSubTrajectory(alphaCarbons);

Matrix correl = Dynamics.getAtomicCorrelationMatrix(sim);

Matrix W = new Matrix(d,d,0);
for (int i=0; i<d; i++) {
for (int j=i+1; j<d; j++) {
if (contact.get(i,j)==1) W.set(i,j, Math.abs(correl.get(i,j)));
else W.set(i,j, Double.NaN);
W.set(j,i, W.get(i,j));
}
}

As a first step, the example code imports structure and trajectory data from GRO and
XTC files. It then determines the frequency-based contact matrix using 4.5 A distance

cutoff and 0.75 contact probability cutoff. After extracting the trajectory of alpha carbon
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atoms, it calculates their correlation matrix. Finally, the contact and correlation matrices
are combined into the output matrix W that defines the connectivity and weights of the

dynamical network. The weight matrix W is the input of further analysis.

Application to example data

Given here are the results of executing the short code presented above on an example
dataset; a 20 ns MD simulation of the N-terminal PDZ domain of InaD (Inactivation no
afterpotential D) protein from Drosophila. Figure 3.3 shows the 94x94 weight matrix out-
putted by the JGromacs code. Figure 3.4 presents the resulting dynamical network as

depicted by the network analysis and visualisation software Pajek>°.

10.4

103

Figure 3.3: Weight matrix describing the dynamical network of the PDZ1 domain of InaD protein
from Drosophila based on a 20 ns MD simulation.

We can see that even in the case of very compact structures such as PDZ domains the

network may contain both sparsely and densely connected regions which have different
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signal propagation capabilities. Starting from scratch, generating this network from an MD
trajectory file would be time-consuming, but JGromacs significantly reduces programming

time.

Figure 3.4: Dynamical network of the PDZ1 domain of InaD protein from Drosophila based on a

20 ns MD simulation. The layout is created with the network program Pajek>!? using the Kamada-
Kawai algorithm3!!. Nodes represent residues, edge widths are proportional to link weights.

3.3.3 Second example: weighted superposition
Dynamically weighted superposition

In studying a conformational ensemble of a protein, the first step usually is the super-
position of structures on each other or on a common references structure. The standard
method is finding the optimal rigid transformations (rotation and translation) that min-
imise the RMSD difference between two structures. The Kabsch algorithm®? provides a
simple way to calculate the optimal rotation matrix between two sets of points in a three
dimensional space. As a first step, both sets of coordinates are translated so that their
centroids coincide with the origin of the coordinate system. Then the covariance matrix
between the two coordinate matrices is computed. Finally, the optimal rotation matrix is
calculated from the singular value decomposition (SVD) of the covariance matrix.

In the standard procedure all points are treated equally assuming that they are equally
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important in determining the optimal fit between the two structures. As a generaliza-
tion each point i is given a weight w; to reflect their relative importance in the superpo-
sition. A number of weighted schemes have been proposed including weighting by the
atomic masses, giving different weights to backbone and side chain atoms or assigning
larger weights to atoms belonging to secondary structural elements. The generalization of
the Kabsch algorithm for the weighted superposition problem involves centering the two
structures by their weighted center of mass, computing the weighted covariance matrix
and calculating the optimal rotation matrix from the SVD of the covariance matrix.3!?

Wu and Wu3! proposed that the vector of root mean square fluctuation (RMSF) val-
ues predicted by a Gaussian Network Model (GNM) could be used as a sensible weight-
ing scheme in superposition (see Section 2.3.1). The weight assigned to atom i was set to
d; = (B;)~™, where B; is the RMSF of atom i calculated from the GNM and m is an integer.
The larger fluctuation an atom has in the GNM, the less weight it is given in the superposi-
tion. As this method automatically underweights flexible (e.g. hinge) regions, Wu and Wu

could use it successfully in a number of cases in which unweighted superposition failed

including protein domain identification and multiple structural alignments.

Implementation in JGromacs

The following short JGromacs code calculates the dynamically weighted superposition of
two structures where weights depend on the root mean square fluctuations derived from
a Gaussian Network Model.

As a first step, the example code imports two structure from PDB files. It then creates
a Gaussian Network Model based on the first structure using only the alpha-carbon atoms
and 7 A contact distance cutoff. Next the mean square fluctuation profile is computed
and converted to the weight vector (using m = 6). Finally, the code performs weighted

superposition of the two structures with the weight vector calculated in the previous step.
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Structure s1 = |OData.readStructureFromPDB("example1.pdb”);
Structure s2 = |OData.readStructureFromPDB("example2.pdb”);

GNM gnm = new GNM(s1, 0.7, Distances.ALPHACARBON);

ArrayList<Double> msf = gnm.getMSFProfile();
ArrayList<Double> W = new ArrayList();

for (int i=0; i<msf.size(); i++)
W.add(Math.pow(Math.sqrt(msf.get(i)),-6));

s1 = Superposition.weightedSuperposeTo(s1, s2, W);

Application to example data

Given here are the results of executing the short code presented above on two conforma-
tions of the RAN (Ras-related Nuclear) protein taken from two X-ray structures (PDB IDs:
1BYU and 1RRP). RAN is a trans-membrane protein responsible for importing proteins

into the nucleus and exporting RNA molecules.3!®
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Figure 3.5: The normalized mean square fluctuation profile (blue line) predicted by a GNM model
(based on the 1RRP conformation) that is transformed into the normalized weight profile (red line)
used in the superposition process. Secondary structural annotations provided by Stride are also
shown: green, red, blue and yellow regions represent beta-sheets, alpha-helices, 31¢-helices and
random coils, respectively.

Figure 3.5 shows the normalized mean square fluctuation profile predicted by GNM
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based on the 1RRP conformation. The normalized weight profile calculated from the RMSF
values is also shown. In addition, Figure 3.5 depicts the secondary structural annotations
as predicted by Stride3!® . We can see, for example, that there is a 38 residue-long extremely
flexible region (random coil + alpha helix) at the C-terminal end of the protein that is given
a weight close to zero in the superposition process.

Figure 3.6 shows the result of weighted superposition of the two conformations com-
pared to the standard unweighted RMSD superposition. As it is clear from the figure, the
dynamically weighted superposition provides a better fit of the two structures than the
unweighted superposition which fails due to the presence of the highly mobile C-terminal

region.

A.

Figure 3.6: Unweighted and weighted RMSD superpositions of two conformations of the RAN
protein; 1BYU (blue) and 1RRP (red). Only the alpha-carbon traces are shown by tube representa-
tions. A. result of unweighted superposition; B. result of weighted superposition.

34 ABCD

The most important features of the ABCD (Alignment-based Comparison of Dynamics)
program are summarized in this section and an example illustrated with screenshots is

presented.
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3.4.1 Features of the program

ABCD provides a simple interface for comparing two protein backbone fluctuation ma-
trices calculated from two MD trajectories as defined in section 5.3.2. As a first step the
required seven input files are imported: two GROMACS trajectory (XTC or TRR) files, the
corresponding coordinate (GRO) files with secondary structure (Stride) annotations and
a pairwise sequence alignment (FASTA) file. For both simulations the program calculates
the fluctuation matrices of the conserved residues; i.e. residues not aligned to gap in the
sequence alignment. (See the detailed explanation of the methodology in Section 5.3).

The two fluctuation patterns can be compared with the help of a simple GUI (graph-
ical user interface) that enables the user to locate differences between the two matrices.
With the upper tabs one can switch between three different views: showing the fluctua-
tion matrix of the first or second protein (F; and F,) or the difference of the two fluctuation
matrices (0F = F; — F,). Positive and negative entries in the difference pattern indicate that
two residues are more mobile with regards to each other in the first or second trajectory,
respectively. On the other hand, matrix entries close to zero indicate pairs of residues that
have similar relative fluctuation in the two simulations.

The color coded matrices make it simple to recognize regions of different mobility be-
tween the two simulations. The user can change the color scale and also apply a thresh-
old to the matrix entries to be visualized. While positioning the mouse cursor to a cer-
tain matrix entry, the program automatically highlights the corresponding residues in an
alignment panel where secondary structural motifs are also annotated. The integrated
visualization of 2D fluctuation patterns and 1D sequence information serves as a useful
tool for finding key residues that have different dynamics in the compared conformational
ensembles.

The user can have a closer look at a certain subpattern by selecting and zooming on an
arbitrary region of the fluctuation matrix. The zooming feature is particularly useful if one
is studying large structures (consequently dealing with large fluctuation matrices) or is
interested in the dynamics of specific sites (e.g. binding site) of the proteins. The sequence

regions for which the fluctuation patterns are enlarged are highlighted in alignment panel.
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When a submatrix is selected, ABCD automatically calculates the mean fluctuation
value of the pattern (defined as the mean of all matrix entries in the submatrix; see in
Section 5.3.2) that characterizes the relative motion between two subsets of residues. The
mean fluctuation values summarizing the selected pattern are calculated for both trajecto-
ries and can therefore be directly compared.

An additional feature offered by ABCD is the automatic detection of all maximal sub-
patterns in the fluctuation matrix that fit certain requirements selected by the user. One
can search for subpatterns in which matrix entries are lower or higher than a specified
threshold value or lie in a given interval. The maximality of the outputted patterns means
that no larger submatrices containing these patterns match the search requirements. The
user can also set the minimal size of submatrices to be listed. The program highlights all
patterns matching the search criteria and lets the user navigate through the submatrices
one by one. This tool is useful when one would like to find equivalent structural elements
that show different extent of fluctuation in the two simulations. For example, searching
the difference fluctuation matrix (0F) for patterns of entries larger than a positive thresh-
old will result a list of submatrices that describe regions more mobile in the first than in
the second trajectory.

Finally, it is important to note that in addition to comparing the dynamics of two dif-
ferent (homologous) structures, ABCD can be used to compare the fluctuation patterns of
the same protein simulated under different conditions (e.g. temperatures, force fields, lig-
ands) or to compare different segments of the same simulation. In that case the fluctuation

matrices are calculated for the whole set of residues and no sequence alignment is needed.

3.4.2 Example analysis

The example in this subsection illustrates how the graphical interface of ABCD can be
used to perform comparative analysis of two MD simulations. Two 20 ns GROMACS
trajectories are imported to the program: apo simulations of the PDZ domain of Alpha-
1 Syntrophin from mouse (PDB: 1QAV) and the human Dishevelled-2 PDZ domain (PDB:

3CBX). The input alignment of the two proteins was created using the Needleman-Wunsch
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pairwise sequence alignment algorithm 192

. The number of conserved residues in the align-
ment is 78, therefore the fluctuation matrices compared in the analysis are of the size 78x78.
After selecting the 7 input files detailed in the previous section, the program calculates the

matrices and the main window shows up.

Looking at pairwise residue fluctuations

Figure 3.7 gives a screenshot of the main window of ABCD when visualizing the difference
fluctuation matrix (6F) of the two trajectories. In the the color-coded matrix in the left side
panel, red and blue areas indicate positive and negative difference fluctuation values; i.e.
regions that have higher mobility in the first or in the second trajectory, respectively. The
alignment panel at the lower right corner gives a schematic view of the input sequence
alignment (the matched residues only, columns with gaps are removed). The alignment
panel is annotated with secondary structural information read from the input Stride files
(green, red, blue and yellow regions of the sequences represent beta-sheets, alpha-helices,

310-helices and random coils, respectively.)
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Figure 3.7: Screenshot of ABCD showing the difference fluctuation matrix.
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In figure 3.7, two residues are selected from the matrix panel: 34lle and 71Ala of the
Alpha-1 Syntrophin PDZ domain aligned to 30Ile and 67Ala of the Dishevelled-2 PDZ
domain. The exact locations of these residues are automatically shown in the alignment
panel: in both sequences they are found in the 53 strand and a2 helix of the PDZ domains.
However, these two equivalent pairs of residues have different relative motion in the two
trajectories. The difference fluctuation value corresponding to the selected matrix entry is
-0.0037 as outputted by the program. The negative difference means that 34Ile and 71Ala
fluctuate less with regards to each other in the Alpha-1 Syntrophin PDZ simulation than
30Ile and 67Ala do in the Dishevelled-2 PDZ simulation.

Selecting and zooming on subpatterns

The screenshot in Figure 3.8 illustrates how the zooming feature can be used to focus the
analysis on a specific region. A 10x6 submatrix including the binding site residues (i.e.
residues of the a2 helix and 2 strand) is selected in the matrix panel and enlarged using
the zoom tool. The selected subpattern describes the fluctuation of the 20Ile-25Gly region
with regards to the 68His-77Lys region in Alpha-1 Syntrophin PDZ and the 14ILe-21Asn
region with regards to the 64Asn-73Asp region in Dishevelled-2 PDZ. While the color-
coded matrix panel is visualizing the enlarged submatrix, the selected sequence regions are
also highlighted in the alignment panel. The enlarged submatrix shows interesting pattern:
while some pairs of binding site residues (e.g. 25Gly and 77Lys of Alpha-1 Syntrophin
PDZ) have larger pairwise fluctuation in the first simulation than their equivalents have in
the second, other pairs of residues (e.g. 15Ser and 67Ala of Dishevelled-2 PDZ) are more
mobile in the second protein than their equivalents in the first one. The overall mobility of
the binding pocket is slightly larger in the first trajectory than in the second as compared
by the mean fluctuation values of the two patterns (0.0131 vs. 0.0110) outputted by the

upper right panel of the GUL
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Figure 3.8: Screenshot of ABCD: zooming on a 10x6 pattern of binding site residues.

Automatic pattern detection

Figure 3.9 illustrates the use of the automatic pattern detection feature of ABCD. The
screenshot shows the result of searching the difference fluctuation matrix for submatri-
ces in which the absolute value of all entries are larger than 0.0031. (The minimal size of
submatrices was set to 4x4.) The search criteria are selected using the search panel in the
upper right corner (see in Figure 3.8). The program finds 23 patterns satisfying the search
criteria that are automatically highlighted in black rectangles in the matrix panel. Each
pattern can be selected individually and enlarged with the zoom tool. In addition, the
mean fluctuation values calculated for each pattern are outputted by the program and can
be compared between the two trajectories. Since in this case the search criteria was set to
detect submatrices in which difference fluctuation values cannot be close to zero, the 23
patterns found correspond to regions where pairwise residue fluctuations are consistently
dissimilar in the two proteins. On the other hand, the automatic pattern detection feature

can be used to find regions where fluctuation values are consistently similar in the two
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simulation.
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Figure 3.9: Screenshot of ABCD: 23 patterns highlighted (in black rectangles) in the matrix panel
visualizing the search results.

3.5 Conclusions

As computer simulations are becoming more and more effective in sampling the confor-
mational dynamics of biological macromolecules, the storage, management and analysis
of the generated massive simulation data are increasing challenge. To address these prob-
lems, the BioSimGrid platform317, for example, aimed to serve as an online repository for
biomolecular simulations and to offer a rich analysis suite for molecular dynamics tra-
jectories. The objective of BioSimGrid was to provide an extensive toolkit of standard
analysis routines facilitating cross-comparison of the deposited trajectories. On the other

hand, molecular dynamics software packages such as GROMACS and CHARMM have
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their own in-built analysis tools providing the significant advantage of performing sim-
ulations and analysis within the same framework. However, in addition to making use
of the standard analysis routines implemented in these platforms, one may also need a
flexible framework for developing their own novel tools for analysing MD data.

The product of this research work, JGromacs is a lightweight Java library supporting
simple and fast development of analytical tools for datasets produced with the commonly-
used MD software GROMACS. The objective of the project was to create a framework for
implementing increasingly complex analytical routines that can be used through simple
user interfaces. Since in research the goal is not always to develop ready-made applications
but to experiment with new ideas as quickly as possible, simplicity of the package was of
utmost importance.

While JGromacs also contains a standard analysis toolkit, its main advantage is that it
provides an object-oriented framework for novel tool development. The programmers can
easily build up their own algorithms and applications based on the basic JGromacs classes
and analytical routines already implemented in the package. Furthermore, the library
provides options for integrating Java and GROMACS analysis tools.

Two brief examples were presented in this chapter to illustrate how JGromacs package
simplifies the development of analysis tools and reduces programming time. More exam-
ple codes and a step-by-step quick start guide are included in the documentation available
on the JGromacs website where a more detailed description of all subpackages and Java
classes is also presented. The self developed JGromacs API has been used effectively in
most parts of the research project that are discussed in the following chapters of this the-
sis.

An important advantage of a Java analysis framework is that it can easily be integrated
with GUI development tools to combine data analysis and visualization. As an example
to this, a graphical interface, ABCD, has been developed that is built on JGromacs and
implements the idea of prior alignment based comparative analysis of protein dynamics
(discussed in Chapter 5). The key feature of the ABCD interface is the integrated visual-

ization of dynamical and sequence data facilitating the discovery of equivalent (conserved
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or identical) regions of interest that show different extent of fluctuation in two MD sim-
ulation. An example was presented in this chapter to demonstrate the usefulness of the
program. ABCD has been used effectively in the alignment-based comparative analysis of
PDZ domains (discussed in Chapter 5).

Both software products, JGromacs and ABCD, have been developed with the hope that

they would serve as useful tools in MD data analysis projects for other researchers too.

Related publication:
Miinz, M. and Biggin, P.C. (2012). JGromacs: a Java package for analyzing protein simula-
tions. | Chem Inf Model, 52(1):255-9



Chapter 4

Dynamics-based alignment of proteins

4.1 Summary

As discussed in Section 1.2, the dynamics of many proteins are central to their function. It
therefore follows that the dynamic requirements of a protein are evolutionary constrained.
In order to quantify this, one needs to compare the dynamics of different proteins. Com-
paring the dynamics of distinct proteins may also provide insight into how protein mo-
tions are modified by variations in sequence and, consequently, by structure (see Section
1.4). The optimal way of comparing complex molecular motions is, however, far from
trivial. The majority of comparative molecular dynamics studies performed to date relied
upon prior sequence or structural alignment to define which residues were equivalent in 3-
dimensional space. A novel approach of comparing the dynamics of proteins is introduced
here following the strategy discussed in Section 2.5.4. The aim of the method is to derive
pairwise protein alignments exclusively from protein motions based on MD data. The
methodology therefore does not require prior alignment information. As demonstrated, it
is possible to align proteins based solely on their dynamics and that these dynamics-based
alignments can be used to quantify the dynamic similarity of proteins. The method was
tested on 10 representative members of the PDZ domain family. As a result of creating
pairwise dynamics-based alignments of PDZ domains, evolutionarily conserved patterns
have been detected in their backbone dynamics. The dynamic similarity of PDZ domains
is highly correlated with their structural similarity as calculated with DALIL However, sig-
nificant differences in their dynamics can be detected indicating that sequence has a more

refined role to play in protein dynamics than just dictating the overall fold.
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4.2 Introduction

It is well established that conformational flexibility plays a key role in the biochemical
functions of proteins.!>?!® As discussed in Section 1.2.3, several studies have managed

to the relate internal protein motions to biochemical functions 31

, and in particular the
characterization and prediction of large-scale conformational changes via the use of nor-
mal modes3? and elastic-network models®?! has been very successful. However, as dis-
cussed in details in Section 1.4, it is not clear if slight variations in structure can lead to large
variations in dynamics, or very similar protein structures always have similar motions. '8
A number of examples are known (e.g allosteric interaction in PDZ domains and catabo-
lite activator protein 5860221222322y ywhere large changes of the dynamics can occur without
notable changes of the structure. These examples suggest that structural similarity is not
necessarily a good predictor for dynamic similarity of proteins.

As described in Section 1.2.4, molecular dynamics (MD) simulations can be used effec-

tively to explore the conformational energy landscape accessible to proteins”>2°!

giving an
insight into how protein dynamics relates back to structure and sequence. Comparative
MD studies address the above described questions by performing MD simulations of mul-
tiple proteins and comparing their dynamic trajectories. Previous comparative MD studies
of proteins fall into two main categories. Studies in the first class compared the dynamics
of the same protein simulated under different conditions323-326_ In this case, the question
is how the motion of the protein is altered by the new condition, for example the presence
of a ligand. By contrast, the second class of studies compared the dynamics of different

proteins simulated under the same condition8%18>186,327

in order to pinpoint similarities
and differences in functionally important movements.

If the dynamics of non-identical proteins are compared, a mapping between the dif-
ferent structures is often required (see the "residue matching problem" in Section 2.5.4).
Therefore, as discussed in Chapter 1, a common point of previous comparative MD stud-

ies of homologous proteins is that they use prior sequence or structure alignments to find

residue equivalencies between the proteins. For example, to compare the fluctuation of dif-
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ferent cold-active enzymes, Spiwok et al.®’ used structural alignment to define equivalent

residue pairs between the proteins. Papaleo et al.?’

performed MD simulations of dif-
ferent elastases to compare their molecular flexibility. Here the correspondences between
residues of different proteins were derived from pairwise sequence alignments. Another
example for alignment-guided comparison of protein dynamics is the work of Pang et al.

8 who simulated a series of proteins within the same fold family. To compare the fluctu-
ations as well as the principal components of dynamics of only the structurally conserved
residues across the set of proteins, they used structural alignment to define conserved po-
sitions. Alternatively to MD, simplified models called Gaussian Network Models were

328 and the protease superfam-

used to explore the common dynamics of the globin family
ily?3. In these studies, however, comparative analysis of dynamics also relied on prior

alignments of the proteins.
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Figure 4.1: Example of the most common approach of comparing protein motions, the prior
alignment-based analysis. Spiwok et al. used the Combinatorial Extension (CE) structural align-
ment method '8 to match the flexibility profiles of cold active enzymes and their mesophilic or ther-
mophilic counterparts. A: Structural alignment of cold-active xylanase from Pseudoalteromonas halo-
planktis (PDB: 1h12) and thermophilic xylanase from Clostridium thermocellum (PDB: 1cem), shown
in blue and red, respectively. The location of active sites is shown by green arrow. B: RMSF profiles
of the two proteins overlaid based on the CE alignment. Active site residues are shown by green
triangles. (Image courtesy: Spiwok et al. 2007)%

By contrast the approaches used in these studies in which alignments were a priori in-
puts of the comparison of dynamics, an alternative method is introduced in this chapter
to measure the similarity of backbone dynamics of proteins without the use of any prior

alignment information (a strategy introduced in Section 2.5.4). The method creates pair-
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wise alignments of proteins based exclusively on their backbone motions without taking
into account their sequence and structure. The input of the algorithm are the MD simula-
tion trajectories of the two proteins to be aligned.

The reason this dynamics-based alignment methodology is proposed here is twofold.
First, dynamically equivalent regions of proteins may not match to sequentially and struc-
turally similar regions. Therefore sequence or structural alignhments may mislead the
comparison of protein motions. An alignment, however, that is built based on solely
the dynamics of the proteins, could match parts of two structures that have similar mo-
tions even if there is low global structural similarity between the two proteins or the se-
quence/structural alignment does not match these dynamically similar regions. As the
aligned motion patterns may be of functional importance, the dynamics-based alignment
approach might be helpful to understand the relationship between functionally similar but
structurally different proteins.

Secondly, the pairwise alignment method also provides a simple way to quantify the
similarity of two proteins. Alignment algorithms usually perform optimization of some
scoring (or objective) function. The optimal alignment is defined as the alignment that
gives the maximal score and the highest score found is referred to as the alignment score
between two proteins. In other words, the alignment score shows the alignability of
two proteins, therefore serving as a natural measure of their similarity. For example, the
alignment score calculated with the Needleman-Wunsch global sequence alignment algo-

102 (

rithm is a single-number measure of the similarity of the two aligned sequences ™ (Sec-

tion 2.5.1). Likewise, the optimal score given by the DALI structural alignment algorithm

serves as a reliable measure of structural similarity '17 (

Section 2.5.2). Similarly, the scores
of dynamics-based alignments are used here to quantify the dynamic similarity of pro-
teins. While clustering proteins based on their pairwise sequence or structural similarity
scores may not give functionally homogeneous clusters, in some cases the dynamic simi-
larity score may correlate better with functional similarity. For example, two proteins that

have high structural similarity score may have low dynamic similarity score indicating

their functional dissimilarity despite their structural agreement.
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The dynamics-based alignment method introduced in this chapter is therefore an at-
tempt to include an additional layer of description (i.e. the "dynamics space") of the protein
universe (Section 1.4.4). As discussed in details in Section 1.4, the distribution of proteins

d 113 and the nature

in the sequence, structure and function spaces have been well studie
of mapping between these spaces has also been investigated 12610416 However, describ-
ing how proteins are distributed in the dynamics space (a layer between the structure and
the function spaces) and how sequence/structure map to dynamics could lead to a better
understanding of protein evolution and function. Importantly, as suggested in Section 1.4,
in order to analyse the interrelationships of the protein sequence, structure, dynamics and
function spaces, one needs quantitative similarity measures (or metrics) to describe the
topology of these spaces. The dynamics-based alignment score proposed in this chapter
might be applied to study the topology of the protein dynamics space.

Recently, Zen et al.18%184 developed a similar method that takes a combined measure
of spatial and dynamic consistency to derive an alignment on the fly that can be used to
compare the proteins. They have used coarse-grained (f-Gaussian) elastic network models
to calculate the lowest-energy modes that dominate the equilibrium fluctuation dynamics
of proteins. A stochastic search algorithm has been used to explore the space of putative
alignments to optimize a scoring function that measures both the agreement of the spatial
position and the accord of the concerted movements of residues in the two proteins. This
method has also been implemented in a web server called ALADYN?®? that takes the struc-
ture files of the two proteins as input and presents the calculated dynamics-based align-
ment in an interactive graphical interface. The approach has successfully been applied
for comparing some interesting protein pairs such as HIV-1 PR and human p-secretase
or Exonuclease III and human adenovirus proteinase to identify dynamically similar but
structurally dissimilar regions.

The method proposed in this chapter differs from the approach used by Zen et al.
and the ALADYN web server in several points. The most important difference is that
the method introduced here takes two all-atom MD trajectories as input, while Zen et al.

use a coarse grained elastic network model to approximate the dynamics of the systems.
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In other words, the movements aligned by ALADYN are based on the structures of the
proteins only as the elastic network model excludes sequence information. For many pro-
teins, the ENM approach has been shown to give reasonably good approximation of the
equilibrium motions®” and these calculations are very fast compared to time-consuming
MD simulations. However, if variations of the sequences of proteins significantly mod-
ulate their dynamics, the ENM method may fail as it lacks sequence information relying
solely on the spatial orientations of residues. For example, the results of this chapter and
the next one show that PDZ domains of highly conserved structures but largely dissimilar
sequences may have very different dynamic properties, suggesting that their primary se-
quences have considerable modulating effect on their intrinsic motions. Since the objective
of this study was to develop a tool that can be used to detect differences between the details
of dynamics of proteins, even if the compared proteins are structurally similar, the ENM
approach was not suitable for this purpose and for that reason all-atom MD simulations
was performed.

The second main difference of the approach introduced here and the method published
by Zen et al. is that their scoring function rewards both the similarity of essential motions
and the agreement of the 3D structures, while the objective function used here depends
only on the similarity of dynamics; the pairwise alignments created here are therefore
purely dynamics-based alignments.

The method described below has been tested on members of the PDZ domain family.
PDZ domains have been used as a first test case of the approach because their dynamics-
based alignments could be compared with reliable sequence/structural alignments, pro-
vided that these domains are structurally highly conserved and standard sequence or
structural alignment methods are able to match their 3D structures very well. On the
other hand, as discussed in Section 1.5, PDZ domains have diverse functional properties
(i.e. largely varying ligand binding specificity profiles). It is therefore important to study
whether they have similar dynamics as a consequence their structural similarity or their
equilibrium fluctuations are different to some extent reflecting the dissimilarity of their

functional properties. Here it is found that while some pairs of PDZ domains have very
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similar fluctuations (as shown by their high pairwise dynamics similarity scores and their
dynamics-based alignments), other pairs of PDZ domains, despite their structural similar-

ity, have considerably dissimilar dynamics.

4.3 Methods

Besides summarizing key parameters of the MD simulations performed for this study, this
subsection gives a detailed introduction to the novel alignment algorithm and provides
a definition of the dynamics-based alignment score which is used as a quantitative dy-
namic similarity measure. In addition, a framework is described to evaluate the statistical

significance of the dynamics-based alignment score between proteins of variable sizes.

4.3.1 Molecular Dynamics Simulations

All MD simulations carried out in this study (i.e. simulations of PDZ domains and mem-
bers of the Reference Set described in Section 4.3.6) have been performed under the follow-
ing protocol. The protein has been solvated in a box of explicit solvent (using SPC water
model), while water molecules of the original X-ray structure located within 4 A from the
protein were also included. Na™ and Cl~ ions were added at random locations to achieve
150 mM /L salt concentration. The resulting system has been energy minimized. After that,
a short (200 ps) position restrained MD simulation of the protein has been performed to
let the water molecules and ions equilibrate around it. The position restrained simulation
was followed by a 20 ns unrestrained production run.

MD simulations have been performed with the GROMACS software package? using
the OPLS force field>*. The integration time step was 2 fs. Periodic boundary conditions
have been applied to the box. The simulations have been performed at constant tempera-

ture of 300 K (using Berendsen thermostat?”

with coupling constant of 7r = 0.1ps), and at
constant pressure of 1 bar (using Berendsen barostat?”® with an anisotropic coupling con-
stant of Tp = 1.0 ps and a compressibility = 4.5x10~°bar~!). Furthermore, the protein and

the group of water molecules and ions have been coupled to different thermostats. The
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LINCS algorithm?? has been used to constrain bond lengths. Long-range electrostatics
were calculated using the PME method ?”* (with a real-space cutoff of 1 nm and a cutoff of
1 nm for the van der Waals interactions). Snapshots from the trajectories have been saved

at every 5 ps for analysis.

4.3.2 Dynamic Fingerprint Matrix

In order to obtain a simple representation of the equilibrium fluctuations of proteins, a
novel way is introduced here to characterize their backbone dynamics. The underlying
idea is that in a moving protein each residue is fluctuating with regards to all other resi-
dues, therefore a detailed description of motion should capture all inter-residue fluctua-
tions. While static structures are often characterized by the matrix of inter-residue dis-
tances (i.e. the distance matrix), this representation is not applicable for a moving protein
in which inter-residue distances are constantly changing. It is possible, however, to char-
acterize the relative motion of any two residues by the distribution of their distance over
time. The extent to which residue i and residue j are fluctuating relative to each other is
measured by

DFMZ‘]' = O'{di]'(t)} (4.1)

where DFM;; is calculated as the standard deviation of the distribution of d;; (distance of
the two residues) in the whole conformational ensemble generated by MD simulation. In
this initial investigation only distances between Ca-atoms are considered, but the tech-
nique can easily be extended to a more detailed description of each amino acid residue.
The standard deviation of the distance distribution reflects how much the two residues
fluctuate relative to each other. DFM;; values are calculated for each residue pair and are
collected into a matrix denoted by DFM, which will be referred to as the Dynamic Fin-
gerprint Matrix. Similarly to a distance matrix that characterizes a single conformation, a
dynamic fingerprint matrix characterizes an ensemble of conformations.

Comparison of the DFM and the mean distance matrix calculated for the same MD

trajectory (see Figure 4.9 as an example) shows that these two matrices contain essentially
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different information and therefore provide complementary descriptions of the conforma-
tional ensemble. As illustrated by the scatter plot in Figure 4.2 in the example analysis
of the PSD-95 PDZ3 domain, there is only medium correlation (0.49) between the entries
of the DFM and the mean distance matrix suggesting that the mean pairwise distance of
two atoms is a poor predictor of their relative mobility. While there appears to be a strong
linear correlation considering only those data points lying between the 0.5-3.5 nm mean
distance interval and the 0.0-0.1 nm DFM interval, still a very large number of data points
indicate uncorrelated relationship between the two measures. In other words, one can see

large variation in the DFM values for a given mean pairwise distance.
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Figure 4.2: Scatter plot showing the relationship between the mean distance and DFM values of
the same pairs of atoms calculated based on a 20 ns MD simulation of the PSD-95 PDZ3 domain.
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4.3.3 Comparing DFMs using prior alignment

If a prior alignment of the proteins to be compared is known, the comparison of DFMs
is straightforward. Given a pairwise sequence alignment of protein A and B, let « and j
be the index vectors of the aligned residues of sequence A and B, respectively. That is,
the k" match column, (i.e. columns not containing a gap in the alignment) aligns residue
a(k) of protein A with residue B(k) of protein B. Thus each pairwise alignment can be
characterized by an («,8) pair. Let DFM# and DFM?® be the DFMs of the two proteins.
The («,B) alignment define a submatrix of size of |a|x|a| of both DFMs. The (i, j) entries of
the two submatrices are given by

A B
DEMy(iyajy #md DEMig()p) (42)

Note that the two submatrices describe the pairwise fluctuations of the aligned residues
only. The (i, j) entries of the two submatrices are considered equivalent as they describe
the fluctuations of equivalent pairs of residues. (A simple explanation of the relationship
between a pairwise sequence alignment and matrix alignment is shown in Figure 4.3.)

The dynamic similarity score of protein A and B based on a prior («,8) alignment is

defined as: ol
$4P(a, ) =) Y, s(i,j) (4.3)
i=1j=i+1

where each pair of equivalent matrix entries are compared one-by-one and their contribu-

tion to the overall score is given by

S —S—

S(Z,]) = W +s_ (44)
where
A B
At j) = I PPMutiu) ~ PFMpogp| (45)
7 A B '
(DEM,iya(j) + DEMg(iy() /2

is the relative difference of the two equivalent matrix entries.

In Eq.4.4, s(i, j) is an S-shaped logistic function that assigns positive score (s;) to highly
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similar matrix entries and negative score (s_) to highly dissimilar entries. An user-adjustable
cut-off parameter, T, defines the critical A(i, j) over which s(i, j) turns negative. The rela-
tionship between T and parameter w of s(i, j) is discussed in subsection 4.3.7 as well as the
choice of parameter values. The key difference from using a discrete threshold is that the
parameter A can be tuned to set the steepness of the S-shaped function to make s(i, j) less
dependent on the cut-off parameter T. Since s(i, j) is associated with a match column pair
in the alignment, it will be referred to as the Pairwise Match Score (PMS) of columns i and

j and is discussed in more details in subsection 4.3.7.

X, Y. X, Yo

Figure 4.3: Correspondence between sequence alignment and matrix alignment of two proteins, A
and B. Sequence region X4 in protein A is aligned to sequence region Xp in protein B and region Y4
in protein A is aligned to region Y3 in protein B. The two aligned segments correspond to two DFM
submatrices of equal size. Because the sequence alignment contains a gap in protein B between Xp
and Yp, the submatrix of protein A is composed of separate regions. The DFM algorithm presented
below generates local alignments (discussed in Section 2.5.3) of the two proteins.
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4.3.4 Comparing DFMs without prior alignment

The way of comparing the DFMs of two proteins using a prior sequence/structural align-
ment has been introduced above. The main goal of this chapter, however, is to find the
optimal alignment of two proteins based on exclusively their DFMs. Note that it is the op-
posite strategy of most previous comparative MD studies which relied upon prior align-
ments. The aim is to find the («,B) pair corresponding to the maximal similarity score.
Let (a*, B*) be the pair of index vectors for which S48(a, B) is maximal. S4B(a*, B*) is
then called the dynamic similarity score of protein A and B and is simply denoted by S4B,
The sequence alignment problem is hereby transformed into a matrix alignment problem.
Structural alignment algorithms DALI®** and MatAlign3*! aim to solve the same question
when aligning distance matrices. The search space of («,f) pairs is exponentially large and
the global optimization problem is in fact NP-hard. In this case to find the maximum score

S4B a Simulated Annealing protocol was employed (see details of the algorithm below).

4.3.5 Matrix Alignment Algorithm

To find a good approximation for the global maximum of S4B(a, B) in a reasonable time,
a heuristics approach have been developed based on the multiple restart Simulated An-
nealing (SA) algorithm using the MCMC (Markov chain Monte Carlo) method described
in details in Section 2.4. The algorithm performs an MCMC optimization search in the
space of («, B) pairs. The Markov chain starts from a random initial alignment, and in each
step the alignment is modified by inserting or removing one residue pair. The Metropolis

287,288 was used to decide the next state of the chain.

acceptance criterion

The parameter called "temperature" which controls the acceptance probability is grad-
ually reduced according to an exponential decay annealing schedule, leading to the con-
vergence to a high-scoring and potentially optimal alignment. The Markov chain was let
to explore the search space at a given constant temperature: the chain has to go through a

minimal number of accepted steps before the temperature is further reduced.

The initial temperature is calibrated using the method proposed by Johnson et al.332,
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The whole SA procedure terminates when the acceptance ratio goes below a critical value.
To overcome the stochastic nature of SA and the possible existence of local optima, the
process is restarted for a number of times from random initial states and the best result of

the multiple runs is selected as the final output of the algorithm.

Main steps of the search algorithm

As discussed in Section 4.3.4, the goal of the algorithm is to find the (a* pB*) index vec-
tor pair for which S4B(a*, B*) is the global maximum of the S48(«, ) similarity function.
For convenience, the variable of x=(«, f) is introduced to represent a single element of the
search space. Note that although a global maximization problem is addressed, the algo-
rithm presented here aims the global minimization of the E(x)= -S4B(x) function, which is
equivalent to the original problem. E(x) will be referred to as the energy of state x. The in-
puts of the algorithm are the two DFMs, while the output is the x*=(a*, f*) best alignment
encountered. The main steps of the algorithm are presented in the flowchart in Figure 4.4.

The algorithm uses a Markov chain Monte Carlo (MCMC) method to perform stochas-
tic optimization. In Step 1, the initial state of the Markov chain is set to a randomly gener-
ated xp = (ap, Bo) alignment.

In the Simulated Annealing (SA) heuristics, the temperature (T) of the Markov chain is
gradually reduced during the search. The SA algorithm is governed by two nested loops.
In the inner loop (from Step 8 to Step 19), a Markov chain of constant temperature is being
created. A proposal function (see in the next section) is used in Step 9 to randomly modify
the current state of the Markov chain. The probability of accepting the modified state (x’)
as the next state of the chain is calculated in Step 10 according to the Metropolis acceptance

criterion2%”

- (E(xi)—E(x)) )

p := Metrop(x;, x*) = min{1,e" (4.6)
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X, := randAlign() 1.
xbest = xO 2,
T, :=initTemp() 3.
j:=0 4.

OUTPUT: x,.,, 22.

= 6.
AS =0 7.
T.:=TJ/1.2 20 AS<AS 2
ji=j+1 21. 8. e
x’:= Prop(x,) 9.
p:= Metrop(x,x’) 10.
r:=U[0,1] .
X, o= x’ 13.
X i= X, 15.
As=AsH 1| O O 1
ir= i+1 16.
AR:=AS/i i
xbest:= xi

Figure 4.4: Flowchart of the matrix alignment algorithm based on the Simulated Annealing (SA)
method. (See detailed explanation of each step in the main text.)
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If a random number (r) drawn from uniform distribution (Step 11) is lower than the
calculated probability (p), the next state of the Markov chain will be the modified state,
otherwise it will be the previous state (Step 12 to Step 15). The best state (with the lowest
E) found so far is saved to x5, which is initialized in Step 2. As the Markov chain grows,
it is always checked in Step 18 if the current state of the chain is better than the saved xy,s¢
state. If so, xps; is updated (Step 19).

The number of accepted steps (in which x;;1:=x’) is denoted as AS and is counted by
Step 14. The inner loop does not terminate until the number of accepted steps exceeds a
predefined threshold (AS,,;,), ensuring that the chain appropriately explores the accessible
states (Step 8).

Note, that in the Metropolis criterion, the probability of accepting less-optimal states
depends on the temperature of the Markov chain. When the inner loop terminates, the
temperature parameter is reduced according to an exponential decay annealing schedule
(Step 20). The whole process then restarts: a Markov chain of the new constant tempera-
ture is being generated in the inner loop.

In other words, the outer loop (Step 5 to Step 21) controls the annealing process in
which the temperatures of the consecutive Markov chains are getting lower and lower.
The outer loop terminates (Step 5) if the acceptance ratio (denoted as AR) calculated in
Step 18 goes below pre-defined a cutoff (AR,). The acceptance ratio is calculated as
the number of accepted steps (AS) divided by the total number of steps (i). Note that
both counters are set to zero when the inner loop is restarted (Step 6 and Step 7). Low
acceptance ratio indicates that the Markov chain is trapped into one or few states due to
the low temperature.

The initial value of the temperature parameter (T) is calculated in Step 3 using the
method proposed by Johnson et al.332. In this strategy, a short trial MCMC run is per-
formed and the optimal initial temperature is estimated from the average energy- (similar-
ity score-) differences. If the outer loop terminates, the algorithm ends (Step 22) and gives

the output of the best state found during the search (xp,s).
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The proposal function

As shown in the previous subsection, the role of the proposal function, Prop(x) is to in-
troduce a random modification into the current state of the Markov chain. Let the current
state of the chain be x=(«, ) and let x’=(a’, B’) be the modified state, where x’=Prop(x). The
proposal function simply adds or removes an index pair to or from the &, p index vectors.

In case a new index pair (i4 and i) is added, the resulting index vectors are given by

o' =aU{ix} and p'=BU{ip} 4.7)

In case an existing index pair (i4 and ig) is removed, the modified index vectors are

o =a\{in} and B = B\{ip} 4.8)

In each step the probability of adding a new index pair is 0.6, while the probability of
removing an old index pair is 0.4. The proposal function first decides whether it adds or
removes an index pair and then it randomly selects the index pair to be added or removed.

While it is straightforward to select a removable index pair, selecting an insertable in-
dex pair is not trivial. To understand this, let (i}},i}), (i%,i3) and (i%,i3) be three aligned
index pairs for which the order is i}, < i3 < i and i} < i3 < i3. Let a randomly gener-
ated index pair be denoted by (i%,i3). In case i}q <y < ii and i}g <ip < z%, the (i%,i3)
pair can be inserted into the alignment. Similarly, if i3 < i% < i3 and i3 < i} < i3, the
(i),i3) pair is also insertable. However, inserting the (i’ ,i3) pair would cause a conflict in
the order of aligned residues in case i, < i% < i3 and i3 < i} < i3. Consequently, not
all randomly generated index pairs are insertable into the current state x. The proposal

function therefore selects randomly only from the subset of insertable index pairs.

Random restarts

The method of Simulated Annealing does not guarantee to find the exact (global) max-

imum of the scoring function. In some cases, at low temperature the Markov chain is
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getting trapped by a local maximum. The more local maxima the scoring function has, the
larger the chance for this quasi-ergodic behaviour which is also called the freezing prob-
lem. Because of the stochastic nature of the algorithm, its output is not always the same.
Even if in some cases the algorithm succeeds to find the global maximum of the scoring
function, in other cases it may fail. Therefore, in order to increase the reliability of the
algorithm, the whole Simulated Annealing process can be restarted again and again from
different random initial states. The number of restarts is an important parameter which be

considered as a trade-off between the reliability and the runtime of the optimization.

Parameters of the algorithm

Besides the number of restarts, there are another two parameters that are able to improve
the reliability of the algorithm at the cost of the runtime: AS,,;, and AR,;;,. By increasing
the value of AS,,;,, one can help to achieve better convergence in each constant temper-
ature sections of the Markov chain. Since the value of AR,,;, determines the point when
the algorithm terminates, it should be low enough to let the whole Simulated Annealing
process achieve convergence. Reducing AR, increases the probability that SA will not be
terminated too early. Another strategy, however, may be to set the parameters to get rela-
tively short runtime and run multiple restarts. The values of AS,,;,=30000 and AR,,;,=0.05

were used in this study.

Speeding up the algorithm

It is time consuming to re-calculate E(x’) each time when the proposal function generates
a new x’ state. A much better strategy is to calculate only the AE(x) = E(x’)-E(x) difference
resulting from the modification of the previous state x. If a new index pair is added to state
x by the proposal function, the energy difference is given by

']

AE =— )" s(kk*) (4.9)
s

where a’(k*)=i4 and B’'(k*)=ip are the inserted indices. On the other hand, if an index
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pair is removed from state x by the proposal function, the energy difference is given by

4|

AE = Z s(k, k*) (4.10)
k=1
kAk*
where a(k*)=i4 and B(k*)=ip are the removed indices.
The energy of the modified state is then calculated as E(x")=E(x)+AE(x). This strategy

results in a significant speedup of the algorithm.

4.3.6 Significance Analysis

To assess the statistical significance of dynamic similarity scores between PDZ domains,
20 ns MD simulations of 12 evolutionarily and functionally unrelated proteins of differ-
ent sizes have been performed referred to as the Reference Set (see Table 4.1). Reference
proteins have been aligned using the dynamic fingerprint alignment algorithm to measure
the background distribution of similarity scores. Using the background distribution, the
significance of dynamic similarity of any two proteins can be expressed by the p-value of
their similarity score.

The background score distribution, however, may and does depend on the lengths
of the two protein sequences aligned (i.e. the sizes of the two DFMs). Therefore, when
analysing the significance of dynamic similarity score between two proteins, one should
always take into account the lengths of the sequences. The strategy used to measure the

length-dependency of the background distribution is described here.

45 different length combinations tested

Let ©(L 4, Lg) be the background score distribution resulting from alignments of unrelated
proteins of the length of L4 and Lg. The distribution is approximated for a set of different
(La,Lp) pairs. Nine equally distributed points were selected in the [70,110] protein length
interval: 70, 75, 80, 85, 90, 95, 100, 105 and 110. Using these points all different (L4,Lp)
pairs were generated. These are: (70,70), (70,75), (70,80), (70,85), (70,90), (70,95), (70,100),
(70,105), (70,110), (75,75), (75,80), (75,85), (75,90), (75,95), (75,100), (75,105), (75,110), (80,80),
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Protein PDB | Length | Source organism Resol. (A)
v subunit of the dissim- | lsau 114 | Archaeoglobus fulgidus 1.12
ilatory sulfite reductase

(DsrC)

S-adenosylmethionine 1tlu 117 | Thermotoga maritima 1.55
decarboxylase (ch. A)

Origin binding domain | 2ipr 127 Simian virus 40 1.5
of large T antigen (ch. A)

Yuel protein (ch. A) 2ohw 128 Bacillus subtilis 1.4
Lysozyme 11z1 130 | Homo sapiens 15
Carbohydrate  binding | luxz 131 Cellvibrio mixtus 14
module (ch. A)

Soluble Secreted Antigen | 1lu4 134 | Mycobacterium tubercu- 1.12
MPT53 losis

Hypothetical protein | 1zhv 134 | Agrobacterium  tumefa- 1.5
Atu(0741 ciens str. c58

Endonuclease V 2end 137 | Enterobacteria phage t4 1.45
BclA protein 2r6q 138 | Bacillus anthracis 1.43
Cutinase lagy 197 | Nectria haematococca 1.15
Antiviral protein DAP-30 | 1rl0 255 Dianthus caryophyllu 14

Table 4.1: Reference Set: 12 evolutionarily and functionally unrelated proteins of different sizes
used for inferring the background similarity score distribution.

(80,85), (80,90), (80,95), (80,100), (80,105), (80,110), (85,85), (85,90), (85,95), (85,100), (85,105),
(85,110), (90,90), (90,95), (90,100), (90,105), (90,110), (95,95), (95,100), (95,105), (95,110), (100,100),
(100,105), (100,110), (105,105), (105,110) and (110,110). (Note that only one of (x,y) and (y,x)
is included in the list.) The ®(Ly4, L) distributions corresponding to the above listed 45

different length combinations were approximated

Alignment of 66 reference protein pairs

Not only the full DEMs of the 12 reference simulations, but their submatrices of any sizes

can be used as inputs of the alignments. For example, if one wants to align a protein of
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length L4 and a protein of length Lg, it is possible to take a pair of reference proteins and
use L xL 4 and LgxLg submatrices of their DFMs.

The method of selecting a submatrix from an original DFM was the following. An
integer (r) was randomly selected from the [0,N-S] interval, where N is the size of the
DFM and S is the size of the future submatrix. The (i,j) entry of the submatrix was then
defined as the (i+rj+r) entry of the original DFM. In other words, a random subset of
consecutive residues from the protein was selected, and the resulting submatrix was the
DFM describing the selected residues only.

As all the 12 reference DFMs are larger than 110x110, each DFMs could be used to
extract input matrices for the 45 above-listed ®(L4, Lp) distributions. Since there are 66
different pairs of the 12 reference proteins, 66 alignments were performed for each (L 4,Lp)
length combinations, in which the aligned L 4xL4 and LgxLp submatrices were taken from
the 66 possible pairs of reference DFMs. As a result, each of the 45 ©(L 4, Lg) distributions

consists of 66 values: the dynamic similarity scores of 66 different alignments.

A total of 2970 alignments

Since the background distribution is studied for 45 different length combinations, and for
each combination 66 alignments were performed, the total number of alignments carried
out was 45x66=2970. All alighments were performed using the same parameter values (as

described in subsection 4.3.5).

Extreme Value Distribution

Since the optimal alignment score of two proteins is the maximum of the scores of their
possible alignments, it follows a type I Extreme Value Distribution. To give an example,
Figure 4.5 shows the measured ©(80,80) distribution (histogram) that was generated by the
method described above. However, to further-increase the accuracy of the distribution in
this single example, not only one but ten independent alignments were performed for each
reference protein pairs by repeating the random submatrix selection ten times. It therefore

resulted in a distribution of 10x66 = 660 alignment scores. The extreme value distribution
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titted to the 660 data points is also shown in Figure 4.5.

Background Score Distribution (L1=L2=80)
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Figure 4.5: Background score histogram (and the type I Extreme Value Distribution fitted on the
data) resulting from 660 independent alignments of unrelated proteins of the lengths of 80-residues.

Length-dependency of the parameters

Since type I. Extreme Value Distribution has two parameters: the location parameter ()
and the scale parameter (0), only the (L, Lp) and o(Ly, L) functions were approxi-
mated. To simplify the problem, a new variable L = LsLp was used calculated as the
product of the two sequence lengths. Hence the goal is to approximate the (L) and the
o (L) functions. For each measured ®(L 4, Lp) distributions, a type I. Extreme Value Distri-
bution was fitted to the 66 data points. The Maximum Likelihood estimates of the location
and scale parameters were then plotted against L. As presented in Figure 4.6, linear func-

tions fit well to the 45 data points in (L) and o(L).
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Figure 4.6: Linear dependence of the location and scale parameters (¢ and o) on the product of
the lengths of the two proteins (L). Lines were fitted with the Maximum Likelihood method on the
points representing the parameter values of the 45 different extreme value distributions.

As it is clear from Figure 4.6, the background score distribution indeed depends on
the lengths of the aligned proteins. Both the location () and the scale () parameters of
the distribution increase with the size of the aligned DFMs. Consequently, if the length-
dependency was not taken into account when calculating the p-values, the statistical sig-
nificance of similarity could be over-estimated for large protein pairs.

The equations for the best fit lines are given by

u(L) = 0.049 - L +92.23 (4.11)

o(L) = 0.016- L +8.18 (4.12)

These expressions for j(L) and o (L) were used in the Cumulative Distribution Function
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(CDF) of type I Extreme Value Distribution to calculate the (one-tailed) p-value of a given

S4B alignment score:

p(A,B) =exp {—exp (W)] (4.13)

4.3.7 Pairwise Match Score (PMS) and parameter values

As introduced earlier, s(i,j) is referred as the Pairwise Match Score (PMS) of match columns
iand j and it is an S-shaped logistic function which has four free parameters,s,,s_, A and
w. The first two parameters define the maximum and minimum of s(i,j). For highly similar
matrix entries s(i,j) is close to s, while for highly dissimilar entries s(i,j) is close to s_. Note
that changing the ratio of s, and s_ has a similar effect to changing the ratio of match and
mismatch scores in a standard sequence alignment algorithm. Using high s_ /s ratio, the
matrix alignment algorithm can be forced to exclude match columns that align non-similar
matrix entries with other match columns.

The parameter w of the logistic function determines the zero level of the Pairwise Match
Score. Let T be defined as a user-adjustable cut-off value determining the point where s(i,j)
turns from positive to negative. In other words, if the relative difference (A) of two matrix
entries is smaller than the cut-off parameter T, their PMS increase the total alignment score,

otherwise it has a negative contribution:
AG,j) <T—=s(i,j) >0 and A(i,j)>T —s(i,j) <0 (4.14)

From Eq.4.4, we get that the transformation between the user-adjustable parameter T and

parameter w of s(ij) is given by

w=T— %ln <—S+> (4.15)

The fourth parameter, A, can be used to set the steepness of the logistic function (the
transition between s and s_) to make s(i,j) less dependent on the choice of the cut-off
parameter T.

Figure 4.7 shows the S-shaped s(i,j) function with the parameter values used in this
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study (s+=1, s_=-1, A=100 and T=0.2). These parameters have been selected empirically
by trying to increase the discriminative power of the scoring function as much as possible.
That is, the goal was to find parameter values which result in a large difference between

similarity scores of PDZ domains and similarity scores of random proteins.
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Pairwise Match Score
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0 005 0.1 015 0.2 025 0.3 0.35 0.4
A(i,j) (nm)

Figure 4.7: Example of the S-shaped logistic function describing the dependence of the pairwise
match score (PMS) on the relative difference of the two compared matrix entries. (The parameter
values of the curve are given in the main text.)

For example, if the value of the cut-off parameter T is too small, it may give so strict
requirement on the similarity of DFM entries that is rarely satisfied regardless we are align-
ing PDZ domains or random proteins. On the other hand, too large values of parameter
T result in equally good scoring alignments of random proteins and PDZ domains. The
choice of T=0.2, which proved to be reasonably good, means that two equivalent DFM ma-
trix entries can differ by a maximum of 20 per cent (relative to their mean) in order to give
a positive contribution to the alignment score.

The rationality behind using s =1, s_=-1 was to let the highly similar and highly dis-

similar matrix entry pairs have the same weight in the total alignment score. It is analo-
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gous to the case when matches and mismatches are equally weighted in standard sequence
alignment algorithms. When the s_ /s, ratio is increased, the resulting dynamics-based
alignments typically contain less match columns, but the number of columns correspond-

ing to negative PMS values is also reduced.

4.3.8 Single Match Score (SMS)

Although the PMS scores corresponding to a given match column depend on the other
match columns in the alignment, it is useful to compare the total contributions of each
individual column to the alignment score. For match column i, the sum of PMS scores with
respect to all other match columns will be referred to as the Single Match Score (SMS):
||
s(i) = ) _s(i,) (4.16)
7
In other words, the SMS of a match column is the score by which the total alignment
score decreases in case of removing that match from the alignment. Matches of nega-
tive SMS values are beneficial to remove in optimizing the alignment. Hence the optimal
dynamics-based alignment contains only positions of non-negative SMS values. Either
studying a prior (sequence/structural) or a dynamics-based alignment, the SMS-profile

represents our confidence in each aligned pairs of residues.

44 Results

4.4.1 Analysis of the motion of PSD-95 PDZ3

Before the comparative analysis of PDZ domains is discussed, it is first demonstrated that
the DEM protocol is appropriate by characterizing the dynamics of the third PDZ domain
(PDZ3) of PSD-95 (Postsynaptic Density Protein 95) from Rattus norvegicus. PSD-95 plays
an important role in controlling synaptic strength and plasticity in the central nervous
system.33® The 110-residue-long PDZ3 is one of the most well studied PDZ domains!*®

with a canonical PDZ-domain structure which (as it is described in Section 1.5.3) consists
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of six B-strands (B1-B6) and two a-helices (a1 and «2). The peptide-binding groove is
located between the B2-strand and f2-helix (see Figure 4.8). As described in Methods, a
20 ns MD trajectory was used to calculate the Dynamic Fingerprint Matrix (DFM) of PDZ3
(see Figure 4.9B).

Figure 4.8: The third PDZ domain (PDZ3) of Postsynaptic Density Protein-95 (PSD-95) in complex
with the C-terminal peptide of CRIPT. (PDB code: 1BE9)

Simple analysis of the DFM revealed that the most dynamic part of the domain is the
«2-helix (His372-Ala382); this region has the highest fluctuation with regards to the rest of
the protein. This observation is in accordance with De Los Rios et al.*3* who performed

Normal Mode Analysis of a Gaussian Network Model of PDZ3. As the binding pocket
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is formed between the a2-helix and the f2-strand, it seems likely that the considerable
relative motion of these two structural components may be related to the ligand binding
capacity of the PDZ domain. Such relationship between the relative fluctuation of B2-
strand vs. a2-helix and the ability to bind multiple peptides is discussed in details in
Chapter 5 in which a direct link is found between the binding site flexibility and ligand

binding promiscuity of PDZ domains.
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Figure 4.9: Mean distance matrix (A.) and dynamic fingerprint matrix (DFM) (B.) of PSD-95 PDZ3.
In the DFM, regions where the distance fluctuation gives a high standard deviation, o, are indicated
as red while low ¢ values are indicated as blue.
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To reveal how a particular residue fluctuates relative to all other residues, individual
rows of the DFM were examined. The k' row of the DFM will be referred to as the "dy-
namic profile" of residue k. The dynamic profile of Phe325, for example, shows us that it
is the B1/B2 loop and the a2-helix which fluctuates the most relative to this residue (see
Figure 4.10). Note, that Phe325 is located at the N-terminal end of the $2-strand, right next
to the p1/p2 (L1) loop that interacts with the carboxylate terminal of the bound peptide.
Therefore, the relative motion of Phe325 and the a2-helix at the other side of the bind-
ing pocket along with the L1 loop may be responsible for structural deformations that are
necessary for peptide binding. A series of examples are shown in Chapter 5 in which the
intrinsic fluctuations of the PDZ binding pocket are closely related to its peptide binding

properties.
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Figure 4.10: Example dynamic profile calculated for residue 25 (Phe325 of PSD-95 PDZ3). The
sequence regions of the f1/pB2-loop and a2-helix are highlighted.
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Figure 4.11: Average fluctuation profile (AFP) (mean value of each row of the DFM matrix) com-
pared to the RMSF (root mean square fluctuation) profile of PSD-95 PDZ3.

The mean value of each row of the DFM have also been calculated and will be referred
to as the average fluctuation profile (AFP) (see Figure 4.11). Atomic fluctuations are often
characterized by the RMSF (root mean square fluctuation). As shown by Figure 4.11, the
RMSF profile is very similar to the AFP. There was 0.94 correlation between the average
fluctuation profile and the RMSF profile. It can be concluded that a DFM contains the
same information as a standard RMSF plot, however, by describing pairwise relative inter-
residue fluctuations, it gives us a more detailed representation of protein flexibility. More
importantly, it does away with the dependency on a single "native" reference structure for
defining fluctuations and is simple to compute. As shown by several studies, the standard
least square superposition method that involves rigid transformations to overlay alterna-

tive conformations (see Section 3.3.3) has several weak points, particularly when it is used
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for analysing flexible proteins (e.g. those that contain highly mobile loops or hinged do-
mains).3*® Relying on the rigid superposition process, the RMSF measure is also biased by
the arbitrary choice of atoms used for the least square RMSD calculations. Therefore it is
proposed here, that the average fluctuation profile calculated from the DFM would gener-
ally serve as a more reliable measure for residue fluctuations than RMSF since the former
does not depend on superposition step. The benefits of the AFP over RMSF is probably

most prominent in the case of highly flexible proteins.

4.4.2 Dynamics-based alignments of PDZ domains

Thus far it has been demonstrated that the DFM methodology can be a useful way to
analyse protein motions, but the power of the approach is that it enables us to compare
the dynamics of two or more different proteins. Furthermore this information can be used
to derive an alignment. To illustrate this, 10 PDZ domains have been selected from a
range of organisms (see Table 4.2) and 20 ns explicit MD simulations of these proteins have
been performed. The DFM for each protein were then calculated and the dynamics-based
alignments of each pairs of proteins have been built using the matrix alignment algorithm
described in Methods.

Figure 4.12 presents an example: the alignment of the third PDZ domain (PDZ3) of
PSD-95 and the PDZ domain of neuronal nitric oxide synthase (nNOS). The alignment
process does not require any prior sequence or structural information; the two DFMs are
the only inputs of the algorithm (Figure 4.12A). The most similar submatrix pair found by
the algorithm have 77x77 entries which are highlighted (in white) in Figure 4.12B. The opti-
mal submatrix pair corresponds to a pairwise alignment consisting of 77 aligned residues.
Removing the rows and columns of the DFMs that correspond to gaps in the alignment,
the remaining matrices will be referred to as the "collapsed DFMs" (which are identical
to the submatrices identified). Although one cannot see notable similarity between the

original DFMs, the collapsed DFMs appear to be visually similar patterns (Figure 4.12C).
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Figure 4.12: A: Comparison of the DFMs calculated for the third PDZ domain of PSD-95 and the
PDZ domain of nNOS. B: Identification of similar submatrices, containing 77 residues in this case,
from the DFMs. Aligned matrix entries are highlighted in white. C: Collapsed DFMs (77x77 sub-
matrices) representing the set of aligned residues. Unlike the two full DFMs, the two collapsed
DFMs are similar patterns.
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The derived dynamics-based alignment was compared to a structural alignment cre-

ated by pairwise DaliLite 33

and a pairwise sequence alignment created by the Needleman-
Wunsch algorithm 12 using EMBOSS-Align . Figure 4.13 presents the three alignments
of the same pair of proteins annotated by the secondary structure elements of the canonical
PDZ-domain fold (i.e. six B-strands, 81 to 6, and two a-helices, a1 and «2). For the DFM-
alignment and the sequence alignment, the SMS score of each column is also presented,
reflecting our confidence in individual aligned positions.
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Figure 4.13: The resulting dynamics-based alignment derived from the collapsed DFMs (A) is com-
pared to the alignments derived with the DALI (B) and Needleman-Wunsch (NW) algorithms (C).
Identical residue pairs are indicated by blue boxes. The single match score (SMS) is depicted un-
derneath the DFM and NW alignments. It can be seen that the region corresponding to the second
a-helix in the NW alignment gives negative SMS values indicating that the dynamic similarity is
not preserved in this region.

As shown by Figure 4.13A, equivalent secondary structure elements of the two pro-
teins align very well in the dynamics-based alignment, suggesting that dynamics, just like
sequence and structure, may contain enough information to match proteins at the sec-
ondary structure level. Moreover, the DFM-based alignment includes 20 pairs of identical
residues, out of which 18 and 20 are also present in the Needleman-Wunsch and DALI
alignments, respectively. Despite all these similarities, however, a striking difference can
be seen between the DFM-based alignment and the sequence/structural alignments. The
second a-helix (#2), included both in the Needleman-Wunsch and DALI alignments, is al-

most completely missing from the DFM-alignment, indicating that, although conserved
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at the sequence and structure level, this helix has different dynamics in the two proteins.
Characterized above, the a2-helix has high mobility in the PDZ3 of PSD-95 unlike in the
PDZ of nNOS, that makes the two regions dynamically non-alignable. This is a clear ex-
ample, when the dynamics-based alignment gives similar information as sequence and
structural alignments, but at the same time, it provides new insights into the properties of

proteins, that cannot be detected through standard alignment methods.

PDZ domain PDB Source organism Resolution (A)
nNOS (neuronal nitric ox- lqau Rattus norvegicus 1.25

ide synthase) PDZ

InaD (inactivation no af- 1ihj Drosophila melanogaster 1.8
terpotential D) PDZ1

PSD-95 (postsynaptic den- | 1bfe/1be9 | Rattus norvegicus 2.3/1.82
sity protein 95) PDZ3

tricorn protease PDZ 1k32 Thermoplasma acidophilum 2.0
GRIP2 (glutamate recep- 1x5r Homo sapiens NMR structure
tor interacting protein 2)

PDZ4

hypothetical protein 1y8t Mycobacterium tuberculosis 2.0
Rv0983 PDZ h37rv

photosystem II D1 pro- 1fc6 Scenedesmus obliquus 1.8

tease PDZ

alpha-1 syntrophin PDZ lqav Mus musculus 1.9

EpsC (extracellular pro- 2i6v Vibrio cholerae 1.63

tein secretion C) PDZ

Dv12 (Dishevelled 2) PDZ 2{0a Xenopus laevis 1.8

Table 4.2: Ten PDZ domains used as a test set for the dynamics-based alignment algorithm.

4.4.3 Analysis of SMS-profiles

Since it was optimized by the matrix alignment algorithm, the DFM-alignment includes
only matches of positive SMS values as shown by Figure 4.13A. The SMS-profile has its

peaks within B-strands but drops at certain match columns (e.g. in the f1/2 and 52/3
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loops and at the C-terminal end of a1-helix). This suggests that -strands of the domains
have minor fluctuations that makes them easier to align than the other regions of the pro-
teins.

As discussed before, the dynamic similarity of proteins can also be measured based
on a prior (sequence or structural) alignment. In this case, the motion of the subsets of
residues defined by the prior alignment is compared. To test this option, the Needleman-
Wunsch alignment was used as a prior alignment, which resulted in a dynamic similarity
score of -132.8. The optimal similarity score found for this example is 1307.3, and the
extreme non-optimality of the sequence based alignment score illustrates that conserved
sequence positions can match dynamically dissimilar subsets of residues. Accordingly,
46 per cent of the columns of the collapsed Needleman-Wunsch alignment have negative
SMS. The less-matching region (a continuous block of negative SMS values) appears to be
the a2-helix, explaining why this region is excluded from the optimized DFM-alignment
(Figure 4.13C).

4.4.4 Distribution of fluctuation values

The dynamics-based alignment of rigid substructures is essentially equivalent to their
structural alignment problem as rigid residue pairs give low matrix entries in both DFMs.
It is therefore important to see whether a dynamics-based alignment is constructed based
on only the similarities of low DFM entries.

To investigate if the residues identified to be dynamically similar are also the residues
that tend to exhibit small deviations (little fluctuation), the DFM patterns were studied at
a coarse-grained level. The DFM matrix values have been discretized into three values:
LOW, MEDIUM and HIGH fluctuation. The thresholds of discretization were selected
by analysing the total distribution of matrix entries collected from the 10 different DFMs
corresponding to the studied PDZ domains. The thresholds were set using the equal-
frequency binning method: i.e. 1/3 of the values in this distribution were assigned to
LOW, 1/3 of the values were assigned to MEDIUM and 1/3 of the values were assigned to
HIGH fluctuation.
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Using this discretization scheme, the frequency of LOW/MEDIUM /HIGH fluctuation
values in the collapsed DFMs identified by matrix alignment have been studied. For exam-
ple, as discussed above, the dynamics-based alignment of PSD-95 PDZ3 and nNOS PDZ
results in a 77x77 collapsed DFM. The proportion of LOW, MEDIUM and HIGH fluctu-
ation values in the collapsed DFM patterns is 45 per cent, 40 per cent and 15 per cent,
respectively. In other words, a large proportion of the DFM entries included in the pat-
tern indeed correspond to low pairwise fluctuations, but still a significant proportion of
values correspond to medium and high fluctuations. Of course, the relative proportion of

LOW/MEDIUM/HIGH values may be different in the case of different protein pairs.

4.4.5 Dynamics-space of PDZ domains

The dynamic similarity score of the PDZ domain of nNOS and PDZ3 of PSD-95 is S=1307.3,
which was converted to a p-value of 9 - 107! using the significance analysis framework
described in Methods. Similarly to this highly significant similarity, the alignment algo-
rithm has found significant dynamic similarities between other pairs of PDZ domains. The
p-values are summarized in Table 4.3 and can also be presented as a dynamic similarity
graph shown in Figure 4.14A, in which the different PDZ domains are represented by the
nodes of the graph, and two PDZ domains are connected if they have significantly similar
(p-value < 0.05) dynamics.

Strikingly, the dynamic similarity shows differences between different pairs of struc-
tures. We can see a cluster of five proteins (1be9, 1qau, 1qav, 1ihj and 2f0a) that are better-
connected in the dynamic similarity graph. Out of the 10 possible links between these
structures 8 are present in the graph. Two additional links are found between 2f0a<>1x5r
and 1ihj<+1fc6. Three structures (2i6v, 1k32 and 1y8t), however, do not have significant dy-
namic similarity with any other structures. Looking for structural explanations for these
differences, the dynamic similarity data have been compared to the DALI Z-scores be-
tween the 10 domains (summarized in Table 4.3 and shown as a DALI Z-score graph in
Figure 4.14B). In this second graph, two nodes are connected if their DALI Z-score is more

than 8.5 (a threshold selected empirically). As expected, each protein pair has significant
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1qau 1lihj 1be9 1k32 | 1x5r 1y8t | 1fc6 | 1qav 2i6v
1ihj | 41074
(13)
1be9 | 9-10"'1| 0.34
(12) (12.1)
1k32 | 0.62 0.76 0.74
(6.7) (7.0) (5.8)
Ix5r | 0.32 0.32 0.60 0.39
(10.1) (10.7) 9.8) (5.2)
1y8t | 0.61 0.47 0.58 0.62 | 0.36
(7.7) (7.9) (6.4) (7.1 | (6.2
1fc6 | 0.08 8-10~% | 0.78 0.76 | 0.65 0.19
(8.0) 8.7) (7.4) 6.6) | (7.2) (9.4)
1qav [ 1-1078 | 21072 | 1-107° | 0.66 | 0.14 0.07 | 0.17
(14.7) (14.0) (15.7) (6.8) | (10.7) (7.3) | (7.6)
2i6v | 0.68 0.78 0.58 0.70 | 0.71 055 | 0.81 | 0.59
(4.5) 4.8) (3.6) 6.0) | (4.2) (4.5) | 4.7) | 4.2)
2f0a [1-10~* | 3-10° | 0.27 030 | 8-10* | 0.14 | 047 |6-10°° | 0.72
(12.5) (12.4) (11.7) 6.8) | 9.2 (7.0) | (7.9) | (13.2) 4.2)
Table 4.3: Dynamic similarity p-values for the pairwise alignments of the 10 PDZ domains. Sig-

nificant similarity scores (p < 0.05) are underlined. The corresponding DALI Z-scores between the
same structures are shown in brackets.

structural similarity (all DALI Z-scores are larger than 3.5), but a subset of structures are

more similar to each other than to the others. A cluster of six structures (1be9, 1qau, 1qav,

1lihj, 2f0a and 1x5r) appears to be fully connected in the graph, while two additional links

are found between 1fc64+1y8t and 1ihj<+1fc6. Two domains (1k32 and 2i6v) are not linked

to any other structures.
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Figure 4.14: A: Similarity graph of the 10 PDZ domains derived from DFM alignments. Nodes
represent PDZ structures and edges represent p > 0.05. B: Similarity graph of the same 10 PDZ
domains calculated with DALI. Edges represent Z-scores > 8.5.

The almost perfect overlap (with the only exception of 1x5r) between the well-connected
clusters in the two graphs suggests a topology-preserving mapping between the structure

space and dynamics space of PDZ domains. There appears to be a strong correlation (0.82)
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between the raw dynamic similarity scores and DALI Z-scores considering all 45 protein
pairs (see Figure 4.15), and a weaker but still strong correlation (0.63) considering only the

35 protein pairs having non-significant dynamic similarities.
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Figure 4.15: Correlation between the dynamic similarity (as computed by the DFM overlap) and
the structural similarity as computed by DALL

Interestingly, all the 6 proteins in the fully connected cluster of the DALI graph (5 of
which are well-connected in the dynamics graph too) are from multicellular animals (meta-
zoa), while the other 4 proteins are from unicellular species. The structural difference
between PDZ domains from simple and complex organisms is very well-known. First rec-

1.3%7 and exemplified by other authors 338,339 PDZ domains of bacterial

ognized by Liao et a
and plant origin have a circularly permuted fold compared to the canonical PDZ domain
fold found in metazoa. Despite their considerably different architecture, non-metazoan

PDZ domains have very similar overall tertiary structure to metazoan PDZ domains. This

is indeed reflected by Table 4.3 which shows that metazoan and non-metazoan PDZ do-
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mains are significantly similar structures (DALI Z-scores above 2). On the other hand, the
fact that the metazoan structures form a distinct cluster in the DALI graph (created with a
Z-score threshold of 8.5) highlights the difference between the canonical and the circularly
permuted fold.

Putting it all together, the dynamics-based alignment results suggest that the essential
structural difference between PDZ domains of metazoan and non-metazoan origin is also
reflected by the dissimilarity of their global dynamics. Metazoan PDZ domains appear to
be both structurally and dynamically more conserved. However, even within the cluster
of the metazoan proteins, there are significant differences in dynamics that can be quanti-
tied. Focusing the analysis on binding site residues, the local fluctuation patterns of five

metazoan PDZ domains are compared in the next chapter.

4.4.6 Convergence of DFMs

MD simulations are subject to sampling problems. In order to assess whether the simula-
tions have run long enough to provide a reasonable picture of the dynamics the conver-
gence of the DFM patterns has been examined. Five 20 ns simulations of the same protein
(PSD-95 PDZ3) have been run using different random seeds for the initial atomic velocities.
The similarities of each pairs of DFMs resulted from the different MD runs were measured
by the matrix alignment algorithm. Naturally, the five DFMs were not perfectly the same,

but the similarity between each pair was highly significant (see Table 4.4).

Runl | Run2 | Run3 | Run4

Run 2 | 2363.3

Run 3 | 3223.7 | 3029.8

Run 4 | 2283.9 | 15894 | 1715.7

Run5 | 2693.1 | 2221.1 | 2692.8 | 2244.1

Table 4.4: Dynamic similarity scores between five different MD trajectories of PSD-95 PDZ3 starting
from different initial velocities. All pairs have highly significant similarities (p-value = 0).
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Most importantly, comparing different simulations of the same protein results in much
higher similarity scores than the comparison of different PDZ domains. These results lead
to the conclusion that the sampling in 20 ns simulations can be sufficient to provide con-
verged DFM patterns for the purpose of a comparative analysis. Clearly, simulating the

proteins for longer period of time would further improve the convergence of DFMs.

4.4.7 Correlation matrix vs. DFM
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Figure 4.16: DFM versus correlation matrix. Plotting the corresponding entries of the two matrices
against each other for all pairs of residues calculated from a 20 ns simulation of PSD-95 PDZ3.

To study the relationship between the dynamic fingerprint matrices and the correlation
matrices commonly used in the analysis of proteins dynamics, the two matrices calculated

for the same MD simulation have been plotted against each other. That is, for each residue
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pair (i,j) the DFM value DF M;; is assigned to the correlation value C;;. For example, Figure
4.16 presents the graph for the 20 ns simulation of PSD-95 PDZ3. The number of points
in the graph is the number of different residue pairs in the protein. Note that the correla-
tion vs. DFM plot calculated for other MD simulations appears to be very similar to the
example presented here.

For residue pairs of positive correlation, the graph shows a clear tendency between
the correlation matrix and DFM entries: the higher the correlation, the lower the pairwise
fluctuation (DFM entry). This tendency, however, is not a general rule even for residue
pairs of positive correlation, as there are pairs of relatively high (>0.4) correlation and
high (>0.07) fluctuation. Moreover, the inverse relationship between correlation and DFM
values breaks off at negative (<-0.1) correlations and high (>0.05) DFM values. In these re-
gions of the graph, the two measures appear to be totally uncorrelated. It therefore follows
that one cannot accurately predict the fluctuation of two residues which have negative
correlation. Similarly, the correlation of two residues cannot be predicted if they have rel-
atively high pairwise fluctuation. Very high (>0.1) pairwise fluctuation values, however,
are typically found for pairs of negative correlation. It is important to note that the pairs
of neighbouring (covalently bonded) amino acids form a distinct cluster with fluctuation
values close to zero and positive (typically >0.6) correlation coefficients.

In summary, it can be concluded that although in a well-defined region of the graph
there is a clear inverse tendency between the entries of the two matrices, in other regions
they appear to be independent. Therefore the dynamic fingerprint matrix and the correla-

tion matrix provide two different measures for the characterization of protein dynamics.

4.5 Concluding discussions

A novel approach for comparing the backbone dynamics of proteins studied by MD sim-
ulations was introduced in this chapter. The method is based on a simple matrix repre-
sentation of protein motions, the ‘Dynamic Fingerprint Matrix’ (DFM) which captures the

pairwise flexibility of residues. This matrix does not depend on any superposition pro-
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cess as it is derived from the distributions of inter-residue distances in the conformational
ensemble.

As it is shown by the example of PSD-95 PDZ3, the analysis of the DFM pattern is per
se useful for characterizing the flexible and rigid regions of a protein. In the literature, the
RMSF (root mean square fluctuation) profile is most commonly used to describe the mo-
tions of individual residues. By contrast, the DFM pattern describes residue fluctuations
in two-dimensions that enables the investigation of the relative mobility of residues. In
addition, the Dynamic Fingerprint Matrix can easily be transformed to a one-dimensional
profile referred to as the average fluctuation profile (AFP). As demonstrated, the RMSF
profile is highly correlated with the average fluctuation profile showing that the DFM cap-
tures essentially the same information as RMSF but provides a more detailed description.

While the calculation of RMSF profile is biased by the superposition process and the
arbitrary choice of reference structure, the DFM-based average fluctuation profile does not
suffer from these issues and is therefore suggested to be a more reliable measure of residue
fluctuations. Similarly to this approach, several important quantities that are based on the
least square superposition method (e.g. RMSD similarity, coordinate covariance matrix
and principal components) could be replaced by unbiased measures that are dependent
only on interatomic distances (as discussed in Section 7.4). Such superposition-free anal-
ysis is anticipated to be most useful when studying the structure and conformational dy-
namics of highly flexible proteins for which rigid-body superposition is least reliable.

The pairwise comparison of DEM patterns across different proteins requires a mapping
between the residues of these proteins. As discussed in details in Section 2.5.4 and in this
chapter, there are two potential solutions for this ‘residue matching problem’. The first op-
tion is using a prior sequence or structural alignment which defines the submatrices of the
DFMs to be compared. The second possibility is aiming to find the best alignment of the
two input DFMs that also results in a sequence alignment of the two proteins (‘dynamics-
based alignment’). The DFM alignment score serves as a measure of global dynamic sim-
ilarity of the two proteins. On the other hand, this similarity score can also be used to

evaluate how well a prior alignment matches dynamically similar regions. All these ideas
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were illustrated in this chapter for the PDZ3 domain of PSD-95 versus the PDZ domain of
nNOS.

The stochastic optimization algorithm based on a Markov chain Monte Carlo method
designed to address the matrix alignment problem was proven to be efficient for the align-
ment of PDZ domains. The mathematical complexity of the matrix alignment problem is in
contrast with the global sequence alignment problem for which the dynamic programming
approach (i.e. the Needleman-Wunsch algorithm) guarantees to find the global optimum.
Since matrix alignment is an NP-hard problem, search methods that guarantee to find the
best solution (e.g. dynamic programming) are not feasible and heuristic strategies (e.g.
MCMC) are necessary. Consequently, the search algorithm used here do not guarantee
to find the global maximum of the similarity score, especially if many local minima are
present in the search space. It is important to note that several potential improvements
might be made in the algorithm outlined in this chapter, and different heuristic methods
could be tested if they are more efficient in addressing the matrix alignment problem.

The dynamics-based alignment of PSD-95 PDZ3 and nNOS PDZ presented as an exam-
ple shows that the flexibility patterns of the two proteins are similar enough to enable the
algorithm to correctly match the corresponding secondary structural elements of the two
PDZ domains. The most important difference between the dynamics-based alignment and
the Needleman-Wunsch sequence alignment is the absence of the a2-helix in the former.
This observation suggests that the structurally conserved a2-helix which is located next to
the peptide binding site has considerably different dynamics in the two PDZ domains.

While the dynamic similarity scores calculated between different MD simulations of
the same PDZ domain (PSD-95 PDZ3) are highly significant, the similarity scores between
the 10 different PDZ domains show large variation. The results suggest that the dynamics
of the four non-metazoan PDZ domains are less conserved. The proposed structural expla-
nation of this observation is that non-metazoan PDZ domains have a circularly permuted
fold with regards to the metazoan PDZ fold. While their structures are significantly similar
to the metazoan structures according to DALLI, this structural similarity is lower than what

we can see between the metazoan PDZ domains.
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The only difference in sequence between the circularly permuted and canonical fold
is that the the C-terminal B-strand (B6) in the non-metazoan fold corresponds to the N-
terminal B-strand (1) in the metazoan fold. This means that most of the domain sequence
is in the same order in the two folds: i.e. the sequence of the f1-B2-a1-$3-p4-a2-B5 sec-
ondary structural elements in the metazoan structures are equivalent to the sequence of
B2-B3-a1-p4-B5-a2-p6 elements in the canonical structures. Although the matrix alignment
algorithm is only able to match regions that are in the same sequence order, most parts of
the domains, if dynamically similar, could have been aligned. In addition, low similarity
scores have been found between the pairs of non-metazoan PDZ domains. These con-
siderations also support the conclusion that the global dynamics of non-metazoan PDZ
domains are less constrained.

The results about the dynamic dissimilarity of PDZ domains are somewhat surpris-
ing. One would expect that proteins that have as highly conserved tertiary structures as
PDZ domains would necessarily have very similar equilibrium dynamics. However, as
discussed in details in Section 1.4, currently little is known about how protein dynamics
are determined by sequence and structure. Similar three-dimensional structures certainly
tend to have similar motions (as demonstrated by ENM studies), but minor sequence and
structural changes may result in large differences in dynamics. Interestingly, although high
correlation (r = 0.82) was found between their structural and dynamic similarity, certain
pairs of PDZ domains seem to have diverged global dynamics. Thus it is suggested here
that the mapping of PDZ domains between the sequence, structure and dynamics space
can be described with the schematic representation shown in Figure 1.16E. Although they
have highly conserved 3D-structures, the considerable sequence variation of PDZ domains
may explain their dynamic diversity.

The application of the above described methodology to the family of PDZ domains
was used here as a pilot study to see whether it was possible to quantify the dynamic
similarity in a meaningful way. However, both the DFM representation and the dynamics-
based alignment algorithm are generally applicable to any protein families. It is therefore

proposed that this approach (or similar, improved versions) could be used as an effective
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tool to study the distribution of proteins in the ‘dynamics space’. As the method is capable
of detecting detailed differences in the dynamics between structures it could also be used

to assess the influence of ligand-binding on the dynamics of protein structure.

Related publication:
Miinz, M., Lyngse R., Hein, ]J. and Biggin, P.C. (2010). Dynamics based alignment of pro-

teins: an alternative approach to quantify dynamic similarity. BMC Bioinformatics, 11:188



Chapter 5

Comparative MD study of PDZ domains

51 Summary

the goal of Chapter 4 was to introduce a novel methodology for aligning proteins
T based exclusively on information of their intrinsic motions. The dynamics-based
alignment approach had been applied to a set of PDZ domains used as a test case. PDZ
domains, however, have highly conserved 3D structures that makes it feasible to compare
their dynamics relying on prior sequence or structural alignments that are used to define
equivalent residue positions (see detailed explanation in Sections 2.5.4 and 4.3.3). To il-
lustrate this approach and discuss the underlying mechanisms of binding specificity of
PDZ domains, this chapter presents a comparative MD study of five PDZ domains: the
human DvI2 (Dishevelled-2) PDZ domain, the human Erbin PDZ domain, the PDZ1 do-
main of InaD (inactivation no after-potential D protein) from fruit fly, the PDZ7 domain of
GRIP1 (glutamate receptor interacting protein 1) from rat and the PDZ2 domain of PTP-BL
(protein tyrosine phospatase) from mouse. All-atom MD simulations of 200 ns have been
performed for the five apo protein structures. The fluctuations and flexibility properties of
their binding sites have been compared after mapping the structures based on a prior mul-
tiple sequence alignment. The results summarized here show that despite their high struc-
tural similarity, the PDZ binding sites have significantly different equilibrium dynamics.
Importantly, the degree of binding pocket flexibility has been found to be closely related to
the various characteristics of peptide binding specificity and promiscuity of the five PDZ
domains. Overall, these findings suggests that the intrinsic motions of the apo structures

play a key role in the distinguishing functional properties of different PDZ domains.
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5.2 Introduction

5.2.1 Conformational selection, flexibility, promiscuity and evolvability

A number of structural studies comparing holo and apo forms of proteins have demon-
strated that ligand binding is often coupled to conformational changes of the interacting
partners.340-342 The real challenge is, however, to uncover the exact sequence of events
resulting in the observed structural changes. Two main models, the induced fit3*3 and
the conformational selection (or population shift)3** hypothesis, have been introduced to
describe the limiting cases of the complex process of molecular recognition.

According to the induced fit model, ligand binding happens first and the formation
of a ‘weak complex’ is followed by the conformational rearrangement of the protein that
results in stronger binding. By contrast, in the conformational selection model, the intrin-
sic dynamics of the protein lead it to spontaneously transition between a stable unbound
and a less stable bound conformation. As the apo protein actually visits the bound state
with significant probability, the ligand can bind directly to this conformation shifting the
distribution of conformers towards the bound population. As proposed by recent stud-
ies, it seems likely that the induced fit and conformational selection mechanisms often act
together in ligand recognition. 345346

With more and more complete understanding of protein-protein interactions it is in-
creasingly clear that many proteins display functional promiscuity which requires them to
be able to interact with multiple partners.3*/34 If the conformational selection mechanism
is involved in promiscuous ligand binding, this assumes that the protein needs to visit
multiple (often dissimilar) binding conformers capable of binding the different ligands.

The earliest structural evidence of such multispecificity included an X-ray crystallog-
raphy study of the SPE7 antibody (a monoclonal immunoglobulin E raised against a 2,4-
dinitrophenyl hapten) that has been shown to exist in an equilibrium between several
binding conformers and is able to bind to two unrelated ligands.”® An NMR study of
apo ubiquitin has identified an ensemble of conformers almost identical to complexes of

ubiquitin with 46 different binding partners.®® An example of promiscuous enzymes is cy-
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tochrome P450 which has been shown to adopt a wide range of active site conformations

and is able to bind and transform a large diversity of peptides.3%

.

4 AN
Figure 5.1: Schematic representation of the relationship between flexibility, promiscuity and evolv-
ability. A. Two potential conformers capable of binding to two different ligands; B. Energy land-
scape of a rigid protein visiting only one of the two binding conformations: it has restricted speci-
ficity for one of the ligand; C. Energy landscape of a more flexible protein that visits both binding
conformations and is therefore able to promiscuously interact with both partners. The first binding
conformer is visited with larger probability. A few mutations may shift the energy landscape (and
the distribution of conformations): 1. rigidification, the higher probability conformer becomes even

more dominant, the protein becomes less flexible and consequently more specific; 2. the originally
less probable conformer becomes dominant, the protein may evolve to a new primary function.

@

As shown by these examples, the intrinsic dynamics of promiscuous proteins let them
visit multiple unrelated binding conformers and the property of multispecificity seems
to be related to conformational flexibility (see Figure 5.1). Promiscuous proteins that are
able to bind to multiple partners through conformational selection need to explore a larger
conformational space than those that bind to only a single partner. More rigid binding
sites therefore may have restricted specificity with the benefit of higher binding affinity.

Indeed, a study of human cytochrome P450 enzymes has found that while a relatively rigid
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member of the family (CYP2A6) exhibits narrow substrate specificity, the most flexible
member (CYP3A4) is also the most promiscuous one. >

Functionally promiscuous proteins could be of key importance for the emergence of
new functions in protein evolution (see Figure 5.1). Recent research about the relationship
between binding promiscuity, conformational flexibility and evolvability of proteins has
been reviewed by Tokuriki et al.1”3. These studies suggest that for proteins that exist in
equilibrium between a highly populated native state (interacting with a native ligand) and
less populated conformers (binding to alternative partners), mutations can gradually shift
the equilibrium towards a promiscuous conformer. This can eventually lead to a new
dominant primary function. While mutations may be neutral with regards to the original
function (i.e. hardly change the relative occupancy of the native conformer), they may
cause significant increase in the occupancy of the alternative conformer.

On the other hand, point mutations that reduce the occupancy of promiscuous con-
formers may result in a decreased flexibility (rigidification) but increased specificity (and
higher affinity) for the native ligand (see Figure 5.1) as for example observed in the pro-
cess of antibody maturation.®! Promiscuity may therefore be a common feature of highly

evolvable proteins.

5.2.2 What makes PDZ domains specific?

Despite their highly conserved overall fold and binding sites, PDZ domains have been
found to have surprisingly diverse binding specificities. Although a series of different
classification systems have been proposed aiming to organize PDZ domains based on their
preference towards peptide ligands (as discussed in Section 1.5.4), there is no consensus on
the best way of classification. The possible reason of this contradiction is that the question
of PDZ specificity turned out to be unexpectedly complex as many PDZ domains are able
to bind to multiple ligands that belong to different classes of peptide motifs. This property
is often referred to as degenerate specificity, multivalent specificity or most commonly,
binding promiscuity. In addition, single peptides have been shown to bind to multiple

PDZ domains. The complex picture of PDZ-peptide interactions therefore makes it rather
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difficult to develop a simple specificity-based classification scheme.

In addition, very little is known about what are the determinants of the specificity and
promiscuity of PDZ domains. To address this question, Stiffler et al. have used protein
microarrays and quantitative fluorescence polarization to characterize the binding speci-
ficity of 157 mouse PDZ domains and found only a weak correlation between the pairwise
sequence divergence of PDZ domains and their distances in selectivity space. The fact
that overall sequence similarity proved to be a poor predictor of PDZ domain function
indicates that the majority of sequence variation in the PDZ family is neutral with regards
to peptide-binding selectivity. This also suggests that binding specificity is mostly deter-
mined by only a subset of residues that are likely to be located in the binding pocket of the
domain.??.

In order to study the sequence determinants of specific ligand recognition, Tonikian et
al. performed mutagenesis at ten binding site positions in the Erbin PDZ domain. As a
result, they identified several mutations that altered binding specificity. Since not all of
these critical residues were in direct contact with the ligand, Tonikian et al. concluded that
specificity of PDZ domains is determined by multiple structural and chemical mechanisms
involving both direct interactions and cooperative, long-range effects (see Figure 5.2).2%

In a recent study, using a combinatorial peptide library and site-directed mutagenesis,
Shepherd et al. have found that only four point mutations were enough to switch between
the distinct binding specificities of the Tiam1 (T-cell lymphoma invasion and metastasis
1) PDZ and Tiam2 PDZ domains.?®> Gee et al. have come to similar conclusions after
performing in-vitro mutagenesis studying the PDZ domains of PSD-95 (postsynaptic den-
sity protein 95) and al-syntrophin. By identifying a few critical sequence positions, they
have found that single-amino acid substitutions can alter specificity and affinity of PDZ

domains for their ligands.3>
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Figure 5.2: Point mutations in Erbin PDZ alter the peptide binding specificity of the PDZ domain.
The ten positions tested with mutagenesis by Tonikian et al. are shown as spheres. Those mutated
positions that have affected the specificity for the indicated peptide positions 0, -1, -2 and -3 (de-
fined in Section 1.5.4) are highlighted in red. (Image courtesy: Tonikian et al. 20082%)

The fact that ligand specificity relies on minor sequence modifications, while the chem-
istry of the binding region and the overall domain fold are rather well conserved, suggests
a very favourable flexibility property of the PDZ domain fold.*** PDZ domains are both
versatile and robust because mutations frequently change their specificities without a loss
of function.?? Similar robustness under high mutational pressure has also been observed
for other peptide-binding domains (i.e. WW and SH3 domains). 35435
On the other hand, a number of other studies 248249356357 have found that the conforma-

tional dynamics of PDZ domains may also play crucial role in determining binding speci-

ficity. These results suggest that the intrinsic fluctuations of PDZ structures are likely to be
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also related to the selectivity for peptide ligands. Recently, Gerek et al. used a modified
coarse-grained elastic network model to find characteristic residue fluctuation patterns for
PDZ domains belonging to different specificity classes. By clustering these residue fluctu-
ation profiles, they have identified common motion characteristics of Class I and Class II
type PDZ domain interactions. 3%

Basdevant et al. performed 20-25 ns molecular dynamics simulations of 12 PDZ do-
main complexes and used the MM /PBSA (Molecular Mechanics/Poisson-Boltzmann Sur-
face Area) method to analyse electrostatic, non-polar and configurational entropy con-
tributions to the binding free energies. Their results show that the degree to which the
dynamics of the peptide ligands are coupled to those of the PDZ domains varies highly.
They concluded that complex-specific dynamical or entropic responses may form the basis
of the selective recognition of peptides.3>’

It is important to note that different flexible docking strategies have already been pro-
posed to be able to incorporate the effect of binding site flexibility in structure-based drug
design studies targeting PDZ domains. 24824

The goal of this work was to further investigate the role of conformational dynamics
in determining the ligand binding specificity of PDZ domains. In particular, given the
possible relationship between flexibility and promiscuity discussed in the previous section,

the objective was to understand to what extent the property of multi-specificity of these

domains is correlated with the flexibility of their binding pockets.

5.2.3 The 5 PDZ domains compared in this study

Below is an introduction to the five PDZ domains selected for this study. For each PDZ
domain-containing protein, a brief description is given about its biological /biochemical
function, most important interaction partners and clinical relevance. Distinguishing char-
acteristics of each PDZ domain predicted by experimental studies are highlighted and the

main questions addressed are also described in this section.
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Dvl2 PDZ (Homo Sapiens)

Wnt signalling pathways are crucially implicated in normal development of tissues and
organs during embryogenesis and adult tissue maintenance.?® The highly conserved Wnt
genes encode a large family of secreted protein growth factors that bind to Frizzled and
LRP receptors on the cell surface. Wnt signals are transmitted via a series of cytoplasmic
components to the nucleus and result in altered transcription of Wnt target genes. Control-
ling cell-cell communication Wnt signalling plays various roles during development such
as regulation of cell fate, proliferation, migration, polarity and death.

Wnt signals have been shown to be transmitted by three distinct intracellular cascades:
the canonical (Wnt/ B-Catenin) pathway and the non-canonical Wnt/Ca?* and Planar Cell
Polarity (PCP) pathways.®* Inappropriate regulation of Wnt signalling is implicated in
the development and progression of a variety of human malignant cancers. 3>

Dishevelled (Dvl) proteins are key players in canonical Wnt signalling. They interact
with Frizzled receptors to transduce Wnt signals to downstream components of the path-
way.?0%! In the absence of Wnt signals the APC/Axin/CK1/GSK3p destruction com-
plex is able to form promoting the hyperphosphorylation and proteolytic degradation of
B-catenin. However, when a Wnt signalling protein binds to the Frizzled /LRP receptor
complex, it activates cytoplasmic Dvl that enhances the phosphorylation of the GSK33
protein. As a result, the destruction complex becomes inhibited that leads to the stabi-
lization of cytoplasmic B-catenin. Unphosphorylated -catenin translocated to the nucleus
and interacts with TCF/LEF transcription factors altering gene transcription.360

In addition to Frizzled receptors, Dvl proteins interact with several other partners in-
cluding components of the canonical Wnt pathway (Axin and GBP/Frat), the Wnt/Ca?*
pathway (Ga,/Ga;) and the PCP pathway (Racl, Daam1 and strabismus).>¢! The fact that
Dvl proteins serve as "interaction hubs" suggests that they play key regulatory roles in the
signal distribution between the three alternative Wnt pathways. %2

Dvl proteins are composed of three modules: an N-terminal DIX domain, a central PDZ

domain and a C-terminal DEP domain (see Figure 5.3A).%! The combination of these three

protein-protein interaction domains makes Dvl PDZ capable of binding multiple partners
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simultaneously. On the other hand, a series of studies have provided evidence for the
binding promiscuity of the central PDZ domain which alone serves as an interaction hub
with the ability of binding various signalling proteins.?%

It is the PDZ domain of Dvl that has been found to interact with a C-terminal region of
Frizzled receptor. Shown by NMR spectroscopy data, a conserved internal peptide motif
at the cytoplasmic tail of Frizzled binds to the conventional binding site of the mouse Dvl1

PDZ domain.?3! The interaction mode with an internal peptide differs significantly from

the classical carboxyl-terminal binding mode of PDZ domains (see Section 1.5.3).
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Figure 5.3: Domain architecture of the five PDZ-containing proteins studied here as predicted by
the online sequence annotation tool SMART3%3. The five PDZ domains analysed are highlighted
with arrows: A. Dv12 (Homo Sapiens); B. Erbin (Homo Sapiens); C. GRIP1 (Rattus Norvegicus); D.
InaD (Drosophila Melanogaster); E. PTP-BL (Mus Musculus).

In addition, a recent peptide-phage display study showed that the human DvI2 PDZ
domain is able to bind both C-terminal and internal ligands via specific interactions.3¢*
Four crystal structures of DvI2 PDZ in complex with peptides representing four distinct

ligand families have been solved. One of the structures (pep-C1) exemplifies C-terminal

ligand binding, and the other three structures (pep-N1, pep-N2 and pepN3) illustrate dif-
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ferent orientations of internal ligand binding. The four representative complexes show that
DvI2 PDZ can recognize a diverse set of peptides and bind them using different binding
modes. The main chain conformation of Dv12 PDZ appears to change significantly as a re-
sult of ligand binding, unlike in other PDZ domains, e.g. in Erbin PDZ for which apo and
holo conformations are almost identical (see next subsection). In other words, the binding
cleft of DvI2 PDZ has been found to be more flexible than those of canonical PDZ domains.
The remarkable versatility of the Dvl PDZ binding pocket explains the promiscuity of the
domain towards biological interaction partners.

Given its central role in the Wnt signalling pathways, Dvl PDZ domain has been rec-
ognized as a potential drug target. Several studies aimed to develop peptides®*436> and
small molecule inhibitors?3-246 targeting the PDZ domain of Dishevelled to suppress up-
regulated Wnt signalling in tumour cells.

In this work, the goal of studying the human DvI2 PDZ domain was to find out how
the flexibility of its binding cleft is reflected in the intrinsic dynamics of the domain. In-
vestigating what roles the equilibrium fluctuations play in the versatility of the Dvl2 PDZ
binding pocket is not only important for understanding the link between protein dynam-
ics and promiscuity, but could also be relevant for structure-based drug design studies

targeting this PDZ domain.

Erbin PDZ (Homo Sapiens)

The ERBB protein family is a group of four receptor tyrosine kinases (RTKs) including the
epidermal growth factor receptor (EGFR), ERBB2/HER2, ERRB3/HER3 and ERRB4/HER4.
366 These four structurally closely related RTKs are expressed in a variety of tissues of ep-
ithelial, mesenchymal and neuronal origins and have essential roles in regulating diverse
cellular processes such as proliferation and differentiation. 3¢

Binding extracellular growth factor ligands (EGFs) induces the formation of homo- and
heterodimers of these receptors stimulating their intrinsic tyrosine kinase activity. This re-

sults in autophosporylation of specific tyrosine residues within their cytoplasmic domain

activating intracellular signalling cascades.3%® ERBB2 is thought to be an orphan receptor,
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i.e. none of the EGF family ligands can activate it, however, it is a preferential heterodimer-
ization partner for other ERBB receptors. 36

Malfunction of ERBB signalling has been shown to be implicated in a number of neu-
rodegenerative diseases including multiple sclerosis and Alzheimer’s disease.*” Further-
more, overexpression of ERBB2 has been found in breast, ovary, lung and other types of
malignant epithelial cancers, often correlating with more aggressive phenotypes and poor
prognosis.*”0

Erbin (ERBB2 interacting protein) is a member of the LAP protein family. LAP (leucine-
rich repeat and PDZ-containing) proteins have been found to play important roles in the
regulation of maintaining the shape and polarity of epithelial and neuronal cells.*”! In par-
ticular, Erbin is thought to serve as an adaptor for ERBB2 protein controlling the basolateral
localization of ERBB2 receptor in epithelial cells. 366372373
Since Erbin is an important component in ERBB signalling, a number of studies have

investigated its implication in cancer; such as the development of basal cell carcinoma 374

and the sensitivity of breast cancer cells to tumour necrosis factors®”>.

On the other hand, in addition to ERBB2, Erbin is able to bind a other signalling pro-
teins. C-terminal phage display3’® and yeast two-hybrid screens®”7278 have identified a
series of additional interaction partners including p120-catenins. Erbin is able to bind com-
ponents of the cadherin-catenin cell adhesion complex (e.g. -catenin, p0071 and ARVCE)
376 and via its interaction with J-catenin it has been shown to play a critical role in regulat-
ing dentritic morphogenesis in hippocampal neurons 379 Furthermore, Erbin has also been
shown to play various additional roles, for example it inhibits EGF signalling preventing
the activation of the Raf-1 kinase by Ras. %

Erbin is composed of 16 N-terminal leucine-rich repeats (LRRs) and a C-terminal PDZ
domain (see Figure 5.3B). The leucine-rich repeats are involved in mediating the basolat-
eral localization of the plro’cein.381 On the other hand, it is the PDZ domain of Erbin that
interacts with ERBB2 and p120-catenins.

Interestingly, while J-catenin, p0071 and ARVCEF are all class I PDZ ligands, ERBB2

belongs to class II ligands (see canonical classification explained in Section 1.5.4). As it has
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dual specificity, Erbin belongs to class V, a family of PDZ domains that are able to bind

both class I and class II ligands. 38

Despite its rather promiscuous nature, Erbin PDZ has
stringent binding specificity for C-terminal peptides and its interaction partners share a
highly conserved PDZ domain-binding motif. ¢

Comparison of class I/1I peptide-bound and apo experimental structures of Erbin PDZ
has shown no structural change in the f2/42 binding pocket upon ligand binding and only
slight changes in the main chain of the whole domain.> The little structural variability
observed for Erbin PDZ is in contrast with the highly flexible binding pocket of Dvl2 PDZ

which has been shown to undergo significant structural change upon peptide binding (see

previous subsection).

Figure 5.4: Experimental structures show differences between binding modes in PDZ-peptide in-
teractions: A. human Erbin PDZ domain binding to a class I ligand exemplifying interactions with
C-terminal peptides (PDB: In7t); B. human DvI2 PDZ domain binding to an internal ligand exem-
plifying interactions with internal peptides (PDB: 3cc0).

In this work, the aim of studying the human Erbin PDZ domain was to find out whether

the relative rigidity of this PDZ structure was also reflected in its equilibrium dynamics.
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In particular, the goal was to see if its binding groove shows considerably different fluc-
tuations compared to the flexible Dvl2 PDZ domain binding pocket. Comparison of these
two PDZ domains may help to understand the relationship between flexibility and binding

promiscuity.

GRIP1 PDZ7 (Rattus Norvegicus)

GRIP1 (glutamate receptor interacting protein 1) plays an important role as a scaffold for
the assembly of multiprotein signalling complexes and as a mediator of trafficking of its
interaction partners in neurons. 2721533 GRIP1 is composed of 7 PDZ domains (see Figure
5.3C).383 PDZ4-6 are known to interact with the COOH-terminal of the GluR2/3 subunits
of AMPA receptors.?”” In addition, GRIP1 was shown to bind various signalling and cy-
toskeletal proteins, such as EphB receptor tyrosine kinase, ephrinB ligands, alpha-liprin
scaffolding protein, proteoglycan NG2, Frasl and 2, kinesin-1/KIF5 microtubule motor
protein, matrix metalloproteinase 5 and GRASP-1 (GRIP1-associated protein 1).3 This
suggest that by organizing macromolecular complexes GRIP1 has a role of linking AMPA
receptors and other membrane proteins to the cytoskeleton, participating in membrane
trafficking and signalling pathways.3%

Given its central role in neuronal signalling, it is likely that GRIP1 will be found to be
associated with a number of neurological disorders. For example, a recent study has iden-
tified five rare missense variants within or near the PDZ4-6 genomic region exclusively in
autistic patients. Two variants that are correlated with a severe deficit in social interactions
observed in autism were shown to have altered binding with GluR2/3 resulting in faster
recycling and increased surface distribution of GluR2 in neurons. 3

In this work GRIP1 PDZ7, the PDZ domain that interacts with GRASP-1, a Ras guanine-
nucleotide exchange factor regulating synaptic distribution of AMPA receptors3®3, has
been studied. Interestingly, the binding of GRIP1 PDZ7 to GRASP-1 is unusual compared
to all other known PDZ domain-ligand interactions. As discussed in Section 1.5.3, in PDZ
domains the peptide binding groove is usually formed between their a2-helix, f2-strand

and the carboxylate-binding loop. By contrast, the NMR structure of GRIP1 PDZ7 (PDB:
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1m5z) shows that the traditional binding pocket formed by a2 and B2 adopts a closed con-
formation and is probably unable to interact with a carboxyl peptide.* However, unlike
other PDZ domains, GRIP1 PDZ7 has a large solvent exposed hydrophobic surface formed
by the B5 strand, a2 helix and the loop connecting these two secondary structural elements.
It has been found that GRASP-1 binds to GRIP1 PDZ7 via this hydrophobic surface dis-
tinct from the conventional ligand-binding a2/ 2-groove.? The hypothesis that GRIP1
PDZ7 is unable to bind carboxyl peptides via its a2/ f2-groove has also been confirmed by
a yeast two-hybrid screening in which no interaction partner with classical PDZ-binding

carboxyl termini were found. 3¢

Name PDB | Organism Size | Binding pocket Characteristics

Dvl2 PDZ 3cbx | Homo Sapiens | 105 | p2:[2801Ile,284Gly] | flexible; large
a2 : [330Asn,339Asp] | structural  vari-

ability

Erbin PDZ 2h3l | Homo Sapiens | 103 | B2 : [334Phe,338Gly| | rigid; little struc-
al : [388His,397Thr] | tural variability

[
[

Gripl PDZ7 1mb5z | Rattus 91 B2 : [38Phe, 42 Asp| closed; unable to
a2

Norvegicus : [84Cys, 93Glu] bind C-terminal
peptides
InaD PDZ1 1lihj | Drosophila 98 | B2:[30Ile,34Arg] capable of dif-
Melanogaster a2 : [84Glu,93Glu] ferent  binding
modes
PTP-BL PDZ2 | 1gm1 | Mus Musculus | 94 | p2: [271le,31Gly] induced-fit bind-
a2 : [78His, 87 Asn] ing mechanism

Table 5.1: Summary of the 5 PDZ domains used in this study. The table highlights the sequence
regions corresponding to the a2 helix (or a1 helix in Erbin PDZ) and the 82 strand. (See Methods
for details of the multiple sequence alignment analysis used for defining binding site residues).
Notable characteristics of the five binding pockets predicted by experimental studies are also listed.

Although the solution structure shows that the GRIP1 PDZ7 a2/ B2-groove is signifi-
cantly smaller than those of other PDZ domains, this does not exclude the possibility that it
can undergo a conformational change opening the binding pocket. For example, such con-
formational change has been observed in the PDZ domain of LARG (Leukemia-associated

Rho guanine nucleotide exchange factor).>> LARG PDZ has very similar three-dimensional
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structure to GRIP1 PDZ7 (with an «C RMSD dissimilarity of only 1.4 A in the secondary
structural elements) and its binding groove is also closed in the apo state. However, as
shown by a ligand-bound structure, the base of LARG PDZ a2/ B2-pocket can open up
which increases the accessible surface area providing better binding for peptides.

It is not clear if the 2/ 2-groove of GRIP1 PDZ7 is also able to undergo such transition
from its closed state to an open state capable of carboxyl peptide binding. The goal of in-
vestigating GRIP1 PDZ7 was to address this question by studying the intrinsic fluctuations

of the domain.

InaD PDZ1 (Drosophila Melanogaster)

Photoreceptor cells are specialized neurons found in the eye’s retina that are sensitive to
light and capable of converting the signals of absorbed photons to changes of membrane
potential. This process called phototransduction is mediated by a G-protein-coupled cas-
cade and is among the best understood signalling pathways in biology.*” In particular, the
phototransduction of the fruit fly is a well-studied model system. It is the fastest known
G-protein signalling cascade: photon absorption results in membrane depolarization in
about 20 milliseconds. 3%

The phototransduction cascade of Drosophila is initiated with the activation of the
light-sensitive protein thodopsin which is composed of a protein (opsin) and a covalently
linked photoreactive chromophore. Upon absorption of a photon, the chromophore is iso-
merized from a 11-cis to an all-trans configuration resulting in a conformational change of

rhodopsin. 3%

The active form of rhodopsin (referred to as metarhodopsin) triggers the G,
protein to release its alpha subunit which in turn activates the PLCB (phospholipase Cp)
enzyme also known as NorpA. As a result, the active PLCS enzyme hydrolyzes PIP2 (phos-
phatidylinositol (4,5)-bisphosphate), a phospholipid located in the plasma membrane. The
products of this reaction are IP3 (inositol triphosphate) and DAG (diacylglycerol) that
function as secondary messenger molecules.3%

While IP3 diffuses through the cell, DAG stays inside the membrane and causes the

opening of the cation-selective ion channels TRP (transient receptor potential) and TRPL



5.2. Introduction 157

(TRP-like). The resulting Ca*" influx leads to the depolarization of the photoreceptor cell.
389 On the other hand, calcium entry also mediates the deactivation of the phototransduc-
tion cascade by triggering a negative feedback pathway which involves a series of other
proteins including eye-specific PKC (protein kinase C), CaM (calmodulin) and NinaC (un-
conventional myosin I1I).3%

A probable explanation of the remarkable high speed of Drosophila phototransduc-
tion is that most components of the cascade are clustered together and form a large sig-
nalling complex (also referred to as the signalplex or transducisome). Since the interaction
partners are located in close proximity to each other, it significantly increases the rates of
interaction between them thus maximizing the speed of signalling.2%

InaD (Inactivation-no-afterpotential D) protein plays and essential role in the formation
of the signalplex as it functions as an adaptor that brings together the components of the
phototransduction pathway into a large macromolecular complex.2%3%! InaD is composed
of five PDZ domains (see Figure 5.3D), all of which have been shown to interact with

various components of the phototransduction cascade.2%83%1

Figure 5.5: Schematic illustration showing how the InaD protein facilitates the assembly of the
signalplex at the plasma membrane in Drosophila phototransduction. The five PDZ domains of
InaD interact with different components of the phototransduction cascade serving as a scaffold for
the signalling complex. InaD PDZ1 also binds to the unconventional myosin NinaC anchoring the
signalplex to the actin cytoskeleton. (Image courtesy: Kimple et al. 2001)3%2
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For example, the TRP ion channel has been found to bind to the PDZ3 domain of InaD
via an internal sequence in the cytoplasmic tail of the receptor.?®® PLCB binds to the InaD
PDZ1 domain with its C-terminus and is also able to interact with the PDZ5 domain via an
internal sequence.3?*3% The eye-specific PKC has been shown to bind to both PDZ2 and
PDZ4 of InaD.?® NinaC can interact with the PDZ1 domain.?*® CaM shows affinity for
a region between PDZ1 and PDZ2 domains.** Furthermore, thodopsin and TRPL have
also been shown to interact directly or indirectly with PDZ3 and/or PDZ4%°, while the
activated G, alpha subunit has been found to associate with InaD via binding PLCS*”.

Based on the above-listed interactions it has been suggested that InaD plays a key
role in the subcellular targeting of the components of the phototransduction cascade in
Drosophila and also serves as a scaffold for the assembly of the signalling complex at the
plasma membrane. In addition, InaD has been shown to be able to multimerize via its
PDZ3 and PDZ4 domains** forming homopolymers that function as even larger intracel-
lular scaffolds.

The N-terminal PDZ domain of InaD studied in this work plays a crucial role in linking
the PLCB (NorpA) protein to the signalplex. The crystal structure of its complex with a C-
terminal peptide of NorpA (PDB: 1ihj) shows in many aspects similar binding mode as
seen in a number of other PDZ domains, however, important differences have also been
found. For example, an intermolecular disulfide bond is formed between 31Cys of InaD
PDZ1 and (-1)Cys of the NorpA peptide that is unique in PDZ-peptide interactions. As
confirmed by further in vitro and in vivo studies, this disulfide bond is required for high
affinity interaction. %2

On the other hand, InaD PDZ1 has been shown to bind to the unconventional myosin
NinaC.%* Since NinaC interacts with actin®®, InaD PDZ1 is likely to have a role of link-
ing the phototransduction signalplex to the actin cytoskleton through NinaC. Using yeast
two-hybrid assay, Wes et al. tested different segments of the C-terminal region of NinaC
for their ability to interact with InaD PDZ1. Their results show that while the C-terminal
21 residues of NinaC are sufficient to bind to PDZ1, the C-terminal 15 residues are not

enough.*® This observation suggests that InaD PDZ1 may interact with NinaC in a differ-
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ent mode than it does with NorpA.32 However, no experimental structure of the complex
of InaD PDZ1 and NinaC peptide is currently available.

In this study, the objective was to find out if it is possible to use MD simulation data to
predict the promiscuous nature of the InaD PDZ1 binding site. Is the fact that InaD PDZ1 is

able to interact with peptides using different binding modes reflected in its conformational

ﬂexibility?

Erbin PDZ | GRIP1 PDZ7 | InaD PDZ1 | PTP-BL PDZ2

24.3 % 19.8 % 19.4 % 30.1 %

DvI2 PDZ 1.8 A 24 A 20A 21A

(1.1 A) (1.4 A) (1.7 A) (14 A)

26.4 % 24.5 % 25.5 %

Erbin PDZ — 35 A 26 A 32 A

(0.8 A) (1.0 A) (0.6 A)

29.7 % 28.6 %

GRIP1 PDZ7 — — 14 A 1.0A

(1.1A) (0.5 A)

23.4 %

InaD PDZ1 — — — 13A

09 A)

Table 5.2: Sequence and structural similarity of the five PDZ domains used in this study. Pairwise
sequence identity, RMSD based on residues belonging to secondary structural elements and RMSD
between binding site residues only (values shown in brackets). Equivalent positions of the five
PDZ structures are defined by their multiple sequence alignment (see details in Methods).

PTP-BL PDZ2 (Mus Musculus)

PTP-BL (PTP-Basophil-like) is a large (270 kDa) mouse non-receptor protein tyrosine phos-
phatase that is expressed during development and found in various adult tissues such as
pancreas, kidney, muscle, liver, brain and lung.3**4% It is composed of multiple functional

modules: an N-terminal KIND domain, a FERM domain, five different PDZ domains and
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a C-terminal catalytic tyrosine phosphatase domain (see Figure 5.3E).

The five PDZ domains of PTP-BL and its human homologue, PTP-Bas have been shown
to interact with various cellular partners including the tumour suppressor protein APC
(adenomatosis polyposis coli), the LIM-domain containing proteins RIL and Trip6, the

death (apoptosis) receptor hFas, a neurotrophin receptor p75NTR

and Ephrin B proteins,
ligands of the Eph receptors. 40!

Despite the wide range of interactions in which PTP-BL/Bas has been found to be in-
volved, the precise biochemical/biological function of the protein is still little understood.
The fact that PTP-BL/Bas contains multiple functional domains and the large number of

401402 guggest a functional versatility of the protein.*’! This notion is in-

its splice variants
deed confirmed by the diversity of cellular processes in which PTP-BL /Bas has been found
to be implicated including organization of the cell cortical actin cytoskeleton, regulation of
intracellular vesicular transport, cytokinesis and Fas-mediated apoptosis in human cells.
401

The second PDZ domain of PTP-BL/Bas is among the most studied PDZ domains. It
has been shown to bind to peptides that belong to the class I, IT and III family.?*? One of
the reasons of the popularity of the PTP-BL/Bas PDZ2 domain is its allosteric nature that
makes it an ideal model system to study intramolecular signalling in proteins.

A series of studies have revealed the existence of intramolecular allosteric communi-
cation pathways within a single PTP-BL/Bas PDZ2 domain.??24%% Using NMR relaxation
methods to study 2H-based methyl side-chain dynamics, significant changes have been
detected in side-chain dynamics parameters upon binding a peptide ligand. Altered side-
chain dynamics has also been observed remote (>9 A) from the binding site.??? This indi-
cates that the binding pocket of PDZ2 is linked to distal sites located at the opposite side of
the domain via a network of dynamically coupled residues that are involved in long-range
allosteric signal transduction.

The allosteric pathways of PDZ2 identified in NMR relaxation studies correlate well
with those positions found to be statistically coupled based on an evolutionary analysis

of the PDZ family.4® Interestingly, screening a peptide J phage display library has shown
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that the ability of mouse PDZ2 to bind to class III-type ligands is regulated by the presence
or absence of PDZ1. In a full PTP-BL protein, when PDZ2 is not isolated, PDZ1 can interact
with PDZ2 at a surface opposite the binding pocket and mediate the specificity of PDZ2
binding pocket through long-range allosteric communication.?*?

As discussed above, PTP-BL has been demonstrated to interact with APC, a protein
linked to familiar and sporadic human colorectal cancers. A yeast two-hybrid study has
found that PTP-BL PDZ2 binds to the extreme C-terminus of APC.%?? Since the interaction
between the APC protein and PTP-BL may indirectly modulate the tyrosine phosphoryla-
tion levels of associated proteins (e.g. p-catenin), it might play a major role in regulating
cell division, adhesion and migration and therefore could be of clinical ilrnpor’cance.‘m2

Comparison of the solution structure of mouse PTP-BL PDZ2 in complex with the 10
C-terminal residues of APC and the ligand-free structure has revealed several binding-
dependent structural changes.“* In particular, superposition between bound and ligand-
free PDZ2 domain has shown a subtle but detectable change in the orientation of the a2
helix relative to the 2 strand while the overall position of L1 loop is also shifted. Such
reorientation of the a2 helix upon peptide binding has also been observed in some other
PDZ domains. 405407

By contrast, in an other study, high resolution crystal structures and residual dipo-
lar couplings (RDC) data of human PTP-Bas PDZ2 domain in complex with a C-terminal
peptide of guanine nucleotide exchange factor (RA-GEF-2) showed no significant binding-
dependent structural change of the domain.!” A possible reason of the discrepancies be-
tween the NMR and crystal structures are the use of different methodologies for structure
determination. On the other hand, there may also be a real difference between the peptide
binding mechanism of mouse and human PDZ2 domains which differ by only 6 residues
(two of which are conservative mutations).

An important question is whether the structural change between the free and APC
peptide-bound mouse PTP-BL PDZ2 domain is resulted from conformational selection

or induced fit mechanism. A recent binding kinetics study using continuous-flow fluo-

rometry has concluded that peptide-binding of mouse PDZ2 domain follows a two-step
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induced-fit mechanism as the observed rate constant of the reaction between the PDZ do-
main and its target peptide has a non-linear dependence both on the concentrations of
PDZ2 and the peptide.!®® Although in these kinetic experiments a target peptide mimick-
ing the last six residues of the RA-GEF-2 protein has been used, it belongs to the same class
of recognition motifs (i.e. class I) as the APC peptide used for structural studies.

Similarly, a kinetics study of the second PDZ domain of SAP97 (Synapse-associated
Protein 97) binding to a peptide derived from the C-terminus of the HPV-18 (Human pa-
pillomavirus 18) E6 protein suggested an underlying induced fit mechanism.*%® Despite
these examples, however, little is known about whether the lock-key, induced fit or con-
formational selection model is best to describe most PDZ-peptide interactions.

In this work, the goal was to see whether MD simulation of apo mouse PTP-BL PDZ2
is useful to confirm the induced fit binding of the domain to the APC peptide. In addition,
can MD simulations help to decide if the other four PDZ domains follow lock-key, induced

fit or conformational selection mechanism when binding to their peptide ligands?

Additional notes

As shown by the overview above, all five PDZ domains studied in this work play cru-
cial roles in signalling cascades by serving as intracellular scaffolds for the formation of
supramolecular complexes essential for efficient signal processing (see Figure 5.5). As a
result, all five PDZ domains (or their human homologs) are of clinical interest due to their
central roles in disease pathways.

Four of these PDZ domains (Dv12 PDZ, Erbin PDZ, InaD PDZ1 and PTP-BL PDZ2) are
promiscuous in the sense that they are able to interact with multiple partners. However,
while for example DvI2 PDZ is capable of interacting with peptides using different bind-
ing modes (binding both C-terminal or internal peptides), Erbin PDZ is able to interact
only with very similar peptides in rather similar binding modes. (Figure 5.4 illustrates the
difference between C-terminal and internal peptide binding modes.)

We can therefore formulate a stronger definition of binding promiscuity: i.e. the abil-

ity to interact with multiple ligands that require the binding pocket to adopt considerably
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different shapes. In this sense Dvl2 PDZ is promiscuous and Erbin PDZ is not. If confor-
mational selection plays a role in the recognition of peptides, the above-defined property
of promiscuity must correlate with intrinsic conformational flexibility since the binding
pocket needs to visit all different shapes required for binding multiple ligands.

The five PDZ domains studied here are summarized in Table 5.1 which also contains a
list of the characteristic features of their binding pockets based on experimental results. It
is intriguing that these five PDZ domains have such diverse specificity properties despite
their structurally conserved folds and binding sites. (Their pairwise sequence and struc-
tural similarities are given in Table 5.2). The goal of studying these domains was to see

whether their intrinsic dynamics can explain their different characteristics.

5.3 Methods

5.3.1 Measures of structural similarity

Let A and B denote two proteins that consist of N4 and Np residues, respectively. In this
study, residues are represented by their a-carbon atoms. An alignment between the two
structures defines a mapping between the two sets of residues. Let N denote the number
of aligned residue pairs (after removing positions aligned to gaps). The two sets of aligned
residues are described by the NxN distance matrices of their a-carbon atoms denoted by

d” and dP: i.e. the matrix entry dlf? is the distance of a-carbon atoms i and j in structure A.

Difference distance matrix

The difference distance matrix § between structure A and B is defined as
(A, B)j = df} —dJ] (5.1)

Positive entries in this matrix indicate pairs of atoms of larger distance in structure A than
in structure B. This matrix can be used to characterize the location and extent of structural

differences between two different proteins or two conformations of the same protein.
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dRMSD dissimilarity

The dRMSD (distance root mean square deviation) measure of dissimilarity between the

two structures is defined as

1
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This measure was used instead of the standard RMSD dissimilarity because dRMSD is not

dependent on structural superposition.

5.3.2 Characterising conformational dynamics

Let S = {53, Sy, ..., Sk} denote an ensemble of conformations of a protein represented by

its a-carbon atoms. Let the number of its residues be N.

Fluctuation matrix

An NxN matrix referred to as the F fluctuation matrix describing the extent of pairwise
fluctuation of a-carbon atoms was introduced in this study. Matrix F contains the vari-
ances of the distance of each a-carbon pair, where the variance is calculated over the whole
ensemble. It is precisely defined as
s 1 -
F(S)j = Var(d}) = 2 ) (d;f — ;) (5.3)

where dT] =1 YR, dl.sj" is the mean distance of a-carbon atoms i and j in the ensemble. Note
that the fluctuation matrix F is basically equivalent to the Dynamics Fingerprint Matrix
(DFM) used in Chapter 4; the only difference is that DFM used the standard deviation

instead of the variance of distances.

Flexibility matrix

Although variance describes the spread of a distance distribution characterizing the rela-

tive fluctuation of two atoms, it is not always informative about how much the distance
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between two atoms can change. Even if the distance of two atoms significantly deviates
from their mean distance in some conformations, the variance may still be low provided
that most of the variation are around the mean.

To measure the pairwise flexibility of two atoms (i.e. the maximal difference of their
distance in the ensemble), the flexibility matrix denoted as X is introduced. Matrix X de-

scribes the range of distance distribution for each pair of atoms:
. S .S
X(8)ij := mkax(dij") - mkm(dijk) (5.4)

Note that the above definitions of F and X matrices allow that two pairs of atoms which

have equal pairwise fluctuation can have considerably different pairwise flexibility.

A measure of overall fluctuation

While the F matrix contains pairwise atomic fluctuation values, a measure of the over-
all fluctuation of the whole structure (or a subset of residues) was also introduced. This
overall fluctuation measure denoted by © was defined as the root mean square of dARMSD
dissimilarity of each structure with regards the mean distance matrix calculated for the
whole S ensemble.

In other words, ® is a measure for the size of conformational space the protein ex-
plores in the ensemble. It is easy to see that the above definition is equivalent to the root
mean square of the entries of F fluctuation matrix calculated for the same conformational

ensemble. The precise definition of overall fluctuation is therefore

O(S) := R Y dRMSD(Sy, S)? =
k=1

K
1 (5.5)

where S is the mean distance matrix of the ensemble.
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5.3.3 Molecular Dynamics simulations

All-atom 200 ns MD simulations were performed for the five apo PDZ domains summa-
rized in Table 5.1. The simulations were run with the GROMACS MD simulation suite
using the same settings as described in Section 4.3.1. All five proteins were simulated
under the same conditions that makes the direct comparison of their dynamics feasible.
Simulation snapshots were saved at every 5 ps for analysis: a total number of 40000
frames were used from each PDZ domain trajectory. The above described fluctuation and

flexibility measures were calculated based on the total set of 40000 frames.

5.3.4 Definition of binding site residues

By contrast the strategy used in Chapter 4, where dynamics data was used to create pair-
wise alignments (referred to as dynamics-based alignments), this study has relied on the
opposite, more common strategy: prior sequence alignments were used to define equiva-
lent positions in the 5 PDZ domains and the dynamics of the mapped residues were com-
pared. (See a more detailed explanation of the two different comparative strategies in Sec-
tion 2.5.4.) Since PDZ domains have highly conserved 3D structures, their prior sequence

or structural alignments give an adequate mapping between their residue positions.

Multiple Sequence Alignment

A multiple sequence alignment (MSA) was created for the 5 PDZ sequences with ClustalW2,
a general purpose MSA software using a progressive alignment construction method.
(Thompson et al. 1994, Larkin et al. 2007) See the resulting multiple alignment in Fig-
ure 5.6. Although this alignment was constructed based on the primary sequences of the
five proteins, it also defines a proper multiple structural alignment as shown by the low
pairwise RMSD values of mapped residues (see Table 5.2). The average pairwise RMSD of
the secondary structural elements of the five aligned structures is 2.1 A indicating that the
domain folds are well-conserved.

The multiple sequence alignment was used to define the subsets of binding site resi-
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dues in the five domains. As discussed in Section 1.5.3, the binding groove of PDZ domains
is located between the B2 strand and the a2 helix. Two sequence regions were therefore
selected in the MSA that correspond to the conserved structural elements of the 2 strand
and a2 helix (or a1 helix, in Erbin PDZ). The B2 region (5 residue positions) and the a2
region (10 residue positions) are highlighted in Figure 5.6 and are also shown in Table 5.1.
The five binding pockets are structurally highly conserved as demonstrated by their low
pairwise RMSD values (see Table 5.2). (The average pairwise RMSD of the five binding
pocketsis 1.1 A )
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Figure 5.6: Multiple sequence alignment of the five PDZ domain sequences created with
ClustalW2. The two selected regions corresponding to binding pocket residues in p2-strand and
a2-helix are highlighted.

Binding pocket patterns

As the comparative analysis was focused on the five binding pockets, the local structural
and dynamic characteristics were studied only for the binding site residues. In particular,
the relative flexibility of the B2-strand and the a2-helix with regards to each other were
analysed. The definitions of binding site patterns used in this study are defined here.

Let I(F2) and I1(*?) be the index sets of the two selected 2 and &2 sequence regions,
respectively. Note that |If?)| = 5 and |I(*?)| = 10. Furthermore, let M represent any of the
above-mentioned NxN matrices (i.e. d, J, F or X). The binding pocket pattern P based on

the M matrix is then defined as

Pij = Ml(ﬁz) (l')I(zxZ) (]) (56)
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P is therefore a 5x10 submatrix of the M matrix containing only those entries that de-
scribe the relations of binding site residues. For example, if M is the F fluctuation matrix,
the binding pocket pattern describes the pairwise fluctuation values of the 5 f2-residues
with regards to the 10 a2-residues. These local patterns calculated for the five PDZ do-
mains can be directly compared as they characterize equivalent residues defined by the

multiple sequence alignment.

5.3.5 Conformational clustering
k-mean clustering

MD simulation trajectory snapshots were clustered with k-mean cluster analysis, a sim-
ple unsupervised learning algorithm. (MacQueen 1967, Hartigan and Wong 1975). The
method can be used for partitioning N data points (here, protein conformations) into k
disjoint subsets (or clusters) denoted by Cy,Cy, ..., Ci. The parameter k is fixed a priori.
The goal of the algorithm is to find the optimal partitioning of conformations to minimize

the within-cluster sum of squares (WCSS):

WCSS := i Y dRMSD(xj,C;) (5.7)
i=1x;€C;
where the dRMSD measure is used to capture the similarity of conformations and C; is the
mean distance matrix of cluster i.
Since k is an arbitrary parameter, the goodness of clustering results was estimated us-
ing the Silhouette Index cluster validity measure (see below) (Rousseeuw, 1987). The opti-

mal k-value that provided the highest overall Silhouette Index was selected.

Silhouette Index

Once the conformational ensemble is clustered, the following Silhouette Index measure is

calculated for each conformation:

(5.8)
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where a(i) is the average dRMSD dissimilarity of conformation i to all other conforma-
tions in the same cluster and b(i) is the minimum of average dRMSD dissimilarities of
conformation i to all other clusters.

The silhouette index is between -1 and 1: if S(i) it is close to 1, it means, the conforma-
tion is well-clustered; if S(i) is close to 0, it means the conformation could be assigned to
another cluster as well; if S(i) is close to -1, it means the conformation is misclassified.

The goodness of clustering result was then measured by the overall average silhouette
index Syuer which is simply the average of S(i) for all conformations in the ensemble:

1 N

Sover 1= N = S(i) (5.9)

5.3.6 Classical multidimensional scaling

As described in Section 2.2.2, Multidimensional Scaling (MDS) (also known as Principal
Coordinates Analysis) is a dimensionality reduction method often used to visualize high-
dimensional data on a two-dimensional map. (Borg and Groenen 2005) The input of the
method is a dissimilarity matrix that contains distances (dissimilarities) between pairs of
objects calculated in a high-dimensional space. The output is a configuration of points
embedded into lower (ideally, two or three)-dimensions. In Classical Multidimensional
Scaling (CMDS) (also referred to as Torgerson-Gower scaling) (Torgerson 1952), the goal
is that the Euclidean distances between the outputted points should approximately re-
produce the original dissimilarity matrix. This is achieved by minimizing a cost function
using matrix eigendecomposition. The CMDS method was used in this study to project
conformational ensembles onto a 2-dimensional map for the purpose of visualization. The

dRMSD dissimilarity matrix of conformations was taken as the input of the algorithm.

5.3.7 Neighbouring conformers

In order to study the difference between induced fit and conformational selection binding,
a simple definition is introduced to measure how similar conformations are sampled in an

apo simulation to a given experimental ligand-bound structure. Let S*) denote the set of k
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most similar conformations (neighbouring conformers) with regards to a reference exper-
imental structure E (ranked based on the dRMSD dissimilarity measure). The following
Q™ value is defined as the average dRMSD dissimilarity of conformations in S*) with
regards to structure E:

QW) ::% Y dRMSD(x,E) (5.10)

xeSk)
In this study the quantities QW, Q10)  0100) and Q(290) were used to characterize the
similarity of the most similar, 10 most similar, 100 most similar and 200 most similar con-
formations to an experimental ligand-bound structure of interest.

100) was used to characterize the exact locations of structural

Furthermore, the set S!
differences between the 100 most similar conformations and the reference conformer. For
this purpose, the mean absolute difference distance matrix is calculated between each con-

100)

formation in S( and the reference structure:

1
A= 155 Y [6(x,E)| (5.11)

x€§(100)

Entries of the A matrix that are close to zero indicate pairs of atoms which have similar

(100)

distance in the conformers of S than in the ligand-bound structure.

5.4 Results

5.4.1 Diverse flexibility properties of the 5 binding pockets

To compare the inherent flexibility of the five PDZ binding pockets, the ® overall fluc-
tuation measure was calculated for the five conformational ensembles of the 200 ns MD
simulation trajectories (40000 snapshots for each domain). The ® fluctuation values of the
tive binding pockets (i.e. the five sets of binding site residues defined by the multiple se-
quence alignment) are summarized in Table 5.3. As discussed in Methods, the ® measure
shows the size of conformational space the binding pocket explores in the simulation.

In order to assess the significance of these results, a statistical framework has been

developed. To this end, each of the five 200 ns MD simulations were cut into 1 ns non-
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Name OBinding pocket
InaD PDZ1 0.077
DvI2 PDZ 0.071
Gripl PDZ7 0.06
PTP-BL PDZ2 0.047
Erbin PDZ 0.038

Table 5.3: Overall fluctuation measure calculated for the five PDZ binding sites based on the con-
formational ensembles of the 200 ns MD trajectories.

overlapping, consecutive segments. For each PDZ domains, every possible pairs of 1 ns
segments were compared by determining the absolute difference of the overall binding site
fluctuation (®) measure calculated for the two different segments. These absolute differ-
ence values have been collected in a distribution that was used as a reference background
distribution to describe how well ® was converged.

Since even for the same PDZ domain, the values of ® calculated for different MD con-
formational ensembles are never exactly the same, it should be assessed whether the dif-
ferences we see between different PDZ domains are significant or within thermal noise.
Therefore the spread of the reference background distribution was analysed to calculate
p-values of the absolute ® differences found between different PDZ domains.

Our results showed that the differences detected between the overall binding site fluc-
tuations of different PDZ domains are statistically highly significant. For example, the ©
difference between InaD PDZ1 and GRIP1 PDZ7 has a p-value of 0.0212, while the sig-
nificance of the difference found between InaD PDZ1 and PTP-BL PDZ2 is a p-value of
0.002. Additional examples are the differences between DvI2 PDZ and PTP-BL PDZ2 or
Erbin PDZ that have p-values of 0.0045 and 0.0015, respectively, or the difference between
GRIP1 PDZ7 and Erbin PDZ that has a p-value of 0.022.

As the above is estimated from 1 ns simulation segments, this could be considered a
lower limit as longer simulation times (for example from the whole 200 ns) period are

likely to exhibit greater convergence.
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Interestingly, despite the high structural similarity of the five binding sites (Table 5.2),
one can see large differences in the extent of their intrinsic fluctuation. We find that InaD
PDZ1 and Dvl2 PDZ have the most flexible binding pockets, while the binding site of
Erbin PDZ is the most rigid of those of the five PDZ domains. The ® value of DvI2 PDZ
is almost twice as large as of Erbin PDZ. These results are in good agreements with the
conclusions of experimental studies which have found that Erbin PDZ binding site is rigid
showing little structural variability while Dvl2 PDZ binding site is flexible showing large
structural variability. The results suggest that the rigidity /flexibility of these binding sites
demonstrated in other studies by comparison of apo and holo crystal structures can be
explained by the intrinsic dynamics of the apo proteins.

The reason of the large overall fluctuation value of InaD PDZ1 is further investigated
below. It is also interesting to note that Gripl PDZ7 has larger © value than Erbin PDZ
despite the fact that the base of its binding pocket is closed. The reason of this is also

explained below.

5.4.2 Erbin PDZ and Dvl2 PDZ: rigid vs. flexible binding site
Fluctuation and flexibility patterns

As we see, the binding pocket of DvI2 PDZ is significantly more flexible than the binding
pocket of Erbin PDZ. In order to perform a more detailed comparison of the dynamics
of the two PDZ domains, the binding pocket patterns based on the fluctuation (F) and
flexibility (X) matrices were calculated. As described in Methods, binding pocket patterns
are 5x10 submatrices characterizing pairwise relations of binding site residues. Figure 5.7
shows the patterns of fluctuation and flexibility for Erbin PDZ and Dvl2 PDZ domains.
We can see that the fluctuation patterns of the two domains (Figure 5.7A and B) are
remarkably different. The Erbin PDZ pattern shows low pairwise fluctuation values of the
binding site residues. Only residues 334Phe and 335Ser (at the N-terminal of f2-strand)
are slightly mobile with regards to 396Lys (located at the C-terminal of a1-helix). Overall,

the binding pocket of Erbin PDZ forms a rather rigid structure.
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By contrast, the DvI2 PDZ pattern shows large pairwise fluctuations between the bind-
ing site residues. In particular, the residues 14Ile and 15Ser (located at the N-terminal end
of B2-strand) have prominent fluctuation with regards to the entire a2-helix. The largest
mobility is observed between 14Ile-15Ser with regards to 68Val-69Arg (located at the mid-
dle of a2-helix). The considerable fluctuation of 14Ile and 15Ser relative to the a2-helix in-
dicates that it is the top portion of the binding groove that undergoes an opening-closing
motion. Similar conformational changes of the binding site have been reported for other
PDZ domains.>>#% QOverall, the binding pocket of DvI2 PDZ is much more flexible than
that of Erbin PDZ.

The flexibility pattern of Erbin PDZ (Figure 5.7D) shows that the top portion of the
Erbin PDZ binding site is more flexible than suggested by the fluctuation pattern alone.
For example, the large pairwise flexibility value between 335Ser (located at the N-terminal
end of B2-strand) and 396Lys (located at the C-terminal end of a1-helix) indicates that the
distance of the two residues changes within a wide interval. Their distance distribution
shows that the top part of the binding site occasionally opens up considerably more, but
these extreme conformers are very infrequent and the binding site behaves as a rigid struc-
ture most of the time. Similarly, in the case of the Dvl2 PDZ domain, we see residue pairs
that have large pairwise flexibility despite low pairwise fluctuation (e.g. 18Gly with re-
gards to 68Val). These examples illustrate that fluctuation and flexibility patterns provide

complementary measures for studying protein dynamics.
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Figure 5.7: Comparison of the fluctuation and flexibility binding pocket patterns of Dvl2 PDZ and
Erbin PDZ: A. Fluctuation (F) matrix pattern of the Dv12 PDZ binding site; B. Fluctuation (F) matrix
pattern of the Erbin PDZ binding site; C. Flexibility (X) matrix pattern of the Dvl2 PDZ binding site;

D. Flexibility (X) matrix pattern of the Erbin PDZ binding site.
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Flexibility pattern of experimental structures

To understand what roles the intrinsic dynamics of the DvI2 PDZ domain plays in lig-
and binding, the fluctuation and flexibility properties of the binding pocket have been
compared to the structural differences seen between experimental apo and ligand-bound
structures. For this purpose, an experimental conformational ensemble was assembled in-
cluding a crystal structure of the apo Dvl PDZ domain (PDB: 2rey) and four crystal struc-
tures of different ligand-bound conformations (PDB: 3cbx, 3cby, 3cbz and 3cc0). One of
the four ligand bound-structures (referred to as pep-C1) represents C-terminal ligand fam-
ily, while the other three structures (referred to as pep-N1, pep-N2 and pep-N3) represent

three different internal peptide ligand families (Zhang et al 2009).
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Figure 5.8: Flexibility matrix calculated based on the experimental ensemble of Dvl2 PDZ. The
used ensemble consists of five crystal structures: an apo (PDB: 2rey) and 4 ligand-bound (PDB:
3cbx, 3cby, 3cbz and 3cc0) structures.

The flexibility matrix (X) pattern of the binding pocket was calculated based on the
experimental ensemble (see Figure 5.8) to characterize the differences between the crystal
structures. This pattern shows us which binding pocket residue pairs have the largest
relative displacement between the apo and ligand-bound structures. This experimental
flexibility pattern is markedly similar to the fluctuation and flexibility patterns which are

based on the apo MD simulation (Figure 5.7A and C). The correlation with the fluctuation
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and flexibility patterns of the simulation are 0.74 and 0.68, respectively.

Shown by Figure 5.8, in the experimental ensemble the largest displacements are seen
for residues 14Ile and 15Ser with regards to the a2-helix. As discussed in the previous sec-
tion, the most prominent motions were observed for the same two residues relative to the
a2-helix. The similarity of intrinsic conformational dynamics and structural deformations
observed upon ligand-binding suggest that the spontaneous fluctuations of the apo struc-
ture do play some role in peptide recognition. The intrinsic dynamics may be important
either for actually visiting the bound conformations or could just be an indicator for that

the structure is predisposed for conformational changes induced by the ligands.

Cluster analysis and multidimensional scaling

To study how the MD snapshots are distributed in the conformational space, the apo Dv12
PDZ simulation ensemble was clustered and was projected to a 2-dimensional map using
the classical multidimensional scaling (MDS) method. Every 10th snapshots (taken with
50 ps frequency from the trajectory) were included in the analysis. The input of clustering
and MDS was therefore a 3981x3981 matrix containing the pairwise dRMSD dissimilarity
values of the 3981 conformers.

Groups of similar conformers were identified with the k-mean cluster analysis algo-
rithm and clustering results were validated with the silhouette index measure. The op-
timal number of clusters corresponding to the maximal overall average silhouette index
(Sover = 0.411) was found to be 2. The two large conformational clusters identified that
contain 1512 and 2469 conformers, will be referred to as Cluster 1 and 2, respectively.

Figure 5.9 summarizes the results of cluster analysis and multidimensional scaling.
Figure 5.9A presents the dRMSD dissimilarity matrix of the 3981 conformers rearranged
according to the clustering results (i.e. conformers belonging to the same cluster are ar-
ranged next to each other in the matrix). We can see low dissimilarity values between
conformations that belong to the same cluster and high dissimilarity values between con-
formations belonging to different clusters.

Figure 5.9B shows the results of multidimensional scaling: conformations represented
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by dots are visualized on a 2-dimensional map in which similar conformers are located
close to each. The colors of the dots represent the corresponding silhouette index values:
the higher this value is, the more we are assured that the conformer had been labelled
to the correct cluster. We can see that while conformations in the cores of the clusters
have high silhouette indices, conformers found at the interface of the two clusters have
low silhouette values as they could be classified to the other cluster too. The rearranged
dRMSD matrix, the MDS map and the overall average silhouette index indicates that the

conformational ensemble is split to two distinct, contiguous clusters.
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Figure 5.9: Result of cluster analysis of the Dvl2 PDZ conformational ensemble consisting of 3981
MD simulation snapshots. A: dRMSD dissimilarity matrix of the 3981 conformers rearranged in a
way that rows and columns corresponding to conformers that belong to the same cluster are next
to each other in the matrix; B: Multidimensional Scaling results visualizing the conformational
ensemble on a 2-dimensional map. Colors represent silhouette index values. (The overall average
silhouette index is 0.411); C: Difference distance matrix (4) calculated between the representative
medoid conformations of the two clusters.

Finally, Figure 5.9C shows the difference distance matrix (J) calculated between the

representative conformations (medoids) of the two clusters. We can see that the largest
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structural differences between the two cluster medoids are the deviations of 14lle and
15Ser with regards to the a2-helix. In other words, the motion of 14Ile and 15Ser rela-
tive to the a2-helix (indicated by the fluctuation matrix pattern; Figure 5.7A) corresponds
to the transition of the protein from one conformational cluster to another. These results
suggest that the conformational dynamics of the DvI2 PDZ binding pocket is determined

by two distinct basins in the energy landscape.
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Figure 5.10: Multidimensional Scaling of the extended conformational ensemble of the Dvl2 PDZ
domain containing the 3981 MD simulation snapshots and the 4 experimental ligand-bound con-
formers (pep-C1, pep-N1, pep-N2 and pep-N3). Blue dots represent conformations that belong to
Cluster 1, red dots represent conformations that belong to Cluster 2. The 4 crystal structures: pep-
C1, pep-N1, pep-N2 and pep-N3 are shown in magenta, cyan, yellow and green color, respectively.

To further investigate the relationship between the intrinsic dynamics and ligand bind-
ing of Dvl2 PDZ, the location of the four ligand-bound crystal structures in the confor-
mational space explored by the apo MD simulations was studied. For this purpose, the

multidimensional scaling was recalculated for an extended conformational ensemble that
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contained the 3981 MD simulation snapshots and the 4 experimental ligand-bound con-
formers discussed in the previous subsection (pep-C1, pep-N1, pep-N2 and pep-N3). The
resulting 2-dimensional map showing the MD simulation ensemble and the 4 crystal struc-
tures together is presented in Figure 5.10. Conformations belonging to Cluster 1 and 2 are
shown in blue and red color, respectively. The four experimental structures are highlighted
in different colors (pep-C1: magenta; pep-N1: cyan; pep-N2: yellow and pep-N3: green).
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Figure 5.11: Distribution of dRMSD dissimilarity values between MD simulation snapshots in the
two different clusters and the pep-N2 ligand-bound conformation. The red curve depicts the dis-
tribution corresponding to Cluster 2, while the blue curve depicts the distribution of Cluster 1.

We can see that the MDS analysis has placed pep-C1, pep-N1 and pep-N3 conformers
in Cluster 1, while pep-N2 has been allocated to the middle of Cluster 2. In other words,
all simulation snapshots that are similar to the pep-C1, pep-N1 and pep-N3 ligand-bound
conformations appear to belong to Cluster 1, while snapshots similar to the pep-N2 con-
former belong to Cluster 2. These results are also confirmed by the distributions of dARMSD

dissimilarity values between the snapshots in the two different clusters and the pep-N2
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and pep-N3 conformations (see Figure 5.11 and 5.12).
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Figure 5.12: Distribution of dRMSD dissimilarity values between MD simulation snapshots in the
two different clusters and the pep-N3 ligand-bound conformation. The blue curve depicts the
distribution corresponding to Cluster 1, while the red curve depicts the distribution of Cluster 2.

Two main conclusions can be made based on the MDS results. Firstly, binding pocket
conformations similar to each of the four experimental ligand-bound structures are visited
in the MD simulation. Secondly, the relatively large conformational space explored by the
apo DvI2 PDZ binding pocket (i.e. compared to the size of conformational space visited by
the Erbin PDZ binding site) is required for incorporating all four experimental binding site
conformers. In other words, it is likely that visiting Cluster 1 is necessary for the domain
to form the pep-C1, pep-N1 and pep-N3 complexes, while visiting Cluster 2 is required for
forming the pep-N2 complex.

Figure 5.13 shows the superposition of the binding sites of pep-N2 and pep-N3 con-
formers with regards to the centers (medoid conformations) of the two clusters. The pep-

N3 binding site is markedly more similar to the center of Cluster 1 than to the medoid
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of Cluster 2. On the other hand, the pep-N2 binding pocket aligh much better with the
medoid of Cluster 2 than with the center of Cluster 1. In addition, Figure 5.13 shows
the main structural differences between the two cluster medoids that is already discussed
above: the displacement of 14lle and 15Ser (at the N-terminal end of B2-strand) relative
to a2-helix. Since the same structural differences are observed between the pep-N2 and
pep-N3 binding sites, the intrinsic fluctuations of 14Ile and 15Ser seem to be necessary for

accessing both conformations.

\EAE

Figure 5.13: Comparison of the binding sites of the ligand-bound conformations pep-N2 (shown
in green) and pep-N3 (shown in red) to the medoid conformations of the two clusters. A: The two
experimental binding sites are superposed to the binding pocket of the medoid conformation of
Cluster 1 (shown in blue); B: The two experimental binding sites are superposed to the binding
pocket of the medoid conformation of Cluster 2 (shown in blue).

To summarize, these results suggest that the high conformational flexibility of the DvI2
PDZ binding site is closely related to its binding promiscuity. Its binding pocket explores
significantly larger conformational space than the binding pocket of Erbin PDZ. The flexi-
bility enables the domain to visit binding site conformers similar to a number of different
ligand-bound conformations. Consequently, the Dvl2 PDZ domain can be characterised
by the "strong" definition of promiscuity (described in Introduction) and its intrinsic dy-
namics seems to be the key for its promiscuous nature.

Although these results suggest that conformational selection is essential in peptide

recognition of the Dv12 PDZ domain, it is still an open question to what extent the induced
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tit mechanism is involved as fine-tuning in the ligand binding process.

By contrast, the Erbin PDZ domain has a relatively rigid binding site. Figure 5.14 shows
the 2-dimensional map resulted from Multidimensional Scaling of 3981 MD snapshots of
the Erbin PDZ binding pocket extended by 2 experimental ligand-bound conformations
which correspond to complexes with class I and class II peptides (PDB: 1n7t and 1mfg).
(Note that the scales of MDS maps created for Erbin PDZ and DvI2 PDZ are different, so
cluster sizes are not comparable between Figure 5.10 and Figure 5.14.)
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Figure 5.14: Multidimensional Scaling of the extended conformational ensemble of the Erbin PDZ
domain containing the 3981 MD simulation snapshots and 2 experimental ligand-bound conform-
ers (complexes with class I and class II peptides). Red dots represent outlier conformations that
have dRMSD dissimilarity larger or equal than 0.8 A from the medoid conformer. The two com-
plexes with class I and class II peptides are shown in green and yellow color, respectively.

The MDS map of Erbin PDZ shows that the simulation ensemble forms a single con-
formational cluster, however, some conformers are distant from this main cluster. Outlier

conformations (defined as snapshots with dRMSD dissimilarity larger or equal than 0.8 A
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from the medoid conformer) are highlighted in red color. The existence of these outlier
conformers explain why the flexibility pattern of the Erbin PDZ binding site (Figure 5.7D)
shows that the top portion of the binding pocket is much more flexible than suggested by
the fluctuation pattern (Figure 5.7B).

We can also see that the MDS analysis has placed the two experimental peptide-bound
conformations in the main cluster. In particular, the complex with the class I peptide is
located close to the cluster center, while the complex with the class II peptide is placed
closer to the edge of the cluster. Both ligand-bound conformers, however, are located
within the limited conformational space explored by the binding pocket, suggesting that
the conformational selection mechanism may be involved in ligand binding. As discussed
in Introduction, the Erbin PDZ domain is promiscuous in the sense that it is able to bind to
multiple peptides, however, it interacts with its partners using essentially the same binding
mode. It therefore does not satisfy the "strong" definition of promiscuity defined here.

As the shape of binding site is almost the same regardless the ligand bound to it, the
apo Erbin PDZ domain does not need to be flexible in order to visit these conformations.
On the other hand, its rigidity could be beneficial as it may optimize its specificity to-
wards ligands, similarly to antibodies for which rigidification has been shown to result in

increased affinity (Thorpe and Brooks 2007) (see Introduction).

5.4.3 Analysis of InaD PDZ1, PTP-BL PDZ2 and GRIP1 PDZ7

The results highlighting interesting features of the binding sites of the 3 other PDZ do-
mains studied here (InaD PDZ1, PTP-BL PDZ2 and GRIP1 PDZ7) are discussed in this
subsection. Figure 5.15 shows the comparison of the binding pocket fluctuation and flex-
ibility patterns of these PDZ domains. As in Figure 5.7, we see large differences between
their fluctuation and flexibility properties. Note that the patterns in Figure 5.7 and Figure

5.15 are comparable as they use the same color scale.
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Figure 5.15: Comparison of the fluctuation and flexibility binding pocket patterns of InaD PDZ1,
PTP-BL PDZ2 and Gripl PDZ7: A. Fluctuation (F) matrix pattern of the InaD PDZ1 binding site;
B. Flexibility (X) matrix pattern of the InaD PDZ1 binding site; C. Fluctuation (F) matrix pattern of
the PTP-BL PDZ2 binding site; D. Flexibility (X) matrix pattern of the PTP-BL PDZ2 binding site;
E. Fluctuation (F) matrix pattern of the Gripl PDZ7 binding site; F. Flexibility (X) matrix pattern of
the Gripl PDZ7 binding site.
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InaD PDZ1: flexibility as a predictor of promiscuity

As presented in Table 5.3, InaD PDZ1 has the most flexible binding site of the five com-
pared PDZ domains. Figure 5.15A shows that the part of InaD PDZ1 domain that fluc-
tuates the most is three residues at the C-terminal end of the a2-helix (91Ile, 92Lys and
93Glu) with regards to the entire 2-strand. On the other hand, the flexibility matrix pat-
tern (Figure 5.15B) also shows that much larger region (almost the whole binding pocket)

is very flexible.
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Clustering the MD conformational ensemble of the apo domain (3981 snapshots of the
200 ns trajectory) identified two main clusters that are referred to Cluster 1 and 2. The two
clusters contain 2114 and 1867 conformations, respectively. (The overall average silhouette
index is 0.43.) Figure 5.16 presents the results of multidimensional scaling of the 3981
snapshots and the known experimental structure of the PDZ domain in complex with the
NorpA peptide (PDB: 1ihj). Conformations belonging to Cluster 1 and 2 are visualized in
blue and red colors, respectively. The figure shows that the division of the conformational

ensemble into two clusters is not as clear as in the case of Dv12 PDZ binding pocket.
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Figure 5.16: Multidimensional Scaling of the extended conformational ensemble of the InaD PDZ1
domain containing the 3981 MD simulation snapshots and the experimental ligand-bound con-
former (complex with the NorpA peptide) which is shown in yellow. Blue dots represent confor-
mations that belong to Cluster 1, red dots represent conformations that belong to Cluster 2.

One can see that the MDS analysis has placed the NorpA-bound conformer in Cluster
1. In other words, all simulation snapshots that are similar to the NorpA peptide-bound

conformation appear to belong to Cluster 1. Therefore, exploring the conformational space
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of Cluster 1 could be important for the InaD PDZ1 binding pocket to be able to form a
complex with the NorpA peptide.

On the other hand, the reason of exploring Cluster 2 is not immediately clear. As we
have seen for the DvI2 PDZ domain, the conformational flexibility of the binding pocket
is likely to be related to its promiscuity. The Dvl2 PDZ binding pocket also explores a
relatively large conformational space consisting of two different conformational clusters
that have been found to incorporate multiple ligand-bound conformers corresponding to
different partners and different binding modes. This could also be the case for the InaD
PDZ1 binding site. As discussed in Introduction, besides the NorpA peptide, the InaD
PDZ1 domain has been shown to bind to the unconventional myosin NinaC. Moreover,
experimental results suggest that InaD PDZ1 may interact with NinaC in a different mode
than it does with NorpA (i.e. binding to an internal peptide sequence motif of NinaC).
This hypothesis, however, has not been directly confirmed since no experimental structure
of the complex of InaD PDZ1 and NinaC peptide is currently available.

If the hypothesis based on experimental data is true (i.e. InaD PDZ1 indeed interacts
with NinaC in a different binding mode than with NorpA) and the conformational selec-
tion mechanism plays a prominent role in this interaction, the InaD PDZ binding pocket
needs to be relatively flexible exploring the conformational space between the different
ligand-bound conformers. This is exactly what we see in the results of MDS analysis.
While visiting Cluster 1 may be important for the binding pocket to interact with the
NorpA peptide, visiting Cluster 2 may be essential for interacting with the NinaC pep-
tide.

To summarize, the InaD PDZ1 domain is likely to satisfy the "strong" definition of
promiscuity as it can probably bind to different partners using considerably different bind-
ing modes. We see again that this property is correlated with the conformational flexibility
of the binding pocket, such as in the case of the Dvl2 PDZ domain. Based on the results of
multidimensional scaling, it is predicted here that visiting the conformational space corre-
sponding to Cluster 2 is necessary for the InaD PDZ1 binding site to be able to interact with

NinaC. In other words, it is predicted that the ligand-bound conformer of the complex of
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InaD PDZ1 with NinaC would be placed in Cluster 2 by the MDS analysis. This hypothesis
could easily be tested once the structure of the complex is solved experimentally.
Furthermore, these results also support the earlier anticipation of Kimple et al. and
Wes et al. that InaD PDZ1 binds to NorpA and NinaC using different binding modes. 3¥22%
Based on the fluctuation pattern in Figure 5.15A, the main structural difference between
the NorpA and NinaC peptide-bound conformers is predicted to be the shift of the C-
terminal end of the a2-helix (91Ile, 92Lys and 93Glu) with regards to the p2-strand.

PTP-BL PDZ2: peptide binding by induced fit

The fluctuation pattern of PTP-BL PDZ2 (Figure 5.15C) shows that this domain has a con-
siderably rigid binding site, similarly to Erbin PDZ domain. However, the flexibility pat-
tern (Figure 5.15D) reveals that the N-terminal end of a2-helix is flexible (even if does not
fluctuate much) with regards to the f2-strand. The result of multidimensional scaling of
the 3981 simulation snapshots and the experimental ligand-bound conformer correspond-
ing to a complex with the APC peptide (PDB: 1vj6) is presented in Figure 5.17. The ma-
jority of conformations appear to be distributed within a single compact cluster, however
a large number of outlier conformations are also observed that are considerably differ-
ent from those belonging to the main cluster. Outlier conformations defined as snapshots
with dRMSD dissimilarity larger or equal than 0.9 A are highlighted in red color. These
outlier conformers explain why the flexibility pattern of the PTP-BL PDZ2 binding site
shows that the N-terminal end of a2-helix is more flexible with regards to the f2-strand
than suggested by the fluctuation binding pocket pattern.

Although the MDS analysis has placed the experimental ligand-bound conformer in
the main conformational cluster, this does not exclude the possibility that induced fit plays
essential role in the binding process. As discussed in Introduction, experimental evidences
suggest that PTP-BL PDZ2 binds to the APC peptide through an induced fit mechanism. In
order to investigate this, the structural differences between the APC-bound conformation
and the most similar (neighbouring) conformers sampled in the apo MD simulation have

been characterised using the QW, Q10) O(100) and Q(2%0) yalues defined in Methodology.
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These measures describe the similarity of the most similar, 10 most similar, 100 most simi-
lar and 200 most similar binding pocket conformations to the experimental ligand-bound

structure of interest.
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Figure 5.17: Multidimensional Scaling of the extended conformational ensemble of the PTP-BL
PDZ2 domain containing the 3981 MD simulation snapshots and the experimental ligand-bound
conformer corresponding to a complex of PTP-BL PDZ2 with the APC peptide which is shown in
yellow. Red dots represent outlier conformations that have dRMSD dissimilarity larger or equal
than 0.9 A from the medoid conformer.

Table 5.4 gives a summary of the QW, 0(10) O(100) and Q200) yalues calculated for each
peptide-bound conformation of each of the five PDZ domains simulated in this study. We
see that, out of the five PDZ domains, the complex of PTP-BL PDZ2 domain with the APC
peptide is the less similar to the apo MD simulation ensemble. It has the highest Q(!) and
Q119 values (0.37 A and 0.39 A which represent the average dRMSD dissimilarity between

the ligand-bound conformer and the most similar and ten most similar simulation snap-
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shots, respectively. In other words, the structure of the ligand bound PTP-BL PDZ2 bind-
ing site is the most distant from the conformational space sampled in the MD simulations.
By contrast, for example, the complex of InaD PDZ1 with the NorpA peptide has signif-
icantly lower Q") and Q%) values (0.15 A and 0.18 A indicating that this ligand-bound

binding site is accessed much closer in the apo MD simulation.

Complex QW | Qo) | Q100) | ;(200)

Erbin PDZ : Class I peptide | 0.17A | 0.18 A | 021 A | 022 A
Erbin PDZ : Class Il peptide | 021 A | 026 A | 0.31 A | 0.33 A

Dvl PDZ : pep-C1 peptide 029A | 032A | 036 A | 041 A
Dvl PDZ : pep-N1 peptide 03A | 036A | 044 A | 048 A
Dvl PDZ : pep-N2 peptide 019A | 025A | 0.31A | 033 A
Dvl PDZ : pep-N3 peptide 028A | 03A | 034A |036A

InaD PDZ1 : NorpA peptide | 0.15A | 018 A | 021 A | 023 A

PTP-BL PDZ2 : APC peptide | 0.37A | 0.39 A | 043 A | 0.44 A

Table 5.4: Mean dRMSD dissimilarity between the ligand-bound conformations and the most sim-
ilar, 10 most similar, 100 most similar and 200 most similar snapshots of the apo MD simulations

(see more detailed explanation of the QW, Q(10)  (100) and Q(290) measures in Methods).

Due to the possibly incomplete sampling of these simulations, we are unable to tell if
the apo structures get any closer to the peptide-bound conformations in reality. However,
based on the data presented here, we can say that out of the five PDZ domains studied,
PTP-BL PDZ2 is the most likely to involve induced fit mechanism when binding to the
APC peptide. Figure 5.18. shows the mean absolute difference distance matrix (A) pattern
calculated between the peptide-bound structure and the 100 most similar snapshots. We
can see that the largest deviations are found in the distances between 28Ser and 85Leu and
between 29Val and 86Arg. The A pattern suggests that these two inter-residue distances
are altered the largest extent upon binding to the APC peptide.

Although these results support the conclusion of experimental studies that induced fit

is involved in the binding of PTP-BL PDZ2 to APC, it also seems likely that the induced fit
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mechanism may play important role in other PDZ-peptide interactions as well. Conforma-
tional selection and induced fit both appear to be essential in the binding of PDZ domains
to their peptides. Firstly, conformational selection seems to be an essential mechanism for
PDZ domains to visit regions of the conformational space that are close to different ligand-
bound states. Visiting these regions are probably necessary for the formation of initial
complexes. Secondly, once an initial complex is formed, the induced fit mechanism, as a
fine-tuning step, could lead to minor changes in the shape of the binding pocket stabilizing

the PDZ-peptide complex.
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Figure 5.18: Mean absolute difference distance matrix (A) pattern calculated between the APC
peptide-bound conformation of PTP-BL PDZ2 and the 100 most similar MD simulation snapshots.

GRIP1 PDZ7: a closed carboxyl peptide binding pocket

As discussed in Introduction, the a2/ B2 binding pocket of the GRIP1 PDZ7 domain adopts
a closed conformation and is probably unable to interact with a carboxyl peptide. This pre-
diction, however, is based on the solution structure of the domain which shows that GRIP1
PDZ7 has a significantly smaller carboxyl peptide binding site than other PDZ domains.
On the other hand, some other PDZ domains are known to have similarly closed binding
pockets that are however able to open up in order to incorporate a peptide ligand (e.g. the
LARG PDZ domain: see Introduction). Here the conformational ensemble generated by

the MD simulation of GRIP1 PDZ7 was used to study whether the apo PDZ domain is able
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to undergo such conformational transition opening its carboxyl peptide binding site.

The fluctuation and flexibility patterns of the GRIP1 PDZ7 binding pocket (Figure 5.15E
and F) show that the N-terminal end of B2-strand has notable fluctuation with regards
to the C-terminal end of a2-helix. On the other hand, the patterns also show that the C-
terminal end of B2-strand has little mobility with regards to the N-terminal end of a2-helix.
Since the bottom of the binding pocket is located between the C-terminal end of f2-strand
and the N-terminal end of a2-helix, their low relative fluctuation suggests that the base of
the binding site does not open significantly.

In order to study this question in more details, the distance between the C-terminal
residue of B2-strand and the N-terminal residue of a2-helix is used to characterize to what
extent the base part of the binding pocket is open. The equivalent residue pairs whose
distance is calculated are 338Gly and 388His in Erbin PDZ, 18Gly and 64Asn in DvI2 PDZ,
34Arg and 84Glu in InaD PDZ1, 31Gly and 78His in PTP-BL PDZ2 and 41Ala and 84Cys
in GRIP1 PDZ7. Figure 5.19 presents the distance distribution based on the total set of MD
simulation snapshots except the first 1 ns (39801 conformations) for each PDZ domain.

A number of interesting observations can be made comparing the five distance distri-
butions. First of all, the curves characterizing Erbin PDZ and PTP-BL PDZ2 are almost
identical (both are approximately Gaussian functions with a mean of 0.628 nm and 0.64
nm, and standard deviation of 0.029 nm and 0.049 nm, respectively) indicating that the
base part of the binding groove of these two PDZ domains behave in a very similar fash-
ion. The distribution of the InaD PDZ1 domain, however, has larger spread (a standard
deviation of 0.058 nm) , but the mean distance is about the same (0.635 nm) as in Erbin
PDZ and PTP-BL PDZ2. Interestingly, the distance distribution of Dv12 PDZ is a super-
position of two Gaussian distributions (with a mean of 0.6 nm and a standard deviation
of 0.058 nm). However, the location of one of the two superposed Gaussian curves agrees

well with the distributions observed for Erbin PDZ and PTP-BL PDZ2.
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Figure 5.19: Distance distribution of the N-terminal residue of #2-helix and the C-terminal residue
of f2-strand showing the extent the bottom of binding groove is open. The distributions is calcu-
lated for each PDZ domain based on 39801 simulation snapshots spanning 199 ns simulation time.

Most importantly, the distance distribution of GRIP1 PDZ7 (which can be approxi-
mated well as a single Gaussian distribution) is significantly shifted relative to the other
four distributions. It has a mean of only 0.568 nm and a standard deviation of 0.039 nm.
While the distance distributions of Erbin PDZ, PTP-BL PDZ2, Dvl2 PDZ and InaD PDZ1
domains have considerable overlap within the [0.6 nm; 0.7 nm] interval, the distribution
of GRIP1 PDZ7 has a much smaller overlap with this region. In other words, the proba-
bility that the base part of the binding pocket is open with an extent larger than 0.6 nm is
considerably low in the case of the GRIP1 PDZ7 domain but is high in the four other PDZ
domains.

These results indicate that, as also shown by the experimental structures, the bottom of
the binding groove of the GRIP1 PDZ7 domain is closed and it remains closed in the course
of the 200 ns MD simulation unlike in other PDZ binding sites. This unique property of
GRIP1 PDZ7 is probably the reason why this PDZ domain has been found to be unable

to bind to carboxyl peptides. However, since the 200 ns MD simulation may still not pro-
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vide sufficient conformational sampling of GRIP1 PDZ7, in order to determine whether its
binding pocket really does not open spontaneously, one might need to use enhanced sam-
pling MD simulation methods such as adaptive umbrella sampling or replica exchange
MD (REMD) that would allow better exploration of the accessible conformational space of

the apo domain.

5.5 Concluding discussions

The intrinsic dynamics of the binding sites of five PDZ domains have been compared in
this chapter, based on 200 ns all-atom molecular dynamics simulations of the apo struc-
tures. The equivalent residues of the five binding pockets have been defined using a mul-
tiple sequence alignment of the PDZ domains. Despite the remarkable structural similar-
ity of the five PDZ folds and binding sites, their fluctuation and flexibility properties have
been found to be surprisingly different. Furthermore, the differences of their mobility cor-
relate well with differences of their functional properties. Therefore, the intrinsic dynamics
of the binding site seems to be a good predictor of functional characteristics.

The binding sites of InaD PDZ1 and Dvl2 PDZ are the most flexible of those of the five
PDZ domains and this high degree of flexibility is likely to be necessary for them to be able
to interact with multiple partners using significantly different binding modes, a property
referred to "strong promiscuity" in this chapter. The Erbin PDZ domain, by contrast, has a
rigid binding site and while it is also promiscuous, it interacts with very similar peptides
using very similar binding modes. Besides the detailed characterisation of dynamics of
PDZ domains, these results reveal a possibly generally important link between binding
site flexibility and promiscuity also discussed in other studies. 173>

The MD simulation confirms that GRIP1 PDZ7 has a closed canonical binding site
which is consequently unable to accommodate carboxyl peptides. The binding pocket
does not appear to undergo a transition from its closed state to an open state in the course
of the 200 ns trajectory. These results agree with the experimental observations that GRIP1

PDZ7 cannot interact with carboxyl ligands.
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Currently there is no experimental structure available of the complex of InaD PDZ1
with the NinaC peptide. Based on the results presented in this chapter, it is predicted that
InaD PDZ1 interacts with NinaC in a significantly different binding mode than it does
with NorpA. This hypothesis could be tested experimentally and is a good example for
that data of dynamics can be used to make predictions about the binding promiscuity of
proteins.

Finally, the results about PTP-BL PDZ2 have revealed that the conformational space
explored by the apo protein is the most different from the APC peptide-bound confor-
mation compared to the other PDZ-peptide complexes. These results, in accordance with
experimental data, suggests that the induced fit mechanism may be crucially involved in
the binding of PTP-BL PDZ2 to the APC peptide. On the other hand, both the induced fit
and the conformational selection mechanism seems to be important for PDZ domains to
interact with various peptides.

While PDZ domains are structurally conserved, their sequences are highly diverged.
As shown by Table 5.2, the average pairwise sequence identity of the five PDZ domains
studied is 25.17 %. Consequently, even if the slight dissimilarities of their 3D structures
cannot explain the large differences of their dynamics, the dissimilarities of their sequences
could provide suitable explanation.

The conservation of their 3D structures and the divergence of their sequences indicate
that the PDZ fold has high designability measured as the number of sequences that belong
to the same fold. In other words, evolution had a large sequence space to explore for
developing PDZ domains of different characteristics. The rigid binding sites of some PDZ
domains might be optimized for interactions of reduced specificity but high affinity, while
flexible binding sites could be optimal for promiscuous ligand binding. As discussed by
Tokuriki et al.1”?, a few mutations may change the conformational space visited by the
protein, making it more rigid or more flexible altering its binding specificity properties (as
for example observed in antibody maturation).

The results presented in this chapter also highlight how important it is for structure-

based drug design studies to consider the flexibility of the target when searching for potent
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inhibitors against PDZ domains. As the dynamics of the binding pocket seems to be a key
factor determining the ability of a PDZ domain to interact with a small molecule, in cases of
many PDZ domains, the flexibility of the binding site should also be taken into account in
addition to the mobility of the ligand as it has already been done in some flexible docking

studies. 248249

Related publication:
Miinz, M., Hein, J. and Biggin, P.C. (2012). The role of flexibility and conformational selec-
tion in the binding promiscuity of PDZ domains. PLoS Comp Biol, 8(11):e1002749



Chapter 6

Network analysis of mouse PTP-BL PDZ2

6.1 Summary

he most important conclusion of Chapter 5 was that the binding specificity and
T promiscuity of PDZ domains are closely related to their intrinsic motions. How-
ever, recent studies have found that the peptide specificity of certain PDZ domains is not a
constant property, but is also allosterically regulated. Some evidences support that dynam-
ics could play a major role in mediating allosteric communication between distant sites of
a single PDZ domain. The goal of the present study discussed in this chapter was to iden-
tify optimal intramolecular signalling pathways in the mouse PTP-BL PDZ2 domain that
could be implicated in its allosteric regulation. A weighted network representation (pro-
posed by Sethi et al.?*) of the PDZ2 domain has been created based on a 200 ns molecular
dynamics simulation of the apo structure. Using network analysis tools, three major opti-
mal intramolecular pathways have been identified that overlap well with those pathways
found in previous NMR and MD studies??>%2%. Two of the three pathways identified here
appear to connect the peptide binding pocket to a distal surface which had been found to

232 Gince the interaction between PDZ1 and

serve as a binding site for the PDZ1 domain
PDZ2 domains had been shown to modulate the peptide binding specificity of PDZ2, the
identified communication pathways are likely to be involved in allosteric signal transmis-
sion between the distal surface and the peptide binding site. The network analysis study

presented in this chapter offers a complementary approach to previous research and was

able to highlight multiple communication pathways predicted only by different studies.
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6.2 Introduction

6.2.1 Dynamically driven allostery of proteins

Allostery, the process by which remote sites in a protein are energetically coupled, is an

efficient and widely used mechanism to regulate protein activity. 4%

Intramolecular sig-
nalling enables the communication of spatially distant sites via long-range propagation of
information. In an allosteric protein, usually binding of a ligand to a regulatory or effector
site results in a change at other functional sites, for example, altering the affinity for other
binding partners.

Although evidences of allostery has been found for a large number of proteins, still
little is know about the underlying processes that connect remote residues. According
to the classical (‘mechanical’) view developed in the recent decades, allosteric regulation

is mediated by a series of discrete conformational changes. 410412

In this notion ligand
binding actually alters protein structure and these structural changes at distant sites lead
to the observed functional changes.

However, an early model and theoretical analysis presented by Cooper and Dryden
413 has shown that ligand-induced changes in dynamics can mediate allosteric communi-
cation between distinct binding sites, even in the absence of a macromolecular conforma-
tional change. Indeed, there is increasing evidence for the role of conformational dynamics
in intramolecular communication.??2414#1% The role of dynamics in allosteric regulation
has been reviewed by Kern and Zuiderweg*?? and discussed in other papers*?'=#23. More-
over, a few studies have found that allostery can be mediated exclusively by transmitted
changes in protein dynamics. 60222409424

Some of the more important evidence of dynamics-mediated allostery has been pre-
sented by Popovych et al.? (also discussed in Section 1.2.3 and 1.4.4) who used NMR and
isothermal titration calorimetry (ITC) to study the role of structure and dynamics in the
negatively cooperative binding of cAMP to the dimeric catabolite activator protein (CAP).
They have found that when the first cAMP binds to one subunit of a CAP dimer, it has

no effect on the conformation of the other subunit. However, binding of the first cAMP
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molecule partially enhances the dynamics of both the liganded and unliganded subunit,
while subsequent binding of the second cAMP greatly suppresses protein motions. There-
fore in this case allosteric communication is not accompanied with structural changes but
is transmitted exclusively by changes in dynamics. These results have been confirmed by
a further study. 4%

In an NMR study of the second PDZ domain of human protein tyrosine phosphatase
PTP-BAS, Fuentes et al. have found that ligand binding results in large change of side
chain motions??2. Importantly, ligand-induced changes in dynamics was not limited to the
binding site residues, but have also been observed at sites remote from the peptide binding
pocket. However, at the locations where long-range changes in side-chain dynamics have
been detected, no significant structural changes have been observed, indicating that the

PTP-BL/BAS PDZ2 domain is also capable of intramolecular communication mediated

exclusively by dynamics.

6.2.2 Allostery and signalling pathways in PTP-BL PDZ2

The possibility of dynamics-mediated intramolecular communication in the PTP-BL/BAS
PDZ domain is of particular interest because the specificity of the domain has been shown

to be allosterically regulated.?3

Van Den Berk et al. have used a random C-terminal pep-
tide A phage display library to study the binding preference of the five PDZ domains in the
mouse PTP-BL protein. Testing several combinations of PDZ domains, they have found
that while a separate PDZ2 domain is able to interact with class III peptides, a protein
segment spanning the first two PDZ domains (PDZ1+2) failed to bind the same ligands.
Next, van Den Berk et al. tried to understand how the presence of PDZ1 domain reg-
ulates the binding specificity of PDZ2 domain. They have shown that the ~ 200 amino
acid long spacer region separating the two PDZ domains did not play a role in the al-
losteric communication, instead PDZ1 directly binds to PDZ2. The interaction between
PDZ1 and PDZ2 domains has been characterized in an NMR experiment by titrating un-
labeled PDZ1 into a sample containing 15N-labeled PDZ2. Upon addition of PDZ1, major

shifts have been observed for signals of PDZ2 residues in the a1-helix, f1-strand and the
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C-terminal end of B6-strand that together form a surface opposite the peptide binding
groove. In addition, residues at the top of the binding pocket important in peptide bind-
ing (e.g. 16Gly) have also found to be perturbed indicating the long-range allosteric effects
of the PDZ1-PDZ2 interaction.

Although these results show that the binding of PDZ1 to the a1/p1/p6-interface on
PDZ2 allosterically modulates the peptide specificity of PDZ2, the exact underlying mech-
anism is not known. As discussed in the previous subsection, the communication of the
PDZ2 binding pocket with residues that are located remote from the binding site is medi-

ated by the coupled dynamics of the system.

"distal surface 1"

"distal surface 2"

\

"peptide binding site"

Figure 6.1: The peptide binding site and the two distal sites identified by Fuentes et al. are shown
on a 3D structure of the human PDZ2 domain bound to a peptide. The binding site and distal
surfaces 1 and 2 are highlighted in red, blue and yellow, respectively. The RA-GEF2 peptide ligand
bound to the PDZ domain is shown in green. (Image Courtesy: Fuentes et al. 2004)

In particular, Fuentes et al. have identified two distal sites that are dynamically linked
to the binding site in human PDZ2 (see Figure 6.1). The first region (referred to as "dis-
tal surface 1") contains residues in the N-terminal end of 6 and the anti-parallel -sheet

element formed by p4 and B5-strands. This region has been found to be linked to the
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peptide-binding site through residue 75Leu located in the a2-helix. The second region (re-
ferred to as "distal surface 2") is located adjacent to the a1-helix and is linked to the binding
pocket through 171Ile found at the N-terminal end of the p2-strand.

Kong and Karpus have performed MD simulations of both the apo and ligand-bound
structures of the human PDZ2 domain. Using interaction correlation analysis?%3, they have
found two continuous interaction pathways connecting the ligand binding pocket with
distant parts of the domain.

The first pathway they have identified (referred to as "Pathway I") starts from the bind-
ing site residue 17Ile (at the N-terminal end of the f2-strand) and extends along the axis
of al-helix. This pathway is similar to the one found by Fuentes et al. that connects the
binding pocket with "distal surface 2". In addition, "Pathway I" agrees well with the path-
way predicted by Lockless et al. in their statistical analysis of multiple sequence alignment
(MSA) of PDZ domain sequences.?® By contrast, the second pathway predicted by Kong
and Karplus (referred to as "Pathway II") has not been identified in previous studies. It
starts from the binding site residues 19Val and 20Thr (located on B2-strand) and runs per-
pendicularly across 52, 83, 4, p6 and Bl-strands. Interestingly, some residues in "Pathway

I'" have been found to be coupled with residues in "Pathway II".

6.2.3 Network analysis of protein structures

Being complex systems, proteins can be effectively modelled and analysed using the con-
cept of networks. *?®> Network studies usually represent the 3D structures of proteins as un-
weighted or weighted undirected graphs (sometimes called “protein structure networks’)
in which nodes correspond to residues and the links between them describe residue inter-

actions (contacts). #2°42” Network analysis methods are now increasingly used to study dif-

428-430 122,431
4

ferent features of proteins such as flexibility and folding , structural similarity

432,433 309,434 435,436

recurring structural patterns , allosteric regulation and stability Some
studies have aimed to understand the general topological features of residue networks
such as their degree distribution**7438, small-worldness **”~440 and modularity #4142, Other

studies have developed methods to identify key nodes or modules in the network that cor-
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respond to functionally relevant sites or residues in the protein. 432434443

However, the network representations used in most studies are constructed based on
static protein structures, while proteins are essentially dynamic. If one is interested in
properties of the protein that are closely related to its conformational dynamics (e.g. al-
losteric signalling), the fluctuation of the structure must also be taken into account. The
key problem here is how to integrate the ensemble of networks that corresponds to the
ensemble of conformations visited by the protein.

As a possible solution, Sethi et al.3”” have introduced a weighted network (referred
to as the dynamical network) based on the contact graph of the protein. In this network
each link was assigned a weight which was set to the absolute value of pairwise correla-
tion between the two residues it connected (represented by their a-carbon atoms). In other
words, the weight of a link described to what extent the dynamics of the two adjacent
residues were coupled to each other. Since the pairwise residue correlation values were
calculated based on an ensemble of conformations, this network representation incorpo-
rates information about conformational dynamics of the protein. (See the exact definition
of dynamical networks in Section 6.3.2.)

Sethi et al. have successfully applied the concept of dynamical networks to study al-
losteric signalling in the bacterial glutamyl-tRNA synthetase and an archaeal leucyl-tRNA
synthetase complexes. The networks have been created based on 20 ns molecular dynam-
ics simulations of the tRNA:protein complexes. According to their interpretation, the link
weights represent the probability of information transfer between two adjacent monomers.
Using network analysis methods (i.e. shortest path, betweenness centrality, characteristic
path length and community analysis) they have identified key residues and optimal and
suboptimal communication pathways.

In this study, the concept of dynamical networks proposed by Sethi et al. has been
applied to study allosteric signalling in the mouse PTP-BL PDZ2 domain (which has 95%
sequence identity with the human PTP-BAS PDZ2 domain). The dynamical network repre-
senting the PDZ domain is created based on a 200 ns MD simulation of the apo structure.

Network analysis methods are used to find optimal pathways in the weighted network
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that could be involved in the allosteric communication of the domain.

6.3 Methods

6.3.1 Molecular Dynamics simulation

A 200 ns all-atom molecular dynamics trajectory of the apo mouse PTP-BL PDZ2 domain
was analysed in this study. Note that the same simulation was used in the previous chap-
ter in the comparative MD analysis. The relevant parameters of the MD simulation are
described in details in Section 4.3.1. Snapshots were taken from the trajectory with a 50 ps
time step; the ensemble used for calculating the residue contact and correlation matrices

and constructing the dynamical network included 4000 simulation snapshots.

6.3.2 Construction of the residue network

The dynamical network representing the PTP-BL PDZ2 domain was created with the same
method used by Sethi et al.3”, also discussed in Chapter 3. Each residue in the protein is
represented by a node in the network. As in the original implementation of Sethi et al.,
two nodes were connected if the closest heavy atoms of the corresponding residues were
within 4.5 A of each other for at least 75% of the simulation snapshots (i.e. in at least
3000 frames). The contact matrix based on the large majority of trajectory frames is a more
robust description of residue connectivities than a contact matrix calculated for a single
simulation snapshot.

The only difference of the implementation used here was that network weights were
derived from an NxN correlation matrix C which was calculated for the BC atoms (or aC
atoms for glycine residues) as the goal was to study the coupled motions of side-chains
instead of backbone atoms.

The C;; pairwise correlation values represent the strength of dynamic coupling between
neighbouring residues and were converted to the negative logarithm of their absolute
value (—log|C;j|) referred to as the length of the link between nodes i and j. While the

Cij correlation is interpreted as the probability of information transfer between the two
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residues, the length of the link means how ‘distant’ two neighbouring nodes are on a com-
munication pathway. Network analysis measures defined below were used to analyse the
weighted graph to identify the most optimal communication pathways across the PDZ

domain.

6.3.3 Network analysis measures

In graph theory, a path in a network is defined as a sequence of nodes such that from each
of its nodes there is a link to the next node in the sequence. In a weighted network, the
length of a path is the sum of the weights of the constituent links in the path. As a special

case, in an unweighted graph the length of a path is simply the number of its links.

Shortest path distances

The goal of the shortest path problem is to find the path between given two nodes in the
network that corresponds to the minimal path length between them. The shortest path
length between two nodes is also referred to as their shortest path distance or geodesic
distance.

For the dynamical network analysed in this study, the shortest path between two resi-
dues is interpreted as the most optimal communication pathway between them: i.e. the
pathway through which signals are transmitted with maximal probability.

The Dijkstra’s algorithm** was used in this study to derive the shortest paths for each
pair of residues from the topology of the weighted network. The matrix storing the shortest

path lengths of each pair of residues in the network will be referred to as D°.

Betweenness centrality

The importance of a particular node in the communication of the network can be estimated

by counting the number of shortest paths between each pair of nodes going across the node
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445

of interest. The betweenness centrality **> of a given node n is therefore defined as

(n—2)(n—1) sindicy Ot

(6.1)

where V is the total set of nodes in the network, oy is the number of shortest paths from
node s to node t and 0y (n) is the number of shortest paths from s to t that pass through
node n. Cp(n) has a value between 0 and 1.

Residues of high betweenness centrality are in key position in the dynamical network
and are probably crucial in the allosteric communication of the domain.

The betweenness centrality of a link L can be defined similarly:

L 2 Usf(L)
Cp(L) := ”(Tl_l)s;v oo (6.2)

where 0, (L) is the number of shortest paths from s to t that pass through link L.

Characteristic Path Length analysis

Another way to study the importance of a residue is to test how the connectedness of other
residues changes upon removing the given node from the graph. The Characteristic Path
Length (CPL)3" is a quantity characterizing the overall interconnectedness of the graph
and is defined as the average shortest path length in the network:

1 Y D} (6.3)

CPL .=
Npairs i

Let CPLK®) denote the characteristic path length calculated in the network after removing
node k with all its links. Furthermore, let ACPL¥) be the increase of CPL upon the removal
of node k:

acpL® .= cpL® — cpL (6.4)

Large ACPL®*) value means that the node is in an important position in the graph as its

removal has a major effect on the communication capabilities of the network.
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As a normalization, the ACPL®*) profile was converted to Z-scores using the following

formula:
_ ACPLW— < ACPL® >

UacpL®

Zk : (65)

where < ACPL®) > is the mean and Oacpr is the standard deviation of ACPL® values.

6.4 Results

6.4.1 Topology of the dynamical network

Figure 6.2 shows the dynamical network generated for the second PDZ domain of mouse
PTP-BL based on a 200 ns MD simulation. The network was visualized using the Kamada-

Kawai algorithm3!!

which aims to find an optimal layout by assigning forces to the links
in the graph and trying to find the positions of nodes that minimizes the total potential
energy of the system.

The PTP-BL PDZ2 network is composed of 89 nodes and a total number of 331 links.
The average node degree (i.e. average number of adjacent nodes) is 7.4 indicating the dy-
namics of a typical residue is coupled to the motion of several other neighbouring residues
with which it is in direct contact.

The highest-degree nodes (hubs) of the network include residue 34Val which has 13
neighbours and 4Phe, 53Asp and 63Leu which have 12 neighbours. These nodes are in-
deed located at the core of the network layout. On the other hand, residues 1Gly, 25Thr,
26Ser and 78Thr have the smallest degree (< 3) and are therefore the most isolated. Residue
1Gly, for example, is located at the N-terminal of the domain, while residues 25Thr and
26Ser are found in the extended flexible f2/B3 loop at the base of the binding pocket
(Walma et al. 2002). Note that this loop is also visualized by the Kamada-Kawai algorithm

as a separated part of the network (Figure 6.2C).
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Figure 6.2: Steps of constructing the dynamical network of mouse PTP-BL PDZ2 domain: A. Con-
tact matrix of the domain based on the 200 ns trajectory. B. Correlation matrix used as weight
matrix of the network. C. The resulting weighted network visualized by the Kamada and Kawai
force directed layout algorithm3!! using the network visualization program Pajek®!?. Edge widths
are proportional to link weights.

The average link weight in the network is 0.32. Weights are visualized with different
line widths in Figure 6.2. They vary considerably: the strongest link in the graph con-
necting 67Thr and 68His has a weight of 0.74, while the weakest link connecting 20Thr

and 68His has a weight of 0.0034. This variation suggests that the shortest paths calcu-
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lated for the weighted network are significantly different compared to those shortest paths

calculated for the unweighted version of the network.
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Figure 6.3: Color-coded mean distance matrix (A.) and shortest path length matrix (D% (B.). Blue
regions correspond to residue pairs separated by short spatial distance and connected by short
paths in the network. The characteristic path length of the network is 3.83.
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6.4.2 Shortest path length matrix

Figure 6.3B shows the color-coded D shortest path length matrix calculated by the Dijk-
stra’s algorithm. The matrix contains the shortest path length for each pair of nodes in
the network. The mean shortest path distance (characteristic path length) of the graph is
3.83. Although the D matrix and the mean distance matrix of the MD trajectory (Figure
6.3A) look similar, detailed comparison of the two matrices has shown that certain residue
pairs which have large spatial distance are connected by short paths in the dynamical net-
work. For example, two remote residues, 19Val and 87Glu (that have a mean distance of
11.3 A ) are connected with shorter path (D?9,87 = 2.479) than the pair of 40Lys and 44Glu
(D20,44 = 2.5), two residues located relatively close in space (a mean distance of 5.4 A).
Residue 19Val is located in the binding site (2 strand) while 87Glu is found at the
opposite side of the domain (C-terminal end of B6 strand). The considerably short path
we see between these two distant residues may explain the coupling of their dynamics
discovered by Kong and Karplus*4. In that study 87Glu has been predicted to be located
on an allosteric communication pathway connecting the binding pocket with a distal site

of the domain.

6.4.3 Identifying central residues

To identify key residues in the protein that may be crucially implicated in long-range al-
losteric signal propagation, the betweenness centrality profile was calculated (see in Figure
6.4). The profile is shown for both the unweighted version of the network (when all link
weights are set to 1) and the weighted dynamical network. As discussed in Methods,
nodes of high betweenness centrality are likely to play important roles in intramolecular
signalling pathways.

The betweenness centrality profiles calculated for the unweighted and the weighted
networks are slightly different (i.e. a correlation of 0.66) which shows that assigning

dynamics-based weights to links in the graph alters the optimal pathways in the network.
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Figure 6.4: Node betweenness centrality profiles calculated for the unweighted and weighted net-
work. Residues of high betweenness centrality in the weighted network are highlighted.
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Figure 6.5: Z-score profile based on Characteristic Path Length (CPL) analysis of the unweighted
and weighted network. The residue of highest Z-score in weighted network (19Val) is highlighted.
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In the weighted network, the residues of highest betweenness centrality are 19Val,
31Gly, 33Tyr, 34Val and 55Val. Residue 19Val is located in the middle of B2 strand, 31Gly,
33Tyr and 34Val are found on the 3 strand while 55Val is in the middle of the p4 strand
(see the positions of 19Val, 34Val and 55Val on the 3D-structure in Figure 6.6).

Figure 6.6: Solution NMR structure of PTP-BL PDZ2 (PDB: 1gm1) and the positions of the three
Valine residues found to be highly central in the dynamical network of the PDZ domain.

Furthermore, the Z-score profile based on characteristic path length (CPL) analysis was
also calculated and is presented in Figure 6.5. Again, the profiles of the weighted and
unweighted networks are similar, but there are considerable differences (i.e. a correlation
of 0.58). In the weighted network, 19Val has far the largest Z-score suggesting that this
residue is crucial in connecting different parts of the domain. Other residues that have

high Z-score include 10Lys, 22Gly, 34Val and 87Glu.
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6.4.4 Identifying key links and communication pathways

In order to identify crucial links that may be important in allosteric communication, the
betweenness centrality of each link in the network was calculated and are summarized in

the matrix shown in Figure 6.7.
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Figure 6.7: Matrix containing the betweenness centrality of each link in the network. Matrix entry
ij is the Cp(L) betweenness centrality of the link between node i and j (if any). Five regions of
high betweenness centrality are highlighted: 1. links between B2-strand and B3-strand; 2. link
between 16Gly and 41Gly; 3. links between B2-strand and a2-helix; 4. links between $3-strand and
B4-strand; 5. links between B4-strand and the C-terminal end of S6-strand.

The link betweenness centrality matrix reveals several links that appear to be essential
for the interconnectedness of the dynamical network. These crucial connections include
links between the middle of f2-strand (19Val, 20Thr) and the middle of B3-strand (32Ile,
33Tyr, 34Val). We can see two important links between the f2-strand (19Val) and a2-helix
(72Val, 75Leu). Links between the the middle of B3-strand (32Ile, 33Tyr, 34Val) and the
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N-terminal half of p4-strand (53Asp, 54Arg, 55Val) are important to highlight. A link be-
tween 16Gly and 41Gly also seems to be critical. Finally, important links connecting the
N-terminal end of B4-strand (53Asp, 54Arg) and the C-terminal end of B6-strand (86Leu,
87Glu, 88Lys) are revealed. These examples of high link betweenness centrality are also

highlighted in Figure 6.7.
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Figure 6.8: Shortest paths between the binding pocket and the rest of the domain are highlighted in
a circular network layout. Nodes of green color represent binding site residues. Short paths (with a
length less than 2.5) connecting binding site residues to non-binding site residues are shown. Edge
widths are proportional to link betweenness centralities.

These results together with the node betweenness centrality and characteristic path
length analysis profiles suggest that there is a key pathway passing through the 52, 83, 4
and p6 strands, connecting the binding site with the C-terminal end of f6-strand. This
pathway is the reason of the low shortest path distance of 19Val and 87Glu discussed
above. Residues predicted to be central (19Val, 34Val and 55Val) are located on the identi-
fied pathway. On the other hand, 19Val is connected to residues of the a2-helix as well via
links of high betweenness centrality. This suggests that the communication between the

B2-strand and the a2-helix is also mediated by the residue 19Val. Finally, the highly cen-
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tral link between 16Gly and 41Gly indicates that there may be an other important pathway
connecting the binding pocket and the a1-helix.

To further investigate how the binding pocket is linked to other parts of the domain,
the key shortest paths connecting the binding site residues (i.e. 14Ser-21Gly and 70GIn-
76Arg) with non-binding site residues are visualized on a circular layout of the network
(Figure 6.8). For convenience, only those shortest paths that have a length less than 2.5
are highlighted. Using this diagram one can identify possible pathways by systematically
mapping the optimal paths between each pair of end points which are connected by short
distances in the graph (a cut-off of 2.5 was used here) and separated by a spatial distance
in the 3D-structure larger than a given threshold. This analysis provides a set of pathways
connecting the binding site with distal sites that have large spatial distance but low shortest
path distance in the dynamical network. The identified pathways found between different
pairs of residues may overlap and can therefore be clustered into a smaller number of
important pathways. Applying this analysis, we can see an important pathway starting
from residues of the f2-strand (19Val, 20Thr), passing through the g3 strand (33Tyr) and p4
strand (54Arg) and linking into the C-terminal end of B6-strand (86Leu, 87Glu). Another
key pathway seems to connect residues of the f1/p2 loop (14Ser-16Gly) and the a1-helix
(41Gly-45Ser). One can also observe the connection between f2-strand (19Val) and a2-
helix (72Val, 75Leu) discussed above. In addition, an optimal pathway is found to connect
the a2-helix (70GIn-75Leu) with the 5/a2-loop (63Leu-69Lys).

To summarize, betweenness centrality analysis has been used to identify links in the
network that are likely to be crucial for dynamics-mediated allosteric communication of
the PDZ domain. These links appear to be involved in a few major pathways connecting
the binding site with other parts of the domain. In particular, three pathways are high-
lighted here that could play important roles in long-range communication. The pathway
between p2-strand and the C-terminal end of B6-strand (which will be referred to as "Path-
way A"). The pathway connecting the 1/ 2 loop and a1-helix (which will be referred to as
"Pathway B"). Finally, the pathway which connects a2-helix with the B5/a2-loop (which

will be referred to as "Pathway C"). These three major pathways are mapped on the 3-
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dimensional structure of the PTP-BL PDZ2 domain (see Figure 6.9).

Figure 6.9: The three major optimal communication pathways identified are mapped on the crystal
structure of the PTP-BL PDZ2 domain (PDB: 1gm1). "Pathway A", "Pathway B" and "Pathway C"
are highlighted in blue, red and yellow, respectively. The same structure is shown in three different
orientations: the location of the peptide binding site is marked in A. and B., while C. shows the
front view of the peptide binding pocket.

These results agree strikingly well with the conclusions of other studies that aimed to
find allosteric communication pathways in the PTP-BL/BAS PDZ2 domain (summarized
in Introduction). "Pathway A" and "Pathway B" identified here are remarkably similar
to the two intramolecular pathways referred to as "Pathway II" and "Pathway I" found
by Kong and Karplus in the human PDZ2%%. In addition, the region connected to the
binding pocket by "Pathway C" overlaps with "distal surface 1" identified by Fuentes et al.
222 On the other hand, the region connected to the binding pocket by "Pathway B" is close
to "distal surface 2" found in the NMR study. Hence, the three unique pathways found in

previous studies have all been predicted by this network analysis method.

6.4.5 How weights affect shortest path distances

To provide an additional example to show that dynamics-based weighting alters the result
of analysis, Figure 6.10 shows a comparison of the weighted and the unweighted shortest
path lengths between the binding site residue 18Ser and the rest of the network.

For a set of residues of equal unweighted shortest path distance from 18Ser, we can
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observe large variation in their weighted shortest path distances. For example, while
both 8Leu and 87Glu are 3 link away from 18Ser, their weighted shortest path lengths
are considerably different: 5.217 for 8Leu and 2.578 for 87Glu. Therefore the probability of
information transfer is significantly larger between 18Ser and 87Glu than between 18Ser
and 8Leu. As also discussed earlier, using the dynamically weighted network instead of
the unweighted network (based on the contact matrix) gives considerably different results
about the optimal pathways in the graph. In other words, the MD simulation data used
for estimating the dynamic couplings between residue pairs were essential for inferring

the optimal communication pathways that are in good overlap with those found in other

studies.
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Figure 6.10: Comparison of the weighted and unweighted shortest path lengths from 18Ser to
all other residues in the network. The shortest path distances to two residues (8Leu and 87Glu)
are highlighted. While 18Ser has an unweighted shortest path distance of 3 to both residues, the
weighted shortest path lengths are significantly different (5.217 to 8Leu and 2.578 to 87Glu).
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6.5 Concluding discussion

In this study, standard network analysis methods have been used to identify optimal in-
tramolecular signalling pathways in the mouse PTP-BL PDZ2 domain, a protein that is
known to be capable of long-range allosteric communication. A network representing the
PDZ domain has been created based on both structural and simulation data. Firstly, the
trajectory contact matrix describing robust inter-residue contacts has been used for defin-
ing the topology of the network. Secondly, the link weights in the network have been
calculated based on a 200 ns MD simulation of the protein with the method proposed
by Sethi et al.’” The dynamical network provides a simple representation to summarize
residue contacts and dynamic couplings observed in a conformational ensemble. These
results show that, as expected, the optimal communication pathways are different in the
dynamically weighted network than in the unweighted (contact-based) network.

Using betweenness centrality and characteristic path length analysis, a number of cen-
tral residues have been identified in the dynamical network including 19Val, 34Val and
55Val. (34Val also serves as a hub in the network.) These three residues found on differ-
ent secondary structural elements (B2-strand, f3-strand and B4-strand, respectively) are
predicted to play key roles in allosteric communication. Analysis of the link betweenness
centrality matrix revealed that these residues are located on an optimal pathway that orig-
inates from the binding pocket and ends at the C-terminal end of B6-strand ("Pathway
A").

Focusing the study on the optimal pathways in the network that connect the binding
site with other parts of the domain showed that besides "Pathway A" there are two other
important paths: a pathway connecting the 51/ 2 loop and a1-helix ("Pathway B") and the
pathway between the a2-helix and the 5/a2-loop ("Pathway C"). In addition, a link that
seems to be crucial for communication between the p2-strand and the a2-helix has been
found.

The optimal signalling pathways described here agree remarkably well with those

found in previous studies. The NMR study by Fuentes et al.???> and the molecular dy-
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namics study by Kong and Karplus*4® have together identified 3 unique intramolecular
pathways in the human PDZ2 domain. As detailed above, these pathways highly overlap
with those detected by the dynamical network analysis method discussed in this chapter.
In addition, "Pathway B" agrees well with the results of the statistical analysis based on a
multiple sequence alignment of PDZ domains by Lockless et al.4%

It is important to note that the two distal regions found to be linked to the binding site
through "Pathway A" and "Pathway B" (i.e. a1-helix and the C-terminal end of f6-strand)
are located on the surface to which PDZ1 domain has been found to bind in the NMR study

by van Den Berk et al.?*

Since the binding of PDZ1 to PDZ2 causes long-range allosteric
effects altering the binding specificity of the PDZ2 domain, it is tempting to speculate that
"Pathway A" and "Pathway B" play a role in relaying the allosteric signals between the
PDZ1/PDZ2 interaction site and the peptide binding site.

The present study has demonstrated the usefulness of the concept of dynamical net-
works in studying intramolecular signalling mechanisms. The strength of the dynamical
network method is that it greatly simplifies the data produced by the MD simulation but
still captures key information about the adjacency and cooperativity of residues. Network
analysis has emerged as a popular and powerful tool in systems biology. Networks serve
as highly simplified representations of the biological systems that incorporate relevant in-
formation about the interactions of components. Once a biological system is "translated"
to the language of network science, a wide range of measures and algorithms developed
in the field of graph theory can be applied to analyse its key properties. Therefore, it is
proposed here that structural bioinformatics could also benefit more from the network

analysis approach, provided that transforming structural data to network representations

is relatively straightforward.
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Concluding remarks and future directions

Proteins are complex dynamical systems that exist in an ensemble of conformations de-
termined by their free-energy landscapes (see Section 1.2.1). Although the conformational
dynamics of many proteins are intimately linked to their biochemical functions (e.g. flex-
ibility was found to be key to ligand binding, catalysis and allosteric signalling), little is
known about how their intrinsic motions are encoded in their primary sequences and ter-
tiary structures (see Section 1.4). We are just beginning to understand the relationship
between protein sequence/structure and dynamics space and to reveal how exactly func-
tional properties depend on conformational flexibility. Studying these questions requires
comparative analysis of protein dynamics in a systematic manner.

We see today an explosion in the amount of data of protein motions generated by exper-
imental approaches (e.g. NMR spectroscopy, fluorescence and single-molecule FRET) and
computational methods (e.g. atomistic/coarse-grained MD simulations and Elastic Net-
work Models). . The massive increase of data allows comprehensive, large-scale investi-
gation of protein dynamics and comparative approaches are to play important role in this
tield. However, while many successful algorithms and similarity measures are available
for comparing protein sequences and structures (reviewed by Mount 20044 and Koehl
2001116), the optimal way of quantifying the similarity of protein dynamics is still an open
question.

Most of the work covered in this thesis represents an attempt to create a systematic
framework for the comparative analysis of protein dynamics. The approach introduced
here has been tested on several members of the PDZ domain family. Besides shedding light

on the strength and weaknesses of the methodology, this work has lead to several inter-
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esting conclusions about the relationship between conformational flexibility and binding
specificity of PDZ domains.

The main conclusions of this research are discussed in this last chapter which is divided
into three sections: conclusions of methodological results, conclusions about PDZ domains
and general findings about the relationship between sequence, structure and dynamics.

Finally, possible directions of future research are discussed in the last section.

7.1 Conclusions of methodological results

7.1.1 The five challenges of comparative analysis

Although several different strategies have been proposed so far for the comparative anal-

ysis of protein motions, every approach had to address the following five challenges.

Challenge 1: Representation of protein dynamics

The input of comparative analysis usually comprises two or more conformational ensem-
bles (e.g. provided by MD simulations or NMR experiments) that represent the conforma-
tional subspaces visited by the proteins. In particular, continuous MD simulations provide
high-dimensional trajectories in the conformational space. The direct comparison of these
3N-dimensional trajectories (where N is the number of atoms of the protein) is a problem
difficult to address. One therefore needs a simplified (lower-dimensional) representation
of the MD data.

Dimensionality reduction (Section 2.2) is a widely used approach in the field of data
mining often applied when comparing high-dimensional datasets. As discussed in Sec-
tion 4.2, many comparative MD studies were based on classical dimensionality reduction
methods such as Principal Component Analysis (PCA) or Multidimensional Scaling Anal-
ysis (MDS) to create lower-dimensional representations of the high-dimensional data. For
example, a selected subset of principal components corresponding to the largest eigenval-
ues provide a reduced input dataset for comparative analysis while still capturing essen-

tial information about functionally relevant modes of motions of the proteins. Residue
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fluctuations are often characterized using RMSF profiles which also serve as simplified de-
scription of complex motions (Section 2.1.2). Whatever method is used for this purpose,
the objective is to extract characteristic features from the large datasets describing protein
dynamics at atomic resolution. Similarly, the dynamics of Elastic Network Models (ENMs)
(which are per se simplified representations of protein structures) are usually characterized
using Normal Mode Analysis (NMA) (Section 2.3,2) to extract a set of normal mode vectors

capturing the essential modes of motions.

Challenge 2: Residue matching problem

In order to compare the dynamics of different but homologous protein structures, every
method must have its own solution for the problem of finding the best mapping between
the two non-identical sets of residues, referred to as the ‘residue matching problem’ (see
Section 2.5.4). If the proteins to be compared have significantly similar structures, using
their prior sequence or structural alignment can be a straightforward solution. However,
this may not be the case; we should be able to compare the dynamics of structurally dis-
similar proteins as well. In addition, even when comparing the dynamics of structurally
similar proteins, one may not want to constrain the search for dynamically similar regions
using a prior structural alignment.

Instead of relying on a prior alignment, an alternative option is creating an alignment
that is optimized to match the dynamically most similar regions of the proteins. In other
words, in this case the alignment is not the input but the output of the algorithm. As
a result, the dynamics-based alignment score provides a measure of dynamic similarity
reflecting how well the motions of the proteins agree, much like the DALI alignment score

serves as a measure of structural similarity.

Challenge 3: Method of comparison

Once the complex, high-dimensional data of protein dynamics is transformed into a sim-
plified, low-dimensional representation, the extracted features are to be compared across

the different proteins (or different simulations of the same protein). Various algorithms
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and similarity measures have been proposed for comparative analysis, depending on how
the dynamics of proteins are represented. For example, when MD or ENM data are de-
scribed with a set of principal components or normal modes, the subspace overlap mea-
sure is often used to estimate the similarities of conformational subspaces spanned by these
principal component or normal mode vectors. Similarly, the covariance matrix overlap is
commonly used for comparing two covariance matrices. Another example is the ensemble
averaged RMSD (eRMSD) measure calculated between two conformational ensembles 4.
(An overview of different comparative methods introduced in the literature are given in

Section 2.2 and Section 4.2) The objective of these methods is to provide a global (protein-

level) similarity score and/or to perform local (residue-level) comparison.

Challenge 4: Significance analysis

Once the extracted features of dynamics are compared between different proteins or sim-
ulations, the statistical significance of similarity must also be estimated. This is especially
important, because one can expect a certain extent of dynamic similarity between random
pairs of proteins. The statistical significance (e.g. p-value) of dynamic similarity therefore
needs to be calculated relative to the background similarity score distribution of random
proteins. While this analysis is necessary to make reliable conclusions from the similarity
scores, several previous studies did not use a rigorous significance analysis framework.
In addition, one should also take into account the sampling problems of MD simula-
tions which result in detectable difference between the dynamics of the very same protein
calculated for different simulations. For example, while overlaying RMSF profiles is a
widely used approach for comparing dynamics, the significance of RMSF-difference be-
tween different proteins as compared to the expected RMSF-difference between different

MD simulations of the same protein has hardly been discussed.

Challenge 5: Posterior analysis of comparative results

Finally, the results of comparative analysis may form the basis of further investigations

aiming to study how the functional similarity of proteins relates to their dynamic simi-
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larity, to explain the differences of their dynamics based on their primary sequences and
tertiary structures and to understand the underlying mechanisms of protein evolution.
Addressing these questions would require the integration of the results of comparative
protein dynamics study with comparative sequence and structure analysis, in addition to

functional, mutational and molecular phylogenetic data.

7.1.2 The methodology introduced in the thesis

The approach used in this work for analysing and comparing protein dynamics was mostly
inspired by the structural alignment algorithm DALIL There are several analogies between
the method presented in this thesis and the DALI algorithm. First of all, as discussed in
Section 2.5.2, DALI represents protein structures with their distance matrices summariz-
ing inter-atomic distances. As mentioned in 2.5.2, it can be shown that the distance matrix
contains enough information for reconstructing the original three-dimensional structure.
DALI addresses the pairwise structural alignment problem by aiming to solve the matrix
alignment of the two input distance matrices. Similarly, the basic idea of the work sum-
marized here was to introduce applicable matrix representations of the conformational
dynamics of proteins. Since the structural flexibility of a protein is best captured by its con-
formational ensemble, instead of static inter-atomic distances used by DALI, inter-atomic
distance distributions observed in the whole ensemble are to be characterized. In order
to construct a simple matrix representation of conformational dynamics, several summary
statistics of the inter-atomic distance distributions can be used including the mean, the
standard deviation and variance, the range and interquartile range etc. The result is an
NxN matrix (where N is the number of atoms included in the analysis) that can be com-
pared between different proteins, as distance matrix is compared in DALI Three charac-
teristic matrices, the DFM, F and X matrix have been defined and used in Chapters 4 and
5 based on the standard deviation, variance and range summary statistics, respectively.
These matrices serve as simplified representations of the high-dimensional MD trajecto-
ries, thereby providing solution for Challenge 1. discussed above.

In order to compare conformational ensembles of the same protein, one only has to
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overlay the above-defined matrices calculated for the different ensembles. Since the pro-
teins described by these ensembles are identical, there is no need for an alignment. This is
the case, for example, when apo and holo simulations of a protein are compared.

One the other hand, when comparing different proteins, one has to address to ‘residue
matching problem”’ (discussed above and in Section 2.5.4). Both strategies proposed to
solve this question (Challenge 2) have been explored in this thesis. Prior pairwise align-
ments define LxL submatrices of the dynamics-based matrices of both proteins (where L
is the number of aligned residues). The two LxL submatrices capturing the relative mo-
bility of aligned residues can be directly compared. Alternatively, the matrix alignment
algorithm introduced can be used to identify similar pairs of submatrices in the two input
matrices (Challenge 3).

To address the NP-hard problem of pairwise matrix alignment, a heuristic strategy has
been developed based on the MCMC (Markov chain Monte Carlo) approach discussed in
details in Section 2.4. The method uses the Simulated Annealing (SA) metaheuristic: i.e.
a Markov chain of decreasing "temperature" parameter is generated that is designed to
converge to an optimal matrix alignment ideally corresponding to the global maximum of
the submatrix similarity score. Since the algorithm performs stochastic optimization, each
run may give different outputs and therefore a number of random restarts were created
and the best alignment (i.e. with the largest similarity score) found in the different Markov
chains were selected. Note that in this strategy, the submatrix similarity score is used as
the objective function to be optimized and the maximal score encountered is given as the
final alignment score of the two proteins. The matrix alignment algorithm introduced here
was applied to the comparison of DFM matrices of PDZ domains (Chapter 4). To assess the
statistical significance of similarity (Challenge 4), alignment scores were compared to a ran-
dom background score distribution calculated for a set of evolutionarily and functionally
unrelated proteins.

An apparent weak point of the matrix alignment algorithm is that it does not guarantee
finding the best possible alighment between the two input matrices as the Markov chain

may be trapped by local minima in the search space. This common problem of global
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optimization methods is often called the quasi-ergodicity of the search space referring to
the fact that although the Markov chain can escape from the local minimum with non-
zero probability, this is such a small probability that it actually never happens during the
simulation. Unlike in the case of pairwise sequence alignments where the dynamic pro-
gramming approach (Needleman-Wunsch algorithm) guarantees to give the exact solution
(i.e. the global maximum of alignment score), in case of matrix alignment this approach is
not feasible due to the NP-hardness of the problem. However, performing random restarts
greatly increases our confidence about the results given by the MCMC algorithm.
Another issue to consider is the convergence of DFM patterns during the MD simula-
tions. In particular, when comparing the dynamic fingerprint matrices of different simu-
lations, one should be aware of the uncertainty of individual DFMs due to the incomplete
conformational sampling. Therefore the convergence of DFM patterns was tested by com-
paring five independent 20 ns simulations of the same protein, PSD-95 PDZ3 domain.
Importantly, the matrix alignment method has shown that the five DFMs had highly sig-
nificant similar scores and were much more similar than those of different PDZ domains.
These results suggested that the DFMs calculated based on 20 ns MD simulations were
converged enough to be used for comparative analysis. However, DFM convergence time
may vary across different proteins as it probably depends on the topography of the energy
landscape. Therefore more work is necessary to clarify the uncertainty and convergence of
dynamic fingerprint matrices in general. Note that since the DFM-based "average fluctua-
tion profile" highly correlates with the standard RMSF plot (Section 4.4.1), the assessment
of DFM convergence is intimately linked to the question of convergence of RMSF profiles.
The prior alignment-based comparative strategy was tested in Chapter 4 and 5 using
Needleman-Wunsch pairwise sequence alignments to guide the comparison of dynam-
ics. In case the DFM, F or X matrices are compared based on prior sequence or structural
alignments, the overall submatrix similarity score measures how much the motions of the
two aligned residue sets agree in the two proteins. Furthermore, in addition to the overall
similarity score that quantifies the global dynamic similarity of proteins, overlaying the

aligned submatrices enable us to study which particular regions have most similar and
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most different dynamics in the two structures. For example, analogously to the difference
distance matrix commonly used for visualizing the location and extent of structural differ-
ences between two conformations (Section 5.3.1), the difference fluctuation matrix can help

us to detect local dynamic differences between two structural ensembles (Section 3.4.1).

7.2 Conclusions about PDZ domains

PDZ domains have diverse peptide binding specificity characteristics which can be ex-
plained to a large extent by differences of their binding site residues that form specific
interactions with the peptide ligands (see Section 1.5.4). However, as suggested by earlier
studies and confirmed by the results presented in this thesis, the conformational dynamics
of PDZ domains also appear to play important role in their binding specificity. As PDZ do-
mains have highly conserved global folds and binding sites, the preliminary expectations
was that they would also show very similar inherent dynamics. Surprisingly, the opposite
was found: the comparative approach introduced here has revealed important differences
between the global and local (i.e. binding site) fluctuations of the studied PDZ domains.
First of all, while the global motions of some PDZ domains were identified to be signif-
icantly similar, other pairs of PDZ domains were found to be dynamically different (dis-
cussed in Chapter 4). In particular, the global fluctuations of metazoan PDZ domains were
shown to be dynamically more conserved than those of non-metazoan PDZ domains. The
slight structural differences between the metazoan and circularly permuted non-metazoan
PDZ fold seems to be reflected in the dissimilarity of global dynamics. A more focused
analysis of binding pocket residues (discussed in Chapter 5) has also revealed distinguish-
ing dynamic properties of five PDZ binding sites. In addition, the identified differences of
binding pocket flexibility in these PDZ domains were found to correlate with functional
properties (i.e. peptide binding promiscuity). In addition, optimal (dynamics-mediated)
intramolecular pathways were highlighted in the mouse PTP-BL PDZ2 domain (Chapter
6). As shown by other studies, these signalling pathways are crucial for the allosteric com-

munication between the peptide binding site and distal sites of the domain.
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Thus the DFM methodology was proven to be efficient in highlighting the detailed
differences in dynamics. However, several important questions arise based on these re-
sults. First of all, what sequence or structural features account for the observed dynamic
differences of PDZ domains? How do single point mutations alter their conformational
dynamics? Is it possible to identify paths of consecutive mutations or individual transition
points in sequence space (discussed in Section 1.4.3 and 1.4.4) that connect these distinct
states of dynamics? Can one describe mutations that are able to rigidify the binding pocket
or make it more flexible thereby altering peptide binding specificity?

The detailed analysis of the flexibility of five PDZ binding sites has helped to explain
some of their important functional characteristics. For example, the prominent flexibility
of the binding sites of Dvl2 PDZ and InaD PDZ1 domains is likely to be linked to their
ability to bind multiple ligands in significantly different binding modes. By contrast, the
relative rigidity of the Erbin PDZ binding pocket is suggested to be related to the reduced
specificity range of the domain. On the other hand, the peptide binding site of the GRIP1
PDZ7 domain was found to remain closed in the course of the 200 ns MD simulation,
explaining the observation that this binding pocket is unable to interact with peptides.
While both the conformational selection and induced fit mechanisms seem to be involved
in the ligand recognition process of PDZ domains, the results indicate that out of the five
PDZ domains studied, it is the PTP-BL PDZ2 domain in which induced fit was found to
have the largest effect.

Taking these results together, it seems likely that the dynamics of the a2/B2 binding
pocket is under evolutionary selection pressure. If so, binding site residues are not only
optimized for determining binding specificity via specific interactions with peptide lig-
ands, but also for contributing to optimal binding pocket flexibility necessary for interact-
ing with a range of partners. Taking into account the flexibility of the PDZ binding sites is
particularly important for structure-based drug design as was recognized in flexible dock-
ing studies of PDZ domains.?*3?% Designing small molecule compounds that bind into the
«2 /B2 binding groove with high affinity and selectivity could be guided by the knowledge

of the characteristic motions of the PDZ binding sites of interest.
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To summarize, despite having significantly similar three-dimensional structures, the
peptide binding sites of PDZ domains were found to be remarkably versatile and capable
of performing very different conformational dynamics. Such versatility might be crucial
for PDZ domains to adopt diverse binding specificity properties. Although the fold is
highly conserved, the striking sequence divergence of the PDZ domain family is likely to

explain the observed divergence in dynamics space.

7.3 General conclusions about sequence, structure and dynamics

In addition to the specific results about PDZ domains, this work has lead to some inter-
esting general conclusions about the relationship between protein sequence, structure and
dynamics. As discussed in details in Section 1.4, the mapping between protein sequence
space, structure space and function space is unexpectedly complex which makes sequence
and structure-based function prediction a rather difficult problem. However, as proposed
in Section 1.4.4, the dynamic similarity of proteins could also be used as a measure to pre-
dict protein functions since it may correlate with functional similarity even when sequence
and structure are not reliable predictors. The results summarized in this thesis suggest that
characterizing the distances of proteins in the dynamics space could provide the bridge be-
tween sequence/structure and biochemical function.

As illustrated by the results of Chapter 4, there is detectable correlation between the
global structural similarity and the global dynamic similarity of proteins, as measured by
DALI Z-scores and dynamics-based alignment scores, respectively. However, conservation
of the tertiary structure does not necessarily indicate that the dynamics is also conserved
as exemplified by the results about PDZ domains in Chapter 4 and 5. These results sug-
gest that, such like the amino acid sequence, conformational dynamics can diverge faster
than structure. Furthermore, this conclusion is supported by other findings of a number
of studies discussed in Section 1.4.4. The possible higher rate of divergence in protein dy-
namics space than in structure space could explain fast evolutionary transitions between

distinct biochemical functions of highly conserved protein structures.
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What is suggested here is not that protein dynamics generally diverges faster than pro-
tein structure: this is obviously not the case as a series of studies have demonstrated that
many proteins of conserved structures also have conserved motions. However, discon-
tinuities (transition points) are likely to exist in the mapping from sequence/structure to
dynamics: i.e. proteins for which small changes of sequence or structure results in large
differences in dynamics (see Section 1.4.4). These transition points at which protein dy-
namics diverges faster than sequence or structure are suggested to facilitate the emergence
of new functional properties in evolution. Importantly, the existence of transition points
in the sequence—dynamics interface imposes limitations on coarse-grained ENM models
which represent proteins structures without taking into account their sequences (Section

2.3).

7.4 Future directions of research

It is the essential nature of scientific research that with every answered question several
new questions arise. Indeed, a few ideas and hypotheses that were not explored thor-
oughly in this thesis are proposed here as sensible starting points for further research work.
Some of the possible directions of future investigations are discussed in this last section.

In the first place, several improvements could be made to the dynamics-based align-
ment method to increase the speed and accuracy of the algorithm. For example, instead of
searching the alignment space by adding or removing single amino acid pairs at every step
(see Section 4.3.5), the alignment could be assembled from small blocks of sub-alignments
as for example performed by the DALI algorithm (see Section 2.5.2). Another possible
improvement of the method would be to enable the construction of alignments in which
the two proteins are not necessarily in the same sequence order, thus allowing the correct
match of inverted or circularly permuted sequence regions. In its current form, the algo-
rithm only allows the identification of protein alignments that keep the original sequence
order of the input proteins.

Furthermore, the statistical framework of the algorithm could also be improved by
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performing a more comprehensive assessment of the significance of dynamic similarity
scores. To this end, the random background score distribution might be derived based
on an extended collection of evolutionarily and functionally unrelated proteins. In addi-
tion, the critical simulation length necessary to obtain converged DFM patterns may also
be studied in more details by comparing a larger set of repeated simulations of different
lengths and this convergence analysis could be carried out for multiple different proteins.

Another idea proposed here is to develop a more refined algorithm that would aim to
create local dynamics-based alignments of proteins. Although the alignments generated
by the method introduced in this thesis are "local" in the sense that the alignment score
does not depend on unaligned regions, they are also "global" in that the evaluation of
statistical significance of the similarity score depends on the total lengths of sequences.
Therefore, highly scoring local alignments are not detected due to their low significance.
However, one may be interested in finding local sequence or structural regions that have
similar dynamics in two proteins despite their dissimilar global motions. Serving as a
complementary approach to local sequence and structural alignment tools (discussed in
Section 2.5.3), a local dynamics-based alignment method could help to explain and predict
conservation of biochemical functions based on local similarity of proteins dynamics.

Although the comparative approach described in the thesis have been used to study
PDZ domains as a test case, the method is proposed to be generally applicable for study-
ing the conservation of protein motions. Therefore one straightforward extension of the
research presented here is to use the introduced methodology for comparing the dynamics
of a more diverse set of proteins. As a number of studies have used the DALI similar-
ity score to map the protein structure space (Section 1.4.1), the dynamic similarity score
could be used to map the protein dynamics space. However, creating a large-scale map of
the dynamics space seems to be difficult challenge given the large computational cost of
MD simulations. Other methods that use ENM representations of proteins as the input of
comparative analysis are naturally much more scalable, but less accurate.

One interesting application of the dynamics-based alignment method would be iden-

tifying pairs of proteins that have significantly different sequences and three-dimensional
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structures, yet share similar conformational dynamics (as shown by the schematic illustra-
tion of Figure 1.16F). However, it is not clear if the concept of dynamic similarity can be
defined in a sensible way in the absence of structural similarity. Nevertheless, comparing
protein pairs (if any) that have low structural similarity score but high dynamic similarity
score could be an interesting question.

Another possible application of the methodology described in the thesis is the com-
parison of the fluctuations of proteins in their apo and holo states. Various studies have
found that upon ligand binding proteins can undergo functionally important changes re-
garding their dynamics (e.g. rigidification of the binding pocket or dynamics-mediated
allosteric communication between the binding site and distal sites). In order to character-
ize these dynamic differences between the apo and holo states, one can directly compare
the overlaid DFM patterns.

Clearly, the comparison of two-dimensional DFMs provides more detailed information
about the difference of mobility of residues than simply comparing the one-dimensional
RMSF profiles. However, as shown in Section 4.4.1, the dynamic fingerprint matrix can
also be converted into a one-dimensional profile characterizing residue fluctuations that
is referred to as the average fluctuation profile (AFP). The average fluctuation value of
a residue is defined as the mean of each row of the DFM. As shown in Section 4.4.1, in
case of a 20 ns simulation of PSD-95 PDZ3, the AFP was almost perfectly correlated with
the RMSF profile. The minor difference between the two profiles is probably due to the
fact that RMSF depends on arbitrary parameters of the superposition process while AFP
is independent of superposition. Therefore, it is hypothesized here that AFP may serve
as a more reliable measure of residue fluctuations than RMSF and the correlation between
the two profiles decreases with the overall flexibility of the protein. Since PDZ domains
have relatively rigid structures, the correlation between AFP and RMSF is over 90%. How-
ever, in case of highly flexible proteins that undergo considerable large-scale motions (and
consequently, rigid-body superposition fails to fit their dissimilar conformations), the dif-
ference between AFP and RMSF is likely to be more prominent. This hypothesis could

be tested easily, studying the possible benefits of AFP analysis. On the other hand, these
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results also suggest that the standard superposition-based analysis of protein dynamics
might be replaced with fully distance-based analysis that is not biased by superposition
(see Section 4.5). To this end, the first step could be to investigate the possibility of intro-
ducing a superposition-independent form of the coordinate-covariance matrix.

Finally, several interesting questions arise based on the results about PDZ domains pre-
sented in the thesis. First of all, does the observed correlation between binding site flexi-
bility and binding promiscuity generally holds in the family of PDZ domains? It would be
straightforward to extend the comparative MD study discussed in Chapter 5, by compar-
ing a larger set of PDZ domains based on longer (or repeated) MD simulations. Such an
extended study would aim to collect more data about the relationship of their flexibility
and peptide binding specificity to gain a more comprehensive picture of the mapping of
PDZ domains from dynamics space to function space. On the other hand, an even more
important question is to understand how the dynamics of PDZ domains are encoded in
their sequences and structures. The integration of comparative dynamics analysis with
the results of comparative sequence and structural studies and mutational data could give
valuable insight into the mapping between the sequence, structure and dynamics space
of PDZ domains. Some of the most important questions are the followings: How can a
series of mutations change the flexibility of the binding pocket or the whole domain? Is it
possible to identify transition points at which mutations can switch between distinct dy-
namic characteristics? What structural features (e.g. hydrophobic interactions, hydrogen
bonding, salt bridges or loop rigidity) account for the diverse dynamics of different PDZ
domains? Is it possible to infer the evolutionary relationships between PDZ domains from
the comparison of their dynamics only? (Challenge 5.)

In addition, a specific hypothesis is formulated in Chapter 5, regarding the interaction
of InaD PDZ1 with the NinaC peptide. As discussed in Section 5.4.3, it is expected that
the binding mode of InaD PDZ1 with NinaC is significantly different from that of the
structurally characterized interaction with the NorpA peptide. Currently no structural
data are available to confirm this idea, and the hypothesis could be tested experimentally

by solving the structure of InaD PDZ1 domain in complex with the NinaC peptide.
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