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3 Preface

This thesis was produced in the School of Biomolecular and Biomedical Science at
University College Dublin under the supervision of Dr. Jens Erik Ni€lsethesis is centered
onthe investigation of structural variability of proteins due to their flexibjldye to mutations
and due to the method of solving their structurBne thesis examinesructural differences
and similarities between sequenceeitical and sequence similar structur@$e thesis
investigates the relationship between the intrinsic dynamics of proteins and the change in
protein conformation upon ligand binding and how this relationship can be used to predict
ligand binding sites.

Chapter 1 is the introduction

Chapter2 providesa thorough analysis of the structural differences and similarities
between a subset of structures in the protein data bank (PDB). Those structures are hen egg
white lysozyme (HEWL) and bacteriophage T4 fyeezT4L)Chapter2 investigates the
conformational plasticity of T4L and HEWL as display®day structuresin chapter2it is
examined, whethepbservedstructural differences are due to methodology and procedure
rather than being actual structurdifferences. In chapte2 it is examined, whether mutations
have a significant structural effect on T4L beyond structural differences observed between wild
type structures.

Chapter3 expands on the analysis carried out in chapteAll sequence similarrsictures
in the protein data bank (PDB) are compared against each other, and the effect of a range of
properties- as a source of structural variation between structugeme investigated. A subset
of structures containing only single point mutants aredstigated with the aim of
determining, if the structural effect of a single point mutation propagates through the
structure or only has limited localized effects.

Chapterd investigates whether conformational changes observed upon ligand binding via
X-ray structures are motions causdsy the binding of the ligand or an intrinsic property of the
protein and a trajectory and conformational landscape explored by the protein independent of
the ligand. Concluding that conformational changes are spontaneagduitther probed in
chapter4, whether the ligand binding site can be identified by perturbing the system and
analyzing, which perturbations cause a disruption of the motion between the open and closed
conformation of the protein. For this last analysissé anovel normal mode analysis todh

chapter 4 | present an NMA method for prediction of ligand binding sites.
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4 Summary

The dynamics of proteins have in the past three decades been speculated to be of
importance for protein function. Rational enginésy of proteins therefore involves having
knowledge about their dynamics. In this thekisse knowledge about the intrinsic dynamics of
proteins to identiy their ligand binding site using a normal mode analysis based algorithm. |
show this algorithm to & successful in its prediction for proteins binding their ligand by
conformational selectionl. furthermore analyze a large set of structures to identify, which
parameters contribute to structural differences and which structural differences are due to
intrinsic dynamics and experimental erroBpecifically | find that space group differences is
the single most important parameter for explaining differences betweeay)structures of
proteins.This highlights the importance of taking into account crystaitacts when
comparing computationally predicted structures to experimental target structursisow that
the author of a structure and the starting model used for solving the phase problemagyf X
crystallography by molecular replacemeare more impotant for the final reported structure,
than mutations, the presence of ligands and pH differen¢e$iow that structural
heterogeneity causes larger structural differences than mutatibom$act mutational effects
are very hard to see both in the vicipiand distant from the site of mutatiohis highlights
the importance of using conformational ensembles for structure based calculations sukh as p
calculations and stability calculation&hen performinga calculation on an ensemble of
structures, thiswill reveal the range of values, which ar@mpled by the protein at its

conformationaldynamic equilibrium.
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6 Introduction

6.1 Structure of the thesis

Thisthesiscontainsthree resultchapters numbered?7, 8 and9. In chapter7 an
investigation of the importance of author, lab and starting model to protein structure is carried
out. When comparing protein structures this is something, which is never considered. Here |
show those fators to be more important to the final representation of the electron density in
coordinate space than physiochemical parameters and even mutatibiapter 8 deals with
the analysis of the structural effect of physiochemaadl norrphysiochemical properties on
protein structures. It is shown tha&xperimental errors angrotein dynamics mostly
contribute to stuctural differencesConclusions from théirst and secondesultschaptesare
that experimental errors/differenceand/or intrinsic dynamics is mostly responsible for
observed structural differences.

In the thirdresultschapter t will be described how normal mode analysis has been used to
study the change in directions, amplitudes and energies of the dynamics ofearpupon
perturbation of the structure of that protein by mimicking the binding of a lig&rat.a set of
proteins it is investigated whether conformational sampling or ligand induced fit is responsible
for the conformational changes observed upon lighitting. In those cases where
conformational selectiois predicted to beresponsible for conformational changes, the
intrinsic dynamics is calculated with normal mode analysis and used to predict ligand binding
sites.In summary | present a method foradtifying ligand binding sites in proteins governed
by spontaneous conformational changes. | also show that the success rate of the ligand
binding site finding algorithm is low, when the ligand induces asmmtaneous
conformational change. Most ligandhiling site finding algorithms are grid based methods,
which donot take conformational change into consideration. Identification of ligand binding
sites has been pursued for many decaddany proteins in the sequence space also exist in
the structure spae. Therefore the most recent methods of ligand binding site identification
involve sequential comparison to already existing structures with known bindingl€iyes.

method however is solely structure based.

6.2 Proteins

Proteins are dead end molecules. Thall eventually break down and unlike DNA they
cannotreplicate themselves. The synthesis of proteins is dependefit 8nS & 6 f dzS LINJR y
Y2 f S @MiKCRick 1958 ind humansannot even synthesie all of thenaturally occurring
amino acids; i.e. the essential amino acidgevertheless proteins are very interesting biological
macromoleculesas they are the molecular machinery of the cell. Proteins carry out catalysis
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and serve structural and sigling purposesDNA is restricted to a 4 letter alphabet aischt

the molecular level restricted to attainiryhelix structure. Proteinsn the other hanchave

more than 2Qdifferent building blocks at their disposal and despite being in a linear seguenc
like the nucleotides of DN#hey interact to form thousands of different foldi.isthe

structure of proteins that give them their unique function.

"Almost all aspects of life are engineered at the molecular level, and without understanding molexabas only
have a sketchy understanding of life itselffrancis Crick 198&rick 1988)p. 61)

6.3 Protein Structure

Before digging deeper into protein dynamics, it is beneficial to have an understanding of
protein structure.l dedicate this section to a short walkthrough of protein structures.

A typical protein is a linear sequence of tens to hundreds and even a thousand amino acids.
The typical protein only contains the 20 common amino acids found in most bacteria, plants
andanimals.The 20 amino acids have different properties, because they are made up of
different atoms.Because the 20 amino acids have different properties in terms of size, charge
and many other parameters, they can be combined in a linear sequence tayeiduethree
dimensionaktructure, whichin some casesanautomatically foldn solutiongiven theunique
sequence of amino acideumry and Eyring 1954; Haber and Anfinsen 1962; Epstein,
Goldberger et al. 1963Jhe structure that the protein attains is dependent on the interaction
between the residues and the surrounding environment. Properties of the sotvienvhich
the proteins reside; such as polaritypH, salinitycan be changed and in tuahange the
solubility of the proteirs in solutionand the conformatioal distributionof the protein

structures

Throughoutthis thesis | will be referring to various protein structure properties. | feel it is
beneficial to the reader todwve these metrics and attributes presented here.
One structural property of proteins that | will refer to in chapt@éand8is the. and-
dihedralangles, also known as the Ramachandran anghexsseTare thadihedralangles for
each residue between backbone atofs, N, CA Gand N, CA G, N.,, respectivelylt is
important to understand that the Ramachandran angles are not randomly distributed, but
rather cluster in specific regions &S wl YI OKI yRNI y LJ 24 o6 LI 20
OFfdSa 2y GKS 20KSNJFEAAU0® ¢KS Of dzaGi SNJ LR a
residue and the type of secondary structure element in which each residue is lo€éged(
Wo tf2GGAyI GKS whkYlIOKFYRNIY Fy3fsa NBOSHE a

that a finalX-ray structure is very dependent on automated methods, just like it is evidence
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that automated methods were used, wherf&tors are alldentical or structures solved by
molecular replacement change very little from their parent structure. In chaptgresent a
thorough analysis of structural differencbstween sequence similar proteins and show that

strucure similarity is very dependent on molecular replacement among other things.

All* Gly (not prePro) Pro (not prePro) pre-Pro (not Gly) pre-Pro Gly
| I ¥ |- ) | ' |
cisPro transPro
. ! Y I
i sheet h KSfAE Turns Turns*

Figurel ¢ The Ramachandran plot dfifferent subsets of residue types (top rosyand secondary structure elementspttom row). All* and

Turns* isall residues and residues in turns excllyGPro, prePro.Df @ OAy S FTNB|jdzSy it e NBaARSa i LRaAGADS
The freedom of the dihedral angles of Pro is very limitdRlesidues just prior to Proline (prBro) have unique angles. Those of Glycine preceding
Proline ae different from the 19 other amino acids preceding Proline and different from Glycine not preceding Proline. The angles@fgpGly

are different from Glycine residues not followed by Proline residues. Depending on whether Proline isispatrans configuration it will have

slightly differentRa&’ OKF Yy RN}y RAKSRNI f&ad Ly GSN¥a 2F aSO2yRIFENE &dNHzOGdNB K
area on the Ramachandran plot. A larger variety is seen for residues in turns, although much of the variety can be attribuégtine and

tNREAYS OFd (GKS O2YLI NR&2Y 0SGi6SSy a¢,dapldfsane. anglels frequerNa0.ar pigismost Bkelybty o0 S
a physical phenomenon. Rather it is a sign that manyngles are automatically set bygrystallographic software packages rather than manually

by crystallographersFigure was cawn with gnuplot 4.4.0.

6.4 Protein Dynamics

Proteins are not rigid structures and their function is dependent on more than the scaffold
which their structure provides. Just as atit photo of a clock or a steam engine does not
reveal the full pictureof their functions, the structure of a protein standing alone does not
reveal the details of the function of this biological machine. The functions of proteins can only
be fully expléned if their dynamidehavioris taken into consideration. The idea of dynamics
as an important component of protein function is not a new one. It dates back as far back as
the seventies when McCammon and Karplus stated that "a complete descriptioreokzgme
requires a knowledge of its structure and the dynamics of its funciibpftCammon, Gelin et
al. 1976)Even in 1963eynman during his famous Caltech lectures noted tleaetything
that living things do can be understood in terms of figgling and wiggling of atoms".

Moreover he CASP memberarhich do protein structure predictiomcknowledgehat
intrinsic dynamicss something not easily captured with a single structure and argues that

13170
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ensembles of structures rather than single structures should be compared with averaged
experimental datgMacCallum, Hua et al. 2008}hile the dynamic properties of a protein
stem from its structure,dday it is widely accepted that dynamias addition to structureis of
primeimportance to protein function.

There are many indications that dynamics are of importance to enzymetaend
specificity.Here | list a range of examples.

It has been shown that a mutation of two residues in dihydrofolate redudf@st-R)
locatedfar from each other and far from the active s@éthe enzymechanges theenzyme
activity (Rajagopalan, Lutz et al. 2002; Wang, Goodey et al. B¥igjuse the mutations are
located far from the active site, theubstrate and cofactor binding was not affected, but the
mutated residues were shown through experimental NMRoes and computational MD
simulations to be part of a dynamic network. Furthermore the double mutation (G121V,
M42W) in the same proteindespite the distance from the active sitbas been shown to
have an effect on the hydride transfer step as measungthe kinetic isotope effedKIEafter
isotope labeling of the NADPH cofactor, which is involved in the hydrogen bond chemistry of
the catalytic reaction of DHFR. The KIE was interpra$esl coupling of vibrational energy
involving the sites of mutan far from the active site coupled to the activation of the
catalyzed bondWang, Goodey et al. 2008)ore recently it has been showthat the hydride
transfer ofthe DHFR mutant N23PP/S14&Aslower than that of the mutardnd ¢ while the
drop in the catalytic rate and the hydride transfer rate is not proportional to the drop in the
rate of the millisecond time scale dynamics in the active site lgdhs double mutaibn does
impair the dynamics as measured by CPMG relaxgBtwabha, Lee et al. 201This is
interesting, because thydride transfer is the chemical step of the catalysis, which directly
links conformational fluctuations and catalysis. Electrostatiegrganization it has been
argued is the explanation of the catalyéftficiencyof enzymegPisliakov, Cao et al. 200®ut
for the DHFR double mutant it was however shown, thatpk; value of thecatalyticMet20
residuewas unchangedelative to the wt and the structure of the double mutamias also
nearly identical to that of thevt (which most mutants are, as | will show in this thesis).

An enzymedis;trans Proline isomerasecyclophilin A has been shown to have correlated
motions on a time scale identical to the time scale of the catalytic tienoate in the absence
of substrat€Eisenmesser, Millet et al. 2005%yhich suggests dynamics to be an imgit
property of the structureFor the same enzymetlias been shown, that single point
mutation causes proportional drop irthe rate of catalysiand the rate of conformational
change as measured by NMEhich further suggest a strong link between enzyme catalysis

and intrinsic dynamic@-raser, Clarkson et al. 2009)
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It has been suggested that conformational changes can slow down the binding of ligands
(conformational gatingfMcCammon and Northrup 198lt)has been further shown thahe
substrate selectivity of acetylcholine esterg®e€ChE)s controlled by conformational gating,
which changes the probability of the ligand binding site being accegZibtei, Wlodek et al
1998)The ligand binding site of AChE is buried and the otherwise rapid conformational change
between an open and closed state slows down the substrate binding. The substrate binding is
slowed the most for large ligands, and protein dynamics (the fraquef the conformational
gating) thereby control enzyme specificity. This could maybe explain the redugéd
observed for the hydrolysis of the bulkier butyrylcholi@@dou, Wlodek et al. 1998)

Dynamicsas defined in this thesigs not the molecular motion assotéal with a chemical
reaction (e.g. ATP hydrolysis in theATPase, muscle filament, ribosonetc); rather it isthe
spontaneous movements driven byermal energy that areestricted by the backbone
framework of the proteirand theelectrostatic forcebetween atoms| refer tothese
movementsas equilibrium fluctuationdn particular | am interested in concerted irtdomain
motions, as these are the ones described by low energy normal modes and speculated to be of
importance to enzyme catalys{Eisenmesser, Bosco et al. 2002; WuHtz, Thai et al. 2004;
Eisenmesser, Millet et al. 2005; HenAlildman, Lei et al. 2007; HenzMfildman, Thai et al.
2007; Fraser, Clarkson et al. 2008gse inter domain motionsowever are not suspected to
be important for protein folding. The focus of this thesis is on enzyme catalysis rather than
protein folding. One could imagine a protein exerting a mechanical force on its substrate
during catalysis. This mechanical forceldatrain the protein into a specific conformation and
reduce the free activation energy of the enzy(iistamante, Chemla et al. 200/)e
turnover rate would thus be dependent on the intrinsic dynamics of the prdtdenzler
Wildman, Lei et al. 2007)

| have provided no examples of protein dynamics actively assisting in enzyme catalysis. So
far there has been no evidence of ttitsliakov, Cao et al. 200@nd | danot think protein
dynamics is the key to explain catalytic rate enhancement the way it in some cases can explain
substrate specificity and rate limitation.

Just asstructure andelectrostaticscanbe engineered to changeroperties of an enzyme
such asactivity, substrate selectivity, reaction specificity, stability, dtds alsolikely that
dynamics can be engineered to optimize enzyme actikity.examplepptimization could
involve faster shstrate binding and/or product releasé any of the steps were shown to be
rate limiting to catalysisThe optimization might be carried out by changing the
thermodynamicg; i.e. the population stateg of the reaction towards a transition state like
conformation, whichfavorscatalysislf the population of conformation similar or nearly

identical to the transition state is sparsely populated, then the catalytic rate should be able to
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be increased by further populating the transition state like confolioratOptimization might

alsobe achieved bgimplychandngthe speed at which the functionally important motion
occurs.lt isthis latter approach orwhich this thesis will focus in particular. The incentive to

study dynamics therefore is to be able tcegict changes in dynamics upon mutations and the
associated changes in activity if any. But mutational changes will most likely affect more than
just the dynamics of a protein. Therefore the results and methods presented in this thesis
would have to beconsidered in combinatiomith other methods to make a qualified

prediction of the consequences of point mutation(s). And afterwards the time consuming
mutational study and subsequent measurement of relevant physical parameters would have to
be carried out irorder to validate the methods and improve them for future predictions on

other systems.

Protein dynamics can be studied by different computational meth8isulation of
molecular dynamig¥arplus and McCammon 2002)he most populamethod as judged by
the number of publications on the subjeetnd another method is normal mode analysis.
Normal mode analysis can be used to describe experimentally obsemetioiual
motiongWang, Borchardt et al. 200&8hd equilibrium fluctuations as observed foy example
experimentalX-ray temperature factof@Bahar, Atgan et al. 1997; Haliloglu and Bahar 1999)

In this thesis | make use of NMA. Here | briefly present advantages and disadvantages of
NMA and MDDynamicof proteinscan be addressed computationally by full force field
molecular dynamics (MDJhe firstsuch application to a biological macromolecule was done in
the 19705(McCammon, Gelin et al. 197¥he disadvantage of MD simulations is the iterative
nature of the method, which reduces accuracy after many time steps if a sufficieml/tine
step is not used. A time step on the fs time scale is often applied and simulations running
longer than 100ps are thus time consuming. And only local vibrations can be observed on the
ps time scale, whereas secondary structure motions canbéerntt G AYS a0l f ST R?2
motions and enzymatic catalytic rate constarkg,(values) can be on the ms time scale and
protein folding can be on the scale of seconds. Another disadvantage of MD simulations is the
dependency on the protein undestudy and tte force field used.

Normal mode analysis on the other hand is base@djproximated harmonic equations,
which is why the methodaording to the theory is not suitable for describing transitions
between conformations separated by energy barriers. NMA daicribes the most likely
trajectory of the protein from a given equilibrium position. It does not describe the path
between two conformations, if they are separated by an energy bainehis thesis it will be

shown thatNMAactually succeeds very well describing conformational transitions, which
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implies a low energy barrier or a directional overlap between initial thermal/spontaneous
motion and energy/ligand driven motio@onformational transitions arevenwell described
when simplifying bottihe force fieldin useandthe structural/coordinate inputif a uniform
force constant is used, it should be noted that normal mode analysis does not reveal
information about absolute amplitudes and timescales of motion. Another inaccuracy of
normal mode anafsis is the fact that solvent is not taken into consideration even though the
solvent is expected to be of importance and largely determining the magnitude of protein
fluctuations at 180K and aboWwitkup, Ringe et al. 2000p leave out the effect of solvents is
crucial, if protein processes are truly solvent slaved asase@(Fenimore, Frauenfelder et al.
2002)Another drawback is that normal modes describe movements that are linear which is
rarely the casdor biological motions. In addition linear trajectories are often not sterically
allowed(Flores, Eatls et al. 2006 new NMA method has been developed, which calculates
changes to dihedral angles instead of coordinates in Cartesian gpexg.Weiss et al. 2011)

The major reason | chos®mrmal mode analysiand not MD simulabnsto study the
dynamics of proteingsthat the method is extremely fast compared to MD simulations.
Computations and the input for them can be simplified to make the method even faster as will
be shown. Because of the procedure being fast it is s@ithiyl studying the effects of
perturbations involving individual residues. Another reason for the choice of NMA is that
trajectories from normal mode analysis unlike those from MD simulations do not contain noise
in the form of side chain motions, whicheanot of importance for e.g. larg@rotein domain
movements. It imlsoambiguoudor how long an MD simulation has to run before it yields the
functional dynamics of the protein of intere€dn the contrary the calculation of normal
modes from a given aglibrium position is a finite process.

Similar esults can be achieved with NMA and more computationally time consuming MD
simulations Similar to what can be achieved with NMA, MD simulations have been shown to
correlate with Bfactors of T4L and withuttuations between ensembles ¥fray structures of
T4L(de Groot, Hayward et al. 199R)has been shown for a large set of proteins that their
essential dynamics calculated fnomolecular dynamics (i.e. directions and amplitudes of
calculated motion) correlate well with normal mode analygibmed, Villinger et al. 2010)

Nobody has proven a coupling between protein structure and function on one side and
dynamics on the othelExperiments oDorothee Kerrhavehowever suggested the
importance of protein dynamics and conformational changes preceding enzyme substrate
binding to enzyme catalysfEisenmesser, Bosco et al. 2002; WiHtz, Thai et al. 2004;
Eisenmesser, Milteet al. 2005; Henzlewildman, Thai et al. 2007; Fraser, Clarkson et al. 2009)

Protein dynamics can be studied by several different methods and on several different time

scales igure2). Computational methods include normal d@analysi€Go and Go 1976)
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molecular dynamics simulatioddcCammon, Gelin et al. 197 Bnsemble generation and
principal component analysis on an ensembléoéy structuregBest, LindorfLarsen et al.
2006)

A number of experimental methods are available for the study of protein dynamics. As | do
not present any wet lab results in this thesis, | will only bridéigcribe the available methods.
Other methods available, that | dwt describe are shown irFigure2, along with the time
scales that they can be used to study. By comparisdfigare3 it can be seen that, whereas
MD simulations are not a viable method for studying pintconformation changes during
enzyme catalysis, many NMR experiments cover the time scalezgme catalysis from
substrate binding to product releagalmer lll, Kroenke et al. 2004 )method not shown in
Figure2 is FRET, which can be used to exanthe frequency of a conformational change that
brings two residues into the vicinity of each other.

In terms of structure, recently it has been shown that the "hidden" (i.e. low population)
conformational states of proteins can be determined through mbimation of computational
methods (CSRosetta) and NMR experiments that doex involve the determination of
internuclear distance@Hansen, Vallurupalli et al. 2008; Bouvignies, Vallurupalli et al. 2011)
This tales structural bioinformatics and structure based calculations to the next level, because
multiple conformers have to be considerédre available when doing structure prediction and

structure based calculatiof{®\shkenazy, Unger et al. 2011)

Local flexibility Collective motions
Bond Methyl Loop Larger domain
vibration rotation motions motions

> +— ¢— G—p
Side chain rotamers

NMR relaxation

X-ray diffraction

———
Hydrogen-deuterium
exchange

Fluorescence

Ultraviolet-visible spectroscopy

Raman and Infrared spectroscopy
Molecular dynamics
simulations

Current Opinion in Chemical Biology

Figure2 ¢ Time scales of events of prein dynamics (top) and experiments allowing the study of those time scales (bottom). Enzyme catalysis
happens on the sulfs time scale, whereas the large scale concerted conformational changes preceding catalysis happen>aantiseime scale.

When | refer to protein dynamics in this thesis, it is this latter type that | refer(tdenzlerWildman and Kern 2007)
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Figure3 ¢ Time scale of enzymatic reaction and enzyme greganization. Dynamics is of importance to the pogganization of the ligand binding

site and the formation of the enzymaubstrate complex rather than the actual enzymatic catalysiep.(Schwartz and Schramm 2009)

6.4.2.1 NMR

NMR is a widespread method to study the dynamics ofgins. Both folding
processefTeilum, Poulsen et al. 200&hd catalytic processéSisenmesser, Millet et al. 2005)
can be studied with NMR. Experimental methods for qualitatively and quantitatively
measuring largeand smakscale dynamics exig¥lost interesting in relation to normal mode
analysis are methods for quantitative measurement of amplitudes, directions and time scales
of movements. Different time scales can be obtained through different NMR relaxation
experiments.

As an example CPMG aRd relaxation dispersion experiments are useful for measuring
Y20SYSyda | LILINE A tiflescefef(110°8Y) Thé tkaSsversa relaxation is a
sum of dipolar relaxation, chemical shift anisotropy relaxation and relaxation due to chemical
exchange(Keeler 2006)

CPMG relaxation dispersion experiments can reveal information about the kinetic (forward
and reverse rate constants) and thermodynamic (populations) propesfiesconformational
change{Mulder, Hon et al. 2002yPMG and Rexperiments are most suitable for exchange
on the 1008-3000s" and 10008-500005' timescale respectivelgKempf and Loria 2004pp.

192) Both are timescales relevant to e.g. protein foldirgrsht 1998)p. 551) and certain
protein-protein interactiongFersht 1998)p. 153).

S order parameters probe the dynamics on the-ps timescale (183-10’s"). $ order

parameters are calculated from longitudinal relaxation ratgstfansverse relaxation rates,

R,, and NOE&eeler 2006)

6.4.2.2 B-factors
B-factors are a good gauge of the freedom of movement of individual atoms in a protein

structure. | will however cover-tactors more extensively during my walkthrough of the
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important parameters oK-ray crystallography and ¢éhcaveats of the method in section

6.5.1.1.3

6.5 Protein structure determination

To be able to discuss differences betweéray structures requires a certain level of
knowledge about how those structures were amhed experimentally. Here | present some

key concepts ok-ray crystallography mentioned throughout the thesis.

Without a protein structure, thereanbe no calculation of the motions of the protein.
Protein stuctures are predominantly determined B¢ray crystallography and NMR
spectroscopy. Many macromolecular structures are deposited in the Protein Data
BanKBernstein, Koetzle et al. 1977; Berman, Westbrook et al. 28680rick, Feng et al. 2008)
and made publicly available. Other methods of determining protein structures include
homology modeling. If one is merely interested in a coarse grained backbone conformation of
a protein and a template structure with a high sece similarity is available, then homology
modeling is an adequate substitute for having an original structsirece | only work with high
resolutionX-ray structures and | use details of the diffraction experiment in my analysis of
structural differenes, it makes sense to give an introduction toa}{ crystallography while

skipping methods of NMR used for structure determination.

6.5.1.1 X-ray crystallography

X-ray crystallographic solution of a protein is a long process. Two important steps are the
crystalliation of the purified protein and the diffraction of monochroma¥eays by the
protein crystal. The principle a¢ray crystallography is shown frigure4. It is the electron
clouds of the atoms of the protein that scatter tik@ays. Therefore hydrogen atoms with only
one electron are not observed in low resoluti®may structures. Electrons scatt&rays in all
directions, but maximal positive interference is only observed, if scatt&mys are in phase
with each other Figure5). The Bragg equation describes the scattering anglest, which

maximal interference is observed for a given wavelengtland distance between atomd,

n/ =2dsin ¢ (6-1)
Many parameters can reveal the quality of an X-ray structure. The res  olution of
the structure is a very important parameter. In combination with the R and R free ILiS
a good measurement of the quality of the X-ray structure.

20/170



Figure4 ¢ Overview of theX-ray crystallographic experiment. First a piein crystal diffracts monochromati®-ray. Second electron densities in
real space are calculated from the collected diffraction pattern in reciprocal space. Third atoms are placed within thecgletnsity map. Figure
is figure 12 from (Rupp 2009)

4

Figure5 ¢ Interference between monochromatix-rays with different phases and amplituded/aximal positive interference is only observed if
waves are in phaseOn the iight diffraction of X-rays by electronss stown. If the path differencedsin’ , due to scattering is a multiplen, of the
wavelength,<, then there will be maximal interference of the scattered monochromaleays. The phase difference after scattering equals the
double of the distance between the scattering atomd, multiplied by the sine of the scatter anglé,. Therefore the Bragg equation describes the

case of maximal positivénterference. n<= Asin’ . Both figures are from(Rupp 2009)Left figure is figure & and right figure is figure 45.

6.5.1.1.1 Resolution

Theresolution of anX-ray structure tells a lot about the quality of that structuFégure 6
visualizes different resolutiongétomic resolution refers to a sub B2esolution. High
resolution is 1.2.0A, which is why only sub B&structures are used for the training set of the
side-chain conformation prediction program SCWR and sub 1.7A structures are used for the
underlying backbonelependent rotamer librarfKrivov, Shapovalov et al. 2009he
importance of resolution has also been illustrated for main chain dihedrals by showing the
dependance of Ramachandran outliers on resolufidleywegt and Jones 1999)d by
showing that RMSD and Ramaoliran angle differences between NCS related polymer chains
increa® as the resolution gets worgkleywegt 1996And finally | have shown myself that
there is a correlation between the averagddgtor of a structure and the resolution of that
structure (Figure?). | expected this result, as highfd&:tor atoms gives poor scattering, which
in turn gives limited resolutioRupp 2009)p. 262)Resolution is independent of space
group(Rupp 2009)p. 235) This justifiedater ontreatingthe resolution as a parameter
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independent of space group. However | have not excluded the effect of oligomeric assembly
state, molecular weight and solvent content.
The maximum resolution is given by the smallestatise,dn,in, at which atoms can be

discerned from each. The diffraction limit is determined by the wavelength okilag source,
<, and the maximal diffraction anglg,., at which diffraction intensity is still observed. The

relationship is given by the Bragg equation.

d.,=/12sin g, (6-2)

Figure 6 ¢ Electron density of a Vahrg-Tyr-Ala peptide sequence at different levels of resolution. Only at atomic resolution can individual atoms
be fully discerned from each other. At resolutions above &.8ome side chain dihedraingles are no longer accurately determined. Figure is

figure 98 from (Rupp 2009)
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Figure7 ¢ Correlation plot between resolution and averagef@ctor of each protein structure in the PDB.

6.5.1.1.2 Rand Ryee
A set of cordinates deposited to the PDB is just an interpretation of electron density,

which is calculated from experimental structure factor amplitudeghkl) , cf. eq.6-6. To see

if the model fits the experimental fifaction data one can use thexRlue(Rupp 2009)p. 620)

é a a:obs_ I:caIJ
h k1

R=—"———
a a &obs
h k |

6-3

Similar to the RMSD used for comparison of structures thial® does not reveal, which
part of the experimental data set doemt fit the model. However the Ralue is still important
during refinement and upon judging the quality of a structure.

One can always fit a model to experimental data by introducing more parameters: The
test is a common stastical method for evaluating if using more parameters is justified or a
case of over fittingdFarell, Miranda et al. 2010n X-ray crystallography the free-¥alue is
used(Brunger 1992)

a a. i aFobs_ Fcalcj
_ hi free kl freell free
Rfree - 6-4

é. a. a: obs

h free ki freeli free

Free refers to part of the dataset (5%) not being used for refem@mif the remaining
dataset is over fitted, then the-RRalue for this dataset () will drop, whereas the R, will
stay constant or increase. Ovesirameterization happens, when disordered solvent molecules

and/or multiple side chain conformationseaintroduced duringnodeling

6.5.1.1.3 B-factor
As a measure of the thermal vibration of individual atoms tHador is used(Rupp 2009)

eq. 617)
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B., =80%( ) (6-5)

The isotropidB-factor is proportional to the mean square isotropic displacement of each
atom from its equilibrium position. Despite isotropig€dtors being inadequate in theory for
describing correlated molecular motiofRupp 2009)p. 644), they ofta correlate well with
normal modeschapter9) that themselves correlate well with functional motions; i.e. motions
between apo and holo structures, T4L and adenylate kinase structures from different space
groups and identicaliCS related adenylate kinase chains (data not shown).

Atoms with high Bactors scattefX-rays poorly(Rupp 2009)p. 262) One would therefore
expect structures with high-Bactor atoms to have a poor resolution. | have plotted the
average Hactor of each protein structure in the PDB against the resolution of that structure
(Figure?). The plot shows a correlation£0.7) between Hactor and resolution.

At atomic resolution anisotropic-tctors are used. If a gup of atoms have aligned
anisotropic Bfactors, then this can be interpreted as the atoms moving in a concerted
motion.(Wilson and Brunger 200@isotropic Bfactors if available are therefore very helpful
for determining domain motions. They are not always available, because anisotfgmtoBs
require 3 parameters unlike isotropicefBctors, which only rguire 1 parameter. Anisotropic-B
factors therefore cause over parameterization as described in se6tmfh.1.2about Rand
Rree-

B-factors reveal the range of motion of atoms of a protein in a crystal. Surface exposed
residues will have higher-Bactors, whereas buried residues and residues with crystal contacts
will have lower Eactors, because their movement is restricted by other nearby residues.
However it has been shown thatfBctors are not just remnants of the crysgaacking; i.e. B
factors of hen and human lysozyme have been shown to correlate despite being crystallized in
different space groupgArtymiuk, Blake et al. 1979)

B-factors are interesting, because they describe thermal vibrations at equilibrium. Although
a new method has been introduced for identifying occupancies of distinct side chain
conformationgLang, Ng et al. 201,3n electron density map cannot be used to distinguish a
fully occupied atom with a high-factor from a partially occupied atom with a lowf&tor,
unless 1) theltange between conformations involves just change of side chain dihedral
angles, 2) thecray structure has been solved at high resolutidg{*KL.58) and 3) a 0.2.0
electron density level instead of the default 1.0 £ S @ S.fin mbsi casizs, &/&n at atomic
resolution, are atoms given full occupancy. The CPMG relaxation dispersion experiment can
however reveal the size of two distinct cominational populations and thus be a useful
experiment to determine, whether an atom has partial occupancy or not. Furthermore the

NMR experiment reveals the kinetics of the steady state between the two conformations.
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6.5.1.1.4 Molecular replacement
The most commomethod for solving<-ray structures is molecular replacemefidure9).
Molecular replacement is a method for solving the phase probleKaray

crystallographyRossmann 1967; Rossmann 2004¢ phase problem of crystallography is the

problem that the phase of the diffractedray, a_ , must be known to calculate the electron

hki ?

density as shown in the equatigRupp 2009)9-18) below.

r(xy, z):1 é ua naF(th g grtxio 6-6
Vv h=-& =to =-ao

" is the electron densityx,y,zis the fractional coordinatéV is the volume of the unit cell.
h,k,l is the reciprocal index vector, which is the location of the diffractedy on the detector.
Fis the measured amplitude of the structure factor, whisla summation of the scattering
contributions of all atoms in the crystallographic unit cell in the direction defined by the
reciprocal index vector. The magnitude of the structure factor is proportional to the square
root of the observed intensityl is the phase of the diffracte®ray, which is not recorded.
As shown irFigure8 the phases can be calculated from the atomic coordinates of a similar
structure. Molecular replacement is the use of phases calculated from sopsdyidetermined
similar structure. A similar structure could be a sequence identical protein in a different space
group or the apo owt form of a holo or mutant structure. Phases are more important than
amplitudes in the determination of electron densii and therefore structures determined by
molecular replacement suffer from a phase biRsipp 2009)meaning that the determination
of the position of some atoms in the new structure will be biased by the phases of the
structure used for mizcular replacement. Today more structures than ever are available in
the PDB for use in molecular replacement and MR is the most frequent method for
determining phases today{gure9). Molecular replacement can be combined wilgorithms
for protein structure modeling to further strengthen the method and expand the applicability
of the method(Qian, Raman et al. 2007; DiMaio, Terwilliger et al. 2011)

Often the similarity between proteirtsictures can be attributed to the method used for
solving theX-ray structure. In this thesis, | hope to clarify whether this is due to molecular
replacement or similar experimental procedures. The frequent use of MR is shdwguire9.
Molecular replacement is a dangerous method to use, if the starting model is of poor quality or
plain wrong(Jones and Kleywegt 200VIR will fail if the template structure and target
structure are different. Usually sequence similarity is a measure of structural difference. But
even sequence similar and identical chains can have diffe@mformations, which can be due
to small molecule ligands, different space groups and single point mutations. All of these

factors can cause large intdomain motions (e.g. the hinge motion in T4 lysozyme and and
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adenylate kinase pronounced if differespace groups and the hinge motion in calmodulin
caused by ligand binding).

If there is a large conformational difference between an apo and a holo structurevor a
and a mutant structure, then normal mode analysis can be applied to generate an ensemble of
structures. Each of these calculated conformations could be tried as an input structure for
molecular replacement, if the apo/wt structure is not suitable it¢8lithre and Sanejouand
2004)Normal mode analysis can also be used for fitting a high resolution structure into low

resolution data(Tama, Miyashita et al. 2004)

i F(h)-exp[-2zi(h-r)+1

Figure8 ¢ lllustration of the phase problem ifX-ray crystallography. Structure factors can be calculated from atomic coordinates, but elactro

densities cannot be calculated from structure factors, if the phase is unknokigure is figure 45 from (Rupp 2009)

Figure9 ¢ Frequency of methods for solving the phase problemXfay crystallographic detrmination of protein structure.Drawn with Microsoft
Excel.
6.5.1.2 Uncertainty of atomic positions

The uncertainty of atomic positions ¥aray structures has been estimated to be Q.BA,
0.5Aand 0.61.0A by theoretical methods, molecular dynamics and stanetcomparison
respectively(DePristo, de Bakker et al. 200&)e positions of atoms with high temperature
factors are poorly determined from the electron density in particdowbray, Helgstrand et
al. 1999)The RMSD between similar NCS related protein chains has been estimated te be 0.4
0.5A(Kleywegt 1996The RMSD is dependent on the resolution of the structure. Lower
resolution causes larger RMSD. Also space group differences rather than uncertainty in the
determination of atomic positions caot be ruled out as a cause structural differences

between NCS related proteins.
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Estimates of the uncertainty of atomic position based on molecular dynamics are the least
trustworthy, becausea measurement of a successful force field is whether the protein will stay
folded or not dumg the simulation. If an MD simulation is allowed to run long enough, then
the protein will often unfold or have its secondary structure elements disrupted significantly.
Determining differences between structures solved from the same diffraction d#dtassa
much better estimate of the uncertainty of atomic position. Also it is worth noting that
alternate locations are often present in high resolution structures. This structural
heterogeneity is evidence that more than one conformation "fits" the expental data. |
have chosen to compare structures solved in the same space group as they are more abundant
and readily accessible in the RBBrman, Westbrook et al. 200than structures réined from
the same diffraction dat@oosten, Womack et al. 200@}solved in the same space group, then
the extent of structural variation is not distributed randomly across the protein becatithe
identical crystal contacts holding the protein in place. Instead it can be located to specific
regions of the protein with high conformational freedpeg. Gly residues in loops that span
across a very large Ramachandran aed residues not régcted in their movement by

crystal contacts.

| classify protein structure prediction into three categories. One is the prediction of a novel
fold from sequence, another is the prediction of a structure for wisiehuence similar
structures already exist and a third is the prediction of a structure differing from an already
existing structure by only a single point mutation or the presence of a ligand. The two latter
problems are easy, if the goal is to obtain adal close to the target structure, but difficult if
the goal is to obtain a model closer to the target structure than the template
structure(s)(MacCallum, Hua et al. 200Bhe first of the three cases hbecome less relevant,
because the addition of new protein folds to the PDB is not common anymore. Whereas the
growth in structures has not stopped, the growth rate of new protein fiNtigzin, Brenner et
al. 1995; @engo, Michie et al. 1997glative to existing protein folds peaked in 199396 cf.
FigurelOand the absolute growth rate peaked in 2004 with the addition of 146 new folds that
year due in large part to the efforts of the sttural genomics consortiu(odd, Marsden et
al. 2005)and other depositors. With the number of unkmao protein folds at an all time low, it
should be possible in most cases nowadays to carry out homology modeling from existing
sequence similar structures.

Recently protein structure prediction has been carried out by MD simul&iuew,
Maragakis et al,)but this is a very time consuming method. Tueninant method is

homology modeling. Biannual critical assessment of protein structure predi@@iasPhas
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been carried out since 1994. In this forum the Rosetta method developed by David Baker has
done particularly well since CASP3 in 1898rzin 1999; Bonneau, Tsai et al. 2081)CASP6

in 2004 the Baker/Rosetta group submitted a model of a 69 residue protein with an unknown
fold and achieved an overdll RMSD of 1A (Bradley, Misura et al. 200Fhe assumption of

the Rosetta method is that each local protein segment-6fr@sidues of a target structure has

a conformation, which is sampled by sequence identical segments in other pr@tgnsand

Baker 1995Yhe overall protein conformation is defined by the conformation of the local
segments. By a Monte Carlo procedure the lowest energy conformation of the combined
segments as defined by the Rosetta force fisltbund. The Rosetta force field penalizes poor
packingBonneau, Tsai et al. 2001e. a low Lennard Jones potenfirines 1924 )many

hydrogen bads and a small solvent accessible surface area is fajl@zaridis and Karplus

1999) If chemical shifts of residues in a protein have been assigned, then it is possible to
reduce the number of conformations that has to be sandgby the Monte Carlo procedure. If

the number of Monte Carlo steps can be reduced, then time required for convergence towards
an energy minimum will drop. If chemical shifts are known, then this can be accomplished by
combing Rosetta with a program, SPARWKIch can predict torsional angles from sequence

and chemical shiftgShen and Bax 200ifto CSRosetta. Rosetta carries out pfigtering of
fragments. SPARTA is then used to further exclude fragments witicarrect conformation

before the Monte Carlo procedure. SPARTA  @ded to add calculate the chemical shift of

the Monte Carlo obtained conformation. The differences between experimental and calculated
chemical shifts are then added as a term in émergy function used to identify the lowest

energy conformation. By using - ®®setta a backbone RMSD as low asR@t be

accomplished for a 147 residue structural genomics target (i.e. a protein with a new fold). And
in all cases of protein lengths lefss than 100 residues the backbone RMSD falls below
1.0A.(Shen, Lange el.22008)Because knowledge about the chemical shift of a lightly

populated conformation can be acquired from the CPMG relaxation dispersion experiment, CS
Rosetta opens up the possibility to deduce the structurarodtherwisesparselypopulated

conformdion.(Korzhnev, Religa et al. 2010)
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Figurel0¢ Normalized totals of SC@WMlurzin, Brenner et al. 1995plds and structures in the PDB.

6.5.2.1 MD simulations and protein structure prediction

As mentioned earlier, MD simulations have recently been carried out on small proteins to
characterize the foldingf a protein to its native statéShaw, Maragakiet al.)Starting from
extended structures the folded structure was obtained on the scale of microseconds using the
Amber ff99SB force field described elsewhere in this thés3& residue alpha helix protein
(2f4k) and a 39 residue beta sheet proteitérminus of 2f21) folded to their native state
(RMSLF 14) in 68 and 38s, respectively. To run a simulation for that long is currently not

feasible for larger proteins, which could also fold on a slower ms time scale.

6.6 Protein Structure Comparison

Thereare several methods in which protein structure similarity can be compared. The most
frequently used measurement is the RMSD of the coordinate differences. Here | present the
various methods that are used and comment on the strengths and weaknesses affeach
them individually. A common weakness of all the methods is that thayotleeport on the
change in flexibilitg, as measured by changes iffdgtors¢ due to a mutation(Weinert,

PhillipsPiro et al. 2011)

A linear regression involves finditige function yielding the smallest sum of squares
relative to a set of data points. Likewise super positioning of protein structures involves finding
the structural alignment yielding the smallest root mean square deviation (RMSD) between

two sets ofN atom coordinatesj andj.

N
RMSD= \/ﬁa (

xox) o) (73 6-7

Therefore the RMSD is a good measure of structural similarity. Because of inter domain
motions the RMSD between large proteinsasnetimedarger than that between small

proteins. Because of flexible side chains and rigid back bonea R®SD is smaller than the
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heavy atom RMSD. It is a myth that RMSD is dependent on the size of the protein, because of
the size itsel{Cohen and Sternberg 1980)s true that when comparinctandomprotein

structures, the larger proteins will caverage have larger RMSPB®va, Finkelstein et al. 1998)
However, if homologous proteins are compared, the RMSD will probably only be dependent on
size, kecause larger proteins can display larger conformational changes. If the RMSD was
indeed size dependent, then one codldweveruse a size independent measure of protein
similarity(Maiorov and Crippen 1995; Betancband Skolnick 2001)

G RMSD is the most common method for comparison of protein structitesever, n
the CASP competitigrthere are manyneasures for structure similarity other thah RMSD
whichare usedThe correlation between most of thera stong(MacCallum, Hua et al. 2009)
have therefore decided to limit the number of metrics used for evaluation of protein structure
similarity. There is a strong correlation betwe@rRMSD and heavy atom RMSD; the latter
almost always being larger. Therefore | choG@s&MSD as my measure of backbone similarity.
Prior to taking the root of the mean square deviation the deviations are not scaléat by
examplethe temperature factor oeach atom. Thus flexible and rigid parts of a protein will
count equally towards the overall RMSD. The problem with RMSD is that aioldmtexin
perturbation such as a hinge motion or a local perturbation such as a flexible random coil
movement can causrge RMSDs despite an otherwise large local and global similarity in the
case of the hinge motion and the local perturbation, respectivély.motif based super
positioning method is used, then problems with for example inter domain hinge motions can
be overcome.

For my RMSD calculations | use a fast method based on quatgi@anisias, Seok et al.
2004)written by David J. Heisterbemt the Ohio Supercomputer Centéll coordinates are
weighed equally. Atoms of different smudary structure elements are not treated differently
and multi domain proteins are treated like single domain proteins despite the domains being
flexible relative to one another. ThefBctors of atoms are also ignored despite the fact that

high Bfactoratoms are more flexible and on average differ the most between two structures.

As a measure of sidechain similarity | make usg dihedral angles. | prefer this
measurement over heavy atom RMSD, because it is less influenced by domain motions than
heavy atom RMSIA disadvantage of looking at side chain dihedrals is that the values are not
continuous but rather discrete; they cluster inians, Gauche and Gauche-. Another
disadvantage of; values is that they daot report on overall conformatiornlachanges caused
by a mutation(Weinert, PhillipsPiro et al. 2011This is something, which is better gauged by
overall RMSD changes.
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The global distance te@emla 2003js the preferred method for structure comparison at
CASP. The GDT gives a percentage of residues that are no more distant in two structures than a
cutoff value of choice. In the CASP refirent category GDT_TS (GDT total score) rather than
GDT is used. GDT_TS is simply the average of GDT using cutoff values @€ 1,2,4,8

Superpositioning of an ensemble of conformations and calculation of RbE®een them
is a great measurement of the amplitude/extent of intrinsic dynamics of proteins. Ensembles
of proteins can be structurally aligned to each other using multiple structural alignment
algorithms.The first of these were developed in the earl@08(Vriend and Sander 1991,
Orengo, Brown et al. 1992; Shindyalov and Bourne 1988ad of comparing RMSDs
between two individual structures aensemble RMSthas been suggested insteddndorff
Larsen and Ferkingheforg 2009 hroughout this thesis | only make use of pair wise

structural alignment of coordinates

6.7 Model proteins

Two proteins appear frequently in this thesis. Onédén egg white lysozyme (HEWL) and
the other is bacteriophage T4 lysozyme (T4L) with lengths of 129 and 164 residues
respectively. Lysozyme is a glycoside hydrolase. It hydrolyses glycoside bonds of
peptidoglycans in the cell wall of bacteria. So unligaigillin, lysozyme doasot prevent the
synthesis of peptidoglycans, but rather breaks down the bacterial cell wall. Specifically
lysozyme hydrolyses NAG(1,4XNAG and NAG-(1,4fNAM glycoside bondswvhere NAG is
N-acetylglucosamine (PDB ID NAG) and NAWasetylmuramic acigPDB ID MUR)found in
peptidoglycans in the bacterial cell wall. The function of HEWL is to protect from bacterial
infection, whereas the function of T4L is to break down the bacterial cell wall at the late stage

of the lytic cycle of viral reproducticand permit new viruses to exit the lysed bacterial cell.

T4 lysozyme was chosen, because its dynamics have been investigated prédusly.
Groot, Hayward et al. 1998; Hayward S 1998) dminant motion between the T4L
structures in the PDB from different space groups and between the apo and holo form of T4L is
a combination of a hinge closure around the active site protruding the length of the backbone
helix running from residues 60 to &hd a twist of the Nerminal domain (i.e. residues 159)
relative to the @erminal domain(Weaver and Matthews 1987; de Groot, Hayward et al.
1998)
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The biological functions of hen egg white lysozyme and T4 lysozyme are ideingictiiey
break down bacterial cell walls and leave bacterial celiserable to osmotic lysis (cytolysis)
but their structures are different. HEWL has a chain length of only 129 amino acid residues and
its main catalytic residues are Glu35 and As@58urell) The protonated Glu35 acts as a
proton donor, whereas the charged Asp52 acts as a nhucleophile to the cleaved glycoside
generating a catalytically competent covalent enzyghgcosyl intermediat€Vocadlo, Davies
et al. 2000 HEWL was the first enzyme to have its structure determiiidake, Koenig et al.
1965)HEWL waalsoone of the first proteins to have its dynamics studiearder to achieve
a full understanding of its catalytic functighlcCammon, Gelin et al. 197B)was also the first
protein to which normal mode analysis was applie@drder to determine the dominant mode
contributing to the apo/holo motior{Brooks and Karplus 1986yer the course of 30 years
the structure and dynamics of this enzyme has been well studied. Because it issiaabin
the PDB, and because it displays a conformational change upon ligand bindiagydbid

choiceasa model enzyme.

Figurell ¢ Catalytic mechanism in HEWL showing functions of Glu35 and Asp52 during glycoside cl¢&'eagelo, Davies et al. 2001)

6.8 Parsing PDB and mmCIF files

The struture files in the Protein Data Bank contain more information than what can be
found in the x, y and z column of their coordinate section. Often this valuable information is
overlooked.Unfortunately providing all useful information is not or has not alwagsn
mandatory.Here | present just a few of the most important data items from the header
section of PDB and mmCIF files, which | make use of throughout the thekisuld be noted
that parsing information from PDB files can be very difficult and guthis when for example
residues are missing, whereas the newer mmcCIF file format has a clear connection between

sequence and structure information.
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The title section contains theDBrecord EXPDTA (mmCIF data categaptl), which
contains nformation about experimental technique used for solving a given structure. Unless
otherwise stated | strictly make use of structures solvedgy diffraction.The PDB record
AUTHOR (mmCtiation_authol contains information about the authors of theilglication
associated with the structure, if any. mmCIF files also list authors responsible for the data in

the deposited structure fileafudit_authol).

6.8.1.1 PDB REMARK records

The REMARK records of PDB files contain information on such important propetties of
structure as resolution (REMARId 3 mmCIF data categoriesfine, refine_histrefins),
refinement software (REMARK 3, mmCIF data itemputing.structure_refinement Rvalues
(REMARK 3), completeness (REMARK 3), temperature and pH (REMARKt20)s
coefficient (REMARK 280), crystallographic symmetry (REMARK 290), transformation matrices
to get from asymmetric units to biological units (REMARK 350), missing and zero occupancy
residues and atoms (REMARKS 465, 470, 475, 480)

The crystallographic section contains the important PDB record CRYST1, which contains
information on the parameters of the unit cell such as side lengths, angles, space group and Z
value (the number of polymer chainsane unit cell) for calculating the Matthews coefficient,

if it is not given.

The primary structure section contains sequence database references to U{RBiBt
record DBREF, mmCIF data itetmuct_ref.db_namg which is the golgtandardof protein
sequence databasd#&pweiler, Bairoch et al. 2004; The UniProt 2011¢ database cross
referencing allows for the identification of residues mutated relative to the wild type
sequence, which igrovided in the SEQADYV PDB recorsisuct_ref_seq_dimmCIF data

category.

The connectivity sectiofand connectivity annotation sectionpntains the all important
information on the type of interaction between the observed atoiR®B record CONECand
SSBONBNnd mmCIF data iterstruct_conn. The position of an atom alone does not always

reveal the character of a bond between two atoms.
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The most importanpart of a structure file is of course the section contamthe
coordinates of the atoms that make up the structure. However, more attributes are associated
with each atom than just a coordinate in 3D space. Each atom also has an associated
occupancy, which is a useful measure of the population sizes of tworcoations. All too
often this value is set to 1, because individual conformations are not distinguiZieed
occupancy residues unfortunately is not a common phenomenon despite the occasional
contradiction between a full occupancy atom and observatioitsoélectron density. Each
atom is also associated with af&tor (introduced in section8.4.2.2and6.5.1.1.3. The B
factor can be either isotropic or anisotropic. For various reasefac®rsbetween two
structures are not directly comparable. One of them being that refinement with REFMAC prior
to version 5.5.0042 only includes the TLS contribution to the isotrofact®r.(Winn, Ballard
et al. ; Collabmtive 1994; Murshudov, Vagin et al. 1997; Winn, Isupov et al. 2001; Vagin,
Steiner et al. 2004)
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7 Chapter2 - HEWL and T4L structural

variability

7.1 Introduction

The field of protein design and engineering is of @mereasing importance for the
developmentof novel therapeutics and industrial biocatalysts. As a result, theoretical methods
for analyzing and rationalizing the effect of amino acid substitutions on protein characteristics
are in high demand. Often, the structures of mutant proteins are solvguhesof protein
engineering or protein design projects; however, the effects of the vast majority of point
mutations are analyzed solely with the helpilfilicomodels of mutant proteins. Such models
are increasingly being used with structtsased enegy calculation algorithms to obtain
predictions of the effect of the point mutation on the binding characteristics, stafsditys and
Rooman 2000; Guerois, Nielsen et al. 2002; Johnston, Sgndergaard et al pRotei)-
protein association rat€Selzer, Albeck et al. 2000; Kortier® and Baker 2002andpK,
valuegTynanConnolly and Nielsen 2006; Tyr@onnolly and Nisen 2007)It is therefore of
interest to study the structural effect of point mutations to ensure that the models used with
structure-based energy calculation algorithms are accurate and that one arrives at a correct
prediction for the right reason wheattempting to correlate experimental measurements with
predictions.

A central question in this area is related to the volume of the protein structure that is
affected by the introduction of a point mutation. For reasons of convenience (and for lack of a
tested and proven alternative), it is often assumed that the structural changes associated with
a point mutation are limited to the mutated residues; i.e. one only adjusts the positions of
inserted/changed atoms in order to arrive at a model of the muganatein (Krivov,

Shapovalov et al. 2009 the case of a mutain to a smaller residue this approach may work;
however the assumption breaks down when larger residues are inserted in the core of a
LINPGOSAYS AAyOS a2YS d2Ya Ydzald Y20S w2dzi 27
atoms. Structural rearrangements @to the insertion of larger residues can be modeled using
rotamer-optimization algorithms based on Monte Carlo simulated annealing, graph theory or
dynamic deaeknd elimination algorithm@®esmet, Maeyer et al. 1992Jhese methods are
implemented in several software packages sucRasett§dDas and Baker 2008nd

ORBI{Ross, Sarisky et al. 20@hd Yasar@rieger, Joo et al. 2009 couple of models that

allow for the optimization of the backbone conformation have been constructedglew the

benchmarking of such algorithms has, to my knowledge, been relatively limited.
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The problems associated with modeling point mutations in proteins are well appreciated in
the field of protein engineering and design. Nevertheless, to my knowledges has been no
systematic effort to characterize and catalogue the effects of point mutations on protein
structures and thus provide a dataset for benchmarking pretautation/protein-design
algorithms. Here, | present a detailed analysis of the edfet{point mutations on the
structures of Hen Egg White Lysozyme (HEWL) and bacterioph&gsozsme (T4L) protein
structures in the Protein Data Ba(lRDB) | examine the extent of structural change observed
for the mutations and compare these changestwihe changes that are induced by other

factors affecting the crystal structure (space group, temperature, pH).

The effect of point mutations can be observed experimentally. Point mutations can
influence tlermal stabilityBava, Gromihaetal. 20®) OF (G t @ GA O NI GSa 6hQa
preparation),pK; valuegTynanConnolly and Nielsen 20Q'8inding constan{Schreiber and
Fersht 1995and folding rate@hiti, Taddei et al. 1999; Ladurner and Fersht 199¢hen
electrostatics properties are studied ap#, values manipulated, then mutations causing
charge reversal, neutralization or shift between a polar and apolar environment can be carried
out(TynanConnolly and Nielsen 20Q8}avities can be introduced by mutating a largedessi

to a smaller onéeriksson, Baase et al. 1992)

Typically models of poinmutations are constructed using backbesgecific rotamer
librarieqChinea, Padron et al. 1995; Simon, Word et al. 2000; Krivov, Shapovalov et al. 2009)
and these are sometimes optimized using either local doalenergy minimization or full
molecular dynamics analyses. Alternativ@gint mutations can be modeled using full protein
design packages that allow for the optimization of the conformations of nearby residues using

a rotamer sampling schem@&mith and Kortemme 2008)

HEWL and T4L were chosen for detailed analysis, because structures of themratardbu
in the PDB. Among 346,058 ucturepairs Ihaveidentified in the PDB more than 10,000 of
those can be attributed to HEWL alone. My dataset includes 392 HEWL and 172 T4L structures.
Many structures ofivt HEWL were solved at different physiochemuaiditions, while many
mutant structures of T4L were solved at somewhat similar physiochemical conditions. With
more than 400 structures solved, the HI\protease is one of the most abundant proteins in
the PDB. However, | did not use Hiprotease for malysis as the biological unit consists of
two chains which complicate the analysis. A mutation in one chain will inevitably have an

effect on the neighboring chain and the presence of two chains gives rise to variation not only
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caused by intrinsic chairydamics, but also by the movement of chains relative to each other.
For the same reason hemoglobin, with its four chains in the biological unit, has been excluded
from this analysis. The ayor histocompatibility compleis another abundant protein in the

PDB. It was not used for this analysis, as it is often bound to other proteins. Taking into
account proteinprotein interactions complicates the analysis too much. Overall, T4L and
HEWL are great proteins for this analysis, as they are very abundantib@®eand are

monomers in solutionand the asymmetric unit of most space groups is also constituted by a
single chain. The two proteins supplement each other feeliny analysismany mutant

structures of T4L are available, whereas mamgtructures of H/L are present. T4L allows

the study of the effect of mutations, whereas HEWL allows the study of the influence of space
group, pH, and temperature and so on. The full datasets are available at

[www. proteinkemi.dk/thesis/hewl.txt and [www.proteinkemi.dk/thesis/t4l.tx}. The following

abbreviations are used in the online tablés: temperature, res = resolution, SG = space
group, SM = starting meadi (not traced back),, = Matthews coefficient, Z = number of HEWL

chains in unit cell

7.2 Materials and methods

Super positioning of protein structures involves finding the best overlap of the coordinates
of two (or mae) structures in space. If all coordinates are weighed equally, then the RMSD of
the coordinate differences is the lowest achievable RMSD. The super positioning of structures
is here based on the quaternion method (codelnvid J. Heisterberfgom The Olio
Supercomputer Cented 990, unpublished results) (sectiéré.1). When | calculate the heavy
atom RMSD and comparend structure to a mutant structure, | do not use the side chain
atoms of the mutated residue for the suppositioning.

When performing heavy atom structural alignment, it is assumed that hydrogen bond
network optimization has been carried out to determine the orientation of Asp, Glu, His, Asn
and GIn. Symmetrical atoms, ({. ,of Val; C {C. ,of Leu; C{C. .and C {C. ,of Phe and Tyr)
are included in the heavy atom structural alignment, even though they are easily mistaken for
each other due to a 180 degree rotation of a single of their side chain dihedral angles. In fact, if
the ., rotation is fast, therthe two pairs of side chain atoms in Phe and Tyr are
indistinguishable even by NMRnly in low resolution structures are the terminal side chain
atoms of Val and Leu mistaken for each other by a misinterpretation of;thed., angles by

180 degrees.
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The super positioning is only carried out once. Upon calculation of the RMSD for a subset of
the structure the super positioning for the whole structure is used.

The same set of atom&(or heavyatoms) is used for super pd&ning and calculation of
RMSD. Both calculations are either basedCoatoms or heavy atoms.

During a conformational change, th& angles of side chains and backbone atom positions
will change. Th& RMSD is a good gauge of backbone conformationaigds while the
changes in1 angles provide a good estimate of side chain flexibility. In addition, if there is no
concerted motion in the protein, then heavy atom RMSD is also a good measure of side chain
flexibility. But T4L and HEWL both undergo himgeions that are large scale concerted
conformational changes of the position of two domains relative to each other. Using heavy
atom RMSD would be a measure of this hinge motion rather than side chain variation.

PlottingG RMSD and average change imangles against each other reveals what

structures are most similar; both in terms of backbone and side chain variation.

Only HEWL structures solved Xyay diffraction are compared. The presence of other
polymerentities (e.g. antibodies) excludes the structure from analysis; non polymer entities
(e.g. ions) and sugar molecules are allowed to be present, unless they are covalently bound to
HEWL (i.e. 2b5z, 1hém, 1uc0). The presence of a crosslinker in 2htx dneikk2hudes these
two structures from analysis. Structures with modified non standard residues are also excluded
from the data set (i.e. succinimide in 1at5, isoaspartate in 1at6, methylated lysines in 132a,
carboxymethylated cysteine in 1rcm). In additiarfew structures are excluded from the
analysis due to their poor resolution ( 1izh (6A), 2Izh (6A), 1bhz (3.9A) ). The great variation in
side chain conformation between the low resolution (11zt) and atomic resolution structure of
HEWL (3lzt) may be die the fact that 11zt was derived from 6A resolution data and the
errors in the parent model were thus inherit¢d. M. Hodsdon 199@s a result | exclude 1lzt
from the analysis. 1aki has been solved by molecular replacement using the 6A resolution
structure 2Izh as a starting model. Therefore, | also exclude laki from analysis.

TA4L structures with covalently attaeth spin labels are excluded from analysis. This includes
2nth (Leul18 spin label), which has a perturbed F helix (residue$113)3due to the presence
of the spin label.

High temperature factor atoms are used for super positioning and calculation of RIISD,
zero occupancgtomsare not used (e.g. side chain atoms in loopl®3 in HEWL structure
2f30). The position and conformation of zero occupancy atoms are merely modeled and not
based on experimental observation. Due to this fact they are treatechabserved atoms.

The same rule applies to the calculation dfdihedral angles. In the case of alternative
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conformers with equal occupancies, the first conformer in the coordinate section of the
structure file is used.

The loop between residues &8 is a source of large variation between HEWL structures
(Figurel3). For this reason the residues in loops48; 6773, 99103 with high temperature
factors are in some analyses treated as a separate group of flexible residudsdgergl7in

section7.3.2.9.

Low solvent has a significant impact on the unit cell dimenéRersal, Fankuchen et al.
1938)and thus the effective crystal contacts. Structures solved at low humiditydargified
by plotting the resolution dependent Matthews factor against the resolufi¢éantardjieff and

Rupp 2003)From the plot Figurel2), dehydrated structures can easily be identified.
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Figurel2 - The Matthews coefficient of each HEWL structure is plotted as a function of the resolution of that structure. Structuregowmith

solvent content ae those with a low Matthews coefficient.

7.3 Results

A better understanding of mutatiemduced protein structure changes is of high
importance in the continuing efforts to understand and improve protein design and
engineering, for assessing the impact ofgirNucleotide Polymorphisms (SNPs) on protein
structure and function and for the general understanding of protein structure plasticity. In the
following parts of this result section | examine the effects of mutations in HEWL based on a
comparison of 25 sgle point mutants and 190 wild type HEWL structures from the PDB. First,
| assess the structural variabilitywwf HEWL structures as a function of space group, pH and
temperature. Next, | compare the differences betweghand mutant HEWL structures,

paying particular attention to the extent of structural rearrangement caused by the mutation
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of a residue. Finally, | examine the influence of ligand binding on the structure of HEWL and
discuss the implications of my findings for the modeling of point momtetin Xray structures

and for the use of Xay structures of mutant proteins in protein engineering projects.

The variatiorfor each of the 129 residues in the HEWL structures in the datsisgdwn in
Figurel3. One could argue that residues with a high flexibility should weigh less upon
structure comparisonl have however refrained from doing thiggurel4 shows that the
average differencen atom position between HEWL structures is dependent on the average B
factor of the two atoms being compared to each other. Nevertheless, | have chosen to let all
residues weigh equally or split the data into a set of flexible and a set of rigid re¢ages
Figurel?).
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Figure13- Residue fluctuations among HEW structures. On the »axis are residue numbers. On theakis is theG RMSD. The points show the

average RMSD per residue by comparison ofvdlistructures. The vertical lines are standard deviations.
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Figurel4 - Scatter plot of the distance between identical atoms in all combinations of twayakd HEWL structures plotted against the average

isotropic temperature factor of the two atoms.

When measuring the effect of a point mutation on a protein structure, it is essential to first
observe he variability of the wild type structure to define a proper baseline for the
subsequent comparisons with mutant structures. In this respect HEWL presents an ideal data
set, since 254 structures aft HEWL are present in the PDB. In the following | reporthe
comparison of HEWt structures.

The average £RMSD and average heaatpm RMSD for all pair wise comparisonsvior
HEWL structures is 0.81n = 17955, std dev = 0.27) and 1A1& = 17955, std dev = 0.30),

respectively.
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alpha carbon RMSD and average chil ditference between HEWL wt structures
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Figurel5¢ G, RMSD vs py>for all HEWL wild types in the PDEcluding exceptions mentioned in the texThe results are summarized ifable

1® Grey. The presence of thiocyanate or iodide in the-63 region in HEWL induce a significantly differemnformation of HEWL. One of the

structures in this set crystallizes in the.fspace group. Furthermore, only one of the HEWL chains in the asymmetric unit occupies a different

02y T2NNI GA2yS 6KSNBLa G(KS 20KSNI OKl Coyipadsén® oiztwia Srécturles frony @it spae gboBps.T 2 N F G A 2
w. £ dz2SY . 230K &0 NHzO G dzNB &, 8Ly QISK S NIBHALBD QINERE (y1YE tor2lK Adyli NOEORi deNB & Ay GKS LI AN
authors of the structures are differentand KS a G+ NIAy3 Y2RSfa dzaSR FT2NJ NBFAYySYSyildkyYz2f SOdz | NI NI

the pair crystallize in the same space group, but the authors are different.

Colour [longS.G. Deh/|Diff. CAuthor{Model|Ref. |n RMSR, (A) [RMSReay(A)n.1 (%)

Grey Yes|- No |No - - - 453 (1.52 +£0.081.70 +£0.09|21.36 +/ 2.83
- |Different |- |- - - - 6926/0.55 ++0.16/0.96 ++0.17|20.12 + 3.66
- |same(P.y,P)|Yes |- - - - 206 [0.64 ++0.151.05 ++0.16|22.14 + 4.09
- |same (R,P)|No |Yes |- - - 304 |0.49 +£0.050.98 +£ 0.08(20.96 + 4.75
- |Same No [No diff  [diff |- 814 |0.25 +£0.08/0.56 +£0.10(|12.32 + 2.87

Cyan - |Same No |No same [(diff |- 10 |0.30 ++0.12/0.62 +£0.13|11.10 + 2.72

Yellow |- |Same No [No diff  |unkn |- 27000.28 ++0.090.61 ++0.13|13.35 + 3.46
- |Same No [No same [unkn [same|/103 [0.27 +/0.080.54 +/0.15(12.32 + 3.44
- |Same No [No same (unkn |Diff |97 |0.17 +/0.12/0.32 +/0.24| 6.38 ++ 5.00
- |Same No |No diff ~ |same |- 112 |0.22 +£0.08/0.46 ++0.13|10.51 ++ 3.17
- |Same No [No same [same |- 56 [0.16 +£0.090.40 +£0.17| 7.94 ++ 3.89

Tablel. Averages and standard deviations of RMSD gmd differences in HEWL. The data points are shoin Figure156 w{ ®D® ' &LJ OS 3INER
w58K® ' RSK@RNIGSRZ wS5ATFTF® // I &l YS ablod dNE &Y Oz ARKEITOMNSF i ONBRIG IV
7.3.2.1 Space group and crystal contacts

No property causes aiger structural variance than the space groljgurel5 shows the
correlation between theG. RMSD and th@a.; when comparing two different HEWL chains
from the same or differenk-ray structures. The green points leigurel5 represent
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comparisons between structures from different space groups. The large structueakdites
are explained by interactions with different crystal contacts. Since different crystal contacts
cause the large RMSD it is not surprising to find that@eguivalent chains in the asymmetric
unit (ASU) of the monoclinic and triclinic structureH&WL have just as large RMSDs (blue
points) as the chains from different space groups (green poidts)ing established that
different crystal contacts is the single most important factor contributing to structural
differences, my analysis is reduced toamparison of chains from identical space groups with

isotropic crystal contacts.
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Figurel6 - Each square shows the average heavy atom RMSD of alignments between all structures from the space group in the row and column
The lowest average RMSD is observed, when structures from the P 43 21 2 space group are compared against each other. A white sgedri¢

only one single structure has been solved within the space group.

7.3.2.2 Author and starting model
It is common for labs to caistently use the same starting model, when solving a Keay
structure of HEWL by molecular replacement. For cases in which the publishers of two
structures are different and in which the starting model is unknown for either of the two
structures, the ases are treated distinctively. Those cases are colored with yellBigumel5.
Structures with identical crystal contacts that are solved by the same lab or solved by
molecular replacement from the same starting structuregy(irel5 pink points,Figurel8)
generally have a lower RMSD than structures solved in different labs and from different
starting modelsKigurel5cyan pointsFigurel8). A few exceptions are colored with red
points. These red points are comparisons with structures solved at low solvent (1v7t, 1xei,
1xej, 1xek, 2z12, 2718, 2z19, 2d4j, 1lma). Dehydration (low solvent) causes deformation of the
residues irthe 6773 loop, although it is not as pronounced as in 1b2k:A, 1lcn:B, 1lkr:B; e.g.
|l NHtTo R2S&a y2i KI &ure?5y AYyOSNISR . |y3ftsS 6
Interestingly, the heavy atom RMSD is almost equal ta@heMSD in many of the cases

wherethe structures are solved by the same lab or from the same starting mbigir€15

pink points). This may show that a) side chain conformations are highly dependent on the
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starting model, b) the similarity could be an artifaéttloe same lab using identical buffers and
other experimental settings or c) it could illustrate that backbone and side chain dihedral
angles of high temperature factor residues in ratomic resolution structures are always
modeled with the same conformatn within each lab.

The reason | do not include symmetrical atoms of for example Tyr in heavy atom RMSD
calculations is that often one lab will name symmetrical atoms in one way, while another lab
has the isotropic atoms flipped. This would give rise sonaller heavy atom RMSD, when
comparing structures from the same lab, and a larger heavy atom RMSD, when comparing
structures from different labs.

If the conformation of arX-ray structure solved by molecular replacement is dependent on
the starting modelthen the RMSD between a starting model and its derived models should be
lower than the RMSD between the same starting model and random hEWttuctures. This
is illustrated inFigurel?. The dataset is split up between flextzand fixed residues, because
the experimental determination of the position of the flexible residues is associated with a
larger margin of error. | wanted to make sure that calculated differences were not due to a less
prevalent conformation being seleady theX-ray crystallographer solving the structure.
Preferably in the case of two conformations being sampledXhay crystallographer should

identify both as valid conformatioSraser, Clarkson et al. 200@th different occupancies.
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structures derived from it. If the derived models are more similar to their starting model than other wild types, then attsoshould lie below

the diagonal. This is a consistent result for the buried resid€argaff, Lipshitz et al.)whereas the solvent exposed residues (red) have higher

B-factors and seemad have slightly more independently determined conformations.

startingmodel heavy

RMSD heavy

TIAL

z
©
E
@

Figure18- Each square shows the average heavy atom RMSD between P 43 21 2 HEWL structures with the starting models given in the row and

Jes6L
r6L
T3HE
M
Ll
3sT
dd4i
NATZ
1778
LA
ZAT9
SAT8
3NON

column. If only one structurés based on a starting model, then no average RMSD is calculated and the diagonal squares are colored in white.

45/170



different same difference (differentsame)

n RMSD& |RMSDheavy [n . m|n |RMSD& |RMSDheavy |p . M/ RMSD& |RMSDheavy [n . ™
A) N ©) A) @) © A& @) ©)
Author| 3626| 0.27 0.59 13.03|266|0.222 0.43 9.18 |0.06 0.16 3.85
SM 824 10.25 0.56 12.30|168|0.20 0.44 9.65 |0.05 0.12 2.65

Table2 - Effect of the author ad starting model on HEWwt structures. If the author or starting model is different, then all three properties
(alpha RMSD, heavy atom RMSD andlifference) are higher than in the case in which the author and starting model are similar. GHMSD is
almost equally dependent on the author than the starting model, whereas the side chain positioning (heavy atom RMSD difigérence) is

slightly more dependent on the starting model than the author

7.3.2.3 Effect of resolution and physiochemical properties

Nextl focus on the effect of resolution and miscellaneous physiochemical properties on the
given conformation of HEWConsidering that structural variance is mostly explained by
crystal contact differences, all other possible effects are only examined whhiR 4 2, 2
space group. The R 2, 2 space group was chosen because a) most of the available HEWL
structures are from this space group, b) thgymmetric unit ASU only contains one chain and
¢) the structures within this space group are very sinttaaverageKigurel6).
7.3.2.4 pH differences

Hydrogen bond patterns and thus side chain conformations are expected to be dependent
on pH. As a result, a correlation between RMSD and the difference in pH between two crystals
may be obsered.Figurel9 shows a poor positive correlation£ 0.20) between RMSD and
the pH difference. The largest pH difference is less than 4 pH units and the difference in pH
between most structures is less than 1 pH unit. Becaughatlata points are clustered at low
pH differences, one cannot expect to see a large correlakgure20 shows the distribution

of pH differences, which is not normal distributed.

RMSD heavy

02|

0 0.5 1 15 2 25 3 35
pH dift

Figurel9- Heavyatom RMSD between two HEWL structures as a function of the pH difference between them. The RMSD increases as the pH

difference increasesr(= 0.52).
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Figure20 ¢ Distribution of pH differences between HEWL structures.

7.3.2.5 Temperaturedifferences

The distribution of temperature differences between structures is even more skévaad
that of pH difference®ecause structures are either cryogenic or solved at room temperature.
Figure21 shows a plot of temperate difference against RMSD. A positive correlation (

0.36) is observed, but it is netipportedby intermediate temperature differences.
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Figure21 - Heavy atom RMSD between two structures as a function of the temperature déffee between them. The RMSD increases as the

temperature difference increases € 0.36).

7.3.2.6 Solvent content

The Matthews coefficient is a measure of the solvent content in the crystal. It is the volume
of the unit cell divided by the weight of the polymemsthat unit cell. Thus a high Matthews
coefficient is the equivalent of a low solvent content. If a crystal has a low solvent content and
is more tightly packed, it is not unlikely that the solvent exposed side chains will be restricted
in their range omotions. Therefore | expect conformational differences between structures
that have significantly different Matthews coefficients. This is exactly what | observe as shown

in Figure22. In the case of crystal structures from diffet space groups, the structural
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differences might also be attributed to entirely different crystal contacts, whereas the same

trend when comparing structures from the same space group cannot be disputed.

HEWL, MV, r = 0.32

HEWL, MV, £ = 0.70

heavy AMSD
heavy AMSD

0.05 0.1 015 02 025
MV diff (Angstrom” / Da) MV diff (Angstrom® / Da)

Figure22 - Heavy atomRMSD between two HEWL structures as a function of the difference in Matthews coefficient between these two
structures. Left: Between structures from all space groups (left). Right: Between structures from the same space group.Matthews
coefficient ncreases, so does the RMSD. The correlation between the heavy atom RMSD and Matthews coefficient difference between structure

from all space groups (left) and identical space groups (right)#s0.70 and = 0.32, respectively.

The HEWL dataset is very sparse in terms of mutants. The only starting models from which
at least one wild type structure and two mutant structures have been derived are shown in

Table3. Thereforeit is difficult to determine the structural effects of mutatioms HEWILf any.

starting model wit Mutants

2Izh (low res, P 21 21 21 1aki (P 21 21 21| 1heq,1heo,1hep,1hen,1hem,lher (P 43 21 2)

1rfp (P 43 21 2) 1uih (P 43 21 2)| 1fn5,1flg,lior,1flw,1flylioq,1flu,liot,lios (P 43 21 2
6lyz (P 4321 2) lazf (P 4321 2)| 1lzd,1llze,1llzg (P 43 21 2)

Table3 ¢ HEWL mutants and the starting model used to solve their structure by molecular replacement.

2Izh is a low resolution structu@nd in the case of 1rfp and 6lyz only a singlestructure
has been solved using one of these structures as a starting model. It is therefore not possible
to carry out a large scale comparison of mutants and wild types derived from the same starting
model

All of the mutant structures in this studywith the exception of 1lzg have been solved by
the research groups dimoto or Matthews(Table4). Thewt structure most similar to the

mutants is in all cases 1rfp, 1luig, 1vdt tell
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1lkxw | Imoto N27D luig | 0.118 | 1rfp lhel
1lkxy | Imoto D18N | 1rfp,luig | luig | 0.086 | 1rfp lhel
luic Imoto H15A 1rfp | 0.113| 1rfp lhel
1uid Imoto H15F luig | 0.154 | 1rfp lhel
luie | Imoto H15G 1rfp | 0.114 | 1rfp lhel
Luif Imoto H15V 1rfp | 0.130 | 1rfp lhel
1flg Imoto G117A| 1rfp,1luig | 1rfp | 0.067 | 1rfp lhel
1flu Imoto G67A luig | 0.144 | 1rfp lhel
1flw Imoto G71A luig | 0.192 | 1rfp lhel
1fly Imoto G102A lvdt | 0.138 | 1rfp unknown
1fn5 | Imoto G49A luig | 0.160 | 1rfp lhel
lios Imoto M12F 1rfp | 0.107 | 1rfp lhel
liot Imoto M12L | 1rfp,luig | 1rfp | 0.095| 1rfp lhel
1ir7 Imoto 178M 1rfp,luig | luig | 0.094 | 1rfp lhel
1ir8 Imoto 158M 1rfp | 0.153 | 1rfp lhel
1ir9 Imoto 198M 1rfp 1rfp | 0.099 | 1rfp lhel
lhem | Matthews | S91T lhel | 0.111 | 1hel lhel
lheo | Matthews | I55V lhel lhel | 0.087 | 1hel lhel
lher | Matthews | T40S | 1hel lhel | 0.093 | 1lhel lhel
1lzd Kumagai | W62Y | llza liza | 0.08 | 6lyz 6lyz

Table4 ¢ Selected HEWL structures from Imoto and solved by molecular replacement using 1hel or a derivative of 1hel as a starting mode

And for all of thesevt structures the starting model is 1hel. The mutant struetis
therefore heavily dependent on the starting structure used in molecular replacement.
Otherwise the mutants would have been more similar to any randdrstructure. Therefore
it does not make sense to compare a mutant with anything else but the refisstructure (or a
structuregenerated from the same startingodel as the mutarjt

Even when comparing mutant structure with their starting model, one cannot be certain
that all the structural variation can be designated as originating from the mutafiois. is
illustrated strikingly by comparisons between wild type structures where one structure has
been used as the starting model for molecular replacemEigurel?).

Here | try to answer $ingle point mutations have a sigodnt effect on the structure of
HEWLFigure23 shows that mutant structures are more identical to each other and selected

wt structures thanwt structures in general despite the structures being from the same space
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group P 4 2, 2). This is evidence of the importance the starting model has on the final
reported conformationFigure24 shows theG RMSD between HEWL structures from the
same space group (R 2, 2) in the absence dhe outliers discussegreviously (1b2k:A,

licn:B, 1lkr:B)Thefigure showsthat the wildtype structures are more different from each
other than the mutant structures are from the witgpe structures. This can perhaps be
attributed to what starting model was used when builgithe mutant structures by molecular
replacement.The conclusion is that experimental methods for solving the structure give rise to
a larger apparent structural variation than single point mutations. Either the structural
consequence of single point muians is small and/or the conformations available for HEWL
to sample and for thé¢ray crystallographer to choose among many and very different. Both
would explain why apparenthyt structures are more different from each other than single

point mutants ae from each other and selected structures.

Figure23 ¢ G RMSDs between HEWL structures in thek 2; 2 space group in the absence of ligandsach square represents an RMSD between

two HEWL structuresThe matrix is symmetrical around the diagonal. The diagonal is colored in white. White is the color usegptesent an

RMSD of zero. The comparison of wild types against wild types is shown in the bottom left corner (violet square). The caonpafrmutants

against mutants is shown in the top right corner (red square). The comparison of wild types againgtrmtauire shown in the orange rectangles.
Mutations do not cause larger structural effects in either of the two HEWL domains than

what is seen for the wild types. IRigure24) a comparison of the average RMSD between,

on the one hand, an ensemble wf structures, and on the other hand, a randomly selectgd

structure (black) or a mutant (colored), reveals gtricturalvariationin each of the two

domains to be identical and larger on average forwhiestructures.
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Figure24 - The average RMSD of a samplevafstructures compared againstit structures (black) and mutants (colors) are calculated. The RMSD

of alpha and beta domain residues are shown on the left and right o ilot respectively.

7.3.4.1 Monovalent ions in the P 2space group

Here | look at the effect small monovalent ions have on the structure of HEWL. As
previously discussed in secti@rB.2 there are a few chains that give rise to very large RMSDs,
when compared to other HEWL structures (orange point&gunrel5). These chains are
1b2k:A, 1lcn:B and 1lkr:B. All three chains are from the PlIspace groupnd they all have a
neighboring chain in their ASOther proteins crystallized in the monoclinic (P, Rand
triclinic (P 1) space growdsohave two chains in the ASU with nafentical crystal contacts
For these structures the RMSD between chaiomfthe same ASU is higher than the RMSD
between equivalent chains from differeMtray structures. However, the three chains
mentioned above are significantly different from any other chains in the monoclinic space
group. This is mostly due to a variatimnthe loop between residues 67 and Rdure25).
These residues have high temperature factors, and furthermore three of them are Glycine or
Proline residues (Gly67, Pro70 and Gly71). Glycine residlaespread out wide acroslse
Ramachandran landscagieigurel). The three chains all have large monovalent ions at the
loop residues; thiocyanate in 1lkr and iodide ion in 1b2k and 1lkr. lodide does not have the
same effect on structures solved in tRel; 2; 2 space grouglgwd, 1vat, 2d91HEWL has
been crystallized with the smaller bromide ion (vdW radius of 1.82A relative to the 2.06A vdw
radius of the iodide ion), but unfortunately it does not crystallize in the tetragonal and not the
monoclinic fom (Dauter and Dauter 1999)az{1998), and therefore it is unknown whether
the size of the ion has a structural effect or n2d4k is solved in the R 8pace group in the
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presence 6chlorideions(vdW radius of 1.6%). Residues 673 ofchains 2d4k:A and 2d4k:N

in the ASUnhave slightly different conformations, which is attributed in particular to tiie

angles of Pro70 and Gly71, but the effect is not as pronounced as with the iodide ion. Unlike
the iodide ion the binding of chloridet residues 6773 is symmetric; meaning that the ion is
found at the same position in the two chains in the ASU.

It cannot be readily explained why iodide and thiocyanate trap HEVdh @xclusive
conformation(1b2k and 1lkr)The different loop conformations have previously been
explained by an interaction between Gly71 O éimeliodide atorm(Vaney, Broutin et al. 2001)
Vaney et.alsuggest that some anion binding sites are space group independent and only
dependent on the nature of side chains, whereas others are space group depehuére
case of the asymmetric binding of iodjdke binding site in the vicinity of Gly&ppears to be
space group dependent.
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Figure25- Ramachandran plot of Arginine 73. 1b2k:A, 1lkr:B, 1lcn:B from the Bpace group to wich monovalent ions are bound have an
AYOGSNISR . Fy3ftSo
7.3.4.2 Urea and NAG

Unexpectedly urea has no effect on HEWL as can be seen from 2f30 solved in the triclinic
space group. Whether the substrate NAG has a significant effect on the conformation of HEWL
remans unanswered, because the HEWL structure in the presence of NAG has only been

solved by powder diffraction (1ja®y as the E35Q mutant (1h6m,2war)

As is the case with HEWL, it is the space gtbapdictates the conformation of T4Eifure
26). The largest RMSDs are observed when the space groups are ditffehangaff, Lipshitz et
al.). However, in some cases, the protgrotein association in the unit cell is similar across

space groups, which gives rise to small RMSDs.
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Most of the T4L strctures in the PDB areunlike the HEWL structuresmutant structures.
Some of the T4L structures have been engineered to dimerize via an intermolecular disulfide
bond. In other cases residues 42 and 121 have been mutated to cysteine to bridge the hinge
gap. Comparisons of structures with intermolecular disulfide bonds or the @Y¥5g3221
disulfide bond are shown in light gréyigure26).

In some cases, chains from the same unit cell will have very different crystal contass. Th
comparisons of chains within a unit cell and reguivalent chains across unit cells from the
same space group are colored in bléElgure26).

Once more it is observed that the conformations are very much dependent on aartidor
starting model. The cases in which the author or the starting models are the same have much
lower RMSDs than the average pair wise comparison of other T4L strucTal#sq).

alpha carbon RMSD and average chii difference between T4L wt, wt* and single point mutant structures
45

40

35
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25
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Figure26 - Ca RMSDvs. heavy atom RMSD (LEFT) &adRMSD v® .£>{RIGHTHor all T4Lwt, wt* and single point mutant structures in the PDB
excluding exceptions mentioned in the text. The coloring is similar to that of HEWL except for grey. Grey represents stsuottir

intermolecular or intramolecular disulfide bonds (i.e. the I3C mutant).
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Colour disulf | SG CC | Author | Model | Ref. n RMSR, (A) RMSReaw(R) | n-1(°)
Grey Yes | - - - - - 866 219 +£1.12 | 2.43+£1.03 | 20.51 + 3.48
Green - different | - - - - 4991 | 1.01 +/066 | 1.28 +/0.61 | 21.14 +/ 5.58
- same Yes| - - - 18 0.78 +:0.34 | 1.05+£0.28 | 18.20 + 6.19
- - same No | diff diff - 1230 | 0.40+£0.12 | 0.65+£0.13 | 13.23 +/ 3.89
Cyan - same No | same | diff - 6104 | 0.32+£0.13 | 0.56 +/0.12 | 12.74 +} 3.48
Yellow - same No | diff unkn - 1631 | 0.39+£0.13 | 0.66 +£0.12 | 13.09 +/ 2.78
- same No | same | unkn | same | 24123 | 0.24 +£0.10 | 0.45 +£0.13 | 10.20 +/ 3.15
- same No | same | unkn | diff | 452 | 0.17+t0.07 | 0.34 +£0.12 | 6.66+¢ 1.84
- same No | diff same | - 9 0.30 +£0.07 | 0.58 +£0.12 | 11.45 +F 1.06
- same No | same | same | - 3038 | 0.19+£0.07 | 0.38+:0.15 | 9.91 + 3.83

Table5 ¢ The table shows average RMSDs for selected subsets of T4L struc&@es.space group, CC = same spacegroup, but different crystal

contacts due to norequivalent chains, ref. = primary reference

Different same difference (differentsame)

n RMSD& | RMSDheavy| n.1 n RMSD& | RMSDheavy| n.1(°) | RMSD& | RMSDheavy| p.1
Author | 5425 0.41 0.68 13.48 | 47881 | 0.26 0.49 10.99 0.15 0.19 2.49
SM 11476 | 0.34 0.61 13.17 | 3666 | 0.22 0.41 10.28 | 0.12 0.21 2.89

Table6 ¢ The table summarizes the effect of the thors and starting models on T4lt, wt* and single point mutant structures. If the authors or
starting models are different, then all three properties (RMSD, heavy atom RMSD and averagédifference) are higher than in the case in

which they are simér. TheG RMSD is slightly more dependent on the author than the starting model, whereas the side chain positioning (heavy
atom RMSD and average difference) is slightly more dependent on the starting model than the author. The RMSDs ake Tine angls are in
degrees.

In a few cases thiargecoordinate RMSDs between T4L structures can be explained by the
hinge motion in T4L. In most other cases, the structural differences are not due to domain
movements, but rather structural changes in each domairartler to determine, whether the
structural differences between T4L mutant antstructures are attributable to changes in the
large or the small domain and the presence of a mutation in each of the two domains, | plotted
the measures of structural diffence in each domain{C wa { 53X KSI @ge.)f §2Y wa
against each other on separate axegyre27). Because structures are more similar to their
starting model than other structures, | only use the starting models for conpalg
structural alignment.

Structures with mutations in the small and large domain are shown in green and red
respectively. The measure of structural difference is shown on-#dsyand the saxis for the
small and large domain respectively. Therefoneuld expect green points to lie above the
diagonal and red points to lie below the diagonal, if the mutation has the largest effect on the
domain, in which it is located. This is indeed the general pattern | observe for all three
parameters (CRMSD, heavy atom RM3;,|) in Figure27. However the many exceptions
also show that structural variation between wild types and mutants cannot always be
explained by mutational effects. Therefore one should be skepticalraflgsionsin the

literature reached about structural changes caused by mutations.
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The inner grey diagonal lines in the three pl(iggure27) are lines of linear regression
through all of the data points. The outer lines are 8%% confidence intervals of these linear
regressions. In all three plots it is observed that the RMSD is larger in the small domain than in
the large domain. This is especially pronounced in the last of the three pigis€27c, -,
variation). It is a very common result of NMA calculations that the smaller of two domains
have longer vectors. T4L is no exception. Therefore it is no surprise that the largest variation is
observed in thesmalldomain. This adds further to the evidee that the structural variation
observed is due to spontaneous conformational sampling rather than being caused by single

point mutations.
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Figure27a ¢ Figure caption text is on the next page.
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Figure27b ¢ Figure caption text is on the next page.
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Figure27c - Scatter plot of the RMSD of the large domair-axis)and the RMSD of the small doma(g-axis) The RMSD is shown for tt@
coordinates fop), the heavy atom coordinatesnfiddle) and the chil anglesbpttom). The coordinate RMSDs of large, small, buried and exposed
residues are calculated from structural alignments to all heavy atoms. The structural alignment is performedeleet each mutant andts start

model if known. If the start model is not known, then the comparison is made between 3lzm and 1163 in the casearfd wt* derived

structures, respectively. Red and green circles represent mutations in the large and soralhih, respectively. Filled and empty circles represent
RMSDs of buried andxposed residues, respectively. Mutants are compared to their molecular replacement starting model. If the starting model
is not given, then Cysteinéree mutants (vt* mutants) arecompared with 1163 and other mutantsat mutants) with 3lzm. The coordinate RMSDs
are calculated from structures praligned using all heavy atom coordinates. As described in the methods section unobserved, zero occupancy.
High temperature factor and "symmetry" atoms are not used for comparison. If alternate locations of atoms are given, then the atoms most
similar to the comparative structure are used’he lines are the regression lines and th85% confidence band$:or a discussion of the outliers

seethe text.

If the mutations have a large local effect on the structure, then one would expect the
largest coordinate differences at the shortest distance to the site of mutation and vice versa
the smallest coordinate differences furthest away from the sitenutation. However, when |
plot the coordinate difference between mutants and wild types as a function of distance from
the site of mutation Figure28), then | donot observe this pattern. While the largest

coordinate differene is in the vicinity of the site of mutation, the trendt@svardslarger

coordinate differences, as omaoveaway from the site of mutation. One could try to explain
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the largest coordinate differences being furthest away because of a hinge motion in the
protein, but lobservea reverse trend for thevt structures (green line ikigure28), which
doesnot support the argument. The best explanation for the data is that, while mutations do
cause nearby conformational changes, the imm®nounced effect of a single point mutation
is that it causes a wider and redistributed conformational sampling. Because the intrinsic
motion of T4L is a hinge motion, the coordinates furthest away from the center of the hinge at
the center of the protén will be most displaced at the end points of the hinge motion.

In the next section | will show that very large RMSDs are observed, when indeed T4L is

locked in one of the two end point conformations of the hinge motion.

mutants
wiwt*

o 5 10 15 20 25 30 35 40 45
distance from alpha carbon atom of mutated residue

Figure28 ¢ A scatter plot of the distance between coordinates of a mutant structure aligned wittastructure as a function of the distance from
the mutated residue. The sequence similar structures (wt and wt*) were compared against each other. A samplinar sorthose of the mutants
was carried out for the wt/wt* structures. The data points of the wt/wt* comparisons are not shown. The regression linesHfermutant
structures and wt/wt* are shown in red and green, respectively. When performing the analgsisll single point mutants, the mutations do not
have a larger effect when they are in the vicinity of the mutation as compared to when they are at a distance from the rontathe fact that the
coordinates differ more when further from the site of mutéon in the mutants might be due to a hinge motion, which is more pronounced in the

mutants.

7.3.5.1 TAL special cases

Grey points ofigure26 are special cases. Some of these are high RMSDs due to the
conformation of T4L being lockedthie end point (closed conformation) of the hinge motion.
The hinge gap between residues 42 and 121 can be bridged by mutation to Cysteine. It has also
been bridged by mutation to Histidine and by adding Cobalt, Nickel and Zinc respectively. In
the absencef a bridging ion (2571) the T21H/T142kutant is not very different from the
average wild type T4L structure. That the mere presence of an ion can lock T4L into an extreme
conformation shows that the energy required to achieve this conformation is lodjtas
therefore likely that the conformation is sampled in solution, although the population of this

state is low in the absence of an ion.
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Another special case is the A129W mutation. Alal29 is a buried residue itehmiGal
core of T4L. Mutating AL29 to Trp causes steric clashes that cannot be avoided only by side
chain reconfiguration, but also requires backbone movement. Another mutation which causes
significant steric clashes is V87M. On its own, it has no major effect (1cu3), but in conmbinatio
with L84M, L91M, L99M, V111M, L118M, L121M, and L133M, the main chain is forced to move
to make room for the large side chain of Methionine. Vice versa the seven mutations of Leu
and Vallll to Met has no significant effect (110k), unless Val87 is atspeihto Met
(1lwg,1llwk,1lpy). Other mutants that are treated separately include the doulgi¢oGAla
mutant 1ssy (G28A,129A,G30A), the palg mutants 1175 (12133) and 1921 (4@8,127132).

A few structures have some awkward Gly107/Gly110/Glyli3angles as can be seen
from the Ramachandran plots for these three residuégyre30). This is not surprising, as the
F helix (residues 10813)¢ in which the Glycine residues are locatedas been observed to
be mobile agvidenced by high thermal factors from crystallographic experin{gtaston and
Matthews 1995) NMR peak broadening and methyl CBurcelMeiboom-Gill (CPMG)
relaxation dispersion NMR experime(iulder, Mittermaier et al. 2001; Mulder, Hon et al.
2002) a wide range afiifferent chemical shift€Bouvignies, Vallurupalli et al. 201 NMA(next
chaper) and MD simulation@\rnold and Ornstein 1992)he structures with unusual
GemntkDf @mmnkDf @mMmMo . k- y3afSa FINB Ydzilyd [ o
(3htf , 3htg, 3huk), mutant L99A/M102L (3dke), M102A/M106A (2521) and mutant L99A
(3hh6). Here | seek to explain those Ramachandran outliers. L99A creates a buried cavity
whereas L99G (1qud) creates a solvent accessible deidy, Baase et al. 1999hich
explains the alternate conformation of the F helix (residues108) in 1qud (L93). Two
alternate conformations of helix F are present in 3hh6 (L99A). Of the two, the atoms of the one
with the unusual conformation of residues &4 only have occupancies of 23%. Similarly in
2521 (M102A/M106A), residues 1445 come in two flavors.HE electron density is not
provided for 3dke (L99A/M102L), but perhaps it too has two conformations of the F helix of
which only one has been modeled. The M102L mutation in 3dke (L99A/M102L) was only
carried out to avoid possible artifacts in the electensity due to a selenomethionine
(SeMet102) being close to the L99A cafitiyt, Quillin et al. 2008) may be that the M102L
mutation in combination with the L99A mutation unexpectediuses the deformation of the
F helix. Finally, the ligand present in the polar cavity of a L99A/M102Q mutant affects the
conformation of the 107113 turn. An apolar cavity was engineered into T4L through mutation
of Leu99 to Ala. Despite the mutation atang aF 15083 cavity, the L99A mutant and the T4L
wt structure are almost identicgEriksson, Baase et al. 19%¥hen the cavity is occupied by a
nonpolar ligand, the structure is also very similar to the structure. However, if the apolar

cavity is occupied by a polarized ligand, then the conformation in #tegrftinal domain
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changes significantly. Those cases are colored with dark gFagure26. The polar ligands

that perturb the T4L L99A structure are showrfrigure29. This is serves as an example, that
predicting conformational changes is difficult, because the conformation can be heavily
dependenton the nature of the ligand rather than the position and type of mutation. In the
next chapter | analyze all structures in the protein data bank (PDBpgrandg other things

look into the structural effect different ligands have on sequence identicatttres.The

number of HEWL and T4L structures is not sufficient for this automated large scale analysis,
and the HEWL and T4L structures present a very limited number of structures not solved by

molecular replacement.

Figure29 ¢ Chemical structures of @lar ligands that change the main chain conformation, wheirey arepresent in the apolar cavity of the

wt*+L99A mutants.Non-polar ligands do not change the backbone conformation of the T4L wt*+L99A mutant.
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Figure30 ¢ Ramachandran outliers in the L99A/M102Q mutants of T4L. Gly107 (left), Gly110 (middle), Gly113 (right). The outliers ake 252l
2nth:A, 1qud:A.
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That the variation between structures measurederms of G RMSD and differences in
side chain dihedrals is mostly dependent on the origin of the structure (i.e. author/lab and
starting model if molecular replacement) is unsettling in itself. More disturbing is the fact that
structure based calculatienbased on seemingly identical structures yield very different results
when calculating stability changgs & values) of mutantsKigure31) and g&, values Figure
32). This serves as a warning that cartggional results should be interpreted with care. While
being qualitatively correct, the computed results can be quantitatively incorrect. One should
always be aware of the error associated wetimputational results.

As highlighted by figur@2, the experimental i, value on the axis is larger than the
minimum and smaller than the maximum of the ensemble of calculated values; the
experimental value is sampled so to speak. It would therefore make sense to always perform
structure based calculations on an ensemble of structures rather than on individual structures.
The ensemble could be generated by NMA in those cases, when a sufficient nuritbray of
structures are not available. It would be interesting to create an ensemtdtruaftures with
NMA and do structure based calculations again to see if experimental values are sampled using
the NMA generated ensemble as an input. Alternatively the ensemble could be generated
from experimental data by usirane of twonew methods for generation of hidden/invisible
conformations througteither the combination of chemical shifts from NMR CPMG relaxation
dispersion experiments and a version of the structure prediction program Rosetta, which can
utilize chemical shifts (G@osettajBouvignies, Vallurupalli et al. 201dr)directly from xray
data(Fra®r, Clarkson et al. 2009)
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calculations to be very dependent on the input structure.

Figure32 ¢ Variation of p&, values calculated from different HEWL structures. On thaxis is the experimentgbK, value. On the yaxis is the
calculatedpK, value. Asp and Glu residues are shown in blue and red, respectively. fieen@nal residue 129 is shown in black. A large variation
in calculatedpK, values is observed for Asp66 (lowest experimental Adfa) and Asp52 (highest experimental Apf,). Among the severe

outliers (those more than 4K, units from the experimentalpK, value and more than 3K, units from the average of the calculatepkK, values)

are the usual suspects. 1) The dehydrated structures 1xei, 1xej, 1xek. 2) The structures Bly6I¥ exposed to radiation induced decay. 3) 1lze,
which is interacting with tetraNAG, respectively. 4)bhz which is solved at a 3®resolution. 5) 2a6u, which is solved by means of powder

diffraction. 6) 1e8l, which is solved by NMR spectroscopyThe B chain of the P 21 structure 1lys.

7.4 Conclusions
This chapter has shown a linear relationship between the RMSD of two structures and their
difference in Matthews coefficient. This result establishes that, upon structural comparison

both the space gnop and also the level of hydration need to be taken into consideration.
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Additionally, the chapter showed that the mutant structures of HEWL are more similar to
the starting model used for molecular replacement than any othestructure. This highlights
the importance of strictly comparing mutant structures with their starting model upon
investigating the effect of single point mutations. It shows that the exact coordinates of a
structure deposited in the PDB is the results of lab methods such as statidel, buffering
agents and molecular modeling software rather than just being the result of experimental
observations.

Atthe "LINR G SA Yy & (0 NHzO (i dzNB CilititaSARsesSriieht DfyTecngnesdéri A G A 2
Protein Structure Predictign 6 / ! { tnemeft categoNBfHhigh resolution models was
introduced. If information about crystal contacts are not made available to predictors, then it
is difficult with force field based methods to model side chain conformations in the vicinity of
crystal contactsnore accurately than what can be obtained by simply copying the best
template(MacCallum, Hua et al. 2009s | have shown here, differences in crystal contacts
caused by different space groups or differéevels of hydratiorg is the key to any significant
structural heterogeneity. Mutations, ligands and different starting models, are only of
secondary importance.

Figure27 shows that the ; angles of surface residues are more variable than those of
buried residues. Therefore surfacganglesshould be excluded or down weighted when
analyzing ; angles of CASP models, which is currently not the @@aedyand Gayatri 2007)

It is impossible to tell if the similarity between structureg/hether solved in the same lab
and/or from the same starting modelis due to similar experimental methods or to a phase
bias. However, this chapter leaves no doubt thagh similarities in experimental procedure
contribute more to structure similarity than physiochemical differences contribute to

structural differences.
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8 Chapter 3 - Protein structure variation in the
entire PDB

8.1 Introduction

The experimentak-ray structures deposited in the PDB are human interpretations of the
electron density observed in anrdy diffraction experimen{Rupp 2009lectron density of
distinct conformations will be visible at higher resolufidelsch, Teeter et al. 2000; Schmidt,
Teeter et al. 2011)out most often the electron density is itself an average of the ensemble of
conformations that the protein occupies under the conditions in the cry$tak, Evans et al.
1986)Conformational differences between PDB protein structures can thus be due to 1) the
structural heterogeneity inherent in any ensem@®lkman, Lipsoet al. 2001; Fraser,

Clarkson et al. 2009; Bouvignies, Vallurupalli et al. 2@)ifferences in how the electron
density was interprete@ones, Zou et al. 1991; Kleywegt and Jones 1996; Jones and Kleywegt
2007, or 3) genuine differences in structures/ensembles that are due to physiochemical
differences such as [jBand, Agrawal et al. 1971; Tews, Findeisen et al. 2005; Roche,
Bressanelli et al. 2006; Kukic, Farrell eR809)and temperaturéFrauenfelder, Petsko et al.
1979; Fisher, Colen et al. 19&i)d/or mutationgEriksson, Baase et al. 1992)the previous
chapter Istudiedthe structural heterogeneity in an ensemble of HEWL and T4L struauaces
identified the importance of the stéing model used for molecular replacement to the final
deposited structureln this chapter primarilyinvestigatel) whether theoverall

conformational differences observed between structures deposited in the PDB can be
explained bymutations and 2) whéter the structural effect of a mutation is local or
propagates from the site of mutation. | find that a single point mutation in general has no
effect on the overall conformation of a protein and that a single point mutation only changes

the conformation @ the protein in the nearby vicinity (< Apof the mutation.

Protein structure comparison is relevanhen studying the structural effect of the binding
of a ligandKelly, Sielecki et.al979; Chothia, Lesk et al. 1986; Milburn, Prive et al. 1991;
Mozzarelli, Rivetti et al. 1991; Rini, SchuEhmen et al. 1992; Ostermann, Waschipky et al.
2000) when performingsequence independergrotein structurealignment and
clusterindShindyalov and Bourne 1998; Ortiz, Strauss et al. 2002; Ye and Godzik 2004; Zhang
and Skolnick 2005)vhen analyzing protein equilibrium fluctuatiqgddcCammon, Gelin et al.
1977)and protein foldingLindorftLarsen, Piana et al. 202djth molecular dynenics

simulations, when benchmarking and analyzing computational methods for structure
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prediction(Schulz, Barry et al. 1974; Delbaere, Brayer et al. 1979; Chothia, Lesk et al. 1986;
SchueleifFurman, Wang et al. 2005)hen analyzing the extent of conformational sampling
carried out by a protein at equilibriu¢hindorftLarsen and Ferkingheforg 2009)and most
importantly when analyzingie structural effect of mutations.

Mutations can perturb protein structures in multiple wajutations can change the
conformationby disuption or introduction ofhydrogen bond network#lber, Daepin et al.
1987;Sprang, Standing et al. 1988alt bridgefGibbs, Moody et al. 1990isulfide
bridgegPjura Matsumura et al. 1990; Miller, Mande et al. 199&)ix dipole
interactiongNicholson, Becktel et al. 1988)d hydrophobic caviti€kriksson, Baase et al.
1992; Korkegian, Black et al. 200@utations can also indirectly alter the conformation
observed byx-ray diffraction by altering the rate of conformational change between two
conformational saitegBhabha, Lee et al. 2014)d thus the size of the population of the two
states and ultimately the observed eleah density and the reported
conformation(Bouvignies, Vallurupalli et al. 2011)

When performingde novoprotein structure prediction, a«(RMSD smaller than 1.5A
which can be achieved for small protein domains (<85 residyissjonsidered high
resolution(Bradley, Misura et al. 2008) this chapter | show that large single domain proteins
from different space groups with at least 95% sequence similarity rarely diSpRIYISDs
larger than 1.5A. In fact the averaGeRMSD of an ensemble of sequence identical structures
rarely exceeds 0.5A. Therefore there is still a gap between the accuracy of the experimental
determination and that of the computational prediction of gture. However, this gap will
narrow, as computational methods of conformational sampling and free energy calculations
improve(Bradley, Misura et al. 2005)

The study presented in this chapter is somewhat similar to that of Kosloff and
KolodnyKosloff and Kolodny 20Q8)hich identified sequenesimilar but structuredissimilar
protein pairs in the PDB and explained those structuféédinces on an individual basis. | am
however not interested in RMSD oultliers, but rather | want to know, which properties in

general cause structural differences.

It has previously been shown that the RMSD betwévo structures is dependent on their
size; i.e. their radius of gyration. This result however was established for sequence different
proteins(Cohen and Sternberg 1980; Reva, Finkelstein et al. B3¥#)use | compare proteins
of different size, it is very important fone to use a measure, which is not size dependent. One
option is to use a sizmdependent RMS[Maiorov and Crippen 1995; Betancourt and Skolnick

2001; Carugo and Pongor 20@nother option is to show that the RM3Psizeindependent
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for my dataset. In sectio@.3.4.51 show that the RMSD faequence identical structures not
dependent on their radius of gyratiott is therefore a valid approach to use the RMSD as a

measure of strutral similarity for proteins of different size.

In this chapter | seek to quantify the contribution of ensemble heterogeneity to
conformational differencesand identify the properties that contribute to conformational
differencesby performing a pair wise comparison of a large set of protein structures of
different sizes, folds and functions.

| set out to determine which factors cause variation between otherwise sequence identical
proteins For example it is important to be able tompare an apo structure and a ligand
bound structure and know whether the observed differences in the atomic coordinates of the
protein is due to the binding of the ligand or simply a result of ensemble heterogeneity or
differences in how the electronethsity was interpreted. Specifically | examine to what extent
the variation between structures can be explained by mutatisestion8.3.3.9, the
presence/absence of a ligand, the presence of differing ligands and frequepdsted
physiochemical properties such as (#8.4.9 and temperature(8.3.4.]. The results show
that there are some physiochemical properties that hawdetectableinfluence on the
conformationof a protein To summarize, the two main questions | seek to answer in this
chapter are:

1) Why are sequence similar structure pairs sometimes structurally different? Can this be
attributed to something else than a point mutation, which one should take ¢éonsideration,
when attributing structural differences to point mutations? This analysis builds on the results
from the analysis of HEWL and T4L (chapiend examines whether the conclusions reached
from this study is likly to be true for a larger subset of the protein structures in the PDB.
Whereas the analysis in the previous chapter focused on the relationship of structures through
molecular replacement, this chapter will focus on the analysis of whether structural
differences are observed in the case of mutations and physiochemical differences. This is
impossible to answer for HEWAinceless than 49 of the 349 HEWL structures in the PDB are
mutant structures. For T4L it is complicated by the fact that 467 of 538tiuktures in the
PDB are solved lifie research group drian MatthewgBaase, Liu et &2010)The given
conformation of a solved4Lstructure would depend too much on whether it had been solved
in the lab of Brian Matthews and/or by molecular replacement using a starting model from
Brian Matthews.

2) Does the structural effect of a mutatigmopagate through a protein originating from the

site of mutation? Can the structural effect of a mutation be quantified or do other properties
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contribute to the structural difference between a structure pair and inhibit any quantification
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8.2 Methods

A flow diagram for finding comparable structures is showRigure33. Before the

L LINBaSyid vye

| 87356 S NE

g2

comparison of structures is carried othg pool of structures from the PDB is reduced. This is

explained in sectioB.2.1

All sequences
inthe PDB

BLASTCLUST — 95% or larger sequence
identity

parse header and identify sequence
identical chainswithin apdb

skip if:
1) supersededor rerefined structure.
2) no longpeptide chains.
3) NMR structure.

skip if different non-polymercompounds
that are:
1) not modified residues
2) Not ions
3) Not buffering agents, redudng agents
4) Not stereoisomers

skip if different nuclectide or short
peptide chains— disallow mutations

skip if different long peptide chains—
allow 10 or fewer mutations

Figure33 ¢ Flow diagram of the protein structure comparison algorithm.

8.2.1 Exclusion of PDB files

parse coordinates

coordinates coordinates
1 2

skip ifalphacarbon atoms only

skip if differentnon-polymer compound

connectivity

identify position equivalent chains

betweenpdbs by combinatorial structural

alignment

equivalent
chiains

calculate RMSD and count mutations

between equivalent chains

183 PDB files werexeluded due to errors in the files.

Other PDB files that are excluded are those for which oniCtleoms are modeled (e.g.
1tt9), those with REMARK 0 records in them (i.eefened structures; e.g. 2pfd, which is a re
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refined model of 1tt9), those it are superseded or obsolete, those that were not generated
from X-ray diffraction data and those with multiple models in them.

An additional 100 to 150 structure pairs are excluded, because the application of any type
of combination of the given symmetgperators yields widely different biological units as
measured by RMSD. These are not errors per se, but | prefer to exclude a very limited number
of true positive RMSD outliers instead of including false positives.

As already statetlexclude T4L and HEVWWfom the dataset to avoid redundanapnd
because they are analyzed separately in chaptérhesawo proteinsare heavily represented

in the PDB with 522 and 349 structures respectively.

8.2.2.1 Sequence

Only if two chains have more than 95% sequence identity are they compared. The
clustering of chains with 95% sequence similarity was carried out with BLASTARSORI,
Gish et al. 1990pstead of CEHIT(Liand Godzik 2006Hespite CEHIT being the default
algorithm used by the PDB for clustering structures by sequence similarity. The choice was
made to avoid peptide chains with terminal differences not being compared. By choosing to
ignore terminal differaces it is also ensured that proteins, for which antefninal signal
peptides have been included in the sequence by mistake (e.g. HEWL structures 1lsy, 1lsz), are
not excluded from comparison. Terminal differences are often due to cloning artifacts and
expression tags that have little effect on the overall structure of the proteigure34 shows
sequences of peptide chains that are clustered differently with BLASTCLUST-ldhd The
RMSD between those structures is small,aiiesthe differences in the ferminal sequence.

An example of sequence differences at the terminus that cause large structural differences
is observed in for example the T7 helicase (PDB IDs 1cr0, 1e0j) antetineir@l domain of
TonB (PDB IDs lihr, I{)0Those are examples of domain swapping. Domain swapping is often
caused by a single point mutation. A better way of handling the comparison of domain
swapped proteins would be to compare the domains to each other individually. Frequently
domain swappingnvolves a hinge motidihiu and Eisenberg 2002)nd | predict that normal
mode analysis will be very successful in predicting the motion between two domain swapped

conformations.
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1s9g_A MGSSHHHHHHSSGLVPRGSHMPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT 60
1s9q9_B MGSSHHHHHHSSGLVPRGSHMPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT 60
lifc_A MGSSHHHHHHSSGLVPRGSHMPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT 60
1itf ¢ B MGSSHHHHHHSSGLVPRGSHMPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT 60
1vib_A MGSSHHHHHHSSGLVPRGSHMPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT 60
lvib_B MGSSHHHHHHSSGLVPRGSHMPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT 60
2p7a_A MGS SHHHHHHSSGLVPRGSHMPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKAL
2p7g_A MGSSHHHHHHSSGLVPRGSHMPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT 60
2p7z_A MGSSHHHHHHSSGLVPRGSHMPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT 60

2gpv_F -- PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT :
2gpv_E PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT :
2gpv_D PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT :
2gpv_C PAKKPYNKIVSHLVAEPEKIYAMPDPTVPDSDIKALTT 3
2gpv_B PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT .
2gpv_A PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT .
2gpu_A PAKKPYNKIVSHLLVAEPEKIYAMPDPTRBDIKALTT 39

2gpp_B PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT :
2gpp_A PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT :
2gpo_A PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT :
2gp7_D PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT :
2gp7_C PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT :
2gp7_B PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT .
2gp7_A PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT .
1kv6_B PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT :
1kv6_A PAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT :
1s9p_D KPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT &
1s9p_C KPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT &
1s9p_B KPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT &
1s9p_A KPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT &
2ewp_E PYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT &
2ewp_D PYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT &
2ewp_ C = e e PYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT &
2ewp_ B e PYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALTT &
2e2r A e LGSPEFLNPQLVQPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALT
2zas_ A - LGSPEFLNPQLVQPAKKPYNKIWELVAEPEKIYAMPDPTVPDSDIKALTT 5
2zbs A e LGSPEFLNPQLVQPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALT
2zkc. A e LGSPEFLNPQLVQPAKKPYNKIVSHLLVAEPEKIYAMPDPTVPDSDIKALT
2ewp_ A e PYNKIVSHLLVAEPEKIYAMPDP/PDSDIKALTT 35

Figure34 ¢ N-terminal ssquences of Estrogen Related Receptor Gamma ligand binding domain. When BLASTCLUST 95% sequence identity is used,
then all of the 38 sequences are clustered together. When@ID 95% sequence identity is used, then the top 9 and bottom 29 sequeaes
clustered separately. MGSSHHHHHHSSGLVPRGSHM is a cloning artifact and an expression tag, which is why it should beligooiesltar
cause of sequences being clustered separately.

The number of mutationsg or rather differing residues among twainsg is allowed to
range between 0 and 10 per chain. Chains with more than 10 mutations between them are not
paired. Insertions and deletions at the &hd Gterminus are ignored when doing sequential
alignment; i.e. terminal residues present in onlyeasf the two chains being compared are
ignored. However, chains with a difference in length exceeding 25 residues are not paired.
Polypeptide chains with less than 50 residues are treated as peptide ligands; i.e. differences in
length and sequence are stily not allowed and the chains are not included in the calculation
of the RMSD between the two biomolecules being compared. The cutoff of residues is quite

high, as some proteins are shorter than 50 residues, but | prefer to exclude a few real protein

structures over the inclusion of many peptide ligands.
8.2.2.2 Structure

PDB files are paired if all of the long peptide chains in one PDB file have a sequence similar
chain in the other PDB file, and the nucleotide chains, short peptide chains afabhoner
compounds are identical. | go into more detail about the process of ligand comparison in
section8.2.2.4 Once two PDB files have been paired, then structurally equivalent chains are
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identified and an RMSD is calculated for thosedurally equivalent chains that make up a
biomolecule. Chains are considered structurally equivalent if the RMSD falls below empirically
determined thresholds of 4.6%for monomers, 6.18 for dimers, 6.24 for trimers and 6.28

for biomolecules with fouor more chains.

If the biological units provided by the REMARKS50 transformations are different for a pair
of structures, | use biological units as determined by 6#sinel and Henrick 2007)

If neither the REMARK350 records nor PISA provides identical biological units, then all
combinations of chains and space group symmetry operators in the REMARK290 records (and
27 translations) are tried, until the RMSD falls below the threshold. Theemaly structures
obtained by this method might not be biological units, but in terms of RMSD that is of no
importance as shown in figui@b, if the space group and unit cell dimensions of the two PDB
files are identical. Whethe space groups and unit cell dimensions are identical, then RMSD is
independent of the absolute positioning of individual chains. If the unit cell dimensions of two
structures are different, then that will contribute to a higher RMSD. For instancertieell
dimensions of the noffialsified but retracted PDB entry 179l (T4L) were wr(lgeffler and
Baker 2009; Tronrud and Matthews 2009)is transformation problem could in theory apply
to all biomolecules achved by unit cell transformations. | have however compared the RMSD
of transformed biological units and those with non crystallographic symmetry, and | find no
difference between the two sets of pairs of biomolecules.

If no identical quarternary structuré®@ y 6S F2dzyRX GKSYy AGQa O2y(
units are different. These PDB pairs are excluded from the dataset. Some cases include
different spacing due to different unit cell side lengths (PDB IDs 1hno, 1phj and 2reb,1u94) and
different dimer nterfaces that are not related through symmetry operations (PDB IDs 1lcu,

2g31).

o0 06O 0 O
0 06O 00

Figure35¢ The RMSD between the top and bottom biological units (left column) is the same as that between the top and bottom quarternary
structures(middle column), in which a redundant transformation is applied to a subset of the chains (white circle) constituting tHediaal unit,
if the space group and unit cell dimensions in the two PDB files are identical. If the unit cell dimensions ageediff then applying unit cell

translations will change the RMSD.

8.2.2.3 Residues

Selenomethionines are not treated as modified residues but as their standard parent

residue Methionine UNK, ASX and GLX residues are treated as unknown residues when
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comparing segences. In the case of microheterogeneity in peptide sequences due to
alternate conformations the residue with its name present in the SEQRES and MODRES records
is the one that is used for structural comparison (e.g. LLP instead of PLZ in 20kj).

A residues used for RMSD calculation, if that residue is present in both biomolecules being
compared. Otherwise the structural alignment is carried out for the remainder of the
observed/modeled residues. Zero occupancy residues are included in the structural
compaison.

The super positioning of structures is based on the quaternion method (cobeviy J.
Heisterbergrom The Ohio Supercomputer Centdi990, unpublished results} atoms are
used for the super positioning of two structures and the concomitantutation of RMSD
between the two structures. Side chain atoms are not used, because mutated residues are
O2YLI NBR 200l aArzylftéed C2NJ ALISSR LlzNL1J2asSa Al

used for calculation of the RMSD between biomolecules. aukpastG atoms are used.

8.2.2.4 Ligands

Different ligands could cause different conformations. Therefore it is a requirement that
peptide and nucleotide ligands have identical sequences. Furthermore the identity and
connectivity of other ligands (e.g. saccharides)eh@vbe identical. And the site of
glycosylation has to be identical between the two biomolecules being compared.

Proteins are only compared, if their néon ligands are identical. The check is initially
carried out by comparing chemical component ID% fibmber of ligands is not considered.
Only their identity is taken into consideration. Modified residues are not treated as ligands. A
list of selected ions and other common solutes are ignored upon comparison of hetero
compound IDs (see appendix).

If a igand has two or more alternative identities, then both ligands are used for comparison
of ligands between biomolecules. Only one of multiple alternative ligand identities of one
structure has to match that of the other structure it is being compared to.

If a ligand has two or more alternative connectivities, then both connectivities are used,

when comparing the bonding pattern of ligands between two biomolecules.

The RMSD is a measure of thiference between a pair of PDB structures as explained in
the previous chapter. The RMSDs that | calculated for the determining the structural effect of
various factors were initially based on all heavy atoms, but | noticed that surface residues
often have quite different conformations, which can be attributed to their flexibility or

different space groups causing different crystal contacts. To eliminate this cause of an
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imprecise RMSD | decided to calculate the RMSD of heavy backbone atoms only.éfo furth
speed up the millions of structural alignments | only Gsatoms when doing structural
alignment prior to calculating the RMSD.

A small terminal random coil or a small domain involved in a hinge motion can increase the
RMSD of two otherwise identicptoteins; i.e. a local dissimilarity involving only a few residues
can cause a large overall dissimilarity as measured by RMSD. The comparison of 1zal, 1ald and
lonn, 1k5h is two of many examples of this. The small structural differences might be caused
by hetero compounds that are not modeled or different crystal contacts. 1zal contains
tagatosel,6-bisphosphate, which is modeled as two phosphate ions. Had P6T been present
instead of PO4, then 1zal and lald would not have been paired. The data qudlibutsost
importance in this project, and it varies between structures in the PDB.

To get a more realistic measurement of the difference between two structures, one could
exclude or weigh lower any residues, which increase the RMSD significantly. Tlfecatent
of those super flexible residues could be based on 1) an initial super positioning, 2) normal
mode analysis, 3¥-ray temperature factors, 4) surface exposgrassuming surface residues
have higher degrees of freedom than buried ones or 5) sdary structure element types; i.e.
exclusion of random coils. If flexible residues connect two domains and constitute a hinge
between the two domains, then the three latter methods are not viable for weighing or
excluding residues upon calculation of tR&SD.

/. RAFTFSNBYyOSa dzyt A1 SotpiopapateRhrofighauShe Britir€ F SNBE y O ¢
A0 NHZOGdzZNE 27F | LINE I.SAwap{ 2 NOIF IKSNIE | B52 WNB& 42
conformational changes. | therefore only use coordinate RMSD when analyzing ttterstru

effect of a set of parameters (secti@:3.28.3.4).

To determine if a given parameter has an influence on a protein structure, | calculate the
mean RMSDs for different Bigroups of the dataset. | use statistical methods to determine, if
the mean RMSDs are identical.

hyS adlaAadrort YS§iKett The assundionsizitBete T A &  { 0 ¢
are(Zar 1998)

1) The variance between groups is homogenous (homoscedasticity).

2) The data in each group is normal distributed (i.e. symmetric and unimodal).

3) The population size of each group is identical (balanced).

When presenting the analysis of each paraméterll explain, whether the assumptions

hold true or not and thus whether thetest is reliable or not.
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| use thet-test to determine if differences between RMSD means are significant or not. |
also use it to test if correlations between RMSDs and vafaiers are significanrd' 0) or
not (r = 0). Because | do not want to make assumptions about a positive or a negative
correlation | use a twailed t-test instead of a on¢ailedt-test. Thet-value that | calculate for

correlation coefficientst, isheavily dependent on the number of observations,

(8-1)

A large number of data points will lead to a significant correlation despite a low covariance.
Therefore | normalize #hdata when necessary. That involves finding the correlation between
average RMSDs on theayis at discrete frequently occurringvalues frusps> 100). Two
assumptions when performing linear regression has to hold. The two assumptions are met in
all cags, unless | state otherwise.

1) For each value of x the variances of y are similar.

2) The y values are normal distributed.

8.3 Results

| present a qualitative and guantitative analysis of the effect of various parameters on
structure differences between pretn structures. For categorical parameters such as space
group difference and for discrete value parameters such as the number of mutations and the
number of chains | present a qualitative analysis (sect®o®2and8.3.3. | determine
whether each parameter has an effect or not, but Ired quantify the effect. Instead | break
the dataset into subsets for which | can rule out the effect of the categorical parameters and
for these subsets | do aigntitative analysis of the effect of continuous value parameters such
as pH, temperature, solvent content and radius of gyration (se&i8r). In sectiorB.3.5I
shift my focus to the analysig the structural effect of mutations and investigate, whether a

mutation has a stronger effect in its vicinity or distal from the site of mutation.

The protein data bank contains 74888 PDB files as of Aui1l. 65321 of those are X
ray gructures, of which 61069 contain at least one peptide sequence. In my analysis | look at
pairs of structures that are sequence similar. My dataset contains 17401 PDB files that are
sequence similar (more than 95% sequence identical as described in medwdm8.2.2.7)
to at least one other PDB file. The asymmetric unit of a PDB file can contain one or more
biomolecules. Therefore the total number of biomolecules, which are sequence similar, is even

higher (75916) than theumber of sequence similar PDB files. The total number of pairs of
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sequence similar biomolecules is 346,059. To avoid redundancy multiple biomolecules in one
PDB file are not compared against each other. Some PDB files are paired with only each other,

whereas others are paired with multiple other PDB files. 3fi5, for example, is a crystal structure

of T4 lysozyme with 4 biomolecules in the asymmetric unit and it is paired with 1,628

biomolecules. Lysozyme and other model proteins account for a large fradtibe paired

biomolecules Table7). To avoid redundancy in the dataset and because | analyze T4L and

HEWL separately in chaptérl do not include them in the analysis in this chapter.

Protein Numker of structures Number of structure pairs (one | Percentage of all

biological unit in asymmetric structure pairs

unit)
T4L 522 169,332 48.9%
HEWL 352 39,006 11.3%
Human lysozyme 203 35,910 10.4%
Carbonic anhydrase Il 379 11,990 3.5%
Diphthine synthase 82 11,130 3.2%
Hemoglobin 197 8,930 2.6%
Ribonuclease A 186 8,742 2.5%
Myoglobin 229 7,656 2.2%
Superoxide dismutase 65 5,402 1.6%
Staphylococcal nucleas| 109 5,256 1.5%
BPTI 82 4,290 1.2%

Table7 ¢ The most frequently occuing structure pairs in the dataset.

Most of the 346059 pairs of biomolecules asingle chain proteinsi@able8). The average
length of overlapping sequence in monomeric biomolecule pairs isdsidues The average

G RMSD of mnomeric biomolecule pairs is 0.56A

Oligomericstate | Number of structure pairg
Monomeric 279187
Dimeric 37,879
Trimeic 4,642
Tetrameric 19,527
Pentameric 165
Hexameric 1,958

Table8 ¢ Frequency of selected oligomeric staté@sthe dataset.

The number of mutations in the 279,187 monomeric protein pairs is showigime36. It
should be noted that two mutations mostly correspond to the comparison of single point
mutants to each other and not the cgrarison of wild types and double mutants. Likewise the
cases of 4 mutations are in many cases due to the comparison of double mutants to each
other. 42,157 biomolecule pairs have 1 mutation. 4,823 of those mutations are engineered,
whereas the cause of thremainder of the single point mutations is not described in the PDB
files. A fourth of the single point mutations (1156) are to Alanirehle9 further summarizes
the 4,823 engineered mutations.
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Figure36 - Number of mutations inthe 279,187 monomeric biomolecule pairs.

mutated residue

ALA |CYSASP|GLU|PHE|GLYHIS [ILE|LYSLEU|MET |ASN|PRO|GLN|ARG|SERTHR|VAL [TRP|TYR{total
ALA 2 |5 |2 |13 |3 |7 2 |10 10 |5 2 1283 |6 |2 |3 [103

wild type residue

Table9 - Substitution matrix of 4823 engineeredsingle point mutations in thedataset The wild type residues are on the left column and the
inserted residues are on the top row. Eachlice the table counts the number of mutations of that type. The bottom row and the right column
show the totals.The table only contains sequence differences that are confirmed to be engineered mutants. For exavhghkeuctures from

different organisms hat differ by just one residue are not included.

At first | look at nominal value parameters with the purpose of splitting the dataset into

categories; while keeping a sub dataset of a significant gifethese nominalalue
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parameters have an effect on the average RMSD.

parameters are listed in tabl&0.

The effect of each of the nominal value

Nidentical | Naiterent | <RMSDgentical/ A | <RMSDgterent/ A | t p
space group| 6426 2700 0.32 0.85 -24.7 | <0.01
ions 3467 2958 0.28 0.36 -9.60 | <0.01
authors 4617 1795 0.30 0.37 -6.89 | <0.01
pH 3350 1856 0.27 0.39 -10.8 | <0.01
T 3327 | 2060 | 0.29 0.35 -5.35 | <0.01

Neryo Nroom <RMSDg0 <RMSDgom
T 2736 | 1513 | 0.31 0.25 -6.12 | <0.01

Npresent | Nabsent | <RMSDgesent <RMSD3sent p
REMARKA46% 3582 | 2843 | 0.37 0.25 -13.7 | <0.01
REMARK47( 2176 4099 0.35 0.31 -4.07 | <0.01

Table10¢ Statistics of the dataset when split into two categories according to nominal values. All katiead nominal value parameters have a
significant effect on the average RMSD, <RMSD>. The repdrted p values are the median values of 1000 statistical tests carried out on
samples with identical population sizes. This was done to strengthen the fiability of the statisticalt-test. In terms of significance levep, all
1000 statistical tests showed the same result.

One of the main questions | am seeking to ansivehis chapteiis whether conformational
differences between mutant structures in the PDB are dudhéomutation or structural
heterogeneity, experimental errors and other physiochemical paramekansthe further
analysis | want to rule out the effect of categorical parameters, while retaining a dataset of a
sufficient size. Space group differencesrsgo give rise to the largest difference in average
RMSD. Therefore | solely look at structures with identical space groups from this point
F2NBIFNRP ¢KS 20KSNJ LI N YSGSNER Ay (KS

GgroftsS |
smaller than thafrom space group differences. To maintain a dataset of a significant size |
cannot split the dataset into further subcategories, and | have to assume that the other
categorical parameters are normal distributed and independent of all other parameters in th
further analysis in the next sections.
Interestingly whether the authors are different or not and whether residues (REMARK465)
or atoms (REMARK470) are missing or not have an influence on the structure despite being
properties that shouldot influence te structure(Table10). The REMARK records merely
express the quality of the structures observed. If they are present, it is not likely that other
parts of the model rely on modeling rather than experimental observations. Thatitor
difference causes a larger RMSD is a sign that som@mpaarent factor has an effect on the
crystallization procedure, the diffraction experiment or the interpretation of the
experimentally observed electron density. The RMSD difference4@8@0.37A) is
AAIYATFAOL YOG | a wést@<dNBR o0& {(dRSy(Qa
During this analysis of the PDB as a whole | was surprised by mang Geavy atom
RMSDs between structures being close to zero despite mutations, ligand differences and space

group diffeences. | noticed that structures from the same research group or solved by
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molecular replacement from the same starting model are often more similar to each other
than structures from a different research group despite those dissimilarities between
structures from different research groups not being explained by experimental conditions. |
therefore decided to look at a subset of the PDB and investigate, whether structures from the
same research group really are more similar to each other because of timeman origin and
not because of similar experimental conditions. For this | needed a large number of sequence
similar structures solved at diverse experimental conditions by different research groups. | was
preferably looking for monomeric proteins, so nemwents between chains did not have to be
considered. Hen egg white lysozyme (HEWL) and bacteriophage T4 lysozyme (T4L) are two
such proteins. | also analyzed the two proteins separately to discern structure variation due to
physiochemical properties frodvNRA | G A2y RdzS (2 AYGNARAyaird Reyl:
over the ensemble of all structures. In chapfdrpresened the results of my findingsn these
two structures

I now look at categorical parameters, so | can determine, how th&eprastructures need
to be sub categorized in order tavea data set otomparable protein structures that can be

used todetermine whethermutations have an effg or not.
8.3.2.1 Space groups andrystal contacts

Different crystal contacts cause differesinformations as seen in tabid®, which holds the
statistics of the comparison of the RMSD between proteins from identical anddeotical
space groups. The conformation of a protein is dependent (p < 0.01) on whethspdhe
groups are identical (SKRMSRzica= 0.32A) or different (SKRMSRzen: = .85A4). Thus it would
make sense only to compare proteins from identical space groups. It has already been shown
that the average resolution is independent of space griRippp 2009)so there is no need to
split the dataset into subsets according to space group in case the resolution is a parameter to

consider, when calculating RMSDs between structures.
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RMSD as a function of space group differences
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Figure37 ¢ Contour plot of a¥erageRMSD valuefor different combinations of space groups. The diagonal values in the middle correspond to
cases of identical space groups. Off diagonal values are cases of different space groups. Only the most frequently ocomkimgtions of spae
groups (n >= 100) are plotted. Grey values correspond to infrequently occurring cases for which no average RMSD has bigacéle. n < 100

for these combinations).

8.3.2.2 lons

Because ions are often just present for buffer reasons, the presence of ardehtity of
the ions is often ignored. This is not an entirely correct procedure, as the RMSD can be shown
to be dependent < 0.01) on whether the ions are strictly identical (<KRM&Rs = 0.28A) or
different (<KRMSDieren: = 0.36A). However, th factor of identical or different ions can also be
shown to have a cross effeq € 0.01) with the factor of identical or different authors. The
statistical RMSD difference is not solely due to different solutes.

If differences in ion concentration cautarge structural changes, there is unfortunately no
way to take into account ion concentration, as this information is never given in neither mmCIF
nor PDB files. However, only a small conformational change is seen betweefidhaniiel

structures (PDEDs 2hvj and 2hvk) solved at low and higlold concentrations.

8.3.3.1 Number ofchains

When plotting the RMSD as a function of the number of chains (appendix) for structure
pairs that have identical space groups antbz@utations it can be seen that the RMSD varies
with the number of chains. Therefore | choose to only focus on monomeric proteins from this

point forward.
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8.3.3.2 Number of mutations

As the number of mutations increases, | expect it to cause a larger struciffieatdce
between structures. | plot the RMSD between 41,941 monomeric structures from the same
space group as a function of RMSD. When plotting the number of mutations against the RMSD
a weak but statistically significant correlatian=(0.23 p,=o< 0.QL) is observed. This is a
correlation between all data points. Many of those data points are for 0, 1 and 2 mutations.
The data can be normalized by looking at mean RMSDs instead. If the correlation between the
average RMSDs and the number of mutatioreaisulated instead, then the correlation
coefficient,rayerages iNCreases to 0.97. Judging from the linear relationship, there seems to be
no synergistic effect of mutations in general.

FromFigure38it can be seen that compaads of structures with 2 amino acid differences
occurs frequently. This is however not due to a large number of double mutants in the dataset.
Instead it is a comparison of single point mutants against each d@ifeen mutants are solved
by molecular repleement, and they will resemble the starting model. If this is the case, then
two single point mutants solved by molecular replacement using the same starting model will
resemble each other a lot. That is my explanation to why the average RMSD for cages of
amino acid differences is lower than that of a single and no amino acid differences. But at

three sequence differences and beyond the average RMSD only increagasds).

slope = 0.039, 1= 0.23 ——
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Figure38 ¢ Carelation between the number of mutations and the RMSB the case of monomeric proteinsrystallized in the same space group
n= 41941y = 0.23t,-0= 49.00p,-0< 0.01n = 11 Faverages= 0.97 P(Faveragess0) < 0.01.

After having presented the effect of nominal value parameters (e.g. space group) and
discrete value parameters (number of mutations and chains) | turn to continuous value
parameters. To rule out the effect of crystal contact differences, momatand inter chain
movements, | only analyze sequence identical monomeric proteins crystallized in the same

space group.
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Because pH, temperature, resolution and radius of gyration are continuous valuespt can
break the dataset down further relative these values. Instead | perform an ordinary least
squares regression of RMSD as a function of all four variables. Because the ionic strength along
with the pH has an effect on the electrostatic interactions in proteins, | would like to have
included it, bu it is rarely reported. Instead | specifically look at pH differenpéd,
temperature differencenT, the worst resolution of the two structures, malxf, 1,dmin2), and
the average radius of gyrationtg=. Only in 1,912 monomeric sequence identicalcure
pairs from the same space group are all four parameters known. | fit the parameters to a linear

eguation (equatior8-2) not considering any cross effects.

RMSD= constant€,,, PHcg T D +max(g, g, )G 8-2
coefficient | std err | t statistic | p statistic
npH 0.060 | 0.009 6.46 <0.01
nT -0.0013 | 0.0005 -2.58 <0.01
maXx@min) 0.12 0.02 7.94 <0.01
<> 0.0077 | 0.0017 4.49 <0.01
constant -0.045| 0.030 -1.45 0.14

Tablel1 ¢ Results of the least squares regression. All factors haveitpascoefficients except the temperature difference. All coefficients are
statistically significant, but statistical interactions can be present between the factaks, is the maximum resolution and, is the radius of
gyration.

The result of the ording least squares regressions is shown in tafablell. The most
significant contribution to RMSD differences comes from a property not directly linked to the
conformation of proteins. The variation in RMSD has the highest pilityadf being explained
by the resolution (|t|=7.94). The conclusion from this observation is that low resolution
structures (> 1.8) should be ignored, when analyzing the structural effect of mutations and
ligands.

| expect a correlation between temperat difference and RMSD, because cryo structures
are of better quality than room temperature structures. Surprisingly there is a negative
correlation, when | do the ordinary least squares linear regression on all of the variables. That
is because most crystructures are solved at high resolution. Therefore a strong relationship
exists between temperature and resolution and thetatistical value is larger fonax@min)
than it is forpT.

Next | look at the correlation between RMSD and individual contisvalue parameters.
When examining individual continuous value factors it is assumed that they are equally
distributed over all protein pairs, so that any crastects can be ruled out.start out with the
temperature difference in order to try and exjhethe negative correlation achieved with the

multivariable linear regression in this section.
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8.3.4.1 Temperaturedifferences

The average RMSD for cryo structures (anything below 273K) and other structures are
shown inTablel2. It can ke seen from the tabulated RMSD values that it is not whether a
structure is cryo or not, which is decisive for its similarity to other structures. Instead it can be
seen that structures solved by similar methagand thus with a small temperature differea
between them¢ have smaller RMSDs than a comparison between a cryo andrmyon
structure. Room temperature structures even have a slightly lower average RMSD than cryo
structures. Maybe this can be explained by the fact that alternate conformationgravéded
in cryo structures, whereas it is almost always the average conformation, which is reported by
standard temperature diffraction experiments. A comparison of two alternate conformations

will yield a higher RMSD than the comparison of two averages.

n RMSD

Both structures cryo 1912 | 0.27

None of the structures cryo 644 | 0.24

Only one of the structures cry¢ 489 | 0.39

Table12¢ Average RMSD of cryo and namyo structures.

At higher temperatures a protein is thought to be radlexible. This should cause a lower
precision in the determination of the atom positions from a more blurred electron density
map. When the diffraction temperature difference is plotted against the RNFRDIre39),
then it appers that the temperature difference makes a small contribution to the RM88.
temperatures cluster at 16040K and 27298K. This is because diffraction experiments are
either carried out at the standard temperature or at cryogenic conditions. Therdfiere
temperature differences are not evenly distributed across the whole range of the temperature
scale. Therefore one should be careful about drawing any conclusions from the dependence of
RMSD on temperature differencddowever, it can be seen froFigure39that large
temperature differences cause the largest RMSss | danot necessarily attribute to the
extent of the temperature difference as already discussed in this sectiorre@isen large
temperaturesdifferencescauselarge RMSDs is because higher temperatures lead to
conformational sampling. Instead of observing distinct conformations in the diffraction
experiment, an average of conformations is observed. Multiple conformations will fit into the
blurred electron densy, and therefore large RMSDs are calculated as a consequence of a lack
of precision in the positioning of atoms. Especially atoms with hifgic®rs that should not
have been modeled will contribute to differences between high temperature structures.
Howevercryo structures for which alternate locations of each atom are given will also lead to a

high RMSD, if a low population state is compared to a high population state.
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Figure39 ¢ A plot of the temperature difference betweerniwo X-ray structures and the RMSD between them. Larger temperature differences

AMSD

cause larger structural differencesut the relationship is not necessarily lineam = 49181 = 0.09, f-0= 6.98,0/=0< 0.01 faverages= 0.49,P;_averageso <
0.01.

8.3.4.2 Resolition

The resolutiorof a protein structure is a measure of the atomic detail that can be read
from the experimental data. The resolution is not a physiochemical propiénggtly related to
the conformation of a structure, but rather an indication of theor of the experimental
determination of atom positions. In general proteins solvedrgb temperatures are solved at
abetter resolution(Rupp 2009because conformational fluctuations are reduced and distinct
conformations rather thanerage atom positions are observeistinct conformations can
for example be seen in the recent ultra high (3&8omic resolution cryo structure of crambin
(3nir)(Schmidt, Teeter et al. 201Therefore if the resolution has an influence on the RMSD,
then | also expect the temperature to have an influence on the RMSD. Higher temperatures
will cause local flexibility and motion. This will in turn reduce the preatisidhe
determination of atom positionddowever it should also be mentioned, that cryo structures
have been criticized for being locked into low populated conformations with perfect side chain
packing due to a reduction of unit cell volume upon freezaugtformations which lie away
from the path of functional motioifFraser, van deBedem et al. 2011)

The resolution of thétray structure is expected to influence the RMSD, as the overall
precision of the atom positions is dependent on tkeay quality(Rupp 2009)Indeed, when
plotting the average resolution of twstructures against the RMSBigure40) aweakbut
significantcorrelation ¢ = 0.16 p,-o< 0.0) is observed; i.e. poor resolution cagsarger
RMSDs. This is in correspondence with previous observations of the same
phenomenon(Carugo 2003Jhe above analysis was carried out witre@ms, which are less
mobile than side chain atoms. Had the analysis been carried outhgtlry atom RMSDs
instead then the resolution would probably have had an even larger impact on the RMSD,
sincethe conformation of side chains with highf&ctors are heavily dependent on sideain

rotamer libraries and choices of the modeler.
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Integer value resolutions are overrepresented in the PDB. The majority of structures in the
PDB have a resolutiody,,, of exactly 2.0Kigure40). This is an indication thahe selection of
a high resolution cutoff during data processing is skewed towards choosing inaccurate integer
values. Indeed structures with a resolution reported at an accuracy of one tenth/phane
shown to be of poorer quality (i.e. have higher blasores) than those reported at one
hundredth of an ARead, Adams et al. 201lf) exclude integer resolution values from my
dataset of 6,254 values (2,551 at 1.0, 2,067 at 2.0, 741 at 3.0), then the correlation between
RMSD and resolution increases from 0.16 to 0.31, wihidicates a noise contribution from
by the author incorrectly chosetinteger resolution values.

Because of the expected relationship between temperature and resolution, | exclude non
cryo structures from the dataset and plot the RMSD as a functiorsofution for crye
structures only Figure4l). The correlation coefficient increases from 0.16 to 0.29. The RMSD
is somewhat constant for atomic resolution and high resolution &1s&uctures, but rises
thereafter as can be seefrom the figure. The standard errors are also seen to increase above
1.8A. And no structures with resolutions worse than 3A are observed in this cryo data subset.
An outlier is observed at 2.0A. It could be due to incorrectly chosen high resolutiofscattof
integer values during data processing as already discuksgdresolution structures rely on
modeling software and side chain conformer libraries for higador residues. Therefore a
high RMSD is expected, if low resolution structures are netsddby the same person using
the same procedure for the analysis of the diffraction pattddacause the resolution has such
a big influence on the final atom positions, one showddl least in the case of low resolution
structures- rather compare electyn densities to each othemstead of coordinates that are
not always experimentally observed. To see an atom in the PDB with anything but 100%
occupancy is quite rare, but the fact is that many atom positions are wholly or partly

computationally determird; especially in the case of low resolution structures.
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Figure40¢ The lowest resolution of two structures max@min,1, dmin,2) plotted against the RMSD. High resolution structures cause lower RM8Ds.
= 6404y = O.16,r2:O.03, slope = 0.08,-0= 13.23p;=0< 0.01 faverages= 0.64.
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Figure41¢ The poorest resolution of two cryo structures plotted against the RMSD.

8.3.4.3 Difference in level of hydration

The Matthews coefficienl,, is a measure dhe level of hydration in the unit cell. It is the
volume of the unit cell divided by the molecular weight of the polymers in the unit
celMatthews 1968) a reverse moleculdensity. Depending on the unit cell volume the
crystal contacts will differ. In a large unit cell the motion of the surface exposed residues will
not be restricted, and they will be free to move leading to higlad&ors and a poor resolution.
Furthermorewater is disordered and scatteksrays randomly. This could also contribute to a
poor resolution. Therefore | expect large differences in the Matthews coefficient to lead to
large RMSDs in some cases.

An extreme example of this is the structure pair 3pZg= 3.16) and 3bzR/, = 2.44). The
protein has multiple domains. The two structures are sequence identical monomers from the
same space group. Their only difference is their unit cell dimensions. The difference in unit cell
volume leads to entirely diérent crystal forms (CRMSD 4.6K) despite all other reported
parameters being identical. The differences between 3bzc and-3bhak were both
crystallized by vapor diffusion and the hanging drop methark shown inTablel3. | find it
most likelythat the different uses of crystallization compounds caused the different crystal
forms. It is a good example that a great number of variables need to be taken into
consideration when analyzing causes of structural differences and it also shows that
crystllography is more of an art than science. Unfortunately information about the
crystallization buffer is not always provided in the PDB/mmCIF structure file. And when it is

present, then it is usually in a nestandardized text format, which is challengiogparse.
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3bzc / crystal form | 3bzk / crystal form 1l

Crystal growth compounds 19%(w/v) PEG 3350 18% (w/v) PEG 4000
100mM bis-tris methane (pH 5.5) 100mM sodium acetatéH 4.6)
0.17M ammonium sulfate
10%(v/v) glycerol

PHorystatiization 55 4.6

Teystatiization(K) 286 298

Taittraction (K) 100 100

unit cell lengtha (A) 57 56

unit cell lengthb (A) 132 107

unit cell lengthc (A) 144 140

resolution dmin (A) 2.3 2.3

average isotropic B factorBs> 66.7 27.4

Vi (R%/Da) 3.16 2.44

Table13- Selected properties of 3bzc and 3bzkb,c are the unit cell lengthsdmn is the reported highest resolutionVi, is the Matthews
coefficient; i.e. the volume of the unit cell divided by the molecular weight of the protein.

To gt a more general perspective on the effect of unit cell volume differences | plot the
RMSD between two structures as a function of the subtracted difference in Matthews
coefficient between themRigure43). | calculate the corration coefficienty, to be 0.32. If |
only consider the averages p¥4, bins (0.01 steps) with more than 100 occurrences, then the
correlation coefficientfaveragesi>100 iNCreases to 0.92.

However, the Matthews coefficient has been shown to be depehden
resolution(Kantardjieff and Rupp 200Because the resolution has such a significant effect on
the RMSD as shown in the previous sectB.4.2 | try to adjust the Matthews coefficient for
the resolution. | calculate the expected Matthews coefficient at &2e3olution by linear
extrapolation by doing a linear regression\@fas a function ofl;, (Figure44), whereby |
determine the slope of the fitted line to be 0.58. | calculate the correlation coeffidignt,
between the adjuste¢hVy and the RMSD to be 0.25; down from 0.32. The slope is reduced
from 0.686 to 0.313. Although the correlation difference is not significant | take it as an
indication, that part of the dependence of the RMSD onWalifference can be attributed to
dmin- | @lso notice that the variance at each bingfdifference is reducedr{gure45), which is
further support to the argument of statistical interaction betwe¥p andd,;,. The
contribution fromd,, to Vi is reduced by doindhe adjustment.

I have also tried to include the Matthews coefficient as a variable imittimary least
squares regression of RMSD as a function of all the continuous value variables. When
resolution is left out of the equation, then RMSD is dependen¥p(t = 2.52,p= 0.012).

When both resolution and Matthews coefficient is included in the fitting procedure, then
RMSD is not found to be significantly dependenMar(p = 0.589), but it is still dependent on

resolution ¢ = 7.94p < 0.01,Tablell). This is a further testament to the strong relationship
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and statistical interaction between the resolution and the Matthews coefficient. In terms of

cause and effect it is a large Matthews coefficient, which causes a poor resolution

Figure42 ¢ Multi domain protein structures 3bzc and 3bzk aligned by residue85B. Residues-653 of 3bzc are shown in green. The SH1 domain
(residues 654730) is shown in blue (3bzc) and red (3bzk) respectively. One of thetal contacts of 3bzc is shown in yellow. The unit cell axes are
labelled with orange letters. It is the faxis, which is 28 shorter in 3bzk. Upon contraction of the-bxis the SH1 domain is forced to relocate
because of the crystal contact shown in yalv. Residues 73785 are not modelled because there is no discernable electron density due to a high

degree of flexibility; the last visible @rminal residue (730) is shown in magenta. Figure created with PyMol.
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Figure43 ¢ RMSDs as a function of differences in crystal contacts as measured by Matthews coefficient differeree&72,r = O.32,r2 =0.10,

slope = 0.69= 22.70p=0 < 0.01 faverages>100= 0.92.
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Figure44 ¢ The Matthews coéficient, Vi, as a function of resolutiondmin. The correlation coefficient is 0.43, the slope is 0.58 and the starting
value at the yaxis interaction is 1.36. An empirical equation for the Matthews coefficient as function of resolution has been defioeu V,
distributions at individual resolution bins/range@Kantardjieff and Rupp 2003)ut here | choose to do a regression of all data pointsa#t

resolutions in a linear fashion.
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Figure45 ¢ Correlation between RMSD and Matthews coefficient adjusted for resolutiors 4572 = 0.25,%=0.06, slope = 0.32,= 17.23pio
< 0.01. Statistical calculations were germed on all data points, but not all data points are shown. Instead the average RMSD and the standard

error at each bin are shown.

8.3.4.4 pHdifferences

At different pH values the protonation stagef a protein will be different. The protein
structure will clange as a consequence of the change in electrostatic propeptiegiduced
conformational changeare well known and well documentédand, Agrawal et al. 1971;
Piszkiewicz 1974; Kukic, Farrell et al. 2009)

Reportal pH values are associated with a large experimental error. In the lab the pH might
have been measured in the buffer before initiation of protein crystallization. Sometimes the
reported pH is just that of the buffering agent used. However, even if the pteasured it
changes during the hanging/sitting drop experiment, and pH valaed the difference
between them- are therefore expected to be associated with a large experimental error.

| want to know if pH differences in general have an influence otepr conformations. The
number of pH differences for sequence identical single chain proteins from the same space
group totals 4686. | plot them against the RMSPBigure46. Most pH difference$3242)

cluster at 0, which makeslinear regression a somewhattrustworthy approach.lt is
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however clear frontigure46that there is no immediate correlation between the RMSD and
the pH difference between two structure&.minimum RMSD is not even observeddaitical

pH valueslt should also be noted that many pH values cluster at integer values, because the
exact pH in the protein crystal mt measured experimentally. The lack of correlatiquautly
attribute to the very inaccurately determined pH vatu&he ionic strength should also be
considered, when analyzing the effect of electrostatic differences (pH differences) on protein

structure. The ionic strength is however almost never reported in PDB/mmCIF structure files.

slope = 0,036, 1 = 0,08 ——
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Figure46 ¢ A plot of the pH differencebetween two X-ray structures and the RMSD between them. Identical proteins and proteins mutated
relative to each other are used fahe analysis. Larger pH differencel® not causesignificantlylarger structural diffeences f = 4686y =0.09,

Taverages™ 0-04yp(raverages_'o) = 089
8.3.4.5 Differences in proteirsize and shape

The length of the protein does not seem to be of importance to conformational difference
between proteins as there is no correlation between RMSDthashumber of residuedgure
47). This is unexpected, as RMSD is often reported to be a size dependent measure of
structural similarity. Specifically RMSD has been shown to be a dependent on the radius of
gyration of a proteifCohen and Sternbgrl980; Reva, Finkelstein et al. 19B®wever these
results were achieved for random sequence structures upon analyzing the sequence similarity
threshold at which a structure can be used fmmology modeling. The structures in my
dataset all have at lest 95% sequence similariand are not random sequence structures
which explain why | do not observe RMSDs to be size dependent. It seems thattbelgase
of random sequence structures is RMSD a size dependent property.

Another measure of protein z& is the radius of gyration. It also reports on the shape of
the protein. The radius of gyration is the square root of the mass weighted sum of squared
distances between heavy atoms and the center of mass of the protein. Between two proteins
with an identcal number of residues a spherical/globular protein will have a smaller radius of

gyration than an elongated protein. In the formula belows the number of atoms in the

protein andm and Xi is the mass ash position of an atom, respectively.
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=y ame - dmx

(8-3)

Rallall

| find that the RMSD is weakly correlated with the radius of gyratier0(16,p,-o< 0.01,
Figure48). | d not find a correlation between the number of residues and the RMSD
Therefore | danot attribute the correlation between radius of gyration and RMSD to protein
size, but rather protein shape. Elongated proteins with large radii of gyration have larger
RMSDs upon movement than globular proteins, because of the larger distance between end
points of the protein. For instance a conformational change in a elongated hinge bending
protein will cause a larger RMSD the further away residues are located fronmife int,
and hinge motions are associated with the crossing of low energy barriers according to the
theory of normal mode analysis, which makes it likely that the motion has a large amplitude.
Therefore | attribute the correlation between RMSD and radiugyration to protein shape

and intrinsicdynamics rather than protein size.

RMSD

1000

Figure47 ¢ There is no correlation between the number of residues in the protein pair being compared and the backbone RMSD between them.

The axis orabscissa is logarithmic.
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Figure48 ¢ RMSD as a function of radius of gyration. The regression is performed on all data points, but only the average and stamdaed e
discrete values are showm = 4716 = 0.16,”° = 0.03 slope = 0.013=0= 11.26,0;=0< 0.01 faverages= 0.48,pr_averages< 0.01 laveragesp>100= 0.69,

P(raveragess>100= 0) = 0.03.

The main purpose of the investigation of the PDB as a whole was mgshierthe
structural effect of mutations. | wanted to know if the structural effect of a mutation
propagates through the protein structure or the mutation only causes local structural changes
if any at allNow that it has been determined which propertiesntribute to structural
differences, they can be accounted for and the structures of point mutants can be compared.
Specifically | am interested in knowing about how far the structural effects of a mutation can
travel in the protein In this section | @sent the final results of my findings.

The four main parameters | use to quantify structural changes are all RMSD values. They are
the RMSD of the position & atoms in 3D space, the position of heavy atoms in 3D space, the
position of Ramachandran amgl on the 2D Ramachandran plot and the first side chain angle,
.1. The coordinate RMSDs are dependent on the overall structure and can be quite large in the
case of a large scale collective motion such as a hinge motion, whereas in theory the
RamachandraRMSD and the side chain dihedral RMSD are independent of remote structural
changes.

| plot the average RMSD and the standard error at each distance from the site of mutation
for each of my four selected variability parameters for a set of 11000 single cheaant
protein pairs in the PDB (secti@B3.5.9. This | do for 3 concentric spherical shells with their
center at the site of the mutation and the radii [0:10[, [10:20[, [20:40¢@re49). Howeve for
any conclusions drawn from such plots to be valid | have to make sure that the RMSD values
are normal distributed around the average RMSD. Therefore | plot the distribution of RMSDs
for each of the 4 parameters at 4 selected distancE®(d=10,d=20, d=40) from the site of
mutation (sectiorB.3.5.]). These 4 distances are chosen after an examination of the
distribution of distances from the site of mutatioRigure50). It is observed that the ost

frequent distance from the site of mutation is between dAkhd d=2@.
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Figure49 ¢ An example of the 3 concentric spherical shells with rg@ii10[, [10:20[, [20:40[mapped onto a F120A mutant of ribonuclease A (PDB
ID 1eig. The mutated residue is shown in yellow. The residues in the inner sphere are shown in red. The next sphere is greee antkttsphere
is blue.
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Figure50 ¢ Distribution of distances from the site of mutation. Most frequentiresidues are located ¥from the site of mutation.

8.3.5.1 Distribution of RMSD#n spherical shells centered at th&ite of mutation

For each of three spherical shells centeethe site of mutation | plot the distribution of
G RMSDs, heavy atom RMSDs,RMSDs (‘Qnd.; RMSDgFigure51). | use 3 spherical shells
(red, green and blue iRigure51) to see, if the RMSD distributions shift as one moves further
away from the site of mutationTo rule out the position of the mutation in the protein (for
example at the center or at the end of an elongated protein) having an effect | compare the
distributions QA from the site of mutation Figure51, left column) to thos0A from the site of
mutation (Figure51, right column)lf the proteirs in the datasetlisplay hinge motios- or

other large scale concerted conformational changsen residuedar from the hinge point at
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the end of the progin will contribute more to the overall RMSD than residues in the vicinity of
the hinge point.

The average heavy atom RMSD is higher than the averad@®ED, because side chain
atoms in general have more degrees of freedom thaat@ms; especially thosat the surface
not restricted by spatially neighboring residues in the interior of the prot8etause of the
many degrees of freedom of surface residues the heavy atom RMSDgRNSEDs are larger
in the outer spherical shell.

Coordinate RMSD#epend onlocalized structural changes in hinge motion proteiFise
Ramachandran angles are not affected by structural changes propagating through the
a0 NHzOGdzNBE GKS alyYS gl & | BMShESthgreforea n@22 NRAY | (S
conservativameasure of struitiral changes in the vicinity of the mutation.

., angles- unlike coordinates and to some extent> - | -yhfén&al only attain
selected anglegrans, gauche-, gauche). Because of this the distribution of RMSDs are not

smoothly distributed across ghrange of RMSDs. Instead a bimodal distribution is observed.
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Figure51 ¢ Histograms of the distribution oA) G RMSDs (A)B) heavy atom RMSH#4), C). - RMSDs (°and D).; RMSDs (*Within spherical
shells with radii of 10A (red), 20£Chargaff, Lipshitz et algnd 40A(blue) centered athe site of mutation(left column) and centered 120A from
the site of mutation (right column)A bimodal distribution is observed for RMSDsbecause ; angles cluster atrans, gauche+ andgauche

conformations.

8.3.5.2 Average RMSDs as a function of distance from site of mutation

Having established in the previous section that RMSD values are normal distributed at
various distances from thsite of mutation | can proceed with the analysis looking just at
averages at all integer value distances from the site of mutation.

For none of the four parameters do | observe the largest RMSDs close to the mutation
(Figure52). On the contrary the RMSD increases, as one moves further away from the site of

mutation. If the increasing RMSD is due to spherical shells distant from the site of mutation
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containing many flexible surface residues, then the heavy atom aRMSD should increase,
while the € RMSD stays constant, because backbone atom positions are less susceptible to
change due to surface exposure. However, th&®EBISD also increases as one moves away
from the site of mutation. In fact all four RMSDs irage; including the; RMSD, which is
more a measure of surface exposure than overall conformation. Therefore | cannot simply
attribute the rising RMSDs to the fact that residues distant from the site of mutatod
therefore also likely to be distantdm the center of mass of the proteirare displaced further
from the equilibrium position and the structure of comparison than residues at the center of
the protein and close to the site of mutation. The rising RMSDs are a combination of both.
The concluien is that, asinglepoint mutation has limited structural effects in its near
vicinity, and ithas no effect orthe experimentally observedverall conformatiorof a protein

(Figure38).
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Figure52¢ @ RMSD(A, black, heavy atomRMSD A, red), . k RMSD Y, green) and., RMSD {, blue) as a function of distanceX) from the site

of mutation.

8.4 Conclusions on the comparison of all structures in the
PDB

| have shown that a single point mutation in gendra$ no apparent effect on the overall
conformation of a protein. Whereas conformational populations might be shifted for single
point mutants, this effect does not translate to the report¥glay structure. | have also shown

that a single point mutation dg has a limited structural effect in its nearby vicinity.
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In fact he factors contributing the most to structural differendastween protein
structuresare not mutations, but rather space group differences, differences in
crystallographic resolution amdifferences in hydration level®ifferent space groups and
different hydration levels both change the crystal contacts, which is the explanation of their
significant effect. fierefore- when comparing structurei® orderto identify the effect of a
ligandor a mutation- those structures should bieom the same space grougs a very
minimum. Although the number of mutations have an effect on the RMSD as the number of
mutations increases, the small differendastifies using mutated structures for homology
modeling and for solving the phasing problem of crystallography. When one takes into
consideration that no structural changesnd no changes in the catalytic turnover rgtare
observed upon mutating a stretch of 10 residues in T4 lysozyme to A{bleing, Baase et al.
1992F G KSyYy AGQa y2G | &dzNIINRA &S (KIFIG GKS STFFSOI

With T4L and HEWL | observed that the author and starting model was of importance to
structural similarity. For this large dataset otttvhole PDB | observe the same. Despite the
apparent similarity between experimental methods, there is an unexplained factor
contributing to structural differences that differs between labs. This could be the starting
model used for molecular replacemetiiffering agents and ion concentrations not explicitly
described in PDB files, modelling software and side chain conformer libraries and differences in
the diffraction experiment after acquiring and harvesting protein crystals. What this factor is
remainsunexplained.

| observe a small effect of single point mutations and continuous value parameters on the
RMSD. The largest natiscrete contribution to RMSD is from the resolution at which a
structure was resolved. This is a parameter, which dmtsffectthe true position of the
atoms. Because resolution is not a physiochemical property, | conclude that observed
structural differences are mostly attributable to structural errors caused by experimental
limitations and conformational fluctuations at equilibm.

Studies that report about conformational changes being caused by monatomic ions (e.g.
2hvj, 2hvk), electron®ai, Friemann et al. 20Qfrotons and other submolecular compounds
are not wrong. Buto quantify the small conformational change in these cases might not be
justified considering the structural differences that are observed between identical proteins
due to equilibrium fluctuations.

The main conclusions of this chapter are that single tpmintations have no apparent
effect on the overall conformation of proteins and the mutations only have an effect on
residues in direct contact with the mutated residue. The effect of a mutation in general does

not propagate throughout a structure.
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9 Chapter 4 - Ligand binding by conformational

selection: an analysis using elastic networks

9.1 Introduction

In this chapter | show that normal mode analy$iage and Klinmangan be used to
identify the ligand binding site of 4 proteins that have been shown to bind their ligand by
conformational selectionThe conformations of these proteins are not separated by an energy
barrier, and NMA therefore describes thation between the conformationd.also show that
ligand binding residues in general display little conformational flexibility. | finally test my
method of ligand binding site identification on a larger set of proteins, which hetveeen

shown to bindtheir ligand by conformational selection.

Ligand binding has many functions and proteins can bind many different types of ligands.
Enzymes can bind inhibitors and substréBiake, Koenig et al. 1965; Vocadlo, Davies et al.
2001) apo proteins can bind cofactdPerutz, Rossmann et al. 196fjoteins can interact
with other proteins(Vyas, Vyas et d988; Stock, Mottonen et al. 1989; Milburn, Tong et al.
1990) antibody recognitio(Padlan, Silverton et al. 1989; Stanfield, Fieser et al. 190)
multimerizatior(Perutz, Rossmann et al. 195@nd proteins can bind DNAggarwal, Rodgers
et al. 1988). Structural genomicsiimtives have over the past decade contributed to a large
growth in protein structures with unknown function and unknown binding &etley 2000)
The binding sites cannot be found in existing databases based on sequential comparison to
known structureqPorter, Bartlett et al. 2004)he automated identification of ligand binding
sites is therefore a relevant problem todus on in order to identify natural binding sites and

potential drug binding sites.

A characteristic of ligand binding sites is that they are fully or partly solvent exposed. Ligand
binding sites are usually located the largest cleft of the proteiflLaskowski 1996)he liga«l
binding pocket can be deep and narrow or shallow and wide. Prgi@itein interactions
often involve large intermolecular surfaces. Identification of these surfaces is difficult with
geometric methods, which easily identify the largest pocket, butdadlentify large
interacting surfaces. Even when a set of proposed interaction surfaces are available energetic
methods sometimes fail to predict the correct interaction surfagiésnrick and Thornton
1998; Krissineand Henrick 2007, further challenge to ligand binding site predictipn
especially for methods analyzing the micro environment of the pratéinthe fact that ligand
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binding is associated with conformational changes of both the protein and thed(iBargen,
Roberts et al. 1975; Birdsall, Feeney et al. 1980; LaPlante, Gillard et al. R@4.0)
conformational distribution of the protein is dependent on both the ider(ftglgar and HalASz
1978; Brocklehurst, Willenbrock et al. 19&8)d the concatration of the ligand(Hammes,
Chang et al. 2009)

In this work | identify ligand binding sites by utilizing normal mode anglfagel and
Klinman) If a ligand binds by conformational selection rather than induced fit, then there is no
energy barrier between the free and ligand bound conformations, he conformational
change between the two conformations is a spontaneous thermal event, and NMA should be
able to predict the amplitude and direction of the conformational change. In other words if
conformational selection is dominant for a given protehen it should be possible to predict
the conformation of the protein in its ligand bound state using only information on the free
state(Seeliger and de Groot 2010; Meireles, Gur et al. 2011; Wako and Endo 2011)
Perturbation of the elastic network by addition of nodes will change the amplitude and
direction of calculated normal modes. Placing nodes at the ligand binding site is expected to
cause the largest perturbation and thus permit the identification of ibard binding site.

However, my NMA method is only expected to work in the case of ligand binding by
conformational selectionin the case of ligand binding by induced fit, only in the presence of
ligand will the conformational change across the energyibatake placeNMA therefore in
theory cannot be used to describe this motion and it cannot be used to identify the ligand
binding site of proteins binding their ligand by inducedIfitlentify the ligand binding sites of
4 model proteins known to bintheir ligand by conformational selection, and | then examine
99 proteirligand complexes where the structures of both the ligand free form and the ligand
bound form are known. In the next section | briefly introduce conformational selection and the
expermental results supporting ligand binding by conformational selection in 4 model
proteins. In the following section | then introduce other geometry based methods of ligand

binding site identification, that | benchmark my NMA method against.

The ability of proteins to bind specific ligands has been studied for more than 100 years.
Initially Emil Fischer as an explanation of enzyme specificity suggested that enzymes and their
substrates bind in a lock ahey mechanisnt(Fischer 1894owever, the lock and key

mechanism fails to explain, why smaller analogous substrates are not catalyzed at saturation

A Um e i nzuBedbrawthen, will ich sagen, dass Enzym und Glucosid wie Schloss und Schl Ussel zu einander  passen

m Ussen, um eine chemische Wirkung auf einander aus ibenzuk 6nnen. o
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levels, and therefore David Koshland introduced the induced fit theory, which hypothesized
that reorganization of the active site upon ligand binding is a prereqdisitenzyme
catalysigKoshénd 1958; Yankeelov and Koshland 198% ability of proteins to populate
several conformations is of high importanceemzymesubstratebindingZhou, Wlodek et al.
1998; Henzlewildman, Thai et al. 200,7protein-protein interactions cooperative bindingill
1910)andallosteric regulatioMonod, Wyman et all965; Popovych, Sun et al. 2006)

Opposed to the theory of induced fit is the theory of conformational selection caused by
thermal motion. Conformational selectias in the literature also referred to as
conformational selectivity, stabilization of camimational ensembles, population shift,
selected fit, preexisting equilibrium and fluctuation fii/értessy and Orosz 201Dhe
difference between the theories of conformational selection and induced fit is showigime
53. Whereas the theory of induced fit is a model that hypastize that the binding of a ligand
to a protein causes the conformational change of that profi€ashland 1958Yhe theory of
conformational selection is that the protein samples the ligand bound conformation
independently of the presence of a ligand molecule. The sampling of the ligand free and bound
conformations is a spontaneous/thermal event and the ability to sample the ligandd
conformation of the protein is an intrinsic property of the protein.

The four proteins, that | use for my analysis, which have been shown to bind their ligand by
conformational selection, are shownTrable1l4 and they are adnylate kinase (AdK)olf-

Waitz, Thai et al. 2004; HenzMfildman, Lei et al. 2007; HenzMfildman, Thai et al. 200;7)
dihydrofolate reductase (DHRRalzone, Wright et al.9b4; McElheny, Schnell et al. 2005;
Boehr, McElheny et al. 2006; Bhabha, Lee et al. 20ibbnuclease A (RNasgRasmussen,
Stock et al. 1992; Cole and Loria 2002; Beach, Cole et al. 2005; Kovrigin and Lpaa@006
peptidylprolyl isomerase Adyclophilin ACypAjEisenmesser, Millet et al. 2005; Fraser,
Clarkson et al. 2009For a more thorough walkthrough of the experimental evidence
supporting conformational selectn in my four model proteins | refer to the appendix.

In the case of AdK the loop covering the active site displays a large correlated motion when
the enzyme is isolated in solution in the absence of substrate. It turns out that this motion is
very similarto the conformational change observed upon ligand bindfigure54). Energy
calculations also confirm that no barrier separates the ligand free and bound conformation of
AdK(Arora and Byoks 2007)Thus AdK presents a case where the conformational change
necessary for function has been encoded in the protein structure, and the protein undergoes
this conformational change, even when there is no substrate around. NMA should therefore
be abk to predict the motion between the open and closed conformation of AdK and other

proteins binding their ligand by conformational selection.
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Figure53 ¢ A comparison of conformational sampling (yellow arrows) and induced fit (gmearrows) upon binding of a ligand (red) by a protein
(blue). The initial state in the top left corner is an unbound open (UO) conformation. The final state in the bottom rightecas a bound closed
(BC) conformation. According to the induced fit thepthe protein will follow the green path and¢hange from open to closed conformation upon
ligand binding. According to the theory of conformational sampling the protein will sample the closed conformation (bottdthifethe absence

of the ligand by higHrequency intrinsic motions; it is the closed conformation, which binds the ligand.

Adenylate kinase (AdK)
Dihydrofolate reductase (DHFR)

Ribonuclease A (RNase A)

Peptidylprolyl isomerase A / Cyclophilin A (Cy

Tablel4 ¢ Prateins which have been shown to bind their ligand by conformational selection.
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Figure54 ¢ Conformational variants of the enzyme adenylate kinase (AdK) in the absence of substrate (red, orange, yellow; PDB 2RHShand
preserce of substrate (blue; PDB 2RGX). The two protein structures were solved in different space groups and the three chaiBsstruefdre
2RH5 all had different crystal contacts, which might have contributed to the conformational differences between thedoains. It would have
been more optimal, had the structures been solved in the same space group containing only 1 chain, as effects of dissysitdrcontacts could

have been ruled out, but protein crystallization is rarely predictive.

Current successful methods for cavity finding are all structure based geometric methods.
With the exception of ConCav{tyapra, Laskowski et al. 20@8)d LIGSIT§Huang and
Schroder 2006nost of them assume that the largest pocket is the ligand bindingHsiterich,
Sab-Ahen et al. 2009)because the active site of enzymes has been shown to often be located
in the largest cleft of the proteifl.askowski 1996Jhis highlights the importance of protein
shape to protein function. Energetic methods for ligand binding site prediction also
exisHenrich, Sald\hen et al. 2009)but they require knowledge about the ligand, and they
are further challenged by the fact that identical ligands have been shown to have very diverse
ligand binding site@Kahraman, Morris et al. 2010)

ConCavitfCapra, Laskowski et al. 200@hich is based on the grid based method
LIGSITEendlich, Rippmann et al. 199Takes use of sequential imfoation for predicting,
which of the identified pockets is the most likely ligand binding Stzause sequence
conservation is highly predictive of identifying catalytic sites and ligand bindin¢Gates and
Singh 2007)it is expected that ConCavity will perform well on the datalsEsSITE, which
ConCavity ibased on, is itself a grid based method, which in turn is based on PQEWET
and Banaszak 1992hat identifies pockets by drawing lines in six different directions from
each nonprotein grid point. If a certain number of these oppositely directed lines pass the
protein on both sides, then their originating grid point is classified as a pocket grid point.

POCASAu, Zhou et al. 201@ also a grid based methothe first step of POASA
howeverinvolves rolling a sphere on the surface of the protein to identify all pockttst all
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grid points in the pockets are categorized. For a grid point to be classified as a pocket grid
point the number of nearby protein grid points has to exde certain number (18 by default)
and the number of neighboring pocket grid points also has to exceed a given number (16 by
default). This latter method is almost identical to how P@B&Rly and Stouten 200@)orks,

but POCASA performs bet{¥u, Zhou et al. 201@d is therefore used fdoenchmarking.

POCASAu, Zhou et al. 201@nd ConCavity both predict the location and the shape of the
binding pocket. However, here they are only benchmarked on their ability to predict the
location of the bound ligand. Here the criterion for sass is that the distance from the center
of the ligand to the center of the predicted ligand binding site is smaller than a set threshold
(6A).

POCASAu, Zhou et al. 2010n a dataset of 48 structureswith the success criteria that
the distancebetween any atom of the ligand and any point of the predicted binding site be
less than 4 ¢ outperformed previous method@.askowski 1995; Hendlich, Rippmann et al.
1997; Liang, Woodward et al. 1998; Brady and ®&0@000; Huang and Schroder 2006;

Weisel, Proschak et al. 20079r a set of unbound and bound structures, POCASA had success
rates of 75% and 77% respectively. Because POCASA is the best geometry based method, | use
it for benchmarking here.

ConCavity des better than the previous methods it is built upon as measured by the area
under the curve of ligand binding residue precision and recall for 332 proteins in the non
redundant LigASite (v7.0) datagieessailly, Lensink et al. 200®here precision is the ratio of
true positives to true positives and false positives (residues that should have been selected,
but were not) and recall is the ratio of true positives to true positives and false negati
(residues that should not have been selected, but weFgu(re55). ConCavity is also expected
to do better than POCASA, which otherwise outperforms the geometry based method LIGSITE,
upon which ConCavity is based. The twaéhaot been benchmarked against each other
previously. ConCavity performs better than other methods on multi chain proteins. My dataset

however is only made up of single chain proteins.
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Figure55 ¢ Relationship between actual biing site (green circle), predicted binding site (red circle), true positives (TP), false positives (FP), false

negatives (FN) and true negativ§e/ang, Chumnarnsilpa et al.)

Residues in active sites are evabuarily conserve@Capra and Singh 200And this fact is
expoited by ConCavity to yield better resu(tSapra, Laskowski et al. )0t has been
speculated that flexible residues in active sites are more evolvable than rigid regidkagki
and Tavfik 2009)and it has been shown that residues at protgirotein interaction surfaces
have low BfactordNeuvirth, Raz et al. 2004hd low calculated sidehain conformational
entropy(Cole and Warwicker 200)ut no link between flexibility and evolvability has been
established until now. In sectidh3.41 show that residug with high conservation scores are
never flexible as measured byf&ctors. | show a correlation between the rigidity of resides
and their inability to mutate over time. This establishes that conserved resigisesh as
those in active siteg are rigid,and it is the surrounding residuegather than the active site
residuesg that are responsible for conformational changes observed upon ligand binding. |
further show that the ligand contacting residues of my four model proteins are located at
regions vith low calculated flexibility. This gives the option of ruling out false positives (i.e.

flexible residues), when using ligand binding site identification algorithms.

In section9.3.11 present results showing that my NMA algorithm works as predicted. In
section9.3.21 show that a few low energy modes contribute to the conformational change
observed in the four model proteins binding their ligand bypformational selection. In
section9.3.21 also show that my NMA algorithm correctly predicts the ligand binding site in
the four model proteins. In sectich 3.3 benchmark my NMA algorithm fagénd binding site
identification against the already existing grid based methods. In seg@i®al show that
conserved residues are rigid as measured by thdéacBors. | then show that ligand contacting
residues in the foumodel proteins with NMA are calculated to be rigid. This latter result can

be used to exclude false positive ligand binding sites identified by my NMA algorithm.
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9.2 Methods

A protein fluctuates among conformationaltsstates at equilibrium. In the case ¥fray
structures the equilibrium fluctuations are representedBfactors and thexray structure is
an average of the conformational sshates. TheB-factors describe the amplitude of the
thermal motions of the idividual atoms at equilibrium in the cryst#h the case of NMR
structures he equilibrium fluctuations are represented by an ensemble of structwgch all
satisfy theNOE restraint¢LindorftLarsen, Best et al. 2005he ensemld of structures is
generated from energy minimization of the conformations, which comply with the NMR
restraints. So from botl-ray and NMR studies of protein structsrieis known that folded
proteins at equilibrium are not rigid structures but flexilskeuctures.

One computational method for the study of protein dynamics is normal mode analysis. By
definition, "normal mode analysis is the study of harmonic potential wells by analytic
means.(Bahar and Cui 2003) potential well is to be understood as a minimum of the
potential energy at which the protein is at equilibrium. Normal mode anafi{sgel and
Klinman)can therefore be applied to the study of equilibrium fluctuations in particular.
Interestingly the method in some cases also manages to simulatedangétude anhamonic
fluctuations between protein configurations separated by a large energy bd#immng and
Doniach 2003; Cui, Li et al. 2004; Li and Cui 2004; Tama, Feig et al. 2005; Zheng and Brooks
2005)Equilibrium fluctations are of interest when studying for example protein stability.
Functionally important motions are of interest when studying for example enzyme kinetics and
thermodynamicsProtein folding of course also a functionally important motion, but the
starting point of this motion is not a protein structure at equilibrium, which is what normal
mode calculations are based on.

In section9.2.3the Gaussian network modeWhich is the basis of athy normal mode
calculations is presented. Using the Gaussian network model a macromolecule is represented
as a network of springs. | will show that protein dynamics can be approximated by this elastic
network model. Irsection9.2.3the mathematical theory of ormal mode analysis and the

calculation of normal modes are presented.

Normal mode analysis has a wide range of applications. Because of its simplicity compared
to MD simulations NMA has been used to study the dynanfiasamromolecular structures on
the Megadalton size sca{@ama and Brooks lii 2002; Tama, Wriggers et al. 2002; Tama, Valle

et al. 2003)Computationally NMA is not limited by processing power like MD simulations, bu
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rather by memory issues when diagonalizing the Hessian matrix. These can be circumvented by
carrying out a coarse graining of the syst@rhand Cui 2002)

NMA has recently been utilized for exploring biologically relevant (i.elinear)

O2y T2NXIF A2yl GNIyaixdAaAz2ya Ay LINPGSAya o0& NI
aAYdzZ FGA2YEé | YR R2 A ysBuctdrd @ve&tion\hit@eerl egcR step BINDO S T A
NMA(Ahmed, Rippmann et al. 201This method allows the study of ndimear motions of

motions in proteins that are otherwise outside the size andiiore scale of what is feasible

with MD simulations.

NMA can despite being a Harmonic method be used to describéhmal and energy
barrier crossing motions, such as motions caused by ligand bi{ivdaigp and Endo 201And
changes in crystal hydration levflakayama and Nakasako 2011)

NMA can be used to determine protein structures from low resolution small angg X
scattering datéMiyashita, Gorba et al. 201ahd low resolution electron microscopy electron
density mapéTama, Miyashita et al. 2004; Tama, Miyashita e2@04)by finding alternative
conformations of an already existitgray structure that are consistent with the low resolution
experimental data.

NMA has been shown to correspond well with isotropic and anisotropic B
factors(Kondrashov, Van Wynsberghe et al. 200/lidate my algorithm by checking in
section9.3.1.1that | get a correlation with Hactors. Because of therelation with Bfactors
NMA could be used to determine, if a structure deposited in the PDB with falsified B
factordMurthy, Smith et al. 2001; Ganesh, Muthuvel et al. 2005; Abdul Ajees, Gunasekaran et
al. 2006; Ages, Anantharamaiah et al. 200s realistic Bactors or not. Unfortunately
nobody has developed such a check. Rather all existing checks are solely focused on close

contacts and the geometry of the protein.

Here the term'normal mode" is defined and its relevance to the potential energy of a
molecule is outlined. The degrees of freedom of a molecule are the number of possible
independent displacements of the molecule. An atom (e.g. Argon) in three dimensional space
has 3translational degrees of freedom. A tvadomic molecule (e.g. dinitrogen) has 3
translational degrees of freedom, 2 rotational degrees of freedom awvitbrhtional degree of
freedom; i.e. the stretch. A nonlinear thregomic molecule (e.g. water) has airslational
degrees of freedom, 3 rotational degrees of freedom and 3 vibrational degrees of freedom; i.e.
the symmetric and the antisymmetric stretch and the beRij(re56)(Atkins and de Paula
2002) p. 523)

A linear symmetric thre@tomic molecule only has 2 rotational degrees of freedom, but 4

vibrational degrees of freedom; i.e. the symmetric and the antisymmetric stretch and two
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degeneratebends in the directions perpendicular to the length of the molecule and each
other.

In general linear and nonlinear (e.g. a protein) polyatomic molecules ha¥ea3i 3N6
vibrational degrees of freedom respectively. The vibrational degrees of freedarmofecule
are also termed therformal mode$ of the moleculg/Atkins and de Paula 20023). 520.

In the case of water all three of the normal mode frequencies can be observed in an
infrared spectrum, because all three normal mode vibrations cause a change in dipole moment
(Atkins and de Paula 2003). 523).

Figure56 - The vibrational degrees of freedom of watesymmetricstrecth, antisymmetric stretch and bend. Atom radii and vector lengths are
not representative.

The set of all the coordinate combinations of the 3N coordinates of N atoms consttute
3N-dimensbnalspaceR™.2 A set of 3N linearly independéhtectors in B space fornsa
basi$ for the RN space®

The normal modes, translational modes and rotational modes atmedirly independent
Asuperpositionof the normal modes yields the vibrationaé&dom/dynamics of the
molecule.

Thepotential energyof a molecule is dependent on all 3N coordinates of a molecule with N
atoms. The potential energy surface is therefore a function in the safhepRce mentioned
above. In vacuum the potential energyafolecule is not dependent on translation and
rotation. Therefore only normal moddkat do not describe overall rotation and translation

are of interest when calculating the change in potential energy of a molecule.

& "The n -dimensional space R" is the set of all n -tuples (X 1,X2,X3,...,X n) Of real numb ers." Edwards, C.

H. and D. E. Penney (1987). Elementary Linear Algebra ., pp. 164

Vectors are linearly independent if they are not linear combinations of each other.

¢ Vectors are a basis for a vector space if t he vectors are linearly independent and the vectors span
the vector space. Vectors span a vector space if every other vector in the vector space is a linear
combination of the vectors.

"Let V be an n -dimensional vector space and let S be a subset of V. Then if S is linearly independent
and consists of n vectors, then S is a basis for V." Edwards, C. H. and D. E. Penney (1987).

Elementary Linear Algebra ., p. 184.
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When a spring is compressed or extedd then the potential energy of the spring will
increase. The normal mode associated with the smallest change in energy will therefore be
one with the least compression and/or extension of the springs between atoms and vice versa.
This can be illustratedith simple structuresKigure57). In the case of these convex regular
polyhedra the motion creating the largest strain on the springs between the atoms would be
the motion towards or away from the centre. And this motion is éyate one | calculate as

the least favorable with my NMA algorithrRigure57).

Figure57 ¢ Selectednormal modes of the tetrahedron and the cube. The springs between nodes are shown in black. THeanmbshe least
favorable motion is shown in red and blue respectively. The blue eigenvectors all point towards the centre of the strucMosing the atoms in
this direction (or the opposite) would cause the greatest compression (or extension) of allsrings.

Sections 9.2.3.3and 9.2.3.40f this chaptemwill show that the normal modes can be
calculated from a matrix of partial second derivatives of the poteetigrgy at an energy
minimum with respect to the coordinateSection®.2.3.1and9.2.3.2will further show how
to calculate the elements of this matrix from the asgption of harmonic oscillations around

the equilibrium. An overview of the theory sections in this chapter is shown b&ligures8).
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Figure58 ¢ Overview ofthe theory sections in this chapter. Section numbers are given on top of the headlines.

9.2.3.1 Harmonic oscillators and the harmonic potential

Normal mode analysis is built on the principle of harmonic oscillations. An example of a
harmonic oscillator can be seén atoms and bonds. The two atoms represent two masses and
the bond between them represents a spring. The atoms oscillate along the bond between
them. Thids an example of a harmonic oscillator, if the displacement of the masses from their
equilibium@ aAGA2y F2tf26a 122180a flod ! OO2NRAY3

force, F, proportional to the force constary,, of the spring and the displacemert,, from

the equilibrium positions’ .
F(9 :g(s —s°) 9-1

Integrating the force with respect to distance yields the change in potential energy upon

displacement from equilibrium.

U(s)-U (so) =fF (s)s
= ﬁg(s —so)ds 9-2
:1/zg(s -30)2

The atoms in a fully folded protein can be assumed to perform harmonic oscillations around
a conformational energy minimum. If the potential energy function is harmonic, then the
potential energyU, at equiibrium in threedimensional space between atornandj
connected by a single real spring (i.e. a bond) or a single phantom spring (cf. later discussion

on Gaussian phantom networks) is
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The total potential energyt), of a protein is equal to the sum of the potential energy
between all of the interacting atoms.

U(s)-u(s) =a au(s,) u(s)

L

NN, 0\2

=4 ax%g (s ) 9-4
J

N--

N o "
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In the next section the second deaitive of the harmonic potential is calculated. The

second derivatives are elements of the Hessian matrix which will be introduced in section
9.2.3.3

9.2.3.2 Second derivative of the Harmonic potential, calculating tekements of the

Hessian matrix

By applying the power and the chain rule of differentiation the first derivative of the

Hookean potential (edP-4) with respect to the vector componentof the atomi is found to
be

=erd (0 (x - (527 (57 2H 0-5

Becauses,° is the equilibrium position, laof the first derivatives equal zeat the energy
minimum, s; =s,°.

By applying the product rule to &first derivatives from above, the second derivatives at

the energy minimunms, =s,° are found to be
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It is these second derivatives that are the elements of the Hessian matrix, which

will be introduced in the next section.

If the potential energy is a continuous function, then by the rule of mixed partial

derivatives, the @maining second derivatives can be calculated using the equations below.
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The second derivativeswith respect to components of atomonly - arethe negative sum
of the secand derivates with respect to components of atoimand;j - as shown belowPut
differently, the sum of the second derivatives of the potential energy, which is the sum of

forces, equals zero for each atom.
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In the next section it will be shown how the second derivatives of the Harmonic potential

calculated in this section constitute the & matrix.

9.2.3.3 Taylor expansion of the potential energy function, a quadratic
approximation
This section wilhat the potential energy can be approximated by a quadratic function,
which can be written on matrix form. The elements of thiatrix were calculded in the
previous section.
The potential energy functiony, of a protein is a function of the structure and thus of the
Cartesian coordinates of thidatoms. This yields a total oN3/ariables for the potential

energy function.
U(xl,yl,zl,..,xnynzn):u (s) 9-11

where s is the vector representing the coordinates.

The potential energy can be approximated using a Taylor series™Tdreler Taylor

expansion around a conformational energy minimusrs s°, of the potential energy

function, U, is
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If s =s° is a minimum of the functiarl), then the first derivative ( ”) =0 equal zero.

If third order and higher terms are neglected, then it yields a symmetréadratic

approximation(Lifson and Warshel 1968; Levitt, Sander et al. 1985 the potential energy

function at thelocal energy minimuns = s°.

N

U(s)-U(s®) el (s, )X D)
Gn=1 WSy =+ 9-13

The square of a homogenous polynorhiifirst degree in Blvariables is obviously a

homogeneous polynomial of second degii@ I variables.

2 2,
U(s)-U(s®) 2658 (s, )2 &)
Cnet bs, =
_ama ey oy n 8 ]
_1/29=1§Si Si)lJSij?‘(sj sj) 8 88(5) 9-14
&an oy § g 00
:1/29:1,;63%5' -sf’)(sj Sjo)ustlﬂ, 8{91(50)

A homogeneous polynomial of degree 2 is algmadratic form(Edwards and Penney

1987)

U(s)- U(SO) 245 Hs 9-15

sis the 3x1 column vector with the elemem($n - sr?) ands' is the transpose; i.e. the

1x3Nrow vector.H is the matrix for the quadratic formHis a 3:Nx3N matrix with the secod

2 0
derivative elementsL (eqg.9-8). A matrix with second derivatives is named a Hessian

matrix. If the potential energy function is continuous, then by the rule of mixed partial

derivatives
& A homogeneous polynomial is a polynomial with all terms having the same degree. All symmetric
polynomials, which are polynomials that are invariant upon permutation of the variables of the

polynomial, are thus homogeneous polynomials.
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Hessian matrices are thus symmetric.

The x1r-vectors are elements of the®Rspace of the potential energy function of 3N
variables. 8llinearly independeritr-vectors form a basis fohe R space In the next section
| show that aset of N linearly independent-vectors, which span thE space arethe

eigenvectors of the symmetric Hessian matrix.

9.2.3.4 Diagonalization of the Hessian matrix
Thissection will show how to derive the normalodes from the Hessian matrix.
Then x n square matriceg\ andD are called similar if there exists an invertible maRix

such that

D=plap 9-17

A square matrix is called diagonalizafielwards and Penney 198p)273) if it is similar to
a diagonal matrix in which all effiagonal elements are zero.Afis diagonalizable, theDis an
eigenvalue matrixand Pis an eigenvector matrix withlinearly independent eigenvectorSIf
a square matrix is diagonalizable and #igenvector matrix is orthogond) then a square
matrix is called orthogonally diagonalizakedwards and Penney 1981p)293). Accordipto
the spectral theorem of linear algelSrthe Hessian matrix, is orthogonally diagonalizable.

Thus the quadratic form for a set of linearly independeréctors can be written.
»R™HR =%R ™R H 9-18

Ris an orthogonal matrix with columns of -eigenvectors of the Hessian matriXis the
diagonal matrix with the corresponding eigenvalue elemehh(si) -uU (r i°). The }r-

eigenvectors, which are the normalodes, ardinearly independentand thus form éasisfor

the R" space as mentioned in the previous sectifBdwards and Penney 198pp. 164).

Vectors are linearly independent if they are not linear combination s of each other.
An eigenvalue matrix is a diagonal matrix with eigenvalues along the diagonal. An eigenvector matrix

is a square matrix with columns of linearly independent eigenvectors. An eigenvector in the

eigenvector matrix is associated with the ei genvalue in the eigenvalue matrix with the same column
number. Edwards, C. H. and D. E. Penney (1987). Elementary Linear Algebra ., p. 270-274

¢ "The n x n matrix A is diagonalizable if and only if it has n linearly independent eigenvectors” Ibid. , p.
273

9 The square matrix P is per definition orthogonal if P =P . Ibid. , p. 292

€ "Asquare matrix is orthogonally diag onalizable if and only if it is symmetric." Ibid. , p.296
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9.2.3.5 Gaussian networks

Sections 9.2.3.29.2.3.4outlined how to calculate the elements of the Hessian matrix and
how to diagonalize the Hessian mati@&enerally, ae would assume atoms in a proteine
connected only if covalently bonded each otherHowever, his is not the case for Gaussian
networks, which are the basis of all normal mode calculations in this thesis. In this section
Gaussian networks are introduced.

A Gaussian chain is a freely jointed chain. The joints and chaingyooew volume and are
thus not excluding each other in space. Freely jointed refers to the fact that the distance and
orientation between joints is not fixed. A Gaussian phantom network is thus nothing but a
network of independently flexible chain segmenGaussian refers to the fact that the number
of possible chain segment conformations follows a Gaussian function (i.e. the Gaussian
segmentconfiguration functionjJames 1947)n the phantom network the flekility of the
Gaussian chains is only constrained by the connectivity of the j@tidsy 1976)

When applying the Gaussian phantom netwarkdel to proteinspnly spatial connectivity
of atoms is taken into consideratioas compared to constrainfsom for example
electrostatic and steric interactionshichare not. The three dimensional Gaussian network for
a protein is illustrated ifrigure59. In the Gaussian network model a phantom spring between
atoms is only present, if the distance between the atoms is less tlwamodf distancevalue.
Otherwise the second derivatives in the Hessian matiresponding to these two atoms are
set equal to zero. The equation below shows which factor to multiply the second derivatives
with when using a normal "hard" cutoff. In secti®r2.3.10the sigmoid cutoff wilbe

introduced.
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The cutoff distance should at least be set high enough to avoid multiple zero value
eigenvalues. The extra zero eigenvalues will correspond to movementsoofoauous

networks relative to one another, which are not associated with a cost in energy.
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Figure59¢ lllustration of a Gaussian network in T4EDB ID 2Izm). On the left the protein secondary structure is represented by cartwices
and strands. On the right the Gaussian network of the protein is displayed using a cutoff distance of 8A. Only connectioeeb& atoms are

shown. Drawn with VMD(Humphrey, Dalke et al. 1996)

9.2.3.6 Overlap
Eigenvectors are the result of diagonalizing the Hessian matrix and a conformational change
is described by a vector. It is therefore desirabldéoable to compare the similarity of two
vectors. IR space two vectors overlap if they are parallel and point in the same direction.
The cosine of the angle between the vectors, and r, , which here is called the overlap, is

equal to the dot product of the two vectors divided by their length

r G,

cosé =
Ir.[Ir |

9-20

In R spacewith 3 dimensionshe overlap is geometricalipterpretable. To maintain a
geometric interpretation, the overlap between two eigenvectorKitispace could be
calculated using the average overlap of each of the N residues. But the above formula is used
even inR" spacéMarques and Sanejouand 199Fhe geometric interpretation of the overlap
isinfrequentlyretained by calculating an average of the overlap between vectargafidual

atoms(Krebs, Alexandrov et al. 2002)

9.2.3.7 Physical interpretation of the eigenvalues and the eigenvectors of the

Hessian matrix
The physical interpretation of the value of the eigenvalues is related to the curvature of the

potential energy surface. Mang along an eigenvecttnat hasa large eigenvalue
U (ri) -uU (r i") isassociated witha large cost in energy. When adding thermal endogthe

system consisting of the proteithen the lowest frequency modes are most likely to be

populated.The distribution of movements follows a Boltzmann distribution. Movements in
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directions of low potential energy are more likely to ocddue to Taylor expansion around a
minimum U (ri°) of the potential energy function, the quadratiorfn and the Hessian matrix

are positive (semi)definife This means that all eigenvalues are either zero or positive.
Furthermore none of the eigenvalues from diagonalization of the Hessian matrix are cdmplex.

The potential energy is only dependent on tt@ordinates. Translating or rotating the
structure in space does not change the relative position of the coordinates to each other and
thus the potential energy is not changed. Therefore the six eigenvalues corresponding to the
eigenvectors of translatioand rotation along the axes irf Bpace are expected to be zero.

A linear combination of the linearly independent eigenvectors can describe any initial
movement upon addition of thermal energy. Nature travels along a path of low energy
because conformatiaal states of different energy are populated according to the Boltzmann
distribution. Protein dynamics is not expected to be different. It can be shown that the
conformational change between an open (pdb 150L) and closed (pdb 2LZM) conformation of
T4 lysogme is better described by the eigenvectors associated with the low eigenvalues as can
be seen fronfigure60. The normal mode calculations were based on the open conformations,
since itwas previouslhghown that werlaps are higher when the transition is from open to
closed conformatiofifama and Sanejand 2001)which was also the case for the two
conformations of T4 lysozyme selected here.

And indeedGerstein and his colleaguggebs, Alexandrov et al. 200#monstratedfrom
a set of proteins available in two conformations that the eigenvectors &sacwith the
lower nonzero eigenvalueare often the best at describing the motion between the two super
imposed conformations. In other wordhe maximum overlap with the conformational
difference vectors is most often observed for the eigenvectorecated with the lowest
nonzero eigenvalues as can be seen figigure61.

The large scale results of Gerstein and Krebs validate the use of the eigenvectors associated

with low nonzero eigenvalues for the desciipt of directions of conformational changes.

@ "Let q(x) = x'Ax be a quadratic form with symmetric n X n matrix A. Then q is positive definite if the
eigenvalues of A are all positive." ( Ibid. , p.369)
P "The characteristic equation of a symmetric matrix has only real solutions " Ref. Ibid.

116170



1

0.9

0.8

0.7

0.6

overlap

0.5
f

0.4 J

0.3 n

o[

0.1 -

7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97 103

mode

Figure60 ¢ Plot of the 100 first normal modes of T4 lysozyme in a closed state (2LZM) versus the overlap of the normal modes witlctthreofe

the conformational change to the opertate (150L).
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Figure61 ¢ Distribution of the mode of maximum overlap for a selection of more than 3000 proteins available in two conformations. Thdaps
are calculated between the vector of conformational change and the @igectors of individual normal modes. The mode on thbscissas
plotted against the count of maximum overlap on the left ordinate and the cumulated frequency on the right ordinate. Thedfigumodified

from (Krebs, Alexandrov et al. 2002)

9.2.3.8 Simplified fore field
The energy of a protein can be calculated using empirical force potentials involving terms

for covalent interactions (e.g. bond stretching, angle bending, bond rotation) and noncovalent
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interactions (e.g. electrostatic interactions of charges aipblés and steric interactions) as
known from molecular dynamics simulatiofi&rion 1996 From 1979 to 1996 classical normal
mode analysis was solely based on full force field tatioms. This involves time consuming
energy minimization of a structure and calculation of full force field energies and their second
derivatives for use in the Hessian matrix. Then, in 1996, Tirinon 1996yeproduced the
relative residue fluctuations of full force potentials using a simplified force field and
O2yySOGAGAGRE ySGg2N]l® LY ¢CANR2YyQa StladAo yS
single uniform force conant and the distance between atoms. Since then, even more
advanced connectivities involving covalent backbone interactions, disulfide bonds and
electrostatic interactions have been introducéteong, Jang et al. 20a8pwever, by
randomization of matrix elements, it has demonstrated that eigenvectors are determined by
the shapeof the Hessian matrix rather thahe values of thelementsof the Hessian
matrix(Lu and Ma 2005%).e. the coordinates of a protein structure are more important than
e.g. charges, dipoles and disulfide bonds. Previously it was also established that global
conformational changes rely more on overall structure rather than structural dgtaitao and
Go 1999}t is therefore well documented that coarse grained methods are appropriate for
describing large scale conformational changes. There is no immediate need for advanced force
fields. Therefore upon building the Hessian matrix a uniform force field is used and all
comections of identical length are considered equally strong. The structure is not energy
minimized prior to the calculations, since the method is only based on the positions Gf the
atoms as explained in the next section.

In this thesis all calculations are performed in vacubdiormal mode calculations in general
never include the solvent. My algorithm is no different. It is important to note here that not
factoring the solvent intdhe calculations may impact the results, if, as proposedyent

fluctuations dominate protein dynamig¢genimore, Frauenfelder et al. 2002

9.2.3.9 Coarse graining

The number of row operations required for calculating the eigenvectors of an NxN matrix
increases by the cube of N and the number of matrix elements increases by the square of N.
Thus, memory and processor requirements for diagonalinaticthe NxN matrix increase by
N? and N respectively. Even though memory might not limit the calculation, it is still of
interest to reduce the dimensions of the Hessian matrix to speed up calculations. This can be
done by using onlg atomgHinsen 1998; idsen 1999)residue mass centgiidinsen 1998)
or even blocks of residu@@urand P 19943s the interconnected nodes instead of individual
backbone and sidechain atoms. For all results in this thesis, the metl@dorse graining
has been employed. Coarse graining reduces the number of degfée®domc those of the

side chains but the eigenvectors associated with the low nonzero eigenvalues still succeed in
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describingX-ray BfactorgBahar, Atilgan et al. 1997; Haliloglu, Bahar et al. 1997; Doruker P

2000)and the motion between open and closed conformatifireena and Sanejouand 2001)

9.2.3.109gmoid cutoff and Hessian matrix calculation

Sequence identical structures obtained at different temperature, ion concentration or
pressure or by different methods might have slightly different structures. To avoid getting
different results for nearly idatical structures a sigmoid cutoff distance is used instead of a
sharp cutoff distance as recommendedlbynn Ten EyclPreviously, Hinsen has used an
exponential cutoffHinsen 1998Here | use a sigmoid cutoff. The equation used is ddriv

from that of a sigmoid function.

S - 9-21
y 1+e* 0 -
xis the distance betweefl, atoms andy is the factor with which the uniform force

constant is multiplied. A plot of the function is showrFigure62.

o 15 20

interresidual ‘distance (&)

Figure62 ¢ A plot of a function derived from the sigmoid function. On théscissa is the distance between junctions and on the ordinate is the
number with which the force constant is set to be proportional to. From the plot a smooth transition in the area around $@&én.

The most essential part of normal mode analysis isceleulation of the elements of the
Hessian matrix. Each element of the Hessian matrix is calculated by using e@d#&tion
Diagonal elements are calculated by using equat®8snd9-10. Each element is then
multiplied by the sigmoid factoy, which is calculated from equati®21. Once the Hessian

matrix has been built it can be diagonalized and the eigenvectors and eigenvalues retrieved.

9.2.3.11Importanceof the input structure
To determine if the conformational variation between structures is of any significance to

the calculated normal modes, | have calculated the normal modes of 63,810 sequence
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identical monomeric protein pairs from the same space grdumave then calculated the

overlap between normal mode 7 of each of the two proteins. The overlap | have then plotted
against the CRMSD between the two structureBigure63). The calculated normal modes are
almost identical gverlap > 0.98) for most of the 63,810 structure pairs, and the overlap
probably only drops as a function of RMSD as a consequence of different origins of the
calculated eigenvectors. In most cases (>99%) the specific conformation of the input structure

isnot of importance to the calculated normal modes. The method is robust.
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Figure63 ¢ The overlap between normal mode 7 of two sequence identical structures as a function of tiRMSD between them.
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After having explained the theory of normal mode analysis in the previous section | now
explain how my NMA algorithm for ligand binding site identificatiomksoThe basis of an
NMA calculation is a network of springs between atoms as explained previously in section
9.2.3.5 The calculation can be coarse grained by only sele€tiagpms as shown for T4L in
blue inFigure64a. FromFigure64b one can relatively clearly see, that the easiest way of
distorting the network of springs is to move the upper and lower cluster of points (the two
helixconnected domains of the protein) tawds or away from each other. An NMA
calculation arrives at the same conclusiiglre64c), but identifies the movement by
performing a set of mathematical operations on a matrix describing the spring connections

between points.

120170



In Figure64c the vectors of the normal mode associated with the smallest change in energy
(normal mode 7; the motion that is the easiest to perform) is mapped onto the network of
points (T4LG atoms). This motion correlates withe differences observed among the many
different conformations of T4L recorded byra§ crystallography as | explained in section
9.2.3.7 The motions are compared by measuring the overlap between the calculated vectors
andthe vectors describing the differences between toay structures. In the case of T4
lysozyme the second lowest normal mode (the second easiest motion to perform) has the
highest correlation with the conformational change observed-maystructures. Wareas the
first normal mode merely describes a hinge motion, the second normal mode also involves a
shear motion around the long helix running from Lys60 to Arg80. The second normal mode
therefore has a higher correlation with the conformational changeictviis not a perfect
hinge motion. By studying a large set of proteins, it has been shown that the lowest normal
modes generally correlate with experimentally observed conformational chaj@estein
and Krebs 1998)
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Figure64 ¢ Different representations of T4 lysozyme (2lzn{. atoms are shown as blue spheres. On the left a yellow stick model of the enzyme is
shown. Shown in the middle are green springs betwe@natoms within 10A of each other. Shown on the right for one mode are rettors

originating fromG atoms and pointing in the direction of movement calculated with NMA. The largest vectors correspond to the largest mobility.

| decided to apply normal mode analysis to the problem of identifying ligand binding sites. |

simulate he presence of a ligand by adding an extra interaction point at the surface of the
protein inspired by a previous similar method applied to the problem of identifying sites of
nicotinic acetylcholine receptor, which can alter the gating mechanism of tieip(Taly,
Corringer et al. 2006)he presence of a ligand wilten perturb the structure of a protein

significantl{Bakan and Bahar 200Blocking the active site would prevent the protein from
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sampling the ligand bound form. By simulating a ligand at the surface and detegmvhat
positions cause the largest reduction in overlap with the eigenvector calculated from the
ligand free form | can therefore identify ligand binding sites.

I do not expect to perform well upon identification of internal cavities, as the atom density
in this case is very high. Adding a probe atom to an already highly dense area will not alter the
calculated eigenvalues and eigenvectors, as the values of the Hessian matrix will change
insignificantly, as they are already naaro prior to perturbationlt has been shown that it is
the shape of the Hessian matrix rather than the values that constitute it, which decides the
outcome of the diagonalization of the matiiku and Ma 2005)

My NMA method predicts ligand binding sitby a multi step process. The first step is the
construction of a grid of points surrounding the protein. A grid spacing of 2A is used, which
increases the calculation speed, while maintaining an adequate precision. Points further away
than 6A from and oiser than 3A to ang. atom of the protein are not considered. At first the
normal modes of the protein are calculated with no additional mass center present and then
recalculated upon placing a mass center at each of the grid points. Next a mass cplategds
sequentially at each grid point and the difference in the dominant mode (mode 7) is calculated
for each position of the mass center. The ligand binding site is identified as the grid point(s)
where the addition of a mass center gives the largesinge in the directionality of the
dominant normal mode.

It has been shown that perturbation of the Hessian matrix increases the deviation between
higher normal modes more than that between lower normal modes, when normal modes
calculated from the originand perturbed Hessian matrix are calculated.and Ma 2005)he
KAIKSNI SA3ISy gl fdzSa FNB Itftaz2z fSaa aLl OSR I yR
Therefore it is justified to compare perturbed normal modes, if thmparison is limitedd

normal modes with a low index, like | do here.

In addition to the four model proteins, a set of 99 sequence identical ligand free/bound
structure pairs from the PDB formed the benchmarking set fpiNWIA method. This set was
created by first selecting all monomeriad§ structures with one bound ligand in the PDB. |
chose to only use monomeric proteins, so the problem does not expand to one of finding
ligand binding sites at multimer interfaces.dcapted structures with missing residues at the
terminals, but | excluded structures which had residues missing in the middle of a chain. |
accepted zero occupancy residues. | only accept ligands with 10 or more atoms and | do not
consider ligands such aeptides, nucleotides, ions, prosthetic groups;eteymes and
various other solutes (see appendix). After this exclusion the redundant list contained 2784

ligand bound structures of which many are sequence identical. Next BlagtMsstul Gish
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et al. 1990)was used to find ligand free structures that are 100% identical in sequence to one
of the ligand bound structures. This reduced the number of ligand free and bound structures
to 2234 and 1825 respectively, distributed across 581 clustiesequence identical proteins.
Next a norredundant dataset in terms of protein sequence was created. | expected my NMA
method to perform better in those cases, where the motion between apo and holo structure
was described by normal mode 7. Thereforbdse a ligand free and bound structure from
each cluster based on which free/bound motion was most similar to normal mode 7. For a
further reduction of the size of the dataset, structures not present in a database of biologically
relevant binding sites (vsion 9.4 of LigASiti)essailly, Lensink et al. 200®re excluded

from the final dataset. This procedure yielded a dataset of 99 sequence identical free/bound
structure pairs. My NMA algorithifior ligand binding site identification described in the
previous sectiong.2.4) is then applied to this dataset. The results are presented in section

9.3.3

In section9.3.41 show that conserved residues like those in binding sites rarely are very
flexible as measured by theirfBctors. In sectio®.3.41 make use of the "normalizegésidue
B-factors" and sequence conservation scores. Here | present the calculation of each of the
parameters.

A "residue Hfactor", Bes, | sSimply define as the averagddtor of the backbone atoms of
that residue. The averagedfBctors are then normiized in order to exclude differences in B
factors between structures due to different resolutigRsipp 2009and different hydration
levels (see appendix).

OoAd of Al Eg;}%djl’f**"‘?"?.,o‘ —
oA6 0 Qa0

The measure of sequence conservation that | use is the JeBBannon divergenc@Capra

and Singh 2007 he Jenseishannon divergence (JSD) is a measure of the dissimilarity
between multiple sequences. It ranges from 0 to 1. The higher the score, the more conserved
the residues isThe JSD is derived from tHelllbackcLeibler divergencéKLD), which measures
the difference between two probability distributiori®and Q for each of the 20 amino acids,

aa

D (PIIQ)= 2é':ap(aa) log SEZZ;

(9-22)

Pis the frequency of occurree of an amino acid in a column in a multiple sequence

alignment.Qis a background distribution of amino acids. One reason | prefer the JSD over the
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KLD is that it is bound by the values 0 afidri 1991 pand thus normalized, whereas theers
no predefined upper limit for the KLD. The relation between the JSD and the KLD is

1 01 1
Dys(PI1Q) =3 D P11 5(P Q) 83D @v (9-23)

vO?dUQJo

The JSDs were downloaded from the internet
(http://compbio.csprinceton.edu/concaity/pgs/jsd). The JSDs were calculated on the HSSP
dataset of multiple sequence alignmef(i®dge, Schneider et al. 1998)ing the BLOSUMG62
matrix as the background distribution referen@Henikoff and Henikoff 1992nd

Only monomeric&ray structures are analyzed. Structures with identicé®&ors for each
atom are excluded from the analysis. Modified residues are skippadstructures with
modified residues are not excluded from the analysis. In total 3,340,239 resithetdds and

JSDs from 12,463 proteins are plotted.

9.3 Results

Before my NMA algorithm can be applied to the problem @irigjbinding site prediction, it
must be thoroughly tested and its performance compared to other NMA algorithms. Before |
present the results of the ligand binding site prediction, | present the performance of my NMA
algorithm.

In the current algorithm, wich makes use of a uniform force constant, the distance cutoff
is the only parameter, which can be changed. It is therefore critical to show that similar results
are obtained within a range of cutoff distances. This is done in segth.3and in section
9.3.1.3it is shown that the use of a cutoff distance of 10A is an appropriate choice for
modeling the conformational change between two conformations of T4 lysozyme (2LZM and
150L:D). The amplitles calculated with my NMA algorithm will be shown to correlate With
ray Bfactors (sectior®.3.1.] and the vectors between NMR ensembles (sec®idl.?. The
former is a standard method to vdhte normal mode analygiBahar, Atilgan et al. 1997;
Haliloglu and Bahar 1999¥hereas the latter is a novel method of validating the results of

normal mode analysis.

9.3.1.1 Correlation with isotropicX-ray Bfactors

The algorithm developed has proven to be equally good compared to other
algorithmgBahar, Atilgan et al. 1997; Haliloglu and Bahar 188pjedictingX-ray
temperature factorsThe correlation between-actors ofG atoms and normalized

amplitudes of selected modes are showrFigure6b. If it is assumed that the-factors and
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the calculated amplitudes follow a normal distribution, thietest statistics can be calculated
to determine, wheher the data are correlated or ngZar 1998)he results of the statistical
test for the correlation between modes3N and the temperature factors are shownTiable
15. Only for 20MF do the calculated amplitudes not correlate with tfi@dBrs. The lack of
correlation might be explained by the fact that 20MF in the crystal is present as a trimer,

whereas the calculations are based on the monomer.

20MF

Figure65 ¢ Correlation between the Bfactors (black)of the G atoms ofcytochrome Q2CCY, Ompf Porin (20MF) and T4 lysozyme (3LZMJ
the amplitudes ofmode 7(Chargaff, Lipshitz et algnd the linear combination of modes-3N (white).
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PDB correlation (r) | degrees of freedom (#2) | t statistic | probability (p)

2CCY | 0.48 125 6.13 <0.001
20MF | 0.04 338 0.77 0.45
3LZM | 0.47 162 8.31 <0001

Table15¢ Correlations betweenX-ray temperature factors and the calculated amplitudes for modesSN. The probability of correlation is

calculated by the statistical test.

9.3.1.2 Correlation with NMR fluctuations

Previously NMR*Selaxation parameters have been compared to the fluctuations
calculated by normal mode analysgidaliloglu and Bahar 199%he equilibrium fluctuations
between ensembles of NMR structures have never been compared to the fluctuations of
normal mode analysis though. Figure66 the correlation between the two noralized
amplitudes are shown. The NMR amplitud&sfor individual residues, are calculated by
averaging the amplitude between all combinatiojk, of all the NMR ensembles of a

structure deposited in the protein data bank. The equation in use is shmlow.

A :8]. ké_\/(xj 'Xk)2 (yi yk—)2 éi+ Zy )2' 9-24
Againt test statistics were calculated to check if the correlation was significant or not. The
normal mode amplitudes were calculated from a linear combinatiathefirst 20 modes. The
results are shown ifablel6. It cannot be rejected that there is no correlation between the
amplitudes for 2D21. FroMigure66it can be seen that the correlation is poor fopesially
residues 1110 and 261330. Both residue ranges map to the immobile region of the protein. If
the correlation is calculated for residues in the ranges-26Q and 331374 thenr = 0.58 and p
< 0.001. And for residues 1-PB0 the correlation is asigh as 0.73.
| also check my algorithm to see if it is the low energy normal modes that in general are the
best at describing NMR fluctuations. | plot the correlation between the NMA RMSF and the
NMR RMSF against the index of the normal mode. What ily ietdresting is that the
correlation does not level out at zero for higher modes, as one would expect if the high energy
normal modes were random motions. Instead the correlation is a linear function of the normal
mode index and there is antorrelationfor the high energy normal modes rather than no
correlation at all (appendix). This is another strong indication to me, that focusing only on low
energy normal modeswhen describing conformational changes and finding ligand binding

sites- is the rightapproach.
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PDB | correlation ¢) | degrees of freedom (2) | t statistic | probability @)

1BNR| 0.87 108 25.07 <0.001
1E8L | 0.62 127 11.35 <0.001
2D21 | 0.06 162 1.23 0.22

Table16 ¢ Correlations between NMR amplitudes and the normal modmplitudes for modes -26. The probability of correlation is calculated by
the statisticalt test.
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Figure66 ¢ Correlation between theNMR amplitudegblack)of the G atoms ofBarnase(1BNR, Hen Egg White Lysozyme (1E8L) and
Maltodextrin-Binding Protein (2D21)and the amplitudes of single modgChargaff, Lipshitz et algnd the linear combination of modes-26
(white).
9.3.1.3 Variability of the cutoff distance
When using a uniform force constant and a coarse grabi@laussian network model,
only the distance cutoff affects the results of the normal mode analysis. It is important that the

differences in the results are not significant and influence the conclusions drawn from the
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normal mode analysis upon changing thistance cutoff. To investigate this one can change
the distance cutoff in small steps and investigate the changes in for example overlap with a
conformational change vector.

This is illustrated ifrigure67 for the conformationathange between T4 lysozyme in its
open (150L, chain D) and closed conformation (2LZM). The coordinates used for calculation of
the Hessian matrix are those of the closed conformation. The cutoff distance was changed in
increments of 0.1A in the range frotnOA to 50.0A, which is just slightly less than the diameter
of T4 lysozyme. A cutoff distance of 50.0A will thus cause most atoms in T4 lysozyme to be
connected in the network. Starting at the left of the figure it is seen that overlaps are constant
until a threshold of approximately 5A and then start to vary significantly. The reason is that the
minimum distance betweef. atoms is approximately 58.5A, which is a value that can be
calculated by averaging the distance to the neafedbr allG atoms in a protein. As has been
previously mentioned the Hessian matrix will yield multiple zero eigenvalues upon
diagonalizatn if the network is disconnected and split into autonomous networks. The
maximum overlap and the average overlap of modd2 is seen to be roughly constant in the
interval from 1@ to 25A. This supports the choice of 10A as a cutoff distance in thecfalse
lysozyme. Since an analysis of variability of the cutoff distance has only been done for T4
lysozyme, it is assumed that the use of this cutoff distance can be extended to other systems
of different size and structure. In the literature a cutofftdisce in the range 10A5A is the
most common. This concludes my evaluation of my NMA algorithm, and the results on ligand

binding site identification follow.
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Figure67 ¢ The overlap of normal modes with the 21zm&50ID-vector asa function of cutoff distance (A) for individual modes. Shown in black is
the 5 period moving average of maximum overlap among all modes. Shown in white is the 5 period moving average of the awezdgp among
mode 712.

I now turn my attention to the identification of ligand binding sites in the four model
proteins that bind their ligands by conformational selection. As already explained normal
modes should describe conformational clgas at a preexisiting equilibrium with no energy
barriers. The addition of nodes to the elastic network should have the largest effect on the
calculated normal modes if those nodes are placed at the ligand binding site; thus enabling the
identification ofthe ligand binding site. For all four proteins the identification of the ligand

binding site is successfiHigure68).
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1kf5 (RNase A) 1ra9 (DHFR)

1w8v (CypA) 2rh5 (AdK)
Figure68 ¢ Identification of ligand binding sites in RNase A (top left), DHFR (top right), CypA (bottom left) and AdK (bottom right). The Bgand i
shown in violet. The probe positions causing the largest decrease in overlap are shown in red and the smallest decreas@tamare shown in
blue. For all four proteins binding their ligand by conformational selection, the ligand binding site is correctly predictedhe probe position
causing the largest decrease in overlap (shown in red) is within 3A of the nearest liggord (shown in violet).

Whether conformational sampling is likely to be of importance to the free/bound motion or
not can be determined by determining the level of contribution of each of the calculated
normal modes to the free/bound motion. If conformatial sampling is likely to funnel the

free/bound conformational change, then a large contribution from the lowest normal modes
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towards the free/bound motion would be expected, and otherwise all of the normal modes
would be expected to contribute equally godescription of the free/bound motion. For the

four model proteins the low energy normal modes contribute the most to the free/bound
motion (Figure69). On the contrary in betactoglobulin there are no dominant modes
contributing to the free/bound motionKigure70); either that or the free/bound motion is not

a functionally relevant motion and/or the free/bound motion is not well described by the
selected free and bound structures. Interestingly confational changes in betiactoglobulin

is known to happen due to outside effects (pH chan@eurai and Goto 20Q#yhereas the
conformational changes in the four model proteins is an intrinsic/sapabus event, which is
believed to be of importance to the ligand binding properties of the proteins. In CypA and
DHFR the free/bound motion is less well defined by a few normal modes than it is in AdK and
RNase A. This might be because of the experimentats of the placement of atoms, which
GKARSa¢ GKS NBIFf Y2(dA2y 0SGoSKVMSDEKBssthaBE S | y R
0.2A this is not unlikelyThe € RMSD between the two AdK structures is more th&nahd it

is therefore expected that normal mode 7 will contribute the most to a description of the
motion, if the conformational change between theérand bound structure is spontaneous at

a preexisting equilibrium and involves no crossing of any significant energy baFigusg

69).
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Figure69 ¢ Major contribution of the low energy normal moes to the motion between the free and bound form of the four model proteins

known to bind their ligand by conformational selection.
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Figure70 ¢ Random contribution of each mode to the free/bound motion in betactoglobulin; an @zyme with a buried hydrophobic ligand

binding site and thus no option for ligand binding to occur by conformational selection.

While NMR CPMG relaxation dispersion data does not exist in the literature for T4L and

HEWL, Xay structures and NMR data dogsgggest that HEWL and T4L display conformational

changes similar to the free/bound change in the absence of ligand. This is an indication of

ligand binding by conformational selection. | therefore try to identify the binding site of T4L

and HEWL with my NMalgorithm. The two proteins are classified as hinge bending proteins

in the database of macromolecular motiofGerstein and Krebs 1998)nge motions are well

described by normal modes. Thus | also expect the ligand binding algorithm to perform well on
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these two stouctures.Figure71shows the structure of T4L and HEWL with ligands in purple

and surrounding surface probes colored in a gradient from blue across green to red. Those
nodes that cause the largest change of equilibrium dynamesh@as the lowest overlap with

the mode 7 apo eigenvector) are colored in red. It can be seen that the most perturbing nodes

all cluster around the active site.

Figure71¢ TAL (left) and HEWL (right) shown as white spacenfillimodels. Catalytic residues are shown in violet. Probe atoms are colored from
blue to red depending on their level of perturbation of the calculated normal modes. The probe atoms with the largest effeaill seen to be

located in the ligand binding & cleft of the two proteins that both perform a hinge motion.

| proceed to test my NMA algorithm for ligand binding site identification on aflaefeof
proteins. Success or failure of determining a ligand binding site is determined by whether the
center of the predicted ligand binding site is withi 6f the center of the center of the actual
ligand binding site or nofThe algorithms which myNyA method is benchmarked against are
all described in sectio®.1.5 The results for ligand binding site identification are summarized
in Tablel7 andFigure72.
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All 99 proténs | 21 hinge motion proteiny 78 proteins without a hinge motio
POCASA 52 15 37
LIGSITE / ConCa\| 57 16 41
My NMA method |16 14 2

Tablel7 ¢ The table summarizes the number of correct predictions of catalytic sites for a setgdrithms. The dataset consists of 99 ligand
binding sites. The columns lists the number of successful predictions of catalytic sites for all proteins -imogien protein and northinge

motions proteins, respectively.
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Figure72 ¢ Comparison of all methods based on the apo (top) and holo (bottom) structures. The null model is shown along the diagotizhdsle
that perform better than the null method are plotted below the diagonal. My null model assumes the ligand bindingtsitee at the center of the
protein.

There are examples of all methods being correct and all methods being wrong (e.g. 1i78A),
but there are no examples of my NMA method making the correct prediction, while all other
methods fails. Overall my NMA methodrfiems worst of the benchmarked methods.

The 99 target structures can be divided into two subsets; one for which a hinge motion is
observed and one for which a hinge motion is not observed. With success rates of 14 out of 21
on the first dataset and 2 ouf 78 on the latter dataset it is clear that My NMA method
performs much better, when a hinge motion is present. This is because hinge motions are

often described by the normal mode with the lowest energy, and it the perturbation of the
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direction of normaimode 7, which is used for prediction of catalytic sites. There are no energy
barriers preventing the bound and unbound state from being sampled. This in turn indicates
that the ligand binding motion is sampled in the absence of the ligand, because tieeme a
energy barriers between the bound and unbound state.

That my NMA method algorithm fails to predict the location of a large number of binding
sites in cases where all the other algorithms succeed, might be because mode 7, which is the
mode used for camparison before and after perturbation, does not always describe the motion
between the bound and free state upon ligand binding. However, there is no clear indication
that a high overlap is a guarantee of succésgure73). Figure73 does not show that there is
a correlation between the ability of my NMA method being able to predict ligand binding sites
and whether the motion between free and bound structures are described by normal mode 7
or not. The higher the overlap between normal mode 7 and the vedietween thefree and
boundstructure, the bettermy NMA methodloes notperform; measured by the distance
from the centre of the ligand tthe centre of the predicted pocket.

Another explanation for th shortcomings of my NMA method might be that it predicts the
binding site of allosteric inhibitors instead of the binding site of enzyme substrates. In the
dataset | have however not fourekamples of enzymes with inhibitobsund in a site remote

from the catalytic site, where the substratedtherwisebound.
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Figure73 ¢ Comparison of my NMA method performanceas measured by the distance between the center of the predicted ligand binding site
and the center of the ligand relative to the overlap between normal mode 7 and the vector between the apo and holo structure. Each dot

represent an free/bound protein pair.

In this section | present a method using NMA whereby-hgend bnding residues can be
identified. It is not a ligand binding site prediction method in itself, but it can be used to rule
out false positives predicted by other algorithms. It has already been established that residues
in active sites are conserved acrggecies(Capra and Singh 200Hgre | show that
evolutionaily conserved residues are rigid due to dense packing as measurethbioB and
vice versa | show that flexible residues mutate more frequently. The magnitude and
directionality of anisotropic Bactors have shown to correspond well with normal modes,
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which themselves describe concerted conformational changes of protein dorf#titgan,
Durell et al. 2001; Bakan and Bahar 2009; Jackson, Foo et al.T2@8jore Bfactors are
excellent descriptors of protein dgmics. From the observation of the awcbrrelation
between sequence conservation anddgtors Figure74) one of two conclusions can be
drawn. 1) A prerequisite for evolutionary mutation of residues is that those residues are
positioned in flexible/dynamic regions of the protein. 2) A prerequisite for catalysis is that
residues in the active site are pogganized for electrostatic catalysis. As a consequence of the
sequence conservation of rigid active site residues, other rflexéble residues are free to
mutate. The higher mutation rate of flexible residues is a consequence of them not being in
the active site rather than them being flexible. Either way the conclusion is that residues in
active sites are rigid and conservedgiR residues with low conservation scores (lower left
corner ofFigure74) are observed, but flexible residues that are conserved are almost never
observed (upper right corner).

| am aware that different residue types have diffat Bfactor values Tablel8) and might
have different degrees of sequence conservation. Because theamélation observed in
Figure74 might be due to low Bactor residue types being conserved aride versa | do the
plot of Bfactors against sequence conservation scores for each residue type (see appendix).
The anticorrelation between the two properties describing flexibility and sequence
conservation is observed for all 20 of the default aminolgavith the exception of Cysteine
(see appendix). This highlights the special role that Cysteine plays in proteins. It forms disulfide
bridges and keeps the tertiary structure in check. A Cysteine participating in a disulfide bridge
forms not 2 but 3 coMant bonds. This reduces the degrees of freedom for the residue and it
most likely explains why highfBctors are not observed for Cysteineaplel8) unlike its
G2E@3Sy O2dzy i SNLI NI ¢ { SN ya&dts Thddisulfile bBntlidgLY | & &
property of Cysteine is most likely also the explanation of its high sequence conservation
score. This skews the data and no correlation is observed for Cysteine. Other residues with
special properties are the hydrophobic residuegy( Val, Leu, lle). They have smalléa®ors
than other residue types due to their tight hydrophobic packing and frequent participation in
rigid secondary structure elemenis:sheet residues on average have smallda@ors than' -
helix residues, which in turn have smallefd8tors than other residues. However the same
anti-correlation between flexibility on one hand and sequence conservation on the other is
observed for altesidue types (see appendix).

From a viewpoint of thermostability it makes sense that rigid residues are conserved and
flexible residues are free to mutate. Rigid residues like for example Proline decrease the
configurational entropy of unfolding and theloy stabilize the folded proteifMatthews,

Nicholson et al. 198ne would expect thermostable proteins to be favored by evolution. It
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has in fact been suggested that protein stability promotes evolvalfBilyom, Labthavikul et
al. 2006)

all residues
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Figure74 ¢ Contour plot showing the antcorrelation between normalized isotropic #actors (average of backbone-factors for each residue)
and sequence conservation scores (Jensgmnnon divergence). The count of residues with each corabion of the two parameters is shown on
the third z-axis. The color coding of the contour plot is shown on the right. High sequence conservation scores are not associateigjwih h

factors, and there is a general antiorrelation (linear regression: 9.29, slope=0.29) between Bfactors and sequence conservation scores.

GLU| 1.10 | GLN| 1.04 | ARG| 1.01 | MET | 0.97 | PHE| 0.93
LYS | 1.09 | ASN| 1.04 | THR| 0.99 | LEU | 0.95 | ILE | 0.93
ASP | 1.07 | SER| 1.03 | HIS | 0.98 | CYS| 0.95| TYR| 0.93

PRO| 1.04 | GLY | 1.02 | ALA | 0.97 | VAL | 0.93 | TRP| 0.92

Table18¢ Average normalized isotropicBactors of backbone atoms for each of the 20 standard amino acid residues irrespective of secondary
structure elements based 08,340,239 residues in the PDB

Having established that rigie@sidues are conserved and knowing that ligand binding
residues are conserved, | turn to NMA and my four model proteins again. Specifically | plot the
calculated residue fluctuations and mark the ligand binding resideigsie75). It can be seen
that the ligand binding residues have a low probability of being flexible. Looking at residue

flexibility, whether using NMA¢ray, NMR or MD simulations, is therefore a method for ruling
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out false positives of ligand binding site finglialgorithms. Applied to my own NMA algorithm

| am able to rule out false positives using this metHeidre76).
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Figure75 ¢ Residue fluctuations of the four model proteins calculated with NMA. Tiede with the highest free/bound overlap and normal
mode 7 are shown. Ligand binding residues are displayed with blue dots. Ligand binding residues are in all cases locatednainima of residue

fluctuations.
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1smlc¢ beta-lactamase 1bol¢ ribonudease Rh

lakog exonuclease Il 1ajO¢ dihydropteroate synthase

Figure76 ¢ Examples of predicted ligand binding sites located next to flexible residues. The grid points with the largest change layposer
shown in violet Other grid points are shown in white. The protein is colored from blue to red, with red residues being those displayingrtest

amplitude according to normal mode 7.

9.4 Discussion

To direct site directed mutagenesis experiments it is important to hadegfified the
ligand binding site and the catalytic residues. Despite research spanning decades and the
number of structures growing each year the problem of ligand binding site prediction is still a
challenge as evidenced by the accuracy of existirayiftigns; the precision and recall of the
prediction of catalytic residues is even lower.

| have presented a method for identification of ligand binding sites in proteins with ligand
binding governed by conformational selection. In a benchmark against otagrods |
perform poorly. However, when identifying ligand binding sites in hinge bending proteins, the

success rate of my method is comparable to other methods. This is an indication that NMA
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does not describe the functional motion in nbimge bending pteins, normal mode 7 does
not describe the functional motion and/or the proteins in the dataset do not bind their ligand
by conformational selection, but rely heavily on induced fit. Another technical reason for the
poor performance of my NMA algorithmight be because of the grid spacind\2which is

too coarse grained, and with the requirement of a minimum distance from the proteinf)f (3
does not allow placement of grid points in buried and narrow ligand binding sites.

It has previously been showhat catalytic residues and inhibitor binding residues show
little movement compared to other residué¥ang and Bahar 200Bistead it is the
surrounding residues that move upon ligand binding in order to organize the ligand binding
site. Therefore it did not seem unlikely that false positivesdjtted by my NMA method could
be ruled out by ignoring grid points near residues with extreme fluctuations. These types of
wrong predictions are one of the most frequent incorrect predictions made by my NMA
method, so it is very relevant to eliminate timein order to approve the success rate of my
NMA method. The problem is to automatically define whether a grid point is vicinal to a
flexible residue or not. While | can visually identify the false positive grid points as being in the
vicinity of flexibleresidues, it proved more difficult to write an algorithm that does not rule out
true positives. Another problem is the definition of which residues are flexible. While | was
unable to write an algorithm that automates the exclusion of grid points neaibfeeresidues,
| have presented cases involving visual inspection that confirm the absence of ligand binding
sites near flexible residues.

Due to structural genomics initiatives the protein structure space is growing at a faster rate
than ever. As these neproteins are characterized and their ligand binding site identified,
ligand binding site prediction can in the future rely more on sequential comparison. Even
without structures the growing number of genomes will enable a comparison to identify

conservedesidues that are obvious candidates for being ligand binding site residues.
9.5 Conclusion

It has been shown that NMA can be used to indentify ligand binding sites in proteins that
bind their ligand by conformational selection. It has been shown that NMAearsed to

identify residues that most likely dmt interact directly with the bound ligand.
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10 Discussion

The ability to engineer proteins is of great importance in the pharmaceutical and biotech
industry.In this context it is important to understand thstructural effect of mutations and
how proteins interact with small molecule ligands and other proteins. To better understand
and to develop algorithms for predictinige structural effect of mutations and ligand binding
one needs to study a dataset aneitn the algorithm on this datasdtiowever, it is important
to know, which conformational changes assland which are due tantrinsic dynamics,
experimental errors and external physiochemical properties. Therefore | chose to first do a
thorough structuwal analysis of two proteins for which many mutant structures (T4L) and many
structures at different experimental conditions (HEWL) have been solved. Most of these
structures are solved by molecular replacement using a handful of structures as starting
models. Conformations and even bad geometry is therefore inherited. To avoid restricting
myself to a few starting models and two protein folds, | expanded the analysis to the entire
PDB. The drawback of this is the requirement for full automationtaadmpossibilityto
analyze structures on an individual basis.

Understanding engineered proteins also means understanding how they interact with
ligand. A first step in understanding ligand binding is the ability to be able to identify that
ligand binding site ithe first place. Energetic methods can be utilized, if the identity of the
ligand is known. Otherwise one has to rely on geometric methods. Because of structural
genomics initiatives the number of structures with unknown function and unknown ligand
binding site is growing. Automated binding site prediction is therefore more relevant than ever
in order to identify new binding sites and surfaces to get a better understanding of the
energetic of these binding sites and how they can be engineered. In recarst yeiltiple
proteins have been suggested to bind their ligand by conformational selection. This implies
there is no energy barrier between the ligand free and bound conformation and NMA should
therefore be able to describe the motion. This spurred mettlive NMA for ligand binding

site prediction.

10.1 HEWL and T4L structural variability

| have shown that despite amgotion beingrestricted by a great number of bond lengths,
angles and dihedral anglethe variation between HEWL wt structures and T4L mutant
structures is still quite significanthesedifferent conformations yield slightly different
electrostaticmicro environmentswhich affect ligand binding and enzyme catalysiem
ensembles of Xay structures and using NMA | have shown that the stnadtuariability is not
equally distributed across the structure. | have shown that the structural variability of each

residue very much correlates with thef&ctor of that residue. For both HEWL and T4L | have
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shown that the main cause of structural varae is not mutations, but rathecrystal contact
differences, when Xay structures are solved in different space groups. | have also shown the
importance of crystal contacts on the conformation of HEWL by showing the dependence of
the conformation on théhydration level and thus the unit cell dimensions. | have shown that
the reported conformation of HEWL and T4L is very dependent on especially the
crystallographer and also the starting model in those cases where the phase problem is solved
by molecular eplacement. | have demonstrated thiadth rigid and flexible residues of HEWL
are more identical, when comparing wt structures against their starting model than when
comparing random wt structures against each other. | have revealed that the few sequence
different mutant structures of HEWL in the PDB, which are solved from the same starting
model, are more identical to each other and their starting model than random wt structures
are to each other. | have shown that the structural variation in the two domaef HEWL is
equally distributed in both the wt structures and the mutant structuaesl with the exception

of the neighboring residues is independent of the location of the mutafibe location of the
mutation in T4L affects the domain which it isdcated more, and the structural variation of

the small domain is larger, which NMA results also confirm. However, the structural effect of
mutations seems to be independent of the distance from the site of mutafibis is an

indication that mutations irm4L do not alter the overall conformation of T4he variation of
solvent exposed and buried residues is similar, when comparing coordinate RMSDs, but side
chain dihedrals are much more variable on the surface of the T4L than in its intdrame
presented a small number of cases, in which the HEWL structure is perturbed by small ions
otherwise thought to be insignificant to the crystallographic structltrbas also been

presented how polar ligands perturb the structure of a TAL mutant, whereapalan ligands

do not change the conformation of the binding site residuess is strong evidence that one
needs to be careful that physiochemical conditions are identical, when comparing structures. |
have however found no indication that pH and temperatdlifferences perturb the
conformational distribution of HEWL.

While conclusions about the structural effect of ligand binding and mutations are often
drawn from single conformation-My structures, it would be preferable if these conclusions
could be deved from ensembles of structures representing the conformational variation of a
protein. For HEWL | have shown how the results of structure based calculatignsa(pes and
stability changes) rely heavily on the structure fed to the program. Interdgtthg
experimental results always sampled among the different conformations. This is testimony to
the importance of carrying out structure based calculations on ensembles of structures instead
of individual structures that represent end states and caxperimental errorsDespite

crystallographers being presentedth electron density from two alternate conformations,
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only the conformation of the most prevalent conformatiorusuallygiven. As more high
resolution structures are solved, this will undsiedly reveal a lot about the conformational

variability of proteins.

10.2 Protein structure variation in the entire PDB

| have analyzed the conformational variation in the entire PDB. Like | found for HEWL and
T4L it is the space group, which is the most intgoat parameter for structural variatiorin
fact | did not find a singlpair of space groups with structures which had a lower RMSD
between them than structures from a single space grdwgso found that the
contraction/expansion of the unit cell antié concomitanthange of hydration level,

Matthews coefficient and ultimately crystal contacts had an almost linear relationship with
RMSD. The Matthews coefficient is tied to ttrgstallographicesolution but even when

taking this into account, theresistill an effect on protein conformation by the Matthews
coefficient and thus the crystal contacB®ecause crystal contacts are so important, it is not
entirely accurate to talk about intrinsic dynamics when observing conformational differences
between potein with different crystal contact@denzlerWildman, Thai et al. 200AIthough
crystal contacts dominate the protein conformation | also found an effect of pH, temperature,
ions, author/crystallographer and structure quality as measured by resolution and the
presence/alsence of missing residuéd/hile the correlation between RMSD and these
parameters is not linear, they all nevertheless had an effect on the reported conformagithns.
these parameters are in the end tied to the crystallographer. It should be a big cotfedr
specific conformations of proteins are so dependent on the author. | looked for statistical
interactions between author and physiochemical parameters to identify, whether the
physiochemical parameters also had an effect in cases of identical authorgstallographer
however will often use identical conditions, and the statistical test was weakened by the
population asymmetry and no conclusions could be drawn.

While | did find mutations to have an effect on the overall conformation of proteirid, | d
not find proteins differing by only one residue to have different conformations. On the
contrary single point mutants had lower RMSDs between them than wild type structures,
which once again is a testament to the importance of molecular replacemeriteofirtal
reported conformation! also investigated the dependence of conformational variation on the
distance from the site of mutation in the case of single mutations. | did however find no
apparent effect of a single mutation neither in the vicinity distant from the site of
mutation. Mutations do not alter the overall conformation of T4L and other proteins in
general. Therefore the focus when modeling mutations in silico should be entirely on

electrostatics of the local environment. It is to a ladggree the surrounding residues, which
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determine the backbone conformation of a residue (appendix). Any changes due to a mutation
will therefore only have to be modeled feide chain conformations in the absolute vicinity of

the mutation, if steric claskeor unfavorable electrostatics are introduced.

10.3 Prediction of ligand binding sites with NMA

| have developed an NMA algorithm for predicting the anisotropic motion of proteins at
equilibrium. | have validated my NMA algorithm by comparigbtihe calculate isotropic
amplitudesto isotropicB-factors andapparentfluctuations between NMR ensembléthe
correlation of calculated amplitudes withray temperature factors validates the use of NMA
for description of the amplitude of movemerithave shown thathe calculated eigenvectors
do not depend on the input structure in more than 99.9% of all cases. This is an indication that
motions at equilibrium are a property built into the structure and independent of perturbation
of the structure by the presence bfjands or single point mutations. No gold standard exists
for choosing a proper cutoff distance for the glasietwork of NMA calculations. Since the
cutoff distance is the single most important parameter in an elastic network model involving
uniform force constant, it is important to verify that similar results can be obtained within a
range of cutoff distances$.have shown the NMA calculations to be reproducible for T4L over a
wide range of cutoffd. have shown thaNMAcan be used to describe confoational changes
between open and closed states of proteifibat a few eigenvectors describe the motion
between an open and closed conformation validates the use of NMA for description of the
direction of movementWhile not successful for all proteinshias proven to be successful for
all proteins known to bind their ligand by conformational selection. For these same four
proteins binding their ligand by conformational selection | have shown that NMA can be used
to predict ligand binding sites by pertung the elastic network in a grid based fashion and
recalculating eigenvectors and compare those eigenvectors to thepediirbed system. |
have further established a link between flexibility and residue conservation and used the fact
that ligand bindingesidues are conserved to develop a method for excluding residues as
ligand binding residues, if they are flexible and thus unlikely to be conserved. This has proven
to be a useful method for hinge motion proteins in which the ligand binding site wasvateer
incorrectly predicted.

The motions calculated by atom detailed force field NMA correlate with the motions
calculated by alphaarbon simple force field NMAirion 1996)which validates the use of fast
coarsegrained GNM methods for description of functionally important motions over slower
classical NMA. That conformational changes can be addressed with normal mode analysis also

makes the method superior to molecular dynaniicserms of speed.
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A disadvantage of NMA is that the calculated trajectoaieslinear and a linear pathway
between two conformations might be sterically impossible. An algorithm has been developed
by Thorpe and coworkers, which sample the stericalbwadtl conformational spac@uVells,

Menor et al. 2005Applying the methods of FRODA to ti®A binding site prediction
algorithm might make the algorithm even more powerful in terms of describing
conformational changegrior to ligand interation.

One reason | do not always succeed in finding binding sites with my NMA algorithm, might
be because NMA does not succeed in describing the relevant functional mbtioalidate
the motions predicted byrormal mode analysisould perhaps be done byieasuring residual
dipolar couplings (RDCs), which yields angles and distances between atoms during fluctuation.
This would serve to validate the coordinate changes predicted by NMA. According to
AkkdAkke 2002jt should be possible to apply this methdthe motions calculated with NMA
should also be compared to molecular dynamic (MD) simulations. MD simulations will yield not
only an end conformation but also a trajectory. The results fromANidn be compared to the
conformations along this trajectory.

Ligand binding by conformational selection is still an emerging field and few mutational
studies existTo better understand the connection between ligand binding, catalytic turnover
and the amfitude and timescale of intrinsic dynamics, more measurements on more model
proteins and more mutants must be carried olitwould be interesting upon mutation to
measure changes in both activity as measured by calorimetry and timescales as measured by
NMR relaxation and fluctuation directions and amplitudes as measured by residual dipolar
couplings (RDCs).

| have observed that NMA in generaproduce hingenotions better thanshear
motiongKrebs, Alexandrov et al. 200f2)m the database of molecular movesntg(Flores,

Echols et al. 2006This is an indication that eith&MAis more robust at predicting
conformational changesf hinge bending proteins or hinge bending proteins are designed to
bind their ligand by conformational selection, while other proteins rely on binding their ligand
by induced fit Therefore | believe that the search for new modedteins binding their ligand

by conformational selection should be carried out among hinge bending pro@iressuch
protein in which the hinge bending motion hlasenshown to be linked to substrate binding
and catalytic turnover is thermolysii¥.eltman, Eijsink et al. 1998)

The use of NMA is not limited to predicting flexibility and ligand binding sites. Others have
used NMAfor introducing flexibility in proteisprotein dockingZacharias and Sklenar 1999;
Cavasotto, Kovacs et al. 2005; Lindahl and Delarue 2005; Mitra, Schaffitzel et al. 2005;
Dobbins, Lesk et al. 2008; May and Zaclsa2i2g08) The method is primarily evaluated by the

ability to reduce the root mean square deviation between the coordinates of the docked
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proteins and the coordinates obtained from the normal mode trajectory. If it could be possible
to get closer to the sucture in the interaction complex before carrying out protgirotein

docking it would inarguably be of tremendous valG¢her uses of NMA that | have thought of
include the followingl) Generation of ensembles of structures for use in molecular
replacement. 2 Determination of norlexible parts of a structure, which can be used for NCS
restraints during crystallographic model refinemégRupp 2009)p. 634. This method is only
applicable if differences between identical NCS related mdés is due to intrinsic dynamics
that can be described by NMA rather than being due to crystal contact differeBices.
Weighting of residues by dynamic properties during sequential and especially structural
alignment. Norflexible residues should havenggher importance; i.e. those residues should

score higher than other residues if aligned with each other.
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11Conclusion

| have shown that the reportedonformations of proteins in the Protein Data Bank are
highly dependent on the starting model used for noltar replacementlt can therefore be
concluded that when analyzing the effect of mutations and ligand binding, it is only valid to
compare structures against their starting mode¢leave shown that single point mutations in
general have no apparent effeon the overall structure of proteinshave shown that
intrinsic dynamics and/or experimental error contribute more to conformational variation than
mutations. | have shown that the results of structure based calculations are highly dependent
on the caonformation of the input structure. When performing structure based calculations
suchapkK,OF f Odzf  GA2Yy&adY O0AYRAY I SYSNERwPI f Odzf | (A 2
calculations those calculations should be carried out on an ensemble of conformdtains t
sample all the states, which a protein occupies in solution. Carrying out a calculation on just
one conformation of a protein will not reveal the range of values, which are attained at the
dynamic equilibrium. Especially in the case of prof@iotein interaction energy calculations
NMA could be such a method for generating an ensemble of structures, because the
interactions of two protein surfaces involve large scale concerted conformational changes.

| havedemonstratedthat normal mode analysis can bsed to determine ligand binding
sitesin proteins binding their ligand by conformational selection and in proteins with hinge

motions.
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12Abbreviations

12.1Metrics

GDT¢ Gobal DistanceTest
RMSDx, Root MeanSjuareDeviation
RMSFK, Root MeanSjuareHuctuation

12.2X-ray crystallography

ASUg Assymetric Unit

MAD¢ Multi-wavelengthAnomalousDispersion
MIR¢ Multiple Isomorphous Replacement
MIRAS; MIR withAnomalousSattering

MR ¢ Molecular Replacement

NCS; Non-QystallographicSymmetry

SALX, SinglewavelengthAnomalousDispersion
SIR; Sngle Isomorphous Replacement
SIRAE IR withAnomalousScattering

12.3Molecules

AdKc¢ adenylate kinase

BMEC¢ beta-mercapto ethanol

CypAc peptidylprolyl isomerase A

DHFR; dihydrofolate reductase

HEW!I¢ hen egg white lysozyme

NADPH; nicotinamide adenine dinucleotide phosphate
RNase A& ribonuclease A

T4L¢ bacteriophage T4 lysozyme

12.4Normal Mode Analysis

ANM ¢ Anisotropic Network Model
ENMCc Elastic Network Model
GNM- Gaussian Network Model
NMAc¢ Normal Mode Analysis

12.5Cther

BMRB- Biolagical Magnetic Resonance Bédkich, Akutsu et al. 2008)
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CASR Critical Assesment of Structure Prediction

CPK; Corey, Pauling, Koltun

CPMG CarrPurceliMeiboom-Gill

KIE¢ Kinetic Isotope Effect

MD ¢ Molecular Dynamics

mmCIFg macromolecular Crystallographic Information File
NMR¢ Nuclear Magnetic Resonance

PCR; Polymerase Chain Reaction

PDB- Protein Data Bank

vdW ¢ van der Waals
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13 Appendix

13.1 Protein structure variation

[www.proteinkemi.dktable_T4L.txt

Table19¢ List of 392 HEWL structures used for analysis.

[www.proteinkemi.dktable_ HEW..tx{]

Table20¢ List of 172 T4 structures used for analysis.

If matrix transformations are applied to get from the asymmetric unit to the biological unit,
then the identity of the biological units being compared are very dependent on the correct
determination of the dimensions of the asymmetric unit and the position of the protein within
the asymmetric unit. | have shown the RMSD to be higher when transformations are applied
(<RMSDgnsiormations= -89A) relative to when they are not applied (SRMSRitormations=
.61A). However, this difference is only significant, when considering structures from identical
and different space groups.

Transformations will at least double the number of chains. If there is a correlation between
the number of chainsrad the RMSD, then the conclusion about transformations having an

effect on the overall RMSD should beaealuated.

The RMSD is dependent on the number of chains but not in a linear fashion. This can be
seen by plotting the RMSD as a fuontof the number of chaing={gure39). This | do for the
structure pairs that have identical space groups and 0 mutations, because it is expected that
there is a linear correlation between the number of mutations and the aveRi8D. The
data is heavily skewed, as most proteins in the dataset are monomeric, and there is no linear
correlation(r = 008). Therefore any slope determined by linear regression should be
scrutinized. However it seems apparent that a different numberhafins cause a different
average RMSF(gure39). Therefore | choose to only focus on monomeric proteins from this

point forward.
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slope = 0.025, 1 = 0,08 ——

RMSD as a function of chains.
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Figure77 ¢ RMSDon the y-axis plotted against the number of chains dhe x-axis The RMSDs vary, but there is no linear relationship between

the number of chains and the RMSB £ 99761 = 0.08 Naverages= 21, Faverages= 0.02,p(Faverage=0) = 0.94).

It is important to remember that the reported resolution afstructure,d,;,, is just the high
end of the resolution range. The reported resolution is not an exact measure of structure
quality. The number should be adjusted for the crystallograp¥factor (and the fredr-
factor), which is a measure of the olvged electron density not accounted for by modeled
atoms. Alternatively the use of an effective resolufidfeiss 2001 )., could be used, but this
requires knowledge of the completene$3,Whereas the resolutiord,, is always available
from structure files, he completeness; is not always reported in PDB/mmCIF files, which

makes the calculation of the effective resolutiahy, unfeasible.

d,=d,C" 13-1

Isthe conformation of a residue pre determined by its position in the protein or is the
conformation of a residue an intrinsic property of that residue? Here | present evidence for the
former. Mutating Glycine to Alanine will in most cases restrict the Relmadran angles of
iK2as8 !'fFyAyS NBaAARdzSa G2 |y | NBI dzadz tf@

157/170

2y



180

150
160
100 F | 140

n

100

> 0
80

-50
60
-100 40
20

-150
L1 o

-150 -100 -50 0 50 100 150

¢

Figure78-. X-angles of alanine residues upon mutation from glycine. The Ramachandran angles of the alanidaessll map to a region

usually only accommodated by glycine.

13.2 Ligand binding site identification

TRP TYR

PHE ILE VAL

LEU ALA

CYS MET HIS

THR SER

ASN GLN GLY

PRO ARG LYS ASP GLU
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Figure79¢ Plot of Bfactor as a function of sequence conservation score for each of the 20 standard amino acid residues. The hydrophobic
generally nonflexible amino acid residues are shown at the top of théop and the charged and more flexible residues are shown at the bottom

of the plot.

There is plenty of structural evidence for conformational differences in ligand free and
bound states in the Protein Data Bank B)[Rini, Schulz&ahmen et al. 1992; M. Jack Borrok
2007; Aspeslagh, Li et al. 2011; Kadirvelraj, Sennett et al. 2011; Koch, Heine et al. 2011; Petty,
Emamzadah et al. 201Hpwever, it is less well understood whimle conformational changes
play in ligand binding.

The conformational change upon ligand binding can be caused by a combination of the
intrinsic motions of the protein and the structural interaction of protein and ligand. One can
view ligand induced tmasitions as a transition between Boltzmann distribution of
states(Wrabl, Gu et al. 2011 conformational change observed upon ligand binding is then
the result of a combination of conformational selection and induce(Niti, BruschweileLi et
al. 2011; Silva, Bowman et al. 201tliy important to stress thatanformational selection and

induced fit are not mutually exclusiyelammes, Chang et al. 2009; Silva, Bowman et al. 2011)

The experimental evidence for conforn@atal selection is growing. More methods are
being utilized and conformational selection is being demonstrated in a growing number of
proteins. The methods for showing ligand binding by conformational selection include NMR

CPMG relaxation dispersion expeénts, high resolution-Xay crystallography, binding studies

6o2@dS IyR 0St2¢ GKS a3Iflaaég GNIyardazy aGaSyLlsS

change of mutations distant from the binding site ardallangle Xray solution scatteringn
combindion with coarse grained computational simulatiof¥s&ang, Blachowicz et al. 2010)

One method of indicating conformational selection is to show that the rate of the
conformational exchanged,) measured by for exaple NMR CPMG relaxation dispersion and
the catalytic rate K.,;) are on the same time scale. This would indicate ligand binding or release
to be the rate limiting step and thus ligand binding to be dependent on a conformational
change. This has been denstrated for CypfEisenmesser, Millet et al. 2005Nase @Cole
and Loria 2002; Beach, Cole et al. 20@3)Falzone, Wright et al. 1994; McElheny, Schnell
et al. 205; Boehr, McElheny et al. 2008)Jd{Wolf-Watz, Thai et al. 2004; HenzMfildman,
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