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ABSTRACT

Non-bonded interactionssuch asydrogen bondsas well asydrophobicand electrostatic
interactionsdetermine structure and dynamics of flexible molecules amati-molecular
assemblietn single molecules, theglectivelgnable and stabilize ra@aergetically unfavorable
conformationswhich facilitate intramoleculeihemical reactions or reaction wite #olvent
molecules. Such reacaften result in changef surface chargewithfarreaching effectsn
the molecular properties. Additionally, -bonded interactionsnediate theassociation of
molecules transient aggregatasistable complexeBhe complementarity ofteraction donors
and acceptors on two molenusurfacess the basis for their pairwise recogniti®eiective
recognition ofdistinct molecules or chemical groups within a single molectladsraental
aspecof cellular lifeas well asf artificial chemical systems.

Experimental methodsgten measuré¢he macroscopic consequenceasoofbonded interactions
instead of the interaction themselare elaborate techniques asgensive and errprone
and still onlyieldlimited insightAn experimental means to assess molecular interactions with
high spatiahndtemporal resolutiohas not yet been proposed. In recent years, witiseiog
graphics processing urdisd theincrease in easily available computing powethabeetical
Molecular Dynamics (MD) method has emergsthadard tool to investigdkes timeresolved
behavior ofmolecular structures and interactidnsornucopiaof condensed phase molecular
system#ias beermo the subject d¥iD simulatios, yetwith varying rigor ipreparationforce

field selection,and quantitative analysisven though different questions require different
analyticsan absence of comparable, generally applicable means to aathlyzealizeon
bonded interactions and their effects fMdbnhtrajectory datean be stated

In thiswork, dynamical aspects of Abonded interactiorss the basis for molecular deligg

and recognitioare investigated by classical equilibriuma@mrequilibrium MD simulatioiVith

the aid ofsevenpartially connected castdies on proteins and molecular laygeseral
conclusion®n inter and intamolecular noionded interactions are soudtdr eachsystem
customizedD-basedvorkflowswere developed and appli€de hereirpresented case studies
encompasd. the prediction of a smatlolecule binding mode to a receptor protirhe
guantitative comparison tie proteirprotein binding modes of two evolutionary divergent
erzymes,3. the siteresolved conformational analysis eflyans4. the siteselectivity of
asparagine deamidatintwo related protein$, the aggregation of signaling lipids around an
anchored peptidé. the phase transitionsthe membrane anchagi components within mixed
selfassembled monolay€sAMs)and?7. the effects of such anckarn vesicles adsorbing to the
mixed SAMs.

The problemsvere investigated with experimestigiportandtheoreticainsight fromdifferent
research labBlighlight of the computational methodolaggiude the developmentafeasible
NMR-guided ensemble docking workflow for weak birtherspmpilation of fully automated
multiscale modelingimulation, and analysis workflow for mixed S&iMshe benchmarking
and applicatioof an embeddedrsionrangleclusteringpproachin general, it showed that, while
the investigated issues were different, the necessary trajectory analysis medatesiveeick or
of general applicabilityinitially, the most persistent intermolecular or-nsaghboring
intramolecular interactions were identified. Such analysis was accompaniedresohutgh
(bondwise) analysis of conformatbeind in some Biances also orienta@bpreference# key



insight was that conformational analysis must be distribatied to identify multimodality and

avoid an artificial averaging. Instead, in MD trajectory analysis, quantile probabilities are the
superior stagtical means. Conformational clustering proved nedessary to reveal the size of
individualpopulatios as well as unexpected statistical dependencies.

The individuatasestudies yielded valuablederstandingnd contributions to their respective
fieldsand highlighted thdiversty of types andtheir effects of nosbonded interactiongor
example te binding obile acids to the receptor proteims mediated mostly by hydrophobic and
electrostatic interaction¥he binding was weak as reflectediggificant dynamics aride
accessibility @hultiple possible binding moddponacid bindingthe Gterminuf the receptor
transitions from a protelound to a more solveakposed conformatio8uch a transition might
facilitate the multimerizatia of the receptor proteins which are stabilized Gsterminal
interactionsRavD and OTULIN ardacterial and human DUBoteases that birtd identical
substratedn the bacteridRavD equivalentoneof the binding site substitutd electrostatic for
weakehydrophobic interactionwith theresultof a reduced binding interfaamea and stability
compared to humairansient protenglycan interacti@mn human erythropoietproteininduce
significantsiteof glycosylatiospecift changes to the conformational spaxehe glycosylation
root but not on the glanitself. Asparagine 37& a viral coat protein undergoes exceptionally
fastposttranslationatleamidatiomeaction This residue is positioned in a specific loop region
which is characterized dgresence of a neartyeonine thaforms strong hydrogen bonds with
two successive backbone hydroganghis loop, theamino acidbackbone adopts a rare
conformation that enablashort attack distance as wedlraacreaed backbone hydrogen acidity
and thupromoteghechemicateactionMixed SAMs are used to tether lipid bildyensclsion

of long acyhnchorcarryingalkanethiolso gold surfaceSuch moleculeareengage in strong
hydrophobidntermolecular interactions, which leatbtagrliving seltaggregation aralhighly
ordered configuration with a collective surface normdrallel orientationThis special
configuration of the aggregated tetigemolecules showed to belvantageous faetheed
bilayer preparatien

Overal] the results show that MD is thememethod of choicéo study molecular interactions
and their effects on the conformational speosvever, ecent advancementsgardingthe
availability omore powerfutomputéional resourceand theresulting possibility iocreas¢he
time covered and tlmnformational space sampééfbrdsthe accessibility afiore robust and
elaboratérajectoryanalysis mearSuch arsuggestednd recommended this work.









ZUSAMMENFASSUNG

Intermolekulare WechselwirkungeB. Wasserstoffbriicke hydrophobe und elektrostatische
WechseaVirkungen bestimmenlie Struktur und Dynamikvon flexiblen Molekilerund
Molekilkomplexenn isolierten Molekilesorgensie ua.fur die Stabilisierung von seltenen,
energetisclungiinstigerKonformeren die intramolekulare chemische Reaktionen oder auch
LosungsmittelreaktionemmaoglichenSolcheReaktionerfiihren haufig zu einer Anderung der
Obefflachenladungvas weitreichende geh fur die molekular&igenschaften mit sich bringt.
Dazu kommt, ds diese Interaktionesie Assoziation von Molekulamlkarzlebigen Aggregaten
und stabilen Komplexeweranlassemder diese regulieteDie Basis fur diegegenseitige
Erkennung von Molekilehegt in derKomplementaritdtder oberflachchen lokalisierten
WechselwirkungspartnBre selektiveErkennung von bestimmten Molekilen oder chemischen
Gruppeninnerhalb imes Molekuldurch einen BindungspartisreinegrundlegedeEigenschaft

von zellulana Lebenund technisclchemischen Systemen.

Experimentenessen haufig lediglidle Resultate und zeitlichen Mittelweda nichtkovalenten
Interaktionenanstatt der Interaktioneselbst.Aufwendigee Methodensind teuergventuell
fehleranfallig unaheistimitiertauf wenige Atome oder Gruppgarzeitgibt es kein Experiment,
was in der Lagavare molekulae Wechselwirkungen mit hoher zeitlicher und raumlicher
Auflésung darzustelleMit dem derzeitigerAufsieg vonGrafikprozessoren und desamit
verbundenemwWachstumvon nutzbarer Computerecheteistung,hat sichdie theoretische
Methode der MolekulardynanilD) zu einem StandardwerkzemgwickeltDie Technik wird
regelmaRig benutzt, um die zeitliche Andeung von molekularen  Strukturen und
Wechselwirkungerzu untersuchenHeute lasst sich aus einem Fullhorn verschstelen
Anwendungbeispieleron MD schépfen, wovon einige jedoch diitige Flrsorge bei der
Vorbereitungsowie derAuswahlvon KraftfeldParameter und Analysemethodevermissen
lassenEs ist klar, dass verschiedene Fragestellungen enscihigden&echniken erfordern.
Dennoch kann man feststellen, dagsiegnigevergleichbareallgemeinin genutzténsatzdur
die Quantifizierungnd Darstellung voimtermolekularen Wechselwirkungen gibt.

In dieser ArbeiverdersowohiGleichgewichtsals auch NichGleichgewicht&ID Smulationen
durchgefiihtt um eine dynamisch&ichtweise vomichtkovalenten Bindungen und imre
BeitagenhinsichtlichmolekulareSelektitat und Erkennung zu entwickedmhand vorsechs
teilweise aufeinander aufbauerfeistudierzu Proteinemind selbstorganisierten synthetischen
Monao- und Doppelschichtesolken allgemein&rkenntnissgewonnerwerdenEs wurden fir
jede StudienalRgeschneiderte Abladker Praparation, Simulation und Anatysevickelt und
benutzt.Die einzelnen Fallstudien fiwlten1. Vorhersagde Bindungsmodeines kleine
Molekils an seinen Rezeptor, Quantitative Vergleichder ProteirProtein Bindungstellen
zweier analoger Pretnein einem bakteriellen und menschlichem Pro&iAnalyse de
Konformereraumsvon proteinrgebundeneN-Glykanen, Dynamk-basiertdrklarung fur die
schnelle Deamidierung einesstbnmten Asparaginrests zwei verwandten Proteineh,
Anderungn von Konformatioen und Orientierungn von bestimmten langkettigen
Komponenten einggemischterselbstorganisierenden Monoschicht Gnduswirkungen der
langkettigen Komponenten auf Vesikelade Monoschicht adsorbieren.

Die Fragestellung und Herangehensweaisdendurch Experimente und theoretische Einblicke

von verschiedenemdererLaboren unterstitzt. Besonsleemerkenswerte computergeschutzte
Methoden waren die Entwicklung eines Ensebdiking Protokofl fir schwach bindende
Molekile, die ZusammenstellungheeiautomatischenModellierungs Simulations und
Auswertungsprotokslfir gemischteellstorganisiertévilonoschichten, sowie ditwicklung

und Anwendung eines eingebetteten Gruppierungsalgorithmus fur Torsionswinkel. Grundsétzlich



hat sich gezeigtas sich die nétigen Analysemethoden gleichen, auch wenn sich die untersuchten
Probleme teils deutlich unterschieden. Dabei wurden zunachst langlebigeindhter
intramolekulare Kontakte untersucht. Das wurde von einer genauen Analyse von Konformation
und Otentierung verschiedener Bindungen begleitet.

Grundsatzlich hat sich gezedsss siclihnliche Analysénsatzeals nutzlicrerwieserhaben,
unabhangig vonder untersuchtenFragestellung.Zunachst wurden die wesentlichsten
intermolekularen unéhtramolekularen Wechselwirkungen identifizizigse Untersuchung
wurde begleitevon einer hochaufgelostéknalyseder molekularen Konformatien und
Orientierungn Eine wichtige Erkenntnis warass geometrische Parameter immer eine
Verteilungdasierte Anabg erfordern um kunstliche Mittelwertbildung bei unerkannten
Multimodalitaten zu vermeidé&iattdessen issangebrachiVahrscheinlichkewerteilungenu
benutzenAulerdem hat sidie Clusteranalys#s nutzlich erweiseim Populationsgré3en zu
bestimmen undnerwartete Abhangigkeiten zu identifizieren.

Aus den einzelnen Fallstudien konnten wertizoKenntnise und wissenschaftliche Beitrage
abgeleitet werdeAuRerdenwurdedas Asmal der UnterschiegreArt und Wrkung von nicht
kovalenterinteraktionen deutlicZum Beispiel istid von hydrophoben und elektrostatischen
WechselwirkungemnhinerteBindungvon Gallsauraolekuleran ein virales Rezeptorproten
einer deutlichen Dynamiteider Molekuldegleitetinsbesonderevird der GTerminus des
Rezeptorprotes von der Indenden Gallsaure verdréanghd wechselt in eine eher
wasserzuganglicherder&Konformation.Das konnte einen Einfluss auf Blieltimerisierung des
Rezeptors &benwelchedurch CGterminale Interaktionen stabilisiert wideék Proteas&nzyme
RavD und OTULIN bindemlasselbe SubatproteinJedochmutztbakterielleRavD dafur eher
unspezifische hydrophobe Wechselwirkung anstellen gerichteten, komplementaren
elektrostatischen Wechselwirkunigemenschlicher® TULIN, wassichin eine verringerte
Grenzflache undBindungsstabilitatviderspiegeltBei dem menschlichen Wachstumsfaktor
Erythropaetinwurden kurzlebig&/echselwirkungen zwischen 8l-Glykanen und dem Protein
identifiziert. Sie induzieren eine Veranderung des Konformerenraums an den
Glykosierungwurzeln aber nicht so sehin den NGlykanen selbstim einem viralen
Hullenprotein gibt es eimpeziellAspaaginStelle, die spontan und ausnahmslos scheell
intramolekular chemische Reaktion der Deamidierung eingeht. Das konnte damit erklart werden,
dass sich dieses Asparagin imeimesondereischleifenmoti befindet, welches durch starke
Wasserstoffbriekbindungen zwisch&mnem zentralen Threonin und zwei Rickgrahen
hervorgerufen wirdiese Musterfuhrt zu eineverzerrterRickgrakKonformationdiemit einer
geeignetenAngriffsgeometriesaovie einer erhdhtenAziditat des Amin-Wasserstofitoms
einhergehtMehrkomponentigselbstorganisierenden Monoschictterdergenutztum darauf
Lipidmembranen zu fixiere@abei werderAlkanthiole beigesetzt, die mieiterenlangen
Alkylketten funktionalisieringl, um in dieaufgebrauate Lipidmembran einzudringeberartige
Molekile zeigen aufgrund ihrer starken hydrophoben Interaktiongal@ieeAggregation, was
zu einer deutlichen Phasenanderung von eimgeordnetenu einem geordneten Zustdiidrt.
Diese Anderunghat sich alsvorteilhaft fiir die Herstellungon fixierten Lipidmembranen
erwiesen.

Zusammengefasst zeigenkligebnissejass MolekulalynamikSimulationemlie Methode der
Wahl zur Untersuchungler zeitlichen Entwicklungnolekularer Wechselwirkungdmei
konformationellen Anderungen iddoch habejiingste Fortschritte in der Verfluigbarkeit von
zunehmender  Hochleisturgschenleistung dazu  gefilhrtdass @&  zeitlichen
Computersimulationsijektorien deutlich aéimulationignge gewonnen hab&as wiederum
erfordert robustere urggschicktere AnalgTechnikenso wieig in dieser Arbeit aufgezeigt und
empfohlen werden.
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1 INTRODUCTION

Chemistry is often imaged as the science of cheedictbs in the sense obreakage and
formation ofcovalent chemical bonds faat, per definition, chemistry studies the ptiegeand

the behavior of matt§l]. Generally speaking, any substance which has a mass and takes a volume
can be consideradmatter2]. It can be of organic or inorganic origin, it can be present in different
phases states suchsaid,liquid, or gaseous, yet it will always be a composed of atoms which
themselvesare made of subatomic particlese properties and behavior of mattethiss
ultimately a consequenceiaf type ofnteraction® also called bondshese atoms uedgyo with

each other. The range of possible mutual interacticesdristedby the types of the involved

atoms.

Thegeneratypes othemical bonds are I. covalent bonds, Il. ionic bonds, IIl. metallic bonds and

IV. hydrogen borgl Covalent bonds forimetween atoms through sharing of electron pairs, which
allows them to attain the equivalent of a full valence shell and thus a stable electronic configuration.
Two or more atoms, which are connected viaauvabndsare called molecules. lonic bonds
arebased on electrostatic interactions and form between oppositely charged particles (atom or
molecule ions) or between atoms with highly different electronegativity numbers. Assemblies of
such particles are called salts. Metal bonds appear betmeehtatometal element gragnd

arise from electrostatic forces between ionized metal ions and conductible electrons. Finally,
hydrogen bonds belong to the classvedkelectrostatic interactions, which occur between a
hydrogen covalently bound to a melectronegative atom and another nearby electronegative

atom carrying a feepair of electrons (lone p#a))

In most of the substances surrounding us, multiple types of bonding come together to form most
complex networks of interactions which explain their phgisézaical propertiema their
dependence on the physical environment (temperature, pressurghr\WWedenple, is basically

only a 1:2 mixture of oxygen and hydrajems Nevertheless, it engages in various molecular
interactions. Covalent binding of every oxygen toyvodpen atoms defines the molessleape
andexplainsts high molecular polarithich allow# to undergontermoleculanydrogen bonds

with each other. The stropglarity and hydrogen bonding properityater are the main reason

for its exceptioal propertieand its ability to support life on planet eplith

1.1 Structure and dynamics

The undisputed importance of Aoovalent interactions for biologic [Be6] but also technical
advancef/] hasledto agreatwealth of structural daespecially in the realm of proteins in which
the global protein databank (RCSB PDB) might reach 200.00®y tivéesnd othe year 2022.
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Even if the crystahnd the recently emergongo-EM - structures are invaluable for research and
education, iy do noticcountor naturally occurring molecular motions, also known as dynamics.
Such motions are restraint within a criatiéte or at lowwemperature yetre crucial to explain
highly relevant functional phenomena such as catalytic [@¢c8itmembrane transpdito, 11]

or allosteric signalifg2, 13, to only name a few.

Protein dynamics can be described as the harmanltaomonic deviation of atomic positions

with respect to a reference statg The reference state might be the energetic optimum or lowest
energy state, also referred toatsve statehich is best represented by the crystal structure.
Anothe reference can be a theoretical average statehwleleris not necessarily physically
existentHowever, the best description of the conformational landscape can only be achieved by
set of molecular conformations, being caltedormational ensé&mi®lecular motionsake

placeon various time and length scéfggure 11), ranging fronpsto h and frompm topm [15.
Motionsinvolving multiple large macromolecular complexes appear on even larger scales. With
reference to a protein, one can distinguish between local dynamics, regwica] dydaglobal
dynamics. Local dynamascompass bond vibrations or sidechain rotations. Regional motions
concern intralomain or concerted and interdependentsmagiiue dynamics driven by hydrogen
bonds and ionic bond&lobal motions affect the wieoprotein and be of various extent, for
example unfolding and refoldingorlsgeal e oObr eat hi ngdé motions (n

1.2 Principles of molecular recognition

In a confined chemical environment, e.g. a test tube, a living cell, a solvent covered surface,
reaction vessel, etafinite number of different moleculiepresent. Based on their Brownian
motion (diffusion), these molecules will inevitadtliglewith each other and mutually exert forces,
which are either repulsive or attractive and vémgimmagnitudglg. It is easy to imagine, that
stronger attractive forces will lead to tren&tion of more stable complexes, whereas weakly
attractive complexes will quickly dissofdia@eBased on their shape and exposed interactias
asacceptors and dators, different pairs of molecules have a different interaction strength, which
is reflected by their lifetime and often caliedling affinitlence, a certain molecule will
discriminate between the other surrounding molecules by meamgafrthge binding affinity.

The binding affinity, and in consequence the lifetime of the molecular coemnplaxy by many
orders of magnitude. This concept is called molecular selgdividere, the terrmolecular
recognitionll refer to the description of the many pairwisecowalent interactions which form

the underlying physical falation for molecular selectivity.
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Figure 11 Molecular motions occur on different time and length scaled\) Overview of the accessible time and
lengths scales of various computational (ellipses) and experimental (rectangles) methodQu&MMD:
mechanics molecules dynamics, MD: molecular dynamics, MC: Monte Carlo, CGMDra@weatsaolecular
dynamics, NMR: nuclear magnetic resonancedé&dton microscopy, M&iass spectrometry, SmFRET: single
molecule Forsteresonancenergy transfer, SAXsmallangleX-ray scattering, AFM: atomic force microscBpy.
Examples of molecular motions: bond vibration, sidechain rotation, domain motion andiielfiongre is adapted
from [19.

Molecular recognition plays eahtroles in biological systems, in which it enables important
cellular molecules such as enzymes and substrates, antigens and antibodies, sugars and lectins,
RNAs and ribosomes to robustly find each other in the crowded environment af[&tkloell

the framework of the reseammtesentedn thisthesis, we will extent the classical concept of bi
molecular recognition to a more generalized connotalich also allows interpretation of
unimoleculafintramolecular) selectivéilyd multimoleculaselectivityn the context of molecular

recognition

1.2.1 Recognition of small molecules by protein receptors

Proteins are linear heteropolymers consistiageretically prdetermined sequence of amino

acidthat arelinked by peptide bonds. In aqueous solvent and based on specific intramolecular
interactions suchs hydrogen bonds, ionimonds,and hydrophobiénteractions, that is, the
desolvation of nepolar chemical groups through aggregation, the peptides locally adopt so called
secondary struglemeents such as alpha helices or beta sheets. Such elements further aggregate and

form the tertiary structeof a protein domain. Aggregation of domains is called quaternary protein
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structure. Each of the elements are connected by shorter or longer flexible segments called loops
and random coilgigure 1.2 A-D) [21].
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Figure 12: Proteins exhibit several levels of organizatiord) Linear sequence of amino acids linked by peptide

bonds (primary structure) B) Secondary structure elements of beta sheet and alpha helix stabilized by intramolecular
hydraen bonds (black dashed lines, only visible ones are @yandered and disordered regions fold into the

tertiary structure. D) Multiple subunits consisting of individual peptidepeltiightly to form homeand hetero

oligomers (quaternary struefuE) A ligand binds to the recognition site (blue) so that the reactive chemical groups

are in close contact with the catalytic residuesAltedjages are generated fromRBE structurd GUP.

Proteins have evolutionary developed to fulfil varelicate cellular tasks. One of the earliest
recognized and best characterized protein function is to serve as a biocatalyst to reduce the energy
barrier of a chemical reaction. Such oOoOmol ect
basis for cellat metabolism and signaling. Enzymes exhibit at least two distinct regions which
beget their function: I. the substrate recognition site and Il. the active site with the catalytic center
(Figure 12). The substrate recognition site ensures high selectivity for a certain substrates and
orients and remodels the substrate into a position and conformation that enables close proximity
of the reactive groups stibstrate and catalytically active residues or complexed metal ions. The
active site ultimately undergoes a catalytioogeleroductive substrate binding is achi¢2#d

As early as 1894, Emildrisr observed enzyme selectivity and proposed a selectivity model based
on complementarity @feometric shapg&3, which is often referred to@dsck-andkeyd model.

While the model is able to explain selectivity, it has a major caveat: enzymes achieve their function
of lowering the activation energy barnee.jy.stabilization of the transition state via favorable

molecular interactions. This metlratthe binding is the strongest in the transition state and not
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before or after the chemical reactionthis way the product will have a lower affinity to the
enzyme than the substrate and thus quickly dissociate from the enzyme. Such plasticity in the
proteinligand interaction strength cannot be explained by the statioddely model, which is

why it was | argely repl adedybyDatnhe |li &rschv each ¢
This model allows conformational changes of the protein and the ligand eldiiffeyémt stages

of binding, catalysisand unbinding (dissociation). In fact, the maedegests that certain
conformational rearrangements within the pi@tattive site appear only upon approaching of

the ligand. However, as discussed in a reciete [@5, advanced NMR and siegholecule
spectroscopy experiments indicate that the conformational landscape of ggeatetansined,

and ligandound conformations can be admdlsowithout ligand. This observatisnggests

that a protein steadily transitions between its paasible conformations until the presence of a
ligand stabilizea certain conformation. In other words, the ligand enables the protein to stably
adopt a conformation which was much more unlikely in absence of thd hganwchanism

has been coingdend or mat i o2l sel ectiono

A family of enzymes with tremendous current interest and exquisite selectivity are proteases, which
selectivity recognize and cleave peptide or isopeptideobdistinct targepeptidesProteases

play important roles ingtabolism, cell signaling and protein homeogdsi&dditionally, they

are frequently employed by pathogemhadble cell entry and immune esg2@eOne of such

enzymes is the papdike proteaséPLPro)of the SARE0V-2 coronavirus, the cause for the
coronavirus pandemic of 2019 and ongoing. Thus, it will be used heramplEntexntroduce
proteinligand interactions.

The crystal structure of PLPro in complex with a newly developed inhibitor (GRL0617) was
recentlysolvedFigure 1.3) [29. An inhibitor is a molecule which exhibits a high affinity teward

the enzyme, thuscompetes with substrate for binding sites and consequently reduces the activity
of the enzyme.tlshows tht the inhibitor has thremensional shape which is highly
complementary to the substrate bingnogeof the enzymeAdditionally it undergoes a range of
distinct interactions. The-d@iomaticaphthylgroup is sandwiched betwde&n proline residues

(247 and 248nd tyrosine 268a pi-pi interactios between the aromatic moieties. Hydrogen
bonds are formebetweeraspartate 1Ghdthe central amide abdtweertyrosine 26&ndthe

aniline amino groud.he two methyl groups undergo hydrophobicantems with threonine

301, and leucine 162, respectiehally the carbonyl oxygen on the inhibitor engages in a
hydrogen bond with the backbone amide of glutamin€asfparison of therystal structures

of inhibitorbound and free PLPro revealsdiferent conformationsf the so called BL2 loop.
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Upon binding, this loop, which comprises tyrosineaR@8glutamine 26%olds towards the

protein core and covers a part of the ligansistabilizing the proteligand complex.

Yy’

Figure 13: Different representationsof the SARSCow-2 papain like protease bound to the GRL0617 inhibitor.

A) Cartoon representation with alpha helices in4&dbelices in purple, beta sheets in yellow andhibéor in

blue. B) Surface representation with color coding according to residue type: green: polar, blue: basic, red: acidic, yellow:
hydrophobic. C) Cloag view on the binding pocket. D) Stick model of the inhibitor in the binding pocket with
interacting protein residues.

1.2.2 Specificity of proteirrprotein binding

In the cell, specific tasks such as signal transmission or metabolism, are oft byrsiedle,
freefloating enzymes but rather by large, dynamic complexes of different, interaaturigrmol
specie$3(. One griking example for su@molecular machinery are the so called @RING

E3 ligasegCRLs Figure 14), which fulfil the essential task to specifically recognize and bind
excessive target proteins and tag them with ubiquitin ni8igtigbiquitin is versatile, small, and

highly abundant globular protein in the eukaryotic cell. Th&rgydstional modification of
ubiquitin conjugation leads to the degradation of the target protein via the proteasome complex
[32. CullinrRING ligasesire heteromeric mufirotein complexes generally consisting of Cullin
protein scaffold, which on one end tightly associates with a RING box protein, vétigim in r

binds to ubiquitikcarrying and transmitting enzymes called E2 ligases. On the other end, the Cullin
binds to a certain pair of an adaptor and substrate receptor proteins. Depending on the emerging
target thamustbe eliminated, CRLs rapidly adbpirsubstrate recepteia a complex regulatory
cycle[33. The function, regulation and possibilities for therapeutic intervention and utilization of
CRLs has fascinated investigators for a qudideentury34. However, only with the emergence

of the recent biophysicéechnique ofhighresolution tyo-EM combined with molecufar
dynamics flexible fitting, the mechanism based on ppodé@in interaction induced
conformational transitions was finally elucid@gdBriefly, the conjugation of Nedd8 to the

winged helix domain of Cullin leads to conformational rearrangement of tHmURBX
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ubiquitincarryinge?2 ligase. Only this conformational transition allo@spatial vicinity of the
ubiquitin and target protein, which is bound to the substrapéatean the other site of thellin.
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Figure 14: Multi -protein recognition within CRLs. A) AssembledCRL2VHL in vanderWaals representation
(6TTU) B) Schematic representatiof CRL activity regulation via the small modifier Ned2i8L: Cullin. SR:
Substrateeceptor. A: Adaptor. RBReally interesting new gene (RING) box: S: Substrate. giitiblbE2: E2
ubiquitin ligase. N8: Nedd8.

The assembly and activation of CRLs is only one example on howppotgeninteractions

control a majority of cellulaasks. It becomes apparent, that such interactions need to be highly
specific and thatdisruptiohereof, for example by means of mutations, would dramaffeally

cellular functionThe interactions of small molecules with pregaid the interactiobetween

two or more proteins generally follow the same physical principles and are driven by shape
complementarity, as well as hydrogen bonds, electrostatic and hydrophattioriafa].

However, there are also striking differences. Whereas small molecules usually bind to distinct,
spatially small yet deepckets, protenprotein interfacesccupy large and shallow af@&ds

Small molecule binding is rather enshoydalried hydrogen bonds and hydrophobic interactions

and to smaller extent by ionic bounds. Prgietein interactions often rely on large hydrophobic
patches surrounded or discontinued by complenheci@rged areakhis is also the reason why

the identification and development of small molecule drugs as -protein interaction
inhibitors is chahgind3§,.
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Figure 15: The BarnaseBarstar complex A) Barnase (gray) aBdrstar (green) in surface representafioa top
image shows the complex, the bottom image the two interactid) Ssgsasdarstar ribbon model andlscted
molecular interactions

One example of an extraordinarily strong prpi@itein interaction is the compte#the bacterial
ribonucleasednase and its natural inhibitarBtarnFigure 15) [39] In the cellBarnase would
lethally dissect the bacterial plasmégitwot alwaysnhibited by its counterparBtar. The
article by Guillet et.a@lucidateshe structural underpinnings for the highly stable pyoteiein
binding and can be considersdagrototype protocol for the quantitative description of such
interactions. The awdrs identify 15 residues @frBase being in close contattt wine or mitiple
residues of &star, 14 distinct hydrogen bonds and a drastic decrease imcobgsitility of 6
patches on Barnase and 5 patchesaostd®. Similar tthe small molecule iittitor GRL0617,
Barstar packs a tremendous number of interactiorssdotoparably small volume, which renders

it an exquisite binder.

1.2.3 Site-selectivity of intramolecular interactions

The conformational flexibility of a molecule is mostidgtermined by the number of rafale

bonds. The likeliness of different rotational states (rotamers) of a givetensoteen affected

by stericnon-bondedinteractions. In the case of butane, for example, the interaction energy of
the syn(ciy conformation, which corresponds to-&-C-C torsion angle of 0is the highest due

to steric repulsi@of the two terminal methyl groups.lslogicakysterathrive to low energy
statesthis conformatin would be the most unlikelyhe opposite conformation, calkeatior
transwith a torn angle of 180° is sterically less hindered and thus most likely.
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Figure 16: Energy diagram of the GC-C-C dihedral rotationof butane. (Image by R. Mattern, 2020, CC BY 3.0,
https://commons.wikimedia.org/wiki/File:Dihedral_angles_of Butankcseppedandremoved axis sepl

Even though the terminal methyl groostributea substantial proportiaf the stericepulsion
energy term, the hydrogetions do also affect the conformational sgadgsed conformations,
where two or more atoms areait80° torsion angle conformation are disfavored over gauche

conformations where the atoms are rotaye@D°(Figure 1.6).

Similar consideration can dygpliedfor the conformational space efy.protein sidechains or
posttranslational modifications relat frequently appears that the native conformational space is
affected by intramolecular interactions of the sidechain atoms with the surrounding protein
environment. Areg basic arginine sidechain for example might be fully exposed and highly solven
accessible and thus serve gwiarerfor proteinproteininteraction$39. Another arginine, with

same chemical structure of course, could be in proafraityacidic glutamate. The two amino
acids would leave their native, extended conformation in favor of mutustafecinteractions

and occupy antherwiseunlikely bond r@mersNot only is the molecular conformation site
dependent, but also the protonation state of the amino acid hifiidexampleDepending on
surroundingthe chemical environmentith hydiogen bonding acceptors and donattirs,
histidineresiduecan either be neutral or positively chaj@d


https://commons.wikimedia.org/wiki/File:Dihedral_angles_of_Butane.svg
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Posttranslational modificatiof®TM) of proteins are often mediated by enzymes, which
specifically recognize certain consensus sequence motifs sié:B-BsX-S (H: hydrophobic,

B: basic, X: arbitrary, Srinephosphorylation sit&y the serine phosphatase AMPH], Asn
X-Serine/Threonine for Nylycosylatiof@2Z or theC-terminal sequences{=C and XX-C-C on

Rab proteins for the conjugation of a geranylgeyanyp [43. Additionally there are PTMs
which do not requér an enzymatreaction but appear spontaneously if specific local conditions
are fulfilledIn this caseagactios may be catalyzed $glventmoleculesOne of such PTM ihe
deamidationreaction which is thoroughly discussed cimaper 3. Another one is lysine
carboxylation, whidk estimated to concern about 1% of the larger prptdinst basic pH and

in presence of@0O.-containing solveritty, thelysine residue can undergo carboxylation, in which
a carboxyl group is added to the sidechain amino group. In consequence, the charge changes from
+1 to -1 with possibly dramatidedfts on proteinstructure anflunction.Computational analysis

of lysine carboxylation sites in the protein data bank identifiedaitiatdysineresiduesre
rather burieédnd not solvent accessible. Additionally, acidic residues (Ags, @ll)as metal

ionswere frequently founalithina 0.5 nmradius arounthe carboxylation sifé4.

1.2.4 Preferred interactions in twaedimensional molecular assemblies

Amphphilic moleculeshat is, molecules with a polar and apaarpart are prone to interact

with surfaces, interfaces or with each other and are thus considereadcivdatea liquid phase,
amphiphilic molecules such as phospholipids or deteigemtmicelles, vesicles and bilayers
(Figure 17 A) [46. At the interface betwesnlvent and gas phase, they may assenghle to
monolayers. This effect is amplified whan,alkanethiols interact with a gold surface. The
interaction between the thiol groups and gold atoms is partly physical and partly chemical and
remarkablstable(Figure 17 B) [40. Thus, given enough time to assemble, alkanethiols form
stable monolayers on top of gold surfaces, callegsathbled monolayers (SAM%) In the

context of this thesis, lipid bilayer membranes ardsselhbled monolayers are summarized

under the terrmolecular layers

Bilayers and monolayers have a variety of chanastenistommon. Both consist of one or
multiple species of amphiphilic molecules, which carry long aliphatic moieties and polar terminal
groups. The acyl chains arrange in a parallel fashion to shield a large fraction of the layer from the
solvent. Additioally, the terminal groups form electrostatic interactions and hydrogen bonds with
the aqueous solvent and each other. In case of a monolayer, the hydrophobicpoontiog is

towards the interfacesurface, whereas a bilayer consists of two mirroredayenson top of

each othern the context of a bulky phase within a finite observation volwtesutar layers

have a large lateral but only a small normal direction extent and can thus be considered two
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dimensional. In contrast to SAMs, lipid bigex not confined to a surface but are liquid (or
liquidcrystalline) and exhibit significant dynafd@sA bilayer can undergo undulations, wave

like motions on different time and length scaleditiéwlally, the lipid molecules exhibit lateral,
rotational and intdayer diffusio49. The matrix, i.e. the alkanethiol regioB8As is rather

rigid andtheirdynamics are limited to transient defects in the densely ordered packing, which is
dominated by altans conformations. Such a packing is also possible in bilayers and termed liquid
ordered phase which exists in contaatte liquiddisordered pha$gq.

In the case of mixed, muttrmponent bilayers lateral diffusion can lead to formation of smaller or
larger, transient or stable aggregates of certain lipid molecules. Additionally, certain molecules or
aggregates might have preference for the liquid ordered or liquid disordedhhadayer

[51]. Furthermore, there are indications that such an ordering can be translated through the bilayer
from one leaflet to the oth¢sZ. Mixed SAMs areyntheticand designetb fulfil distinct

functions, e.g. to support and tetheraalellipid bilayer for research or analytical reasons. In this
case, one component of the SAM consists of an alkanethiol portion, a tethering portion of
hydrophilic polyethylene glycol (PEG) andlkyl membrane anchoring portion to penetrate into

the bilaye[53. During the preparation of the mixed SAM, these moieties undergo interactions in
the solvent phase or during the adsorption process, which nasteprene the lateral
distributions of the SAM componer8sirfaceexposedhteractions of the PEG and alkyl portions

of the assembled mixed monolayer further shape the surface properties of the {bdristhyer

B % { Alkanethiol
Vi
& ]

Figure 17: Architecture of layered assembliesA) Schematic representations gfhaspholipidmolecule and
assemblie®) Sclemes of an alkanethiol molecule and aasdembled monolayBed beads: hydrophilic groups.
Gray hydrophobic acyl chains. Yellow beads: Thiol groupatasellow rectangles: gold coated substrate.



12 Modeling molecular interactions

1.3 Modeling molecularinteractions

Long before the rise @omputes in the 1960s, scientists had acquired knowledge of three
dimensional structuwgef molecules and physical molecular models were built form paper, wood,
metal, glass and plastiegre 18). The first physical models of molecules date back to 1860
when August von Hofmann built a kaidstick model for methane, which was planar and the
hydrogens were larger than the central carbon. Latertheheancepts of stereochemistry
emerged, vanodot Ho fdimensiana,¢etrahetraltmoleculds.iArgsably, onb of e e
the most iconic physical molecular model is the 1950s DNA-teliblmodel by Watson and

Crick.

As soon as computers becanmmre and more widely available, the physical model gave way for
the virtual molecular model, although physical toy modelsagéliheir place in chemical
education and in the heart of many chemists. Interestingly, when computers allowed visualization
of complex molecules in the late 1960s, first attempts of a mathematical description of molecules
had already been made. In fact, most of the still used mathematical models have their origin in two
communications of Terrell Hill from 1946 and 1948, whesaggests to calculate the energy of

small organic molecules in dependence of their conformation using a sum of a few simple terms
[56, 57]. Nowadays, the terms structural modeling, molecular mechanics modeling and molecular
dynamicsare summed upnder the umbrella of molecular modeling and are often used in
combinationHere, for the sake of a detailed, discrimgpaethodological introdtion, the three

concepts are explained individually, even though they share many physical fundamentals with each

other.

1.3.1 Structural modeling

The generation and visualization of the tii@ensional structure (stereochemistry) based on a
two-dimensional a@mical formula can be considered structural modelingbroadest sense

For small molecules, such considerations can be done with only pen and paper and resulted in
common projection methods such as the Haworth projection, the Natta projection, or the
Newman projection, to naroalya few. For the visualization of large, complex macromolecules,
however, 2D projections are not sufficient and 3D models must be generated. When faced with
multiple rotatable bonds, ab initistructure prediction becomegtly ambiguous. That is why
investigators have always relied on restraints as posed by eithesemeeabxperimental
technigues such asrXy diffraction, NMR spectroscopy, electron microcopy, IR spectroscopy,

single molecule FRET, etc.
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Figure 1.8: Photographs of selected physical molecular model8) Molecular model of methane, created by

August Wilhelm von Hofmann (ca. 1860). The square planar structure depicted is nhow known to be incorrect.
Photograh by Henry Rzepa under GNU lisen
(https://commons.wikimedia.org/wiki/File:Molecular_Model_of Methane HofmahB)pthe six feet tall metal

DNA model made by Watson and Crick in 1953. Courtesy of Cold Spring Harbor Archives
(https://dnalc.cshl.edu/view/1643Gallery19-DNA-modet1953.html C) Vanot Hof f di ssemi
stereochemical ideas to leading chemists of the day by sendind thapei3models of tetrahedral molecules, like

these now housed in the Leiden Museunphotograph By O. Bertrand Ramsay
(https://www.sciencehistory.org/historigabfile/jacobushenricussanthoff)

Of these, the value of-bdy crystallography for the development of the fields of structural
chemistry and biology cext be understated. It was pioneered in 1912 by Max von Laue and
awarded with the Nobel Prize in physics in 1914. In has ever since delivered fascinating insights
into the molecular world and plenty of further Nobel Prizes were awarded to studiesXavolving

ray crystallographgg. Very briefly, the technigieebased on fact thtdte nuclei irmolecular
crystalsaarescattering Xay radiation and the observatdmliffraction patterns allow assertions

about the molecular distances and angles in the crystal. Such information allows the construction
of a 3D eletron density map, into which the molecule of interest can be fitted. In the area of
organic and biological molecules, the British chemibioded Prize laurealorothy Hodgkin

[59 60 should not remain unnamed. She solved the structures of cholesterol, penicillin and vitamin
B12 as well as that of insulmwhich she worked for over 30 years. Theoretically, the size of

molecules for Xay diffraction is not limited. Instead, purifozatand crystallization of large


https://commons.wikimedia.org/wiki/File:Molecular_Model_of_Methane_Hofmann.jpg
https://www.sciencehistory.org/historical-profile/jacobus-henricus-vant-hoff
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complexes of proteins or nucleic acids is a major bottleneck. Additionally, highly flexible molecules

or regions within a protetan oftemot beresolved with Xay crystallography.

Another, currently still emerging teglg is cryogenic electron microscopy (&, which
overcomes the size limitationXefay crystallography and was awarded with the 2017 Nobel Prize

in chemistry to Jacques Dubochet, Joachim Frank and Richard Henderson. Here, biological
samples are dg@lrated, shoekooled belowl50°C and subjected to electron microcopy. Electron
micrographs from many different angle of macromolecular complexes in various orientations allow

the computational reconstruction of an electron density map sirdiieytaystallographj61,

62,

The second major limitation ofr&y crystallography is conformational flexibility. Here, NMR
spectroscopy has been shown to be a valuable tool investigate ton&rer@asembles of

peptides and small proteins in solution. NMR is a spectroscopic technique, which observes the
behavior of théocal magnetic field around atom nuclei. Therefore, the magnetic nuclear spins are
polarized via an extermahgnetidield armd then perturbed by an oscillating magnetic field. The
electromagnetic waves emitted by the perturbed atoms is detected. Of note, only certain isotopes
such asH, **C or™N with a nuclear spiare accessible for NMR and proteins must be labeled
accordnpy . The signal measured by NMR gives the
by a range of factors such as electron density and electronegativity of neighboring groups, among
others. The chemical shift is specific for certain chemical grbupsNMR spectroscopy is
routinely used for the identification of molecular species in a sampldabidRstructure
determination affords the recording of multiple multidimensional spectra, which can be used to
calculate distance and angle restraiftvatprotein. These restraints aid the computational
generation of a structural enserftife

All of the abovanentioned, expensive and challenging experimental approaches yield valuable
insight, which is however limited to the one investigated molecular system. Using computational
modeling apm@aches, it is possible to extent tbsultsof one experiment to a variety of
homologous systems. For example, mutations can be introduced to the protein or chemical groups
of a bound ligand can be altered. There is also the possibility to modettioe séqustructurally
unknown protein into the structure mie with sequence similgrityhich is called homology
modeling. An application for homology modeling is the prediction of the binding mode of small
molecules or ligands to a structurally urvedakceptoroply whenin casdhe structure o&

homologous protein complex is known).

The most frequently recurring problem in the field of structural modeling is the quantitative

evaluation of the energy beém different conformations i.e., the estimation of their macroscopic
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probabilities. Such consideration ultimatelg tedte calculation of energy differextoetween

different conformational states of a molecule. This calculation can be undertakeheotrdn

level using quantum theory, i.e. the solution of the Schrodinger equation or one of its
approximations such as the Harffeek method or density functional thgé#d}. Yet, given that

the number of paible conformations of a linear molecule with N atoms and at least two rotamers

per bond increases approximately hyHe expense of using quantum level of theory would
quickly exceed most university conmgudiusters. Instead, investigators have gmaeb simple
approximation method, which treats atoms as spheres and bonds as springs: molecular mechanics.

1.3.2 Molecular mechanics

Molecular mechanics is a concept or mathematical framework, which applies equations from
classical mechanics to molecular regsteith the aim to quantitatively predict the energy
differencebetween conformational states. With molecular mechanics, the single point energy of a
molecular system can be calculated as a function of only the atomic positions. Therefore, the total
potertial energy of the system is represented as a sum of many terms which can be separated into
bonded and nehonded terms. The bonded terms includel¢fiermatiorenergies induced by

bond stretching, angle bending and torsional rotation. The potentidbteloosd and angle
deformationsre mathematically modelled as harmonic potentials with a certain equilibrium value
and scaled by a force constant. The dihedral rotation terms employ a cosine potential instead. The
nonbonded terms include vderWaals ad electrostatic interactions, where the forser
modeled using a-BLennard Jones potential and the latter by a Coulomb potential.

This mathematical modeling requires the definition of a large set of atom and chemical group
dependent parameters ford® constants, equilibrium geometries, partial charges, -aled van

Waals radii. Such a set of parameters, together with the sometimes slightly adapted potential
equations is termed o0Chemical Force Finel dé.
the way they were derived as well as their optimal areas of application. In the classical force fields,
the parameters and topology, i.e., tyjpe of covalent bonds, are predetermined and not
conformation dependent. Yet, there are polarizable fldse fn which the partial charge of an

atom can change depending on the surrounding chemical groups, as well as reactive force fields
that allow formation and breaking of covalent bonds. Additionally, there aratomitesd
coarsegrained force fieldsy which multiple atoms are lumped togethi&rgernnteraction sites

with the purpose afecreasing tt@mputational expense at the cosbsd ofaccuracy. Some of

the most commonly used force fields are summarizadlasll
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Table 1.1 Non-exhaustive list of molecular mechanics and dynamics force fields

Name Description Ref.

UFF Universal force field for small molecules in the gas phase [65]

MMFF Merck molecular force field is general purpose force field for small [66]
molecules

OPLS Force field with optimized potentials for liquid simulations; is [67]

parameterized according to experimental bulk properties
CHARMM Additive molecular dynamics force field with parameters for a wide range [68]

of molecules

AMBER Molecular dynamics force field originally for proteins [69]

BERGER Parameter set optimized for lipid bilayer simulations; compatible with [70]
AMBER

GLYCAM Force field for carbohydrates; compatible with AMBER [71]

AMOEBA Polarizable force field [72]

GROMOS United atom force fields for biomolecular simulations [73]

MARTINI Coarse-grained force field originally for lipid bilayer simulations [74]

The choice ofappropriatdorce field for the application is an important gtegmy molecular
modeling effort. Therefore, maagpectsnustbe considered. First and foremds¢ force field

should be accurate for the investigated molecular systems. Then, it must be supported by the
molecular modeling or molecular dynamics software, wdscbhosenVhen a new molecule

needs to be parameterized, it is important that thegiarzation method is consisterih the

force field Finally, the available computational resources and the size of the system further limit
the choice of the force field. Furthermore, the selection of the solvent model plays a significant
role for theaccuracy and choice of the force field. In the framework of this research thesis plenty
different molecular systems, ranging from small molecules, lipids and carbohydrates to proteins
were investigated. For the sake of simplicity, comparability, andlgratwferability, it was

decided to sticto the same force field for all different systems. Additionally, calswitiche
coarsggrained MARTINI force field were performed, which was best supported by the
GROMACS molecular modeling and simulatsoite [75-81]. As force fields and the
corresponding molecular modeling packages have always been developed in parallel and were
mutually optimiz#y the transfer of one force field to a different modeling sofstadéous and

error proneAt the beginning of the thesis, bgémerainolecular dynamics force fields AMBER

and CHARMM were wesuited for the molecular systems of interest. Howessd lon the

better transferability to GROMACS and the somewhat better accuracy for lipid@dagress
CHARMM force field was chosen for all&itimistic modeling efforts.
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The CHARMM force fieland molecular mechanics engajnitially developed by Nobel Prize
laureate Martin Karplasid thel98s is an additive force field wighrameter setsnd equations
for proteins[83, lipids[84], arbohydrate$ds, nucleic acidf8q, and for small, drdike
molecule$87]. The easf fullatomistic protein force field, CHARMB8, employs the potential
functionof equatdn 1, which is still used in newer implementatitms terms for bonds, angles,
dihedrals and nelmonded interactions are canonigdtitionally, CHARMM employs improper
potentials, which applige nonsuccessively bound quartets of atofite angle onga
corresponds to the cof-plane angle. The UrByadley terms are so called ctesss, as they
model the distandeetween the outer two of three bonded afdr3scrosgerms).

W Q0 ® 0 — —
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As stated beforéhe way of solvent treatment is equally important ekdtoeof theforce field.

Some force fields have been parameterized with implicit solvation asdvithhexplicit
solvation. In any case, the solventlelis mostly chosen teproducehe qualities diquidwater.

Several water molecule models,exigsth differ widely in their accuracy and computational cost,
yet are mostly transferable between the different force fieldsit iHerst be noted that the
solvation modehas a@remendous effect on the accuracy of the model and that, considering the
model volume and the ratio of atoms between solvent and solute, most of the computational effort
goes into the calculation of the solv&he complexity of water models can be classified by the
number of interaction si€There are-8ite (SPC, TIP3P)site (TIP4P) and-&ite (TIP5P) water

models. Water models with more than 3 sites, employ so called dummy atoms to model the
electronic properties more precisely. T$iee3vater models achieve high computational efficiency
with reasonable accuracy arel thus heavily used in molecular dynamics simulations. In the
CHARMM forcdfield, a modified versiaf the TIP3P water model is used, in which the hydrogen
atoms have Lennaddnes potentials. The traditioB®ICwater model only has Lenndahes
paramedrs for the oxygdg§g.

The accurate quantitative description of flexible molecules in ssitigany driven by the aim

to identify the minimum energy conformatienthe native state. However, whenfdreefield
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equations subjected to mathematical optimization methedsn{nimization) with the atomic
coordinates as variables, the potential function only converges to the closest localTh@imum.
global minimurnthough is much more challenging to identify. This iseffiejentsampling
methods had to be developed, which ahegeneration of variousmformations of which the
energiesanbe compared.he two predominating methods are Mézaelo samplin¢stachastic)

and Molecular Dynamifdeterministic) It has been shown, that for-gpaase systems Monte

Carlo sampling is favorable whereas condensed phase systems, such as the onebkengestigated
are better sampled using MolecularddnicgMD).

1.3.3 Molecular dynamics

The previous section waascribinghe potential energy of a molecular system, which allows the
determination of locally optimal conformations (potential energy minima). This approach is
however severely flawed because a complex moleculecoitangystem can havargenumber

of local minima. A wide range of mathematical methods do exist, which allow global optimization
of complex, multivariate systemg, evolutionary algorithnj89, Bayesian optimizati¢®( or
simulated annealifgl]. These methods were however never successfully applied to complex
biomolecular systems. Possible ream@nthe large number of variables (three times the number

of atoms) and the high degrdentervariable dependaas(bonds) and physical constraints.
Insteadit isassumethat when a molecular mechanics medébwed talso incorporatienetic

erergy, i.ea finite temperature, it would begin to traverse the potential energy landscape and
eventually discover the global minin{&igure 19). Theconcept of translating the molecular
mechanics potentials into foragBich induce acceleration to the particles according to Kewton
secondaw; is called Molecular Dynamics. Additionally, the method includes auxiliary algorithms
to forwardintegrate tB atomic positions, to control temperature and predsuirey the
simulation, taleal with boundary conditioasd to optimize computational efficiency.
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Figure 19: Schematic representation of a twdimensional potential energysurface The red line and blue points
are visualizations bfolecular dynamig¢sed) and Monte Carlo (bleampling(lmageby Qx81342020CC BY4.Q
https://commons.wikimedia.org/w/index.php?curid=9410§414

To numerically integrate New&equations of motion, i.e. approximate the atomic coordinates
and velocitie at a discrete future time step/Hased on the oent time step, the Verlet

algorithm can be used. It can be deifreed the Taylor seriesxpansion

w p 5 Qwo p. . Qwo

Al 1 Y Al 1 = = = (2)
WO 1 0 wWwo ‘]eQ—o c‘] D (p‘]o B E
The same cdre done for the backward integration:
[9¢ Qwo Qwo -
Do 16 o 1 e Po B¢ = @

o ¢ ° T ¢ °
Addition of the equations (2) and (3), solving fort anditeglecting higher order terms yields:

Qwo

4
D 4

WO 10 Cwod wo 1 0160

Equation 4) exhibits the accuracy of a third order Tayler approximation with terms of maximum
second order. However, the Verlet algorithms has some striking downsides. The positions at the
Atime step need to be knowvhich is usually not the casetfd in MD simulations. Also the
velocities need to be calculated separately and require knowledge of the psidandtaEt
introducing a delay into kinetic energy (temperature) calculations, which introdibbes poss
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instabilities into temperature coupling algorithms. Finally, equBtiteads to numerical

inaccuracies through thgbtractiorof two large terms.

Thus, the Verlet algorithm is utilized in MD integration in an optimized variant, called Velocity
Verlet algorithniTherefore, in equatioB)(t is substituted by /At

o o . Qwo . Qwo
WO wo 0 o—— 0 — )
] 1 Qo 1 Q0

Then, equation (2) plus equation (5) yields the equation for the vatbeigEt :

Qwo 1 0 Qwdo p . Qwd Qwo 7 0

Q0 Qo < "o ®

. (6)
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The new coordinates are then given as:

WO 1060 wWo 10D0 10wWO 7

Another way to eliminate the weaknesses of the original Verlet algorithm is the Leapfrog algorithm
[92 which alternatingly calculates positions and velocities at different time points. Here it is
noteworthy to point to outhe importance of the selection of the time &#ptoo short time

step will slow down the computation without increasing the accuracy. Oppositely, a too large time
step might lead toncontrolledatomic collisions, which result in extremely highitiesothat

possible without risking such numerical instabilities. In classical molecular dynamics, time steps

commonly reach from3fs.

As mentioned earlier, the velocities of the particlesraespondingp theset finitetemperature
and introduce kinetic energy to the system, enabling it to cross energpméragostential
energy landscape. Yet, how are the initial veloangeatge and how is the temperature controlled
during the simulation? Initial velocities must fulfil two criteria: I. they meé=t tothe desired
temperature and Il. the total momentum of the system must be zero. &hireyoare often

stochastichl generated by from a Maxvigsltzmann probability distribution:

a aov
“Q \ _— D T 8
0 - ‘Q"&Y@ Y (8)
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In equation §), f is the probability of a velocity magnitude v in direction x, m is the mass of
corresponding atom, k is the Boltzmann constahT dhe temperature. Another method is to

slowly heat the system from 0 K to the target temperature by gradually increasing the temperature
of the coupled thermostat. One of the pioneering and still widely used approaches to maintain a
target temperatureas suggested by Berendsen et al in [2984The Berendsen thermostat

applies rescalings(le=  kndh) to the particle velocities through a weak coupling with an external

heat bath. The scaling factor k in Berendsen
Loy )
- P T o P

Her ei,s Mthe time step, Debathtemgeratureand Pptheisysgmsc on s
temperature. The factor is based on a scaled temperature difference and allows a dampened
(exponentially decaying) response. Hence, with Berendsen coupling, temperature fluctuations are
explicitly possible. The comgliconstant clearly plays a key role for the algorithm. If it is identical

to the time step, the scaling appears immediately and not in a damped way. For the hypothetical
case that Dz becomes infinitely | dongveuldbeg emper
called microcanonical or NVE, because the number of particles N, the phase volume V and the
total energy E would remain constant. Finite Berendsen coupling constants yield an approximate
but not a strict canonical (NVT) ensenjbe 95. For this reason, in recent years, Berendsen
coupling was largely displaced by ParriRalionan or NoskEloover temperature control. In a

similar fashion teemperature control, the pressure can be controlled by scaling the simulation
volume dimensions. In this case, the ensemble changes to NVP. A brief introduction to MD

barostats is given [i9g.

Whereas coupling algorithms decrease the performance of MD simulation, investigators have
introduced many approxinmats to enhance it. In regard of shrarige, noibonded interactions,

cutoffs are heavily employed in MD code and can even be considered part of the force field
implementation. For example, CHARMM force field simulations frequently cut off LJemeard

and Coulomb interactionseyond distance df.2 nm because they elsewise converge zero
asymptotically. To smoothen the transition from active Ledored potential to O, a linearized
switch function is implemented. Additionally, so called Verlet lstgdoged, which encompass

all neighboring atoms. These lists are only updated every couple of time steps. However, in
biomolecular systems, laragnge electrostatic interaction play important roles and cannot be
neglected. This challenge is fortifiedheyfact, that biomolecular simulagitveavily rely on

periodic boundary conditions, in which the simulation volumes and the atoms therein are mirrored

in all directions and distances are always measured between the closest mirror images. Thus, long
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rangenteraction must also take the mirror image convention into account. To solve this problem
of computational expense, Ewald summation or more specifically the Particle Mesh Ewald method
(PME) is applief@7-99. It based on the idea, that theect summation of interaction potentials

is replaced by double summation of the shaged potentials in real space and the long range
potentials in Fourier space. The ioagge interaction can then quickly be calculated using the
numerical algorithiof FastFourier transform.

As the most important terms and concepts of MD simulation are introduced above, a general
description of the MD workflojd0Q will complete the chapter. Usually, M&ins with a

structural model of the molecule of interest, which is taken from a structure database or, in the
case of bulk liquids or tvdimensional assemblies, generated with a packing algorithm. In case of
explicit solvation, solvent molecules aredddl fill the desired volume. The volume must be
chosen large enough to avoid interactions of the studied molecitle refilicates across the
periodic boundarieth biomolecular simulations, ions are added to neutralize the system and to
avoid artifats by an overly isolating medium. When all molecules (solvent, solute) are in place and
the volume is defined, the system is subjected to minimization, mostly via the steepest descent
algorithm. Is has the sole purpose to remove or at least higétigtiashes and unphysical bond

lengths which often occwhen manuaihitialization isnvolved. When the energy has converged,

initial velocities are assigned and the process of equilibration is initiated. During the first
equilibration phase, the voluoa remain fixed and only the temperature is equilibrated using a
short time step of 0®1 fs. The temperature equilibration includes both the convergence of the
average temperature toward the desired simulation temperature and a spatially isotropic
temperature distribution. That is, no clusters of higher temperatures do exist. This phase usually
takes no longer than a few ps. A second equilibration step is dedicatgthtdatierbox size,

which is of course reciprocal to the density. Depending guality of the solvent packing, the
pressure coupling algorithm and the simulated system (central solute vs bilayer), this phase can last
from 0.5 to hundreds of ns. Temperature and volume equilibration can also be performed
simultaneousiWhen temperate and volume have converged, final adjustments to coupling
schemes and ensemble can be made and the production sampling can be started. In some cases |
makes sense, to sample in NVT ensemble because it is slightly fdrstacamccpf resultss

not affected.

The final remarks of this section will be dedicatedhvEncedampling strategies. In classical MD
sampling, the system will be sampled for a certain time and conclusion will be drawn from the
generated ensembles. In case of rare eveiats r@duire the overpassing of high energy barriers,

classical sampling might not yield reliable results and is too much dependent on the starting



Introduction 23

configuration. In such cases it is worthwhile to introduce some kind of bias. Such a bias can be
either stasitical/stochastic or physical. The simplest way to enhance sampling is to perform several
replicates with slightly different initial conditions (veloditi&$) This way, one can reduce the

effect of artifacts occurring when a trajectory gets trapped in a deep local minimum. The procedure
can be accentuated by a smart choice of restart configuratienankjole, a regiatose toa

certain transition state can be sampled by restarting the sinfirdatiats proximity. Such
sampling is called adaptive samplifg 103 and can be automatized to e.g. lead to transition

path samplin§l04. On the other hand, it is possible to change the potential landscape via the
additionof externaforces or biasing potentials. Such simulations are called stedi€d D

in a different context metiynamicg$104. A third way to enhance sampling is to alter the total
energy of the system through a higher tempefa@iteThis concept has culminated in replica
exchange methods, in which several replica simulations are conducted at different temperatures,
and transitions between the tempeestare commenc§gDg.

1.4 Quantification of molecular selectivity

A meaningful characterization and compavigthnexperimenf selective molecular recognition

events can only succeed when a quantitative description is possible both fromaadreacro
microscopic perspective. Furthermore, there must be a correlation between macroscopic and
microscopic quantities. Here it isteworthy, that physical, chemicahd biological
experimentation rather yield macroscopic observables such as densities, energy differences or
kinetic constants. The molecular simulgt@mmshe other hangield trajectories (time series) of

atomic posions and velocities. It is on the investigataotoertthe microscopic state of the

system into macroscopic quantities using principles of statistical mechanics and thermodynamics.
In some cases, key quantities are directly accessible from botleetgbarieasurements and
ensembles of atomic coordinates. In others, the experimental observables are far beyond the time

scales of MD simulation or require an ensemble of simulations with varying parameters.

1.4.1 Binding constants

In the area of biophysical afistry, proteirprotein or proteidigand binding is usually quantified

by either of the somewhat arbitrarily used terms affinity, binding energy and dissociation constant
K4[109. But how are these terms derived? The aggregation of two molecules A and B into the
complex AB can be described via the chemical reaction formula:

Ko)
0 02 06 (8)
Q
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Here, he complex is in equilibrium with fheesubunits. The associati@action appeavdth a
rate constantk whereas the reverse reactiondigsociation of the comp|dvappens with ak
rate constanthe association and dissociation rates would then be

T~ m ox (9

where square brackets denote the concentratidulfill the Aw of mass action, -candoff-rate
must be equal:

Q 0 O Q 00 (10

Hence, inthermodynamiequilibriumthe concentratiomatio between dissociated and associated
state is identical to the ratio of the rate constant, which is customarily intopi single

dissociation constanpK

— U (13

As the dissociation constant is an equilibrium constant, the general expression

3’0 YYD 12
where Risthegenegals constant and T the absolute temp
change in free energy for the dissociation of the complex at constant temperature and pressure.
Thus, when the equilibrium is on the site of the dissociated subunits>theke>1 and ! G
> 0. That is, energy is necessary to bring the subunits together. In the oppositk gdsads
toakbxl and thus ! G < 0. Energy wil/l be releas
place spontaneoudly biochemistry he tem affinity is based on theciprocabf thedissociation
constantd the association constant. anquantitative sense, nowadays only the dissociation

constant is used.

The binding energy plags essential role in various biochemical processes andrigehfor
selectivity11Q. In fact, when a receptor A has an affinity for a ligand B, and an even higher affinity

for a ligand C, ligand C iseb displace ligand B from the complex AB:

06 6200 0 (13
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In this common scenario, where for example a drug molecule displaces the natural ligand from a
receptor and blocks the binding site to inhibit signal transdtieieqguilibrium constant can be

calculated from the dissociation constants of the elenreatzign:

06066 0 0
06606 0 O

(14

>5¢

Kg.ccan hence be called selectivity coefficient.

The theoretical considerations raise the questions of what orders of magnitude typical dissociation
rates and binding enegjidhave and how they can be determined experimentally and
computationally. Depending on the molecular systemproteinprotein or proteirsmall

molecule, a range of qualitative, sprantitative and quantitative experimental methods are
available. Comon qualitative or semuantitativeexperimentahpproaches for proteprotein

interaction elucidation include ELISA, jlolvn and cémmunoprecipitation assays (or band

shift assay for nucleic acid binding prot¢iris). They work by immobilization of one protein,

which is allowed to interact with its labeled or tagged binding partner. Upon interaction, a signal is
released. On the other hand, a large array of quantitative methods are avaitaibel agity.

The review classified the methods into separative methods, where the ligand is separated from the
receptor and the equilibrium concentration of either is directlyredeasd nofseparative

methods. The latter relies on the detection of a change in a physical or chemical property induced
upon binding. Among the separative methods are equilibrium dialysis, ultrafiltration, liquid
chromatography or capillary gel elecoogdis. Common neseparative methods are based on

spectroscopy, calorimetry or surface plasmon resonance.

Dissociation constants span multiple orders of magnitude and ligands (protein or small molecules)
are loosely classified as weak binding, moderate bindingpistiorggand very strong binding.

Weak binders have dissociation constants in the mill{&@®{&0° M) range. Moderate binding

can be consideragith micromolar (1810° M) dissociation constants. Strong, Haiffinity

binding is present when the dissociation constant is nanomBEI° (). Subnanomolari.e.,

picomolar binding is characterized by even smaller dissociation dbhatatd.be notedvhen
determimg Ko with one of the above methods, the values, @kl ki are not necessarily-co
determined (except in SPR). Thus, a direct readout of the stability of the complex only based on
Kgq is not feasible. However, for most instances, the associationspketies free roaming in
solution is limited by diffusion. Such an upper limitfds kften quoted to 201" s*[113 114.
Depending on the environmeatg. in a crowded cell or a lipihyer, it can be lower. In other

cases, when strong,-faaching, favorable electrostatic interaction between the binding partners
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are present, the diffusion limit can also be surdad&edypical values are betweentdd.®

M* s'[114. Considering a complex with a &f 21 pM as for example recently reported for a
bivalent ligand for a-@rotein coupled receptor, and,adonstant of 10M™* s*, k. value would

be 2.1 x 10s'[117], which translates into a complex-lif@fof 90 h.

1.4.2 Computational estimation of binding constants

The time scales of binding and unbinding eaeatsually far beyond the limits of equilibrium
molecular dynamics sampling. Additionally, such egptaimalues are averages and are difficult

to interpret on the single molecule scale as investigated via molecular sirRalait@tance,

one would either need a gigantic simulation volume with such a large number of receptor and
ligand molecules, tithey would reach the saoomcentratioas the in the test tube, or one would

have to simulate one recegigand system long enough to sample multiple binding and unbinding
events so that the complex iédf would eventually converge. Neither isiplessven with recent
highrperformance computing nodes. Thus, two branches of developments can be distinguished to
partially resolve this issue. On the one hand, enhanced ensemble free energy methods allow a
reasonably accuratejratio estimation of thieinding free energy of a distinct ligand to its receptor

using a set of molecular dynamics trajectories. Such methods include thermodynamic integration
[119, exponential averagiiid g (free energy perturbatif?q) or umbrella samplii$2]]. On

the other hand, there are fast, simplified and egthesximatenethods for screening purposes.

These methods include docking, MBSA12 or PRODIGY[123. For prediction of especially

kon there is e.g., the software S[D24.

In the case otimbrella samplinghe conformational space of a mdée@long a reaction
coordinate is sampled. The individual trajectories are generated by application of an additional
potential which is able to drag a ligand oatbafiding site or lipid out & bilayer. From the

unbinding trajectory, equidistant snafsslare used as initial configuratifor subsequent

umbrella sampling. Here, in each trajectory, the initial point in terms of the reaction coordinate is
restrained by the same potential as previously used. The trajectories are finally subjected to the
weighted histogram analysis method (WHARH 1264 with the purpose to calculate the potential

of mean force, i.e. the free energy difference along some reaction coordinate. Umbrella sampling
can yield a reasonable unbinding trajectory, however it is not suitable to efficiently compare
differert ligands to or predict a binding mode.

Thermodynamic integratiafiows the calculation of the free energy difference between two states.
It is an alchemical method, which means that the system undergeasyainahtransformation
from one state to ather. This is reasonable because the free energy difference is only dependent

on the start and end states and not on the path itself. The alchemical path is characterized by its
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path variable k (00kO1) , -bondedimtdrdonssThuskallowsa | i n g
to slowly couple and decouple a chemical group or a whole ligand from its surroundings. For
example, to compare to the binding free energy difference of two ligands one might either decouple
ligand A from the receptor and couple ligand B intcetieptor, which would afford to simulate

the (de)coupling of both ligands into (from) solvent, or to transform ligand A into ({§ayuld3

110. Thef ree energy difference is wultimately <ca
dependent potenti al ener gy f wangetfromoOnto lwThe h r e (
method is accurate yet expensive. The binding mode of the ligand mushlaepkiaoi
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Figure 11Q Thermodynamic path of two ligands binding and unbinding from the same receptofhebinding
free energy difference between two ligaratsd Bcan banodeled either hynbindingof A and binding of Br via
morphing of A to B(FEP).

As opposed to the molecular dynarhased free energy methodsolecular docking a
technique which allows rapid screening of ligand position, orientation and conformation relative
to a receptor protein. Due to its quick energy evaluation, docking is suitableriuwlsouddis

ligands as well as proteins. Docking is used totgtedisinding mode of a ligand as the best
scoring pose @generated ensemble. The score is usually@nspmecal binding energy function

which was derived in close reference to molecular mechanics ferde dmtdnicabéquation

[127 can be sumarized as the sum:

30 30 30 30 30 (19

Here, the binding energy, or more precisely the free energy difference between unbound and bound
state, is the sum of the solvation (hydration) free endggy the free energy difference of

conformational <chang®s tihne riencteeprtaogtandabenttee | ri egea ne
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energy contribution from the Gadhalhgagualityofa mobi |
dockingposecan be ass&sd bycalculatig the difference in binding free energy relative to the
experiment as well as by the average atomic deviation of the ligand from the crystalized complex.
Benchmark studies have shown that recent docking software packages (A28,86c&[129,

Glide[130, RosettaDockl 31, GOLD [133) are capable of predicting the corpautling pose

and to predict binding energies with an error of around[BE886 The quality of a docking
simulation depends heavily on the dynamics of the protein and the number of rotatable bonds of
the ligand. Especially, because protein flexibility is only sparselyda@oiunt, the selection

of protein receptor input conformation is of utmost import§h84 133. In the bestase

scenario, thereeprotein is in the same conformation when bound to the ligand of interest. This
however is only possible in screening efforts were the structure of-boligghdomplex is

known. In cases when the binding mode ofligand is to be predicted, multiple receptor
conformatios should be employed. Such an approach is called ensemble docking. The
conformational ensemble can be generated via crystallography, NMR or MD dib36lation

A complementargheoreicalmethodto computeespemlly proteirproteinbinding free energy is
PRODIGY [123, which can also be used to resgemailts from protetprotein docking.
PRODIGY takes a proteiprotein complex as input and predicts the binding free dnergy
calculating intenesidue contacts. It is based omgeession modef the number of certain classes
of interresidues contacts versus experimental binding free eneggiesnochmark set &fl
proteinprotein compleas.The methods based othe observation th#tte correlation between
binding free energy andrtaininterresidue interactisiflCs)is higher than betweehe binding
energy and differences in buried surfaceTdmes,.thdinalregression model only inclutkrsns

for interresidue interactions andr-interacting surface area. The-mtearacting surface area
(NIS) is an important normalization tefor takingthe size of the interacting molecules into

accountThe resulting, optimized PRODIGY mouetiescribed as:

wO TLWO0 § T™TO0§ 1T W@ & ¢ 00 |

(16
MUY ™MMoPT p&@rT

The indices stand for Q: charged, P: polar and A: apolar. The model yields a correlation coefficient
of -0.75 for rigid aneD.73 for flexible proteins. One recurring question in such calculations is the
definition of an interesidue contacts. In the deypenent stages, it is customary to attempt various
cutoffs e.g. heaxgtom minimum distances in the range ed@5m. Other definitions are center

of-mass distances or alpha or beta carbon distances. The choice heavily depends on the application
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and isof significant effect on the results. In the PRODIGY method, a distance threshold of 0.55

nm was employed.

Another method was suggested by Kolmann et die late 1990s and combines molecular
mechanics with the PoisgBaltzmam equation and surfacearsolvatiolMM-PBSA[137. The
PoissorBoltzmann equatiofil3§ and its commonly applied approximation, the linearized
PoissorBoltzmann equation allows the calculation of intermolecular interdugtoreen
molecules in an ionizedlvent, such as Nadissolvedn water. It is mostly used to compute the
solvation free energy. The MNMBSA methods basedn the idea thahefree energy of state G

(not to be confused with free energy differe

0O % O YY (17)

Here, Eum is the molecular mechanics potential energy (see force field equatiors),tli@

solvation free energy from a PoisBoiizmann calculation and a surface area[1&%n and

TSuw is the entropy, which can be estimated elgnaimal mode analy§lglJ. Normal modes

describe oscillating movements of biomolecules such as bond sibfat@tective motions of

domains (see protein dynamics) and can be elucidated with molecular dynamics and normal mode
analysi§l4]. Anyway, based on 4. one can calculate the free energy difference upon binding

of a ligand to receptor via:

30 O O O (18)

In practice, the terms arealuated on an ensemble of snapshots generated by MD sampling and
subjected to averaging. Theoretically, it is advised that complex, receptor, and ligand would be
simulatedgseparately, however it has been shown that the loss of accuracy by only simulating the
complex is small. In their original articles, the authors investigate the binding free energies of a set
of six proteidigand compleeswhich all were analogs biotindng to avidin. They reached a
strikingly high correlation coefficient of 0.92 between experimental and calculated binding free
energies. Since, MRBSA and the tightly related method-RBISA, (GB: Generalized Born)

were heavily used to estimate bindewy énergies of small molecule ligands as revigd2gl. in

The review also reveals the major downside of the approach: poor precision. The precision can
however be increased by using maricaggs of sufficiently long trajectories, which inevitably
increases computational cost and limits the area of application. The accuracy famopewtein
complexes was assessed by Chen §4dl.using 46 complexes. Their studied revealed
experimensimubtion correlation coefficients betwe@i375 and0.523, rendering the method

inferior to PRODIGY for protekprotein complexes.
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1.4.3 Indirect quantification of binding

From a molecular dynamics trajectory, or an ensemble thereof, many valuable inforrbation c
extracted. In the case of a complex of a protein and small molecule or protein ligand, the binding
can most easily be characterized by the magnitude of the fluctuations of position and orientation
of the ligand relative to the receptor. It can bgined, that a ligand that binds tightly and stably

to the receptor and retains its position and orientation throughout the trajectory, will most likely
exhibit a high binding affinity. The one arguably most commonly used quantity for the quantitative
compaison of molecular conformations is thet mearsquare deviatigiRMSD). Between two

structures andj, it is calculated as:

YO YO 03 Or 0F  GOf GOfF  dp ag (19
Here, N is the total number of atoms of interastix, yandz correspond to the three spatial
coordinates. To compare only the conformations by means of bonds, angles and torsions, global
translational and rotational deviations must be removed. Therefore, the structure pfdnterest
structurally lagned to the referendeby leassquarditting of the atomic coordinates under
variation of the relative position and rotation. The Kabsch algdrétBman be used for the fast
calculatiorof a starting structure for teaperpositioning-or proteins, usually the alpha carbons
atoms are used féitting, whereas the backbone or whole protein can be used for the RMSD

calculation.

From MD simulations, the RMSD is routinely calculated and plotted as a function of the simulation
time frame and relative to the initial frame or the crystal structutendévolution of the RMSD

allowsto makestatements on the stability and convergence of the simulation, the conformational
space of the protein (molecule) as well as the discrepancy between different replicas. For
trajectories of molecular complexegait be expressive to align the whole complex by the
coordinates of only the receptor atoms, and to then calculate the time evolution of the RMSD for
the ligand atoms. With such an approach, rotational and translational motions of the ligand relative
to the receptor are explicitly taken into account. Hence, the stability of the ligand binding mode as
an indirect measure for binding affinity can easily be spotted from a set of equilibrium MD
simulations. Another application for the RMSD is the calculati@pdirwise RMSDs between
various conformations as a distance metric for clustering and embedding algorithms (see section
0OAdvanced s t)aQfsinsldr ioutiaelse issahe eobdt neasnuaré fluctuation (RMSF),

which allows the localizatiohstable and dynamic regions within a molecule. The difftyen
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the RMSD is that the positional deviation is averaged over the ensemble (time frames) instead of
over the number of atoms.

_— Probe

Solvent accessible
surface

VdW surface

Figure 111 Construction of the solventaccessible surface for an arbitrary molecul@ peptide backbone is
drawn as an example. The probeag/nunusually small for clarifhenumber of generated probe points determined
the resaltion and smoothness of the calculated solvent accessible surface.

Of similar general interest and also as a quantitains to evaluate molecular binding is the
solvent accessible surface area (SASA) and its change upon complexation. The apptbach allo
calculation of a molecular hull or surface, which confines the molecule from the solvent and reveals
the atoms at the boundary with frequent solvent interactions. It was first suggested by Lee and
Richards in 1971 [145] and later mathematicalyizgatiby Shrake and Rupley in 1973.[146]

can be imaged as a surface generated by rolling a spherical probe ovdekvéadissurface

of the molecul¢Figure 11). The Shrake and Rupley algorithm employs the following steps: 1.
Generation of a mesh of poimiisequidistant positions to the atoms. The distance is determined

by the VarderWaals radii dhe atoms and the probe radius. The probe radius is often set to 0.14
nm, corresponding to the size of water molecule. An elegant way to place points on a sphere are
the Fibonacci Sphere also known as Golden Spiral method [147].véhidlegioints areot

within the VarderWaals plus probe radii of the other atoms. These points are considered solvent
accessible and their fraction is proportional to the solvent accessible surface area. Precisely, it is the
fraction of accessible points multiplied bystime of the spherical areas around the atoms defined

by the VarderWaals radii and the probe radius. Besides the -Blu@ky method, few other
approximations for the SASA have been proposed and are frequently used such as the LCPO
method [148] or the peer diagram method [149].

In a protein, it makes sensatumulate the areal contributions of the protein residues to show
which residues are more or less solvent exposed. This, however, affords a normalization strategy

because larger amino acids woatdrally occupy a larger area. Thus, the term relative solvent
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accessibility (RSA, also called solvent exposure) was established, which expresses the SASA of a
amino acid relative to its maximum possible SASA. The maximum SASAs have been investigated
in arange of theoretical and empirical studi¢&4#[149 or most reently by[144. They are

usually based on theoretical considerations>{GGripeptides Earlier studies employed an
extended peptide conformation to estimate the maximum SASAs, thieereeant values use

bent conformation such as found in alpha helices. Intuitively, the curved conformation allows even
higher maximum SASAs. The RSA takes values between 0O for fully buried residues and 1 for
residues, which are most solvent exposdaturaty for protenprotein interactions, the change

in solvent accessibility upon complexation is of high interest and is an indirect measure of binding
strengths. The surface area, which is accessible in the single proteins and inaccessible in the
compex is called buried surfddd7. Additionally, the identification of certain residues that
undergo large changes (become buried) are often key drivers for the association and recognition.
They can thus be considered bindingshdt residues and may be targeted by -smoddicule
ligandg4148§.

The analysi®f the interface area can be accompanied by a thorough elucidation of the
intermolecular interactionsbetween receptor and ligand. The presence of a large number of
stable, favorable interactions such as hydrogen and ionic bonds or hydrophobic snteraction
correlates with a high affinity9 150. To quickly identify interactions within molecular dynamics
trajectories, intermoleculrntact occupatiomatrices or maps are frequently empldgéd.
Therefore, initially the pairwise intesidue distances are computed. As discussed before (see
Chapter 1.3.4), the definition of iatesidue distance varies among the applications. For
intramolecularresiduaesidue distances, alpha or beta carbon distances are used. For
intermolecular distances, rather minirheavyatom distances of the whole amino acid or only

the sidechains are utilized. Ceatenass or centaf-geometry distances are evenhéurt
options. In a next step, for every resrédselue pair, the ratio of frames in the trajectory is counted,

in which the pairwise distance is below a certain threshold. The threshold (also called cutoff)
depends on the distance metric as well as thieadipp. For a loose screen of possible
interactions, a heavy atom minimum distance cutoff of 0.6 nm might be sufficient, for the
identification of allosteric intramolecular networks an alpha carbon distance of cutoff 0.8 nm might
be more expressiy&5d. In the end, the contact matrix includes occupation values for each
reside-residue pair based on the chosen threshold. It is obvious, that an extended cutoff will yield

higher occupations and vice versa.

The contact matrix includes information on both the receptor and the ligand. It is usually rather

sparse, because the mjoof residues will not be involved in the interactions. Thus, it is
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customary to filter the contact by either an occupancy cutoff e.g. 0.75 or 0.9, or by complementary
information such as solvent accessibility or buried area. Additionally, the niarprajacted

to either the site of the protein or the ligand. Therefore, the pairwise occupancies can be cumulated
row- or columnwise to yield residwase contact occupancies. Apparently, the resgisieie

contact occupancy can exceed the value of 1lewhene receptor residue is frequently in contact

with multiple ligand residues. As this can be misleading, thewesscaezupancy may be limited

to 1, or the residue contribution to the total contact occupancy might be used. In the latter case,
the occupancy matrix is normalized by its overall sum. The pairwise, orwiesidumntact
contribution matrix (vector, respectively) indicates the relative importance of certain residues to

the binding energy and can be considered another theoreticalithtsioation approach.

When the major interactions are identified, they can be further classified. Feprptetein
interactions as investigated by MD simulations, it is feasible to roughly classify the interaction pairs
based on the residue typenino acids are classically grouped into apolar (hydrophobic), polar
(neutral), charged (basic and aadiegoriesThe hydrophobic amino acids are characterized by
aliphatic or aromatic sidechains with none or only weak hydrogen bonding capacjti@sp Th
includes alanine, valine, methionine, leucine, isoleucine, proline, tryptophan, and phenylalanine.
Polar amino acids carry hydroxyl (thiol) or amino groups and can thus engage in hydrogen bonding.
Tyrosine, threonine, glutamine, glycine, seystejne and asparagine belong to this group. Lysine

and arginine are protonated under physiological pH conditions and thus positively charged.
Glutamate and aspartate carry carboxyl groups and are hence deprotonated and negatively chargec
at neutral pH. Hitidine is an exception as its pKa is close toi7ivdépendthgon the molecular
environment and hydrogen bonds with neighboring re$idifesCanonically, it is considered

basic. It can, however, pesitively chargeth some instances. Considering preigitein
interactionsvhichare mostly sidechamediated, the most favorable interactions occur between
similar groups such as hydrophobic/hydrophobic, polar/polar or basic/acidic (acidic/basic, or
more generally charged/chargéd)particulay polar/charged interactions aiso favorable,

because charged groups can engage in so called short hydrogé4onds

For a more detailed analysis, the presence and qualgragen bondsiust be explicitly
investigated. In fact, the free energy contribution of a certain hydrogen bond towatals the
binding free energy depends on multiple geometric and chemical properties and ranges between 2
and 7 kcal/mol in most biomolecular syst&msious methods have been proposed to estimate

the hydrogen bonding enef@$3. In general, a hydrogen bond is characterized by three atoms,

the donor heavy atom with the bound donor hydrogen, and acceptor heaViettonor and

acceptor atoms are more electronegative than the hydrogen. The distance between donor heavy
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atom and acceptor heavy atom is around 0.3 nm and shorter. The angle between the three atoms
is close to 180°. Briefly, the shorter (up to a centashbld, i.e. covalent bond distances) and the
closer tolinear a hydrogen bond, the higher its dissociation §edgizven though hydrogen

bonds and their tremendous impact on biology and chemistry are known for many years, they are

still subject of ongoingsearch and particular features remain a matter of[@iBate

1.5 Statistical analysis of conformational ensembles

Complex formation between two proteins or a protein and small molecule ligand can induce
conformational changes in both the receptor (protein) and the ligandindaicaa fit or
conformation selection mechanism. In enzymes, theilgiacéd conformational changes might
directly affect the catalytic center and thus be substantial part of a selectivity njig68anism
Additionally, the catalytic cycle of an enzyme may encompass steps, in whiakalygfter
reaction, the protein adopts a conformation that literately ejects the product from the binding site
[159. The conformational flexibility in the realm of biomolecular reactions is often based on bond
rotations rathethan bond stretching or angle bending. Thus, conformational analysis often
includes dihedral angles.

1.5.1 Dihedral angle analysis

One of the earliest and most commonly conformational analysis of proteiRaisableandran

plotf16d. It i s a scatter or contour pl digueof t he
112. The angle P corresponds to the torsion a
structural biology applications, it remains 180° and is thus rarely explicitly considered. The position
of a point in the 2D torsion angle map, which corresponds to the backbone conformation of a
distinct amino acid, allows statements on the secondary structure of the protein at the position.
Thus, the Ramachandran plot of a single protein yields insighglobat structure and degree if
disorder. Ramachandran et al. realized that the torsion angular space of the protein backbone is
constrained to distinct regions (fully allowed and outer limit regions) due to steric hindrance.

In MD simulations, it can lyevealing to monitor certain torsion angles of a single residue over

the whole trajectory and to visualize the data in the same way as Ramachandran et al. Residues ir
a rigid region of a molecule will yield only points in a locally confined areaatf tileeptas

flexible regions might occupy multiple, distinct areas. When sufficiently large ensembles of tens of
thousands of conformations are available, it is customary to estimate the density of points at distinct
positions by either binning or Kernehdity estimatiod6]. Naturally, the density of the points

is then equivalent to the probability density of the conformation at tlalgagosition. A
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visualization of the point density or the probability density function over the conformational space
(G, H) is called probability map.

Analog to equatioh2 we can use the probabilities to constrireteaenergy magr free energy
lardscape

wus D
30o QM t— (20
where! G 14 gprresponds tthe free energy difference for the transition from conformation 1
with the probability densitytB the conformation 2 with the probability densityi Fe factor k
is the Boltzmamconstant with a value of 18802 J/K and T is the absolutemperture. In

practice, state 2 is frequently chosen as minimum energy state, i.e. the point of the highest density,
and the free energy map is constructed relatija 64.it
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1.5.2 Dimensionality reduction

For one or two dimensions, the above considerations are easy to understand and mathematically
implemented. However, in practice, often more than two torsion angles are necessary to describe
the dynamics of a protein. &lfiact, that molecular torsion angles are often not statistically
independent from each other, adds to complexity. Thus, the estimation of the joint probability
must be performed in the high dimensional space. The number of bins increases expomentially wit
the number of dimensions and the density tensor becomes increasingly sparse. Kernel density
estimation could theoretically be a reasonable alternative but suffers from numerical problems
especially with infinite Kernels (such as Gaussian) or whenufasttFansformation as applied

to speed up the expensive calculation. Therefore, two approaches are increasingly employed

individually or in combination: dimensionality reduction and clustering. Here, it is important to
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mention that torsion angles areguéic (circular) quantities. That means thedimensional flat
reorientation of the Ramachandran plot is actually a distortion of the true topological space, which
would be better reflected by a torus. This must be taken into account, when the hbdse met

are applied. For | ow di mensions, -dimensomh be
numbers z 4H163165s G, sin G)

Dimensionality reductiamethods utilize the intrinsic structure of hightdimensional data to
generate a lower dimensional projection or embedding. The aim of dimensionality reduction
techniques is to visualize the Wghensional data under minimal loss of variance and maximum
conservation of the pairwise differences Whuld allow that points, that are pairwise similar (by
whatever similarity metric) in the hiimensions, are also mapped together in the low
dimensional representation. Dimensionality reduction is nowadays considered a subfield of
machindearning, wéreas it was traditionally considered multivariate statistics. One if not the most
commonly employed technique is phmcipal component amatfisiss many variations and
generalizatiorj463. Mathematically it is equivalent to singular value decomposition diot base
the projection of the data along the vector of the highest variance. Considdailagshaefined
in ndimensional Cartesian space and is standardized i.e. centered and normalized, the PCA
algorithm is simple and robust. Initially, the covariance matrix is computed:
6 ¢ who E 6 ¢ ooho
# e E e (2)
0w E 06¢ who
The vectorspand x( i , j On) tocaumnsesfeatirasdf the data matrix X of shape (m,n)
where m is the number of samples atiterumber of features (dimensions). The covariance
matrix is symmetrical and the main diagonal holds only the variances of the data\dgcause

= var(x).

Solving th&genvalue problem

60 _0 (22

yields reigenvaluek andeigenvectors; of the covariance matrikae eigevectorcorresponding

to the largestigenvalue yield the projection with smallest projection error and largest variance.
The second eigenvector is orthogonal to the first one, and has the second imgestwarso

on. To project the data into e.g. two dimensions, the first two eigenvectors are multiplied with the
original data X to &tin the transformed data X*.

W o zd (23
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PCA has for example been be employed to project torsion angle data of peptides and to calculate
the free energy map in the projected sg&& In this way, the conformational space of a
molecule can be visualized in advmeensional map and free energy differences between distinct
conformations can easily be estimated. Gladgide is, that especially when features are periodic,

PCA is not able to separate point clouds in the projection and energy wells appear deeper than they
actually are.

Depending on the application, variants of PCA may be employed. EspeciallydioftMstfikbv

state modeling, the tirlegged independent component is used. Markov state modeling is process

of generating a Markov or hidden Markov state model by discretization of the state space and
subsequent estimation inrs¢ate transition rates. Markov state etwdre versatile tools to
analyze, understand and visualize the dynamics of complex systems and haveasgopdica

hypein the late 2010 years. However, their generation is tedious and accurate Markov state models
afford extensive sampling. Addiatly, the number of states and transitions should be humanly
comprehensibly. Thus, traditional Markov state modeling is slowly replaced by elegant, self
enforcing machine learning methods. The field of canonical Markov state models is nicely reviewed
by Husic and Pand&6g. Anyway, tindagged independent component analysis (tICA) still is of
value to reveal slow transitions in molecular dynamics trajectories and is therefore utilized to
identify collective variables for enhanced sampling m¢tleGds6g. The advantage of tICA

over PCA is that it includes ti me egemvdlues mat i c
andeigenvect®are not computed from tieevariance matrix, but a time lagged covariance matrix
[169.

Not a variant but rather generalizations of PCA are the manifold learningregnbetiahds-t
distributed neighbor embedding (tSNE) and its successor UMAP: uniform manifold
approximation and projection for dimension reduction. The former was proposed in 2008 by Van
der Maaten and cowork€tZ(J and has since seen extensive use in all fields of data science as well
as in cell biology and molecular simulation. The method allows embelsiptpaation of large

high dimensional datasets with unprecedented conservation of local and global structure. The key
idea of {SNE is that it carries over probabilities distribution from the high dimensional data to the
low dimensional embedding. This is in contrast to & basic embedding approach
(multidimensional scaling), which aims to reproduce the distances. The probability distributions
are two dimensional and encode the pairwise similarities. The algorithm thensnhigimize
KulbackLeibler divergencd 7] between the higtimensional and the embedded probability
distribution. Briefly, for discrete distributions as in the above case, the-Keiltlacklivergence

is the expectation value of the logarithmic differences betweg@olbability distributions. Ten



Introduction 39

year later, the UMAP algorithm has been propdggddnd quickly reached tremendous interest

in especially the single cell commyibitg. It is largely considered superiorSNE based on its

better performance, lower memory consumption and better preservation of the global data
structure. UMAP is centered on complex topological data analysis and a full derivation and
description of the algorithm is beyond the scope of thes.tigasically, the initial step is the
generation of kimplices by the highmensional data points. Asiknplex is the convex hull
spanned by k+1 points, i.e. a line connecting two points or a triangle spanned by three points, etc.
In the next step, tr@mplices are connected to a simplicial complex if they share a face. Comparing
the simplicial complex with a nearest neighbor approach shows that most information is encoded
in the @ and 1 simplices. Thus, the topological problem of the simplices tam&lated 1o a

graph and the embedding converges to a graph layout problem which can traditionally be solved
via spectral methods such as Laplagianmaps adiffusion maps. The full algorithm is of course

much more complicated to be able to deal with the complexity and diversity of real world data. For

instance, mathematical finesses, such as locally varying metrics and fuzzy open sets are utilized.

The threamethods (PCA;$NE and UMAP) are exemplarily shown fobaetuof the MNIST

digit datasett contains 70.000 images of handwritten digits in 28x28 pixel resolution. Each image
can be converted to a feature vector with a length 784 and entries betwlebrif@ure 113

A) In the twadimensional projection by PCA, a weak separation of the different clusters can
already be seen. This is significangiyoved in the-SENE and UMAP embedding. It shows that

both the embedding methods still have difficulties to distinguish between 7 and 9 as well as between
9 and 3. The clusters of 0 and 1 are well sepaFateole (L13B) Anyway, the visualization
highlights the huge advantage of embedding methods to visualiteéngional data in a low
dimensional space.
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Figure 113 Comparing different data dimensionality reduction approachesd) A subset of the handwritten
digits in the NST digitsdataseand B) corresponding twdimensional representationg6yA, FSNE and UMAP
embeddingown calculations)

1.5.3 Clustering

Whereas dimensionality reduction methods largely fulfil data visualization mwpterasy
algorithmsre highly useful to discretize the conformation space based on the structuraof the da
From a machine learning perspective, clusteglnggs tainsupervised learningethod and

stands in opposition to classification, which is mostly supervised. In the case of classification, one
aims to find a mathematical function, which allowp&vadabeladata points based on a set of
features. This mathematical function is called a classifier and, if well trained, is able to sort a new,
unlabeled points into the previously learned classed. Classification is one of the most central
problems bmachine learning and plenty approaches such a logistic regresai@stieighbor,

decision tree, random forest and deep learning, have emerged and are hEeRAl\l vi§ebh

traditional trajectory analysis of molecular conformations, the data is rather unlabeled. Thus,
classifiers cannot be trained via supervised learning snetibdunsupervised clustering
techniques are preferréidhas to be noted thain some exceptional cases, large databases of
orthogonal informatione.gexperimental binding constants or solubilities are available and

supervised learning is possiblerandmmended.

Anyway, analysis of the conformational space using clustering methods, also called conformational
clustering, is a common and intuitive wagiatoonly understand but also process molecular
dynamics data in automatized workfldingenerallyaims to identify groups of pairwise similar

data pointsClustering can be combined with dimensionality reduction methods to help evaluation
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of the clustering via visual inspection of the outcome on lower dimensional representation. To
what extent clusteg can be used in the embedded space is still a matter of debate. It appears
intuitive to exploit the quality of the embedding to reduce the mathematical and computational
requirements for the clustering algorithm. However, it is important to harmenappliad

metrics. That is, if the embedding preserves probability distribution and not distances; a distance
based clustering in the embedded space might be misleading. The metric lies at the heart of every
clustering algorithm and drastically affectgygaad performanch.is the mathematical function

used to quantify how similar or how different two points in the feature space are. Differences are
also called distances and are defined in the range of O (identical) to infahftgi@ety A matrix
containing the pairwise distances between all points in the set is called the distahceatmatrix.

is also called a norpecause the distance between two points is the absolute of the connecting
vector,and the vector can be noiired to unit length by dividing it by its lendstha low
dimensional Cartesian sp&cg.spanned by the two-8 bond distances of water molecule, the
Euclidean distance metric, also catimadard norm or-2orm is an intuitive and often expedient
choice. The sdimensional-2orm is defined as

QEQ W ds 0P v (24)

where d(i,j) is the distance between the two poiatsl % Vi is the connecting vector, and k

indexes the different dimensions (features). Such a norm is a representativecall@édepso
norms, with p=2. It can be easily generalize
the choice of p affects thetoome in higher dimensions was systematically investigated by
Aggarwal et g117§. In their mathematical experiments, they draw points frordiarensional

uniform distribution and calculate the distances to the closdbe dadthest points from the

origin. The normalized difference between such distances is measure for the contrast of the applied
metric. Interestingly, with the Euclidean metsiiw(fh), the contrast increases only initially with

the number of dimension&/hen the dimensions exceed of number of 10, the contrast only
increases marginally. Thus, when points in e.g. a 20 dimensional space significantly differ in only a
few of them, the Euclidean norm will not be able to distinguish between them. Thisoobservat
has been coined o0Curse of Di mensionalityéo.
reduced by employing a different norm, e.g. the extreme cases-mdrthe the Inorm also

known as Manhatten or Cityblock metric or the inmatyn, whichs also called maximum norm.

Besides the-porms, a broad range of different metrics exist which are optimized for their specific
fields of application. For example, the Haversine metric, also called great circle distance allows the

calculation of the shiesst path between two points on the surface of sphere given their longitude
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and latitude values. It was not yet accomplished to generalize the Haversine formula into higher
dimensions. Other examples are distance metrics for Boolean vectors suclcasl ttistdace
also known as Tanimoto score.

With the choice of an appropriate distance metric, the clustering can finally be performed. One of
the most used and most intuitive clustering algoritiimsangL77. In contrast to other
clustering algorithms, it operates with the actual data points and not only their pairwise distance
matrix Figure 1L14A). The aim is to find a partitioning of the data points, so that the sum of the
distances between points within a cluster and their mean is minimized. The number lof clusters
is an input pameter for the clustering. The algorithm operates in three steps, of which 2 and 3
are repeated until convergence is reached:

l.Initialization: The first k Omeanso6 (seed
2. Assignment: All data points are assigned to their nearest mean

3. Update: Th cluster means arecadculated

Convergence to the global minimum is not guaranteed. Hence, in practice multiple attempts with
different initializations are performed and the sums of intrachssa®ices to the centroids are
compared. Apparently, theitialization method is key to find the global minimum. In an
assessment of Celebi eflalg, they figured that therkeans++ variant performs generally well.

This approach was suggested by David and Vass[li/tgkand exploits the data structure to

place the seeds in well separated areas.

Another class of clustering aitions is densitpased clustering with one massively used
representative being DBSCAN (DerBiged Spatial Clustering of Applications with Noise)

[180. The number of clusters as well as the ratio of noise (unclustered data points) is determined
by the algorithm based on t KiguretlludB). DBGCANar a met
and derivatives are attractive for molecular dynamics trajectory data because the density is
equivalent to the energy as described earlier. Thus, clustered conformations are likely to belong to
the same energy minimum and not deosiipected pats are disconnected by high energy
barriers. Popular extensions to DBSCAN are OP[LEIsand HDBSCAN183. In the original
approach, the density at each poi-emtironment. est i m
This information is readily available from the pairwise distance matrix, imdependeutilized
metric. When a point h a sneighborhbaogl,ats tonsuered a soeemp | e
point. Every point that has | ess than min_sa
is a bordering point. Every other pois considered noise. Finally, a reachability graph is
constructed through c-endirorenentsibynegiges Pairveise peachablé s v

points are clustered together. Boundary points are assigned to the cluster of their connected core
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point. DBSCAN reliable recognizes clusters with different shapes and sizes and filters noisy points.
It has however difficulties to distinguish clusters with different densities. The latter topic is partially
addressed by hierarchical DBSCAN (HDBSCAN).

In generalhierarchical clustering is a family of distaased cluster analysis, which can be further
divided into agglomerative and divisive approaches. Both ways aim to build a hierarchy of clusters,
traditionally visualized via dendrografigu¢e 114 C). The standard method is hierarchical
agglomerative clustering. Here, each observation (point) starts in its own cluster. In each iteration,
the most similaclusters are merged. The algorithms are often implemented recursively. In
completdinkage clustering, the distance between two clusters is the maximum of the distances
between the points within the respective clusters. Inlsikglge clustering, ittise minimum

di stance. Another popular |l inkagB3ctni War doas
method, the cluster distance is the sum of squared pairwise distances between the points of

different clusters.
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Figure 114 Schematic representation of different clustering algorithmsA) A point cloud is clustered via k

means (k=3) clustering. The assignment is chosen so that the distances of the points to their means (black x) is
minimized. B) Visualization of a DBSCAN calculation for certain core point and a min_samples value of 13. C)
Distribution of six pointé&f) and the corresponding dendrogram.
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1.6 Physical characterization of thin moleculalayers

Molecular layers, such as-asfembled monolayers (SAM) and or lipid bilayers must be
considered separately from globular moleaudesutk phase, due to their confined, almost planar
geometry. These almost #dimensional assemblies form a distinct, clearly bounded phase.
Physical characterization included the description of the phase as a whole as well as the

conformations and motis of the molecules within.

1.6.1 Global descriptors

The distance between the two outer boundaries (phase boundaries) is called the thickness or in
case of SAMs also the height of the layer. Experimentally, the thickness of lipid bilayers is often
measured via NMR spectrosc§p$4 whereas the height of SAMs is rather investigated by
ellipsometry189 or neutron scatterif@8qg. Depending on the experimental method, the results

may differ. In NMR and neutron scattering, the relative position of the heavy atom nuclei is
analyzed, whereas ellipsometry rather recognizes the interfacial boundaries. Computationally, both
observablesan be read off from normal direction density profiles. The density profile is generated
from a molecular dynamics trajectory by dividing the simulation box into a number of horizontal
slices and determining the masgghted atom number distribution. Hfere, it is customary to

center the layer at a certaicoprdinate to avoid smearing of the density peaks due to normal
directed motions of the whole layer. The density profile of a lipid bilayer has two significant peaks,
which correspond to the posit®of the phosphate groups and mark the position of the head
groups. The distance between these peaks is the thicknd3®Rbidkness) of the lipid bilayer.
Interestinglythe closer towards the center of the bilayer, the density decreases wbstlitss a r

of decreasing order and increasing flexibility of lipid tails.

While the thickness describes the layer in normal direction, the lateral directions are characterized
by the area per molecule, also known as molecular area or in the case geipiiphilarea.

The lipid area is a measure of the areal density of the layer. In a molecular simulation, the molecular
area can be obtained from the number of molecules in a layer divided by its lateral dimensions.

This affords that the layer had endirgle to sufficiently equilibrate in an NPT ensemble (flexible

volume).

A third experimentally and computationally observable figure is the bond order ga&ineter

184§. It is usually investigated for the ca#lwparogen bonds of the fatty acyl chains and indicates

the degree of packing, or in other words, it quantifies if the leslether adopt liquatystalline

(getlike) conformations (order parameter is high) or if they are mostly disordered (order parameter

low). The order parameters can accurately be measured via NMR and are geometrically defined as
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where G denotes the angle between a bond Ve
represent time and ensemble average. In the case ofmaotealilar assembly, an ensemble is
already present from the number of different molecules. Thus, estctmtsinglenolecule
simulations where the ensemble is generated via temporal sampling, here, an ensemble is generate
by different instances of the same molecule plus temporal sampling. In some cases, it makes sense
to distinguish between time and erdenimolecule) averaging. Inspection of equafios
revealing. The angle G range is between 0 a
projection of the angle to the rangef]]. The square raising, however, folds the negative values
forG>90A into the first quadrant and the disti
Instead, thecdS s hows how far the angl e tilsFinalythey f r or
parameter is mapped to the rang® & to 1, where 1 irudites a bordormal angle of 90°, 0.5

of 60°, 0 of 30° anéd.5 of 0°. The introduction of the order parameter and the consequent
avoidance of directed angles only allows meaningful averaging. Thus, an average CH bond order
parameter 0.3 and higher canydmé achieved by a collectively similar conformation and

orientation of many acyl chains, which corresponds to a gel like phase.

It has to be noted thathe three descriptors thickness, area and order parameters are physically
interdependent. A layer of molecules with for example 16 carbon acyl chains can adopt different
phases: a gar waxlike, secalled lo liquid orderegldhase or an amorphic,uid disordered |

phase dependirum the degree of saturation. In the liquid ordered phase, all tails are in a similar,
extended conformation. The order is high, the lipid area is small and the thickness is also high. In
the liquid disorder phase, the aay$ are literally melted and cover a larger area. The thickness
and order parameters decrease. Excitingly, both phases can coexist in a multi component layer. A
liquid ordered phase within a liquid disordered bilayer for example is called lipi¢aafirand

cells serve as a dockingpgsition and signaling platfofr89.

1.6.2 Spatiotemporally resolved description

In lipid bilayers, metules underlie a slow lateral diffugi®f. In contrast to a protein in water,

the molecules of terest are solvated in their own kind and additionally constrained to the
molecular layer. Interactions are mediated by head groups and the acyl chains. The acyl chain
interactions are predominantly formed between saturated (more ordered) or betwetadinsatu
(more disordered) chains and usually -tied. Hence, a temporal avetlageed description

must be employed for the quantification. One way is the spatiotemporal analysis of the bilayer

properties. For example, it is possible to analysis thedosd) using a discretizatimased
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approach andlucidate the temporal averages over various lag times. Such an approach reveals
transient, locally constrained, cholestatobhases in model bilayers. When a distinct solute, such

as a membrane pratgieptide or protein, is of interest, radial or cylindrical distribution functions
(cdf) might be revealing. They are constructed by counting representative atoms within spherical
or cylindrical shells of increasing radii around the solute. For laygjeeradii converges to the

bulk (global layer) density. For small niaglifirst and second solvation shell, differences among

the various molecules in the bilayer show preferential interaction partners.

In SAMSs, lateral diffusion is severely limithce, the spatial arrangement of mixed SAMSs is
predeterminedby interactions in the solvent phase before the adsorption stage, or through
interactions during the adsorptions. Unfortunately, the SAM are mostly probed after adsorption
and earlier effectse neglected. In mixed SAMs, in which one component is functionalized with
large moieties such as acyl chain anchors connected via a polyethylene glycol (PEG), interesting
intermolecular interactions can be indirectly observed with spectroscopic Featleodsnple,

the degree of order is proportional to the concentration of the @achong components

because of pairwise stabilizing interactions.

1.7 Structure and aims of the thesis

In this research thesis, the computational technique of molecularslgmauoiétion is critically
assessed for its capabilities to quantitatively disclose the molecular fundamentals of macroscopic
observations. However, it was decided that the work should not be conducted in a way of a
benchmark study but as a set of appti@lécular dynamics studies on recent, practical problems

in the fields of biology and chemistry. Therefore, we collaborated with different labs who were
interested in specific questions and in return shared their expertise and experimental insight. This
way, we could study the MD method and its limitations, develop novel, integrated MD workflows,
and thereby also perform fundamental biology and chemistry research. This work is truly
interdisciplinary, as it combines theories from the fields of numeriahatats, computational

physics, machidearning (multivariate statistics), programming, physical chemistry, and
biochemistry. The interpretation of the results additionally affords knowledge in the fields of
spectroscopy, preparative chemistry and sydbestogy. It is apparent, that in such an
interdisciplinary framework, not all theories can be studied and described in extensive detail and
some methods herein are applied and interpreted without a complete description and discussion
of their physical anathematical foundations.

We have applied MD simulatitm three classes of molecular systems, namely bimolecular,

unimolecular, and multimolecular systems. Thanthbiomolecular systems can be considered
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of biological interest, whereas the multimolecular systems are rather-chiemistity The three
classs make three blocks within the thesis, in which similar modeling and analysis methods are
employed. However, each individual problem has its own chapter because it corresponds to a

manuscript which has either been already published or is still in shaegisaof preparation.

The two bimolecular system chapters deal with the intermolecular interactions between a
protein receptor with small molecule ligand and protein receptor with a substrate protein. The
former receptor is th@rovirus protruding donrawhich interacts weakly with putative allosteric
modulators that a present in the human gastrointestinal system: bile acids. The binding mode of
the bile acids was not a priory known and was predicted using an ensemble docking workflow.
Based on the piection, the proteiligand interactions were studied using MD simulation and
compared to NMR chemical shift perturbation experiments. The results shed light on the bile acid
recognition of humamorovirus and deepen the understanding of the importance of
conformational selection for docking approaches. In the latter system, selective binding of a
diubiquitin protein substrate to a either a human or a bacterial isopeptidase enzyme, crystal
structures of the complexes were available. MD simulations dfytme€mwith and without the
bound substrate proteins were performed and analyzed in unprecedented detail. The effect of
substrate binding on the competence of the catalytic triad was assessed as well as the composition
of proteinprotein interactions at theo major binding surfaces. The results were contrasting
some experimental conclusions and yielded the insight that an intentionally induced mutation in
the substrate on the bacterial protein complex has led to a migitaghiregation of therystal
structure.

The unimolecular systems are comprised of a single protein molecule within a solvent phase. One
of these proteins is heawglycosylated human growth factor erythropoietin (EPO). Here, 16
models of EPO were generated, each with a differergydgdton pattern. The mutual interactions
between the glycosylation and protein were studied with the aim to understand how glycosylation
alters the proteins biophysical properties and how the site of the glycosylation selectively affects
the local proteiand glycan conformational spaces. The other protein is the protruding domain (P
domain) of the norovirus VP1 capsid protein. It was used to study the posttranslational
modification of deamidation (aw&action of asparagine to aspartate or glutanghedmate),

which is a key driver of protein degradation and eshei¢ lives of therapeutic proteins. Here,

the Rdomain is an exquisite model because only one residue selectively undergoes deamidation
with especially high rate. We use extensive Milasons and advanced statistical and geometrical
analysis to study the conformational spaces of the various deamination candidates to allow a first

dynamicsased deamidation prediction model.



48 Structure and aims of the thesis

In the third block, multimolecular, layered systems aralsiitgeinitial, short chapter serves as

a transition from biological to chemical systems and introduces the conceptgifatoagand

the MARTINI force field. It deals with the preferred interactions of merAboand peptide

with the lipid molecules the surrounding bilayer. The second part shows how the methods of
coarsegrained bilayer and membrane anchor modeling were transferred to a new class of systems:
selfassembled monolayers (SAMs). We have developed a novel and complete modeting, simulati
and analysis workflow for SAMs based on cgeaseed representation, a hexagonal packing and

a flat surface model. This automatized protocol allowed rapid computational screening of the
variety of mixed SAMs and predicted physical properties witachiglacy. After resolution
transformation to futhtomistic detail, analysis of intramolecular interactions and resulting changes
in conformation and orientation rationalized molepdeific differences in infrared reflection
adsorption spectra. The siations together with experimental spectra led to the conclusion that
certain SAM components aggregate either in the solvent phase or during the adsorption stage,
which leads to highly nésotropic SAMs. In the final chapter, the advantages of th&Adbel

model are utilized to investigate interactions between such mixed SAMs and adsorbing lipid
vesicles. The interactions occur during the preparation of tethered bilayer membranes, when lipid
vesicles are titrated onto SAMs. At a certain vesicle catwenand with a correct SAM
composition, the vesicles rupture and the released lipids aggregate into a bilayer. How the SAM
composition affects the critical vesicle concentration is unclear. Steeredratoads&D
simulations were carried to initiseractions of vesicle and SAM. In subsequent equilibrium
simulations, the SANesicle contacts were classified and quantified. Together with quartz crystal

microbalance studies, the results indicate that SAM components with a proficiency to form

The thesis is structured in a way that the individual research chapters are framed by statements on
how they fit into the main topic of molecular recognition and comments on the aswliracy
feasibility of the molecular dynamics method for the particular problems. The global aim of the
thesis is to develop a generalized, dynaasesl perspective on selective molecular interactions

and their effect on the macroscopically observabladrehav



2 NOROVIRUS RECOGNITION OF BILE ACIDS

In this chapter, the binding of bile anioleculs to a norovirus capsid protein is investigated using
molecular dynamics, docking, and NMR spectroscopy. The NMR experiments were performed by
collaborators at the University of Lubeck. The developed workflow may be of general interest for
the estimation of binding modes of low affinity bindérschapter is published[i91].

2.1 Introduction

Norovirus infedbns are among the leading causes of infectious gastrogr@2i® and pose

a major health threat for immunocompromised pafE3dsand people in developing countries

[195. To enable infection, it is essential that the protruding dorrdam@m) of the norovirus

capsid protein VP1 attach to presented-bistad group antigens (HBGAS) of the host (EN}6

199. Hence, the HBGA binding site has been employed as a target for the development of
potential virus entry inhibitdd&99201, however with no clinical sifigance. Interestingly, recent
successes in the development of norovirus cell culture 4262213 yielded the insight, that
besides HBGA®ile acids function as important infecfpoomoting cofactor04 209.

For particular norovirus strains, bile acid bindings sites with micromolar affinity have been
identified crystallographicd®04 206 and localized in proximity of the HBGA binding sites.
Here it is to mention, that the VP1 protein appears as a dimer. Thus, theadiggetwo
symmetrical pockets for HBGAs and bile acids. To our surprise, the dominant human disease
causing norovirus strains Gll.4 and GII.17 dodigglaybile acid binding to these pockets. Yet

still, bile acids are essential (Gl1.17) or at leasbpve (Gll.4) for norovirus infectiom this

chapter, microsecond scale molecular dynamics (MD) are employed in combination with NMR
spectroscopy by collaboration partners to identify a novel bile aciddiiealitgjl.4 and GII.17
P-domains and tpredict the ligand binding mo&eich MD simulation can reveal transient ligand
binding pocketR07, which are also referred to aspotkets, adjacent pockets, channel/tunnel,

or allosteric pockef20g. Small molecule ligands (such as bile acids) may selectively bind to one
or to an ensemble of such+epasting conformatiorj$3g. The theoretical methodereguided
andrestrained by NMR experiments, which are described in the following section.

The selective, yet low affinity binding bile acids by the norcdionsah dimeis an archetypical
problem in the area of eadug discovery, in which a drug candidate was identified through a
screening experiment. Thiscatled hit would then be optimized using medicivahistry or
structure based approaches or a combinatgwoeadth The aim of hib-lead optimization is to
establish and to strengthen specific prtiggand interactions by the introduction or alteration of

chemical group09. The chemical effort can be lowered by strugtuded restrain{14.
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However, cecrystal structures of the protégand complex at this leadfinity binding stage are
often impossible tgeneraf@1]. Here, we show an NMRiven ensembigocking workflow as
an alternative approaichestimate both binding site and mode of aaf@inity ligand.

2.1.1 NMR spectroscopy

Three classes of NMR experiments were conducteddrguRznacher to investigate bile acid
binding to Norovirus fimers. 1H15N TROSY HSQC and methyl TROSY chemical shift
perturbation (CSP) experiments were performed to identify the bile acid bindin{§igegen

2.1). SaturatiofTransfer Difference (STD) NMR allowed the estimation of a binding epitope of
cholic acid and NMR titration provides binding affinities for the various cholic acigFsgacees

2.2).
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Figure 2.1: Chemical shift perturbation upon cholic acid binding to Norovirus Pdimer. A) 2D NMR spectra

of selected residues in bound (red) and unbound (gray) state. B) Euclidean shifts of each residue. Orange bars are largel
than the mean plus the standard dewiaRed bars are larger than the mean plus two times the standard deviation.

C) Surface model of Sag®imer with residues colored according to the significance of chemical shifts. Colors
identical to panel B.

CSP NMR experiments allow the observatidheothange in the NMR spectra of especially
proteins upon complexation e.g. with a small molecule ligand. As the hereinspecirdeare
two-dimensional (25N and 2HL3C), the chemical shift perturbation is calculated as the
Euclidean distance betmethe peaks. Usually, many of the NMR spectral peaks undergo a slight
change in such experiments. Therefore, the significasti@3felected as the ones which are
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larger than the averaghis the standard deviatioof all measured CSH214. The CSP
meaurements require neamplete NMR peato-residue assignments of backbone and methyl
groups. For the herein consideretbmains of the Gll.4 Saga strain, this was previously achieved

by Mallagaray et[2lL3. In presence of 8 mM CA, the chemical shifts of-the€r are perturbed

in a distinct region of the protewhich is on the opposite of the regular substrate binding pocket.
The highest significant backbone TROSY CSPs are reported for Val508, Gly503, His505, Leu507,
Asp506, Tyr514, Leu486, Leu249, Asn512, and Val234 (in order of decreasing CSP¥ Their CSP
are larger than the mean plus two standard deviations. For, GIn504, 11e509, Phe487, Gly252,
Leu527, Asn479, Vald78, Asp481, Asn522 and Gly264, the CSP were also significantly high, yet
only higher than the mean plus one standard deviation. Most of 8 Rigesidues form a large,
continues patch on the protein surface and only Val234, Leu249, Gyl252 and Gly264 are in remote
positions. In addition to the high backbone CSPs, Val478, Leu486 and Leu507 show also
significantly high methyl TROSY CSPs. Teeunal residues Leu527, Ala528, and Met530 have

high CSPs exclusively in the methyl TROSY spectra.

Figure 2.2: Epitope mapping of cholic acid. The redatomsreceive high saturati¢80100%)and become most
buried.Yellow atoms correspond to-80% received saturation.

On the bile acid site, the binding can be explored by STD NMR. The highest saturation is achieved
at the hydrogens of C3, C12, C18 and C19 which belong to the more hydsdaphblaowever,

also hydrogens at C7, C16, C16, C21, and C23 on the opposite site receive saturation from the
protein. Additionally, dissociation constat®KCA and GCDCA were determined using both

CSP NMR and STD NMR titration. The &f CA against Gl Saga-Bimers is in the order of

10 mM, and around 4 mM against Gll.4 virus like patl®s) The affinity against VLPs and

P dimers of other Norovirus strains is similar or lower witrakies ranging from 6 to 32 mM.

GCDCA has slightly highefiaity to Gll.4 Saga P dimers (1.5 mM).
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2.2 Method

2.2.1 Model generation

Cholic acid was modeled using CHARMWMI ligand readdi7§ with a coordinates from RCSB
ligand expo[214. The parameters were generated using CG&idFks implemented in
CHARMM-GUI. Cholic acid is structurally related to cholesterol, which is heavily studied in bilayer
simulationsas frequently performed using the CHARMM lipid force fi@g#l 219. Thus,

parametex for cholic acid were considered sound and reliable.

The protein models were generated using the CHABGMMPDB readef214. For the Gll.4

Saga strain, the crystal stnecftom PDBID 400X [217 was used. Histidine residues 292, 347,

417, 460 and 501 were protonated at Ne position. Histidine residues 378, 396, 414, 490 employed
the standard scheme: protonation at the wigltgen. Histidine 505 was double protonated and

thus charged. Both subunits,, the whole dimer was modeled. Both the temaiaicharged {R

NH3+, R-COO-). Using the CHARMMGUI quick MD simulatoj21g, the cubic simulation box

was generated withleast Zim space in every direction from the protein. The box was filled with
TIP3P watef219 220 and ionized to 0.15 M NaCl using random ion placement. Protein topology
files includingCHARMMS36 parameters were generated by CHARMM To investigate

possible further binding hotspots for cholic acid, five instances of the molecule were added to the
simulation box. They did not undergo stable interactions with the protein or thentselees an

thus neglected.

The docking scores and poses were computed with AutoDocld24n@er.1.12). Receptor

(Gll.4 P-dimer) and ligands (bile acids CA, DCA, CDCA, and GCEIQ4e 2.3) were prepared

for docking with AutoDock too[428. Theprotein was kept rigid, whereas all rotatable bonds of

the bile acids were flexible. Gasteiger partial cli22desere assigned to receptor and ligand.

The cubic search space was set up to encompass all perturbed amino acids in the binding region
(Figure 2.4 D). The search was performed with an exhaustivenes8Bak6d.on the generated
topologies for the-dimerand cholic acid by CHARMBUI, the complex systems were solvated

with TIP3P water, and ionized to 0.15 M NaCl using GROMACS tools ver. 5.1.5. Whdkethe w
complex was simulated, the bile acid was only bound to one monomeric subunit. The box size was

identical to the initial protein conformational sampling.
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Chenodeoxcholic acid (CA) Glycochenodeoxycholic acid (GCDCA)

Figure 2.3: Chemical dructures ofthe hereinstudied bile acidspecies.The strutures diffein thehydroxylation
pattern and th&il group.

2.2.2 Simulation protocol

Thesimulations in thishapteremployed the CHARMMS36 force fighd. Verlet cutoff scheme

[223 was employed with neighbor list updates every 20 steps. Trangjeoneighbor list cutoff

was 1.2 nm. @bomb interactions were treated with the Particle Mesh Ewald [9&t86c223

224, where short range interactions were cutoff after 1.2 nrideMaAfaals intection were

cutoff via a forcswitch nodifier between 1.0 and 1.2 rirhe conformational sampling of the
protein was achieved byimitialminimizationfor 5.000 steps ing the steepest descent algorithm
followed by 100 000 steps N¥iMd100 000 steps in NReEQuilibration (time step.aL and 0.02

ps). Production sampling was generated for 1 psa@sd®yps time stefpemperature coupling

was achieved with the Nobover method22]3 (target temperature of 303KL5coupling
constant of 0.f¢s during equilibration and p®during production). Protein (plus the bile acid
ligand, if present) and solvent (including water and ions) were coupled individually. The initial
temperature distributions were generated according to a MBsltzihann distribution at 293.15

K. Pressure coupling was achieved by the Berendsen j@8pdiating equilibration and by
Parinell@dRahmar22§ during production (both using a coupling constanpsfd a reference
pressure of bar). Proteimnd ligand heavy atoms were restrained during equilibration. Hydrogen

bonds were constrained, with constraints solved by [BRZ229.
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2.2.3 Trajectory analysis

Backbone RMSDs and RMSFs were calculated using GROMAG#ntootsand gmx rmsf
Translational and rotational displacements of the entire complex were removed the fittin
trajectory to the crystal structure. The differences in pocket volume was calculated with POVME
3.0[229. The search space for cavities was set up mansialbphsres with varying radii to fully
encompass the expected binding cavity. For the pocket volume and docking calculation, the

trajectoy was aligneaking onlythe significantly perturbed resid{fegure 2.4 C-D).

Based on the MD simulation of the cholic @&ciB-domain complex, contact analysis was
performed with MDTrgj23Q. For each frame, for each amino acid, a contact was counted if at
least one heavy atom of CA was in proximity aird.6r less to its backbone nitrogen. The
contact occupancy of aniamacid is the number of counted contacts dived by the number of
frames. The stability of the complex was assessed using the relative RMSD of cholic acid to the P
dimer. Therefore, the complex was aligned by-dimad? backbone coordinates and the RMSD

of the cholic acid was computed. This RMSD included translational and rotational motions. The
average of the last 10 ns were consitteradke a decision on stability.

2.3 Results

2.3.1 Molecular dynamics sampling of the Fdimers

The crystal structures of the @15aga®imers[217 do not exhibit accessible binding pockets

in the suggested baeid binding region. Thusd molecular dynamics sampling oPtdenes

was conducted. The protein and binding site dynamicsnaeitered by means of backbone
rootmeansquare deviation (RMSD) and fluctuation (RMSF) relative to the crystal structure
Additionally, the relative change in binding cavity volume was calculated for every time step.
Furthermore, molecular docking of ahaltid toward conformational snapshots oPitieners
throughout the dynamics simulation was performed, and the best docking scores were monitored
(Figure 2.4 AB).
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Figure 2.4: Molecular dynamics samplingand pocket measuring of the Saga-Bimer. A) RMSD, relative

pocket volume and docking scatesngthe trajectoryThin lines and scatter points represent the determined values

at 0.1 ns (RMSD) and 1 ns (!V, evm@averdges ¢Nx=50)p B)Resiguer at e .
wise RMSHnappedonto the surface (left) and backbone (right) of the protein. C) Pocket search space (top) and
occupancy isosurfaces for 0.5 angd@rRet occupanci@sottom). D) Protein alignment to the significangjiz RISP

residues and docking search space.

The RMSD in the first 200 ns is as low as 0.11 nm and then slowly increases to 0.2 nm during 300
and 400 ns. The value of 0.2 nm is stable until 600 ns, after which the RMSD further increases to
0.25 nm. The chaeg in the RMSD are low and show the absence of large structural
rearrangements concerning the whole protein. However, the small increases in the RMSD are
rather stepwise. Thus, the RMSD reflects small and localized conformational transitions. The
RMSF is sed to localize conformational flexibility. Most of the protein is rigid with RMSF values

of 0.1 nm smaller. Typically, higher flexibility is localized in the loop regions and the termini.
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Interestingly, though, ti@terminus is a major part of the sutggkebile acid binding region.

Upon alignment of the trajectory along the high CSP residues, the conformational space of the
binding site becomes evanreapparent. The protein backbone forms a large elliptic grasp with

an open center. However, the ceistgrartially blocked by tkkterminus. The outer scaffold is

rather rigid and underlies only marginal fluctuations. -Térenfdus on the other hand is highly
flexible can adopt multiple conformatiérimth bound to the protein and mostly solvated.

These conformational dynamacswell reflected by the relative change in cavity vdiumest

be noted that the relative cavity volume is considered, because an absolute volume for such a
shallow region is difficult to defii281. Thus, changes in the volume of an arbitrary search space,
defined as a set of spheres, are used i{&28q@dee Method). The methodology allows not only

the quantification of the pocket sizé¢ dmly detection of transient cavities, which are only rarely
accessibldn the first 400 ns of the trajectoryjnitreased b§00 nm?3relative to the crystal
structure. &er the first conformational transiti@nincreasesven further and devia2® nm?2

from the initial valueDuring andafter the second conformational change, the relative cavity

volumeincreasean evemeachvalues of up to 400 nm2,

2.3.2 Ensemble docking of bile acids

To assess the quality of the sampled pocket conformations to adaterbrile acid molecules,
they were utilized in smalblecule docking. Each CA, DCA, GDCA and GCDCA were docked
against each conformation of the sampiedimerconformational ensemble. The bile acids were
fully flexible, whereas the protein was rigich &n approach can be advantageous over flexible
protein docking, when enough receptor conformations can be s@8Rldgachof the best
docking scores throughout the trajectory were averaged among the four bile acid molecules and
monitored.Initially, when the pocket volume is small and the protein conformation is close the
crystal structuréhe scores are in the rangesod kcdmol. After 400 ns, however, thesop to

-6.5 kcal/mol in average and can even achieve scefdsalimol and loweinterestingly, the

best scores are not achieved when the pocket volume is maximum, bug awfemd 200 nm?2
larger than in the @tal structureSuch a volume is realized by conformations in which the
terminus has moved away from the center of the pocket and towards theThatthve. best

average dockirsgores are subjected to further aimlyy visual inspection of the higdposes.
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Figure 2.5: P-domain bile acid binding site.X-ray structure (in absence of small molecules) and the-Beeliog

poses resulting from dynamic docking of CA to MD snapshotsliofeBs.The protein surface is color coded
according to experimental CSPs. Backbone CSPs largg2ibdre shown in pale red. CSPs larger@&iom

methyl TROSY experiments are yellow. CA is shown in blue with oxygen atoms highlighted in regiesmak tiycs

omitted for clarity. The numbers represent the average of all bile acid docking scores with the CA docking score in

brackets (kcahol 2).

The docking poses of four molecules are broadly identical with only few eXEégpui@n2.5).

Thus, only the predicted binding modes of CA are discussed in detail. All poses have in common
that the hydrophobic cavity arounelub07 is accessible due to thHerfinal residues being

moved to the side or the bottom. This allows deep burial of the carboxylate group of the bile acid

to form interaction with Leu527 and neighboring residues. Otherwise, the poses mostly differ by
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ther rotation around the sterol backbone. Here it is recapitulated that the sterol backbone is of
rather flat geometry and structurally rigid. It has perpendicularly oriented methyl groups on the one
face, and a number of hydroxyl groups on the oppositélfecaumber of hydroxyl groups
determines the type of bile acid and its solubility. The hydroxyhtfe@uis common among all

bile acids. Cholic acid, for instance, has two additional hydroxyl groups: one at C7 and one at C12.
In pose 1, these hydrogybups are oriented towards top residues His505, Leu506 and Val508. In
pose 2, these groups are facing in direction of the solvent. Pose 3 to 5 have the hydroxyl groups
oriented towards Leu486 and PheZ8&.docking score only includezh+bonded interamins

and not conformational distortion of the receptor protein. Thus, a conformation which allows a
perfect fit for the ligand molecule, might be energetically unfavorable. The balance between ligand
binding energy and energy of the conformational chatggeithes the true quality of binding.
Unfortunately, the energy of the conformational change is computationally difficult to assess.
Instead, the docking will be further evaluated by molecular dynamics simulations of the protein
bile acid complexes.

2.3.3 Resampling of protein-ligand complex dynamics

The complexes of the top five poses were each utilized as initial configurations for ten replicates
of 20 ns explicit solvent molecular dynamics simulations. The stability of the docking pose was
assessed by mearfisigand RMSD$Figure 2.6). The ligand RMSD is computed as the RMSD

of the ligand upon leasfjuare fitting of the recepdaggand complex by the CAom of the

receptor protein. It thus explicitly includes translational and rotational motions of the ligand relative
to the protein. The average ligand RMSD of the last 10 ns is used to filter out stabilized trajectories.
Depending on the pose as wellrashe initial, randomly generated velocity distribution, the bile

acid ligand may remain stable at the initial position (RMSD<0.3nm), it may rearrange and then
stabilize (RMSD < 1nm) or it may dissociate (RMSD > 1 nm). For pose 1, ligand RMSDs of 0.9
to 72 nm are reported and only one trajectory replicate (Rep. 9) stabilized at a RMSD of 1 nm or
lower. Starting from pose 2, replicate 1 and 5 show RMSD of lower than 1 nm. The other
trajectories have RMSD of either around 2 nm or 5 nm. For pose 3, thediB{sbetween

0.8 and 5 nm. Rep. 5 is the only one replicate to converge with a RMSD below 1 nm. The RMSDs
of the trajectory with pose 4 as initial configuration range between 0.5 and 4 nm. Three replicates
remain RMSDs lower than 1 nm (Rep. 3, RegndlRep. 8). Pose 5 yields RMSD between 0.2

and 6 nm. The lowest RMSD replicate (Rep. 2) has the overall lowest value of 0.2 nm.
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Figure 2.6: Outcome of refinement simulations.A) MD refinement ofdocked ligand poses of CA. Each point
represents the mean RMSD of the finailslof a 2ts MD trajectory using the corresponding docking pose as initial
coordinates. For each po$8 fen independent simulations with varying initial velocity distréwgos performed.
Trajectories with RMSD<im are highlighted as orange or dark red filled circles and were further analyZed for CA
protein contact®) CAdprotein contacts for the red filled circle trajectories are shown in the bottom panels in detail.
Contact criter immbetween tke batkbene M and at leadtnetheavy atom of CA. Contact amino
acids that exhibit significant CSPs are highlighted in red (backbone HSQC) and gold (methyl TROSY), respectively.
Proline residues are not consedeas they show no NMR signals. Only amino acids with an occupancy >0.02 are
shown.

The stabilized trajectories are subjected to a detailed contact analysis. Thereforesttiaanter
distances between the bile acid and the protein are calculatgubtitrthe trajectory by means

of minimum pairwise heaayom distances. The ratio of frames in which theresigue

distances is below a threshold of 0.6 nm is considered the contact occupancy of this residue pair.
In Pose 1 Rep. 9, cholic acid maistanly one persistent interaction with Phe487. It additionally
forms weaker, and thus more shiggd contacts with a patch among Ala500, His501 and Thr502,

and the residues Leu507, Val508, and 11e509. The cumulated number of interactions is low. The
interactions in Pose 2 Rep. 5 are more numerous and stronger. Here, here cholic acid engages in
highly persistent interaction with Phe487, Ala500, His501 ardrinéal residues Ala528 and

Met530. Considerable interactions are also observed betweeraiithi33505. Pose 2 Rep 1

shows a similar interaction pattern as Pose 1 Rep 9, however the interactions around His501 are

weaker and the around Val508 stronger. In Pose 3 Rep 6, the interaction pattern is similar yet more
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distinct with few but persistemteraction with Leu486/Phe487 and Val508/11e509. The
interactions around His501 are negligible. In Pose 4 Rep, cholic acid only interacts persistently with
Val508 and 1le509. Pose 4 Rep8 is the first trajectory in which considerable interactions with
Thr4&, Arg484, and Val485 are reported. Yet, the dominating binding interactions are mediated
by Leu 486/Phe487 and they are supported by many weaker interactions around Val508. Pose 4
Rep 3 vyields distinct and stable interactions with Leu486/Phe487 ando thad tr
Leu507/Val508/1le509. Additionally, Met&8(ibitsa contact occupancy of 0.5. Pose 5 Rep 2,
which washemost stable trajectory, has a unique interaction pattern. It bonds tightly with Phe487,
Glu488, Cys489, Ala500, and His501. Additionalyibived in strong interactions with Val508,
Leu527 and Ala528.

2.3.4 Binding mode decision by MD and NMR

Bile acids bind the norovirgsiomain only weakly with low affinities in the millimolar range. Such

a binding must be considered transient and ambiginisis. additionally reflected by the large

spatial distribution of residues with significantly high CSPs as well as the general instability of the
complexes in the MD. Thus, it must be assumed that bile acid binding is not limited to a single
binding moe but an unspecific, flexible binding. Furthermore, it is even possible that bile acids
bind not only as single molecules but as disordered aggregates or micelles. Based on the MD, a
picture arises iwhich the bile acids compeiith the eterminus for te hydrophobic binding site

center which consists mostly of the residue pairs Leu507/Val508 and Leu486/Phe487. When the
C-terminus makes room to accommodate the bulky bile acid molecule, the binding is mostly driven
by hydrophobic interactions with eitheboth theseresidue pairs. This is consisterdlirthe

stabilized MD trajectoriesdditional interactions might occur with@aerminal residues Ala528

and Met530. Such interactions are interesting because they suggeGttdratithes may cover

the tailike portion of the bile acid molecule to bury some polar interactions and shield them from
the solvent. The dominating interactions from the complex MD simulation are in excellent
agreement with the measured CSPs. Especially the conformatitet lsapse 3 Répand

Pose 4 Rep 3 yield contacts exclusively with residues whose chemical shifts are significantly
perturbed upon bindin§igure 2.7). Thus, they are considered the predominating binding modes.
Theyaredistinguished by a tight binding of the methyl groups into the pocket and the hydroxyl
groups facing outwards. The carboxylate tail faces outwards to either His505 or Arg484, however
these interactions are weak due to their high solvent accessibility.



Norovirus recognitionf bile acids61

N J 7
g ‘,
"‘ l :
- )\j‘ '\ - -
\ N
E T . -
Ny

Figure 2.7: Dynamic binding mode of cholic acid.Two representative snapshots of stable pag@éircomplexes
for Pose 3 Rep 5 (top) aRdse 4 Rep 3 (bottom).

Not all the CSPs can be explained by contact occupancies as sampled via MD. CSPs reflect change:
in the magnetic environment in proximity to the nuclei which depends on many variables such as
nearby aromatic sidechains, chargedgiroygrogen bonding, etc. Hence, there is no unequivocal
correlation between CSPs and irgsidue contacts. Especially, the absence of contacts with the
polar residues surrounding the hydrophobic binding core (Gly503, GIn504, Asp506 and His505 on
the onesite and Asn470, Asp481 and Asn512 on the other) is eye striking. They are rarely touched
by dolic acidneither do they undergo large conformational changes. Possibly, a distinct electric
field defines the chemical shifts in the unbound state, whictbhealearly altered upon insertion

of an amphoteric bile acid molecule. The methyl CSPs of Ala528 and Met530 are most likely not
explained by contacts but by their conformational dynamics.€Theidsl clearly displace these
C-terminal residues fromein native statd=inally, the predicted binding modes also agree well

with the STDNMR based epitope mapping. The hydrogens which receive the most saturation

from the protein, are exactly the ones which are most buried in the complex.

2.4 Discussion

The preliction of the binding mode of small molecules to receptor proteins is an elemental step in
every targebased drug discovery camp@88. It is the basis for the calculation of the binding

affinity of the ligand whicis important to recognize higffinity binders in a large molecular
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library. For novel targets, crystal structures might exist, however they show the protein only in its
unbound native state. A targetable site might not be known yet or it might onéydmassible

through a conformational change which is only stabilized upon ligand binding (transient, or cryptic
pocket)234. In such a scenario, a conformational ensemble of the target protein is indispensable
[233. Depending on the type of the protein,ntloa acquired by highroughput crystallography

or NMR spectroscopy. Both experimental methods are however limited and costly. Molecular
dynamics has proven its feasibility to sample protein conformations for [@86ad®se to its

high computational costs and the requirements of large computing clustering in the past, it took
until the late 2010s years for it to be routinely employed in drug resdafh labs

In this work, only four different molecules were studied. In a drug discovery effort, the number of
molecules is frequendyceed the order of milliof3g. Thus, here the limiting factwas the

sampling and not the docking. A large ensemble of receptor conformations was assessed, and the
docking results were compared to conformation and binding site volume. Usually, the situation is
the opposite, and the virtual screening, i.e., dodlangrge library, is the most tomsuming

step. Then, few receptor conformations must bagbeeted to cover a broad range of the
conformational space. Such a selection #ir@ and must be undertaken with §288 24(Q.

The herein presented results highlight that the docking quality does not necessarily depend on
pocket shape and volume or certain representative conformation of usually low energy. Thus, it is
suggsted that the conformation ensemble of the receptor should be as large as possible and
importantly also cover higtenergy states. Additionally, in the docking, sidechain flexibility should

be taken into accouf#41].

To deal with the energy contribution of the deformed protein, the docking poses and energies
alone are not sufficient for a ranking and further calculations must be performed. Especially when
it comes to fragment docking to shallow binding sites as fhedhercase in proteprotein
interactions, MD simulations lead to dissociation of the complex. Thus, itis preferable to run plenty
of replicates with different initial velocity distribut[@04. In the end, a small set of possible
binding modes still remains, and a final decision must be made. Based alone on the stability of the
MD and the number of contactsppably a different binding mode would have been chosen. Only

with the support of the NMR restraints, the binding mode could be narrowed realistically.

2.5 Conclusion

Thus, the key message is that prediction of a realistic binding mode of adeeak &fin
challengingrhis is probably due to the fact, that a weak binding cannot be abstracted by a single

binding mode and dynamics must be taken into a¢2dgni he true bindinghodemight be an
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equilibrium between various binding orientations. For a stronger binding with more distinct
interactions and a deeper, less flexible pocket, the employed workflovaveigh¢ltied less
ambiguous results. Nevertheless, with the aid of the NMR experiments, a detailed picture of bile

acid binding to norovirusd@mers has been provided.






3 SELECTIVE CLEAVAGE OF LINEAR POLY -UBIQUITIN

This chapter focuses on the structamal dynamical basis for the recognition of linedmiguitin

by two evolutionary divergent proteases. The herein performed molecular dynamics simulations
and their interpretation built upon {dstent, published crystal structures and biochemical
expeiments. The resulting data lead to a different conclusion than one of the originahdrticles
highlightthe drastic structural effedf seeminglynsignificant mutations when introduced in
critical protein regionghe chapter is publishg#3 and[244.

3.1 Introduction

Ubiquitinylation is among the most abundant {rasslational modifications (PTM) and has key
regulatory functions in most cellular procg38ed he reversible PTMs are widely recognized to
target proteins f@roteasomal degradatimmnregulatiofi249 and have emerged as critical signals
in innate immune respongg 247, in which they initiate inflammation, impede pathogen

growth, and trigger cell def2Ag.

Ubiquitinylation is achieved thgbuthe concerted action of specific E1 activating enzymes, E2
conjugating enzymes and E3 ligiks Multiple ubiquitin (Ub) units can be conjugated via (iso)
peptide linkage of one of the exposed lysine residues (K6, K11, K27, K29, K33, K48, K63) or the
N-terminal methionine (M1) of the proximal Ub with ther@inus of the distal UB5Q. This

chemical bonding determines the fate otithguitinylated protein, e.g., degradation, trafficking

or signaling251.

The reverse process, i.e. the cleavage of ubiquitin chains, is performed by deubiquitinase enzymes
(DUBSs) There are-100humanDUBs, which are categorized into seven different families based
on structurabnd functional characteristjigs8g. While most DUBs are cysteine proteases, the
JAMM subfamily employs a?Zion in its catalytic cent@53. DUBs possess multiféetors of
selectivity control reghing protein recognition and dibkage tyd@52 254. Some members of

the family of OTU DUBs are known for their high selectivity towards various types of ubiquitin
linkage$255. OTUD7B is highly selective towards K1kagg25q, OTUB1[257 and OTUD1

[259 exclusively cleave k4éhd K63linkages, respectively, and OTUIPS8 259 exhbits a

unique activity against linear {IMked) polyubiquitin chainsletllinked ubiquitin chains are
criticalregulators of inflammation and immunity to patho@&tks Such a unique Meelectivity
requires a sophisticated miagtitorial mechanism involving malte recognition and substrate
assisted cataly$259g. This highlevel control of selgeity can only be addressed by structural
investigationg252 259.
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Viral and bacterial pathogens have independently evolved numeroustidgidiiggeffector
proteinsto mimichostDUBs as a stratedp counteracinnate immuearesponsg28 261263.

Recently, the.. pneumophifector protein RavD[264 was identified tocleave linear
polyubiquitin chas and thus inhibit downstream Mibiquitirylationdependent NKB

signaling

To extent the insight gained from available crystals structures and to put them mechanistically into
perspective, molecular dynamics simulation of RavD, RavD in complex with mutant diubiquitin,
RavD in complex with wildtype diubiquitin, and OTULIN in cemplith wildtype diubiquitin,

were performed. The MD trajectories were analyzed in regard of binding stability and energy,
interaction residue number and composition as well as of conformational dynamics of the catalytic
triad. The results are discussedeurhe aspect of how RavDs exquisite specificity for linear

diubiquitin is structurally rationalized.

3.1.1 Quantitative comparison of the crystal structures

Protein crystal structures of RavD and OTULIN in absence and when in complex with substrate
M1-di-ubiquitin (DiUb) are available but not conclusive in terms of structural control of selectivity
and its link to the activation mechanj2b8 264. For OTULIN, a substratassisted catalysis
activation mechanism to bring the active site triad into a catalytically competent state was
confirmed[259. RavD, however, did not show the ng® in interesidue distances as the
substate approaches the active stataddition to the active site binding, the DUB interacts with

the ubiquitins by forming protgamotein contact interfaces with the proximal (S1 binding site) and

d st al iquftirsrioequleb].

RavD isa papaidike deubiquitiplase with a CgblisdSer catalytitriad, exhibits an overall
structure that is dissimilar to OTULIN and may be considered the foundingrroéminovel
class of DUB§269. The binding mode of lineBiUb to RavD is, nonetheless, almost identical
to the one in OTULIN(Figure 3.1). Different activation mechanism for RavD and OTULIN,

however, were reported.
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Figure 3.1 Comparison of Mlselective deubiquitinylases froniL. pneumophilaRavD and human OTULIN.
(A) Surface representation of the DUBs plus ribbon diagram difittiiguitin The scissile bond of diubiquitin is
labelled. (B) Annotation of the conserved catalytic triad residues.

The prime criterion for a clear identification of a subsisaisted enzymatic reaction mechanism

is the analysis of the structural arrangemdnnhe catalyticenterof the unbound enzyme in
comparison with the enzyssgbstrate compldd64]. For example, human OTULINs exquisite
M1-linkage specificity originates fromtwerUbcogni ti on sites S1 and
substrat@ssisted calysis, in which the catalytic triad is only activated upon tight substrate
binding.[273] In particular, when the substrate is in a reactive conformation, the scissile bond
comes as close as 4.0 A to Cys, and thadsigue distances for the catalytadtresidues
decrease from 6.5 A to 3.4 A for-€¥s and from 8.3 A to 3.1 A for Hisn residuegFigure

3.2). Only this tight complex allows depr@ttion of Cys by His and thereupon the activation of

the catalytic triad to form the zwitterionic state.

However, compared to OTULIRIUD, in the RavEDiUDb crystal structure, catalytic imesidue
distances are as large as 8t8rithe scissile bond tysteine, and 7.1 A (for @yis) and 2.7 A
(His-Ser). This is beyond a reactive distance for a cysteine [R@tgases cocrystal of Ravb
DiUb was obtained when complexed with amatrolysable DiUb substrate analogue, in which

the two terminal giyne residues of the distal Ub are mutated to serine residues (referred to as
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RavDDiUbGGSS in the following). These changes may be responsible for a hindered substrate

insertion into the catalytic groove, and hence the conformational change of tbérzatalyt

Molecular dynamics simulations are able to give insighthentdynamics and accessible
conformationaénsembles of protaiand proteimprotein compleasin aqueous solution and at
finite temperatuf@4g. This information is complementary to that of static protein crystal
structures in the solid form. We here also recover the physiologic®iBB@® complex,
which we apBbDieUbdoi mstd&® foll owi ng.

A
575 RavD RavD-DiUb
- c13 (6NIT) (6NID)
HO - H94N5-C13CB 8.6 A 7.1A
0 H94Ne-S1110y 2.7 A 2.7A
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G75 OTUL. OTUL.-DiUb
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o H339Ne-N3420y 8.3 A 3.1A
G76 [~ C129CB-G76C 4.0 A
HN J/
M1 N=\

H339— NN TH
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Figure 3.2. Comparison of structural parameters of catalytic triad residues in Mipecific DUBs (A) RavD
(top) and (B) OTULIN (bottom). Al | di stances to cysteine were measur
comparability with the OTULHDIUDb crystal structure in whicysteine was mutated to alanine.

3.2 Method

3.2.1 Model generation

Both RavD and OTULIN were modeled in their free, substnditeund state and in complex

with diubiquitin. The models are based on the crystal structures of free RavD (6NII), diubiquitin
bound RavD(6NJD), free OTULIN (3ZNV) and diubiquitin bound OTULIN (3ZNZ). The

crystal structure of substrate bound RavD exhibits a double mutation in the substrate: G75S/G76S.
The crystal structure of substrate bound OTULIN shows a mutation in the DUB: C13A. The
OTULIN mutation was reversed and the OTULIN model resembled the wildtype OTULIN. For
substrate bound RavD, two models were generated: |. the complex with the mutated substrate, and
Il. The complex with the wildtype substrate. Introduction of theutations as well as the
addition of missing atoms (mostly hydrogen) and the protonation of the tehBHRand R

COO-) was achieved using the software PSFGEN within VMD.964264. Histidine residues



Selective cleavage of linear-pbiguitin 69

were protonated at the delta position. The simulation boxes were set to a size of 10x10x10 nms3.
They were filled with TIP3Fater and 0.15 M NaCl ions. CHARMMS36 force filed paraf@dters
were assigned.

3.2.2 Simulation protocol

Molecular mechaniesidd molecular dynamics simulations were carried out using openMM 7.4.1
[267. We used PM7] for electrostatiinteractions, a ndsonded cutoff of 1.2 nm and a switch
distance of 1.0 nm. Covalent bonds to hydrogen atoms were constrained. The molecular system
was initially minimized for 5000 steps. Equilibration was carried using Langevin ifi2égation

with a 300 K thermostat, a 1.¢ friction coefficient and 1 fs time step. During equilibration, all

the CA atoms were restrained with a force constant of 500 kcal / mol nm¥eloitiies were

set to suite a Maxwell distribution corresponding to 300 K. Prodietizowergenerated using

the same integrator but with a time step of 2 fs. Additionally, aGéolttbarosta{269 was

engaged to maintain a constant pressure of 1 ATM. The barostat was coupled every 25 integration
steps. Trajectory snapshots were saved every 0.Brnephoate simulations were performed

with individual initial velocity distributions. Every replicate had a run time of(260 ns for
RavDDiUb), cumulating to 1 |8 ps for RavEDiUb) total sampling time fdéine various systems

In the case of R&B¢DiUb, the protocol was adapted to consider large initial fluctuations of the
proximal Ub. Here, we performed an irfi@ins equilibration run from whithe fourreplicdes

of 500ns each were initiated (with new and varying velocity distributions). The integration was
performed on Nvidia GTX1080 GPUs in single precision mode.

3.2.3 Trajectory analysis

For trajectory analysis, MDTraj 1[23], MDAnalysis 0.20[27Q 271, NumPy 0.51.279 and

SciPy 1.2 [P73 were used. Visualization was achieved With 1/9.3264 and MatplotLib 3.0.2

[274. Ubiquitin RMSDs are calculated using the CA coordin&t@sreference coordinates we

used thenitial model from therystal structure. Before tR&SDcalculation, the whole protein
complex was aligned by the CA atoms of the DUB (RavD, or OTULIN respeé¢ioretie
computation of the RavD proximal Ub pairwise RMSD matrix, 10.000 frames where chosen (every
200 ps)The binding energy was estimatedgusie PRODIGY123 of multiple conformations
extracted from the MD simulations. For Ra¥DP0 conformations and for OTULIN 1.000
conformationgevery 1 nsyere chosen. The interface areas were calculated from the differences
in the solvent accessible surface areas (S&SKjesum of theSASA of two proteirs alone

minus the SASAf the complex. For the SAS#{ the proteisalone, also the complex trajectory

was used. The persidue SASAs were computed using the algorithm of Shrake anf2Ripley

with a probe radius of 0.14 nm and 512 sphere pohesresiduavise buried areas were
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computed as the relative difference between $A®A unbound and the bound faror
intermolecular interactions, heatym contacts were calculated with MDTraj, employing a
distance cutoff criterion 6f55 nm. The residue type contributions were calculated as the ratio of
contacts of the singlesidues to the total contacts. The classification followed the standard
convention. Histidine, cysteine, glycine, and proline were always considered polar. The free energy
maps were constructed from the 2D joint probability distribution functions (PDR§ of t
interatomic distances of €yHisNAand HISN&SerOa (HIS-N&ASN-Oafor OTULIN). The

PDFs were estimated using binningi®®bins. The free energy difference was calculated as the
negative natural logarithm of the PDF.

3.3 Results and Discussion

3.3.1 Stabiity of diubiquitin binding

The stability of a proteprotein complex in solution can give qualitative insight on its binding
energy. Intuitively, a stable binding without large fluctuations would correspond to a high absolute
binding energy. Frofiour replicates of each 250 ns of the complexes-Biavuitin and

OTULIN -diubiquitin, the relative ubiquitin RMSDs were calculated. In contrast to the standard
RMSD of atomic coordinates, which is calculated after removing translational and rotational
motions by leastquare fitting to a reference conformation, the herein considered RMSDs include
translation and rotation of the individual ubiquitin units (proximal and distal), relative to their
bound DUB (RavD or OTULIN). This is achieved by fittingwthele complex by only th& C

atoms of the DUB. The highequency and loamplitude fluctuations based on conformational
dynamics can be removed from the RMSD by employingpadevilter. This way, the RMSD

only reflects orientational contributions Bans of relative translation and rotation away from

the crystal structure. The RMSDs of the distal fRauDd ubiquitin vary between 0.3 and 0.5 nm
relative to crystal structure depending on the reffogtee 3.3 A). Every replicate RMSD has
stabilized but still shows fluctuations in the order eD®Inm. For reference, the distal ubiquitin

of the OTULIN-DiUb complex stabilized at a value of 0.3 nm relative to the crystal structure

and fluctuations are orilye order 0.05 to 0.1 nm. Thus, the initial distal ubiquitin binding mode
as seen in the crystal structures is more dynamic in th®RdvEmplex than in the OTULHN

DiUb complex. Simitecan be observed at the proximal binding sites. On RavD, the ubiquitin
RMSDs exhibit baseline values of0032nm but show large fluctuations of up to 0.7 nm. The
RMSDs of the OTULIN bound proximal ubiquitin stabilized to values of 0.2 nm and exhibit onl
minor fluctuations. Based on the RMSDs, the proximal binding of Ubiquitin to RavD is less stable
than to OTULIN.
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In addition to the RMSD analysis, binding affinities of large conformational ensembles (1.000
shapshots) were estimated using an interbetsel method called PRODIGY¥23 274. It
approximates the binding energy using a regression model based on a benchmark set of 81protein
protein complex with energies betw@:andd16 kcal/mol. The regression model mostly makes

use of the numbers of the various possible types ofasidue interactions (e.g. hydrophobic
hydrophobic or chargesharged) and is among the most accurate methods for binding energy
estimation. Fathe distal ubiquitin binding to RavD, dissociation constangte mostly in the

order of 3 to 10 nM, and the whole ensemble covered values between 0.8 aféi@oe 33

B). The distal ubiquitin binding to OTULIN is surprisingly slightly weaker. Sampled conformations
yielded dissociation constants between 2 nM 800 nM with the highest probability density around
10 and 20 nM. On the proximal site, the differences between RavD and OTULIN are much clearer.
RavD binding of the proximal ubiquitin showed dissociation constants in the range of 70 nM to 5
UM, with a peak between 300 and 600 nM. The dissociation sormt@piited for proximal
ubiquitin binding to OTULIN are significantly lower. Most of the sampled conformations yield
values of 7 nM and the whole sample exhibitsbakdwidth of 2 to 20 nM. In summary, based

on the kK prediction, the binding of the digthiquitin to RavD is as strong as to OTULIN. The

distal and proximal binding sites of OTULIN are of similar strength. RavDs proximal site

significantly weaker than its distal site and thus also significantly weaker than OTULINs proximal

site.
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Figure 3.3 Comparing diubiquitin binding strength between RavD and OTULIN (A) C3 root mean squared
deviation (RMSD) for the individual ubiquitin units relative to the DUB (see text for details). A moving average is
drawn for clarity. Ubiquitin binding to the S1 site is given in purple in the top panels, proximal ubiquitin binding in
blue in the bottom panels. (B) Calculated binding free energies for distal and proximal ubiquitin to RavD and OTULIN.
The points represeindividual results for 1.000 snapshots for each RavD and OTULIN. The filled curves represent
the probability density functions estimated from 50 equidistant (log space) bins.



72 Results and Discussion

Putting the estimated binding affinities into perspective is difficulidsael data is not available

for deubiquitinasabiquitin complexes. However, the dissociation constants between ubiquitin
and various ubiquitininding domains are fneently in the micromolar ranf@86, 287]
Micromolaminding can be considered transient whereasdmgimolar binding, as predicted for

the proximal ubiquitin to RavD, is more stable yet still not permanent but dynamic [288]

Another means to assess the quality of pyptetain binding is the identifican residues which

bury deeply into the interface upon binding. Usually, this can be achieved by comparing the solvent
exposed area of residues in the free and complexed state. However, such a computation is not
straightforward because the solvent abéessea of a residue depends on its size and flexibility

as well as its position within the protein. Here, the relative reduction of the solvent accessible area
upon binding is considered sufficigfigure 3.4 A-B). This way, the distal ubiquitin residues

Gly47, lle44, Val70, Leu8 and Thr7 were identified to bury more than 80% of their surface area
into the proteirprotein interface when complex witvBRaOTULIN on the other hand enables

deep burial of lle44, Val70, Leu8 as well as Leu73 and Gly75. WhereastbarRbubiquitin

residues form one large patch, they are spatially more distributed in distal the OTULIN binding.
This is also reflected bgnsewhat smaller interface area of the OTURINb complex of 22

nm2 relative to the distal RaUb interface of 23 nm2. It is striking, however, that OTULIN

deeply buried the-terminal ubiquitin residues whereas RavD didoncat leasinot to a
signifcantly lower extent. On the proximal site, OTULIN buries a large, continues and distinct
patch stretching over residues GIn78, Met77, Ala93, Glu92, Lys105, Asp108, and Lys109. This
patch forms most of the interface area with a size of 17 nm2. RavD adateatmmadly identical

proximal ubiquitin residues but fewer residues are deeply buried (only Ala93 and Aspl108). The
interface area is smaller and has a median size of(E&ynre23.4 C).

The buried residue analysis yields the picture that both RavD and OTULIN have developed
binding surfaces to recognize identical patches on their specific ubiquitin urotpfdisitagl).

The quality of the dailt binding site is similar but RavD seems to put more focus on the
hydrophobic ILE44 patch whereas OTULIN also includeG-teeminus. The interface area on

the distal site is similar yet slightly larger on RavD. Its size fluctuates considerabiylatithre si

on both RavD and OTULIN and despite its large size, only few ubiquitin residues are fully buried.
Compared to OTULIN, the proximal binding site of RavD is substantially smaller, more dynamic
and buries fewer residues. The binding is weak andenhdniaonly few strong interaction
anchors. This leads to orientational tumbling and temporal solvent accessibility of the other
residues.
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The total interface size of the distal binding sites in the or@@m22is large as compared to

other singlgath proteinprotein complex interfaces which are commonly in the order?15 nm
[277. Others have described that the standard interface size is between 12[&vg80Smaller
patches in the order 1852 nnfindicate sholived, lowstability complexg279. This fits well

to the low RMSD stability, and the high nanomolar affinity of the proximal ubiquitin to RavD,
which has exhibitsnainterface area of 12.5 frihe largest interface areas are reported for
proteases and their highly specific inhibitors. Such areas can attain values between 26.and 46.6 nm
The total binding interface area of OTHiNbiquitin is 40 nm[28(, and is thus among the
largest interfaces. It must be noted, that OTULIN aofssobelongs to the class of proteases.
RavDs total interface area with diubiquitin is 35which can still be considered very large. In
conclusion, both protein RavD and OTULIN will engage in tight and stable complexes with their
linear linked diubiqtim substrate. After bond cleavage though, the OTULIN would still stably
bind both ubiquitin moieties, whereas for RavD it is likely that the proximal Ubiquitin would

dissociate.
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Figure 3.4: Buried residues and interface area€hanges in proteinsolvenct c essi bl e sur f ace are
DiUb binding to RavD and OTULIMNre shown in perecemMUB binding to (A) distal and (B) proximal ubiquitin.

The boxplot C) shows the total protepmotein interface areas. Whiskers show lowest and highest sampled areas of

the entire ensemble. The box length represents the interquartile range (50% of data). The central line is the median.
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3.3.2 Inter-residue interactions

For the dentification of key interaction residue pairs and the quantitative comparison of binding
interfacesit is useful to count all inteesidue contacts throughout the MD trajectory. On the
molecular scale, a contact is not unambiguously defined, andt diffietect criteria lead to

different results. In here, a contact between two residues is count, when at least one of the pairwise
heavyatom distances was shorter than 0.55 nm. All heavy atoms, sidechain and mainchain, were
considered. It frequently aprsethat a residue of the one protein entact with more than one

of the other. In this case, multiple contacts were counted. The number of contacts can be expressed
as the contact contribution by normalizing the residual number of contacts biynitne batiaof

contacts. This representation allows a direct discrimination of important drivers of the protein
protein interaction. Based on the contributions of all monitoreddsigue interactions and the

residue types (charged, polar, apolar) thabedian of the interaction types can be calculated

and used to assess how favorable the pprteigin interaction ig.he results are presented in

Figure 3.5.

On the distal interfaces, in total average, RavD engages inré8dnotecontacts and OTULIN

in 81 The Skite of RavD recognizes the distal ubiquitin by four sites. The firstsrasnine

Leu8 and Thr9, which together contribute to 158eatfotal contacts. A second patch belongs to

the cterminal residues of Leu73, Arg74 and Gly75, together contributing 20% of the total contacts.
The lle44 hydrophobic patch contributes less to the total number of contacts. A fourth binding
patch is recagzed at Glu34. Interestingly, OTULIN biredsentiallidentical residues with only
marginal differences. The patch at Leu8 is locally more constrained, the Glu34 patch is slightly
weaker, and the-€rminal patch is stronger and more extended towardstthesidues Gly75

and Gly76. Analysis of the types of the involved residues yields a similar picture for RavD and
OTULIN. About 19%, respectively 17%, of the interactions belong to the favorable group of
apolarapolarj.e., hydrophobic interactionsckd 2% are chargetiarged interaction, and 12%

and 16%, respectively, belong to poddar interactions. Both RavD and OTULIN exhibit 19%
chargegpolar interactions at the distal binding interface. The total amount of less favorable apolar
polar and apalcharged interactions is 37% for RavD and OTULIN. Thus, the composition of
interaction types is similar between RavD and OTULIN and the majority of interactions is

favorable.
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Figure 3.5: Analysis of persistent DUBDiUD interactions. (A) RavD and OUTLIN residues interaction with the

distal and proximal ubiquitin molecules. Key prpteitein contact residues of DiUb are given by their residual
contributionto the total number of inteesidue interactions in percent (see Method for details). (B) Snapshots of

distal Ub binding to the S1 sites of RavD and OTULIN andraggitue interactions between charged (Q), polar (P)

and apolar (A) DUB S1 residues witleti r di st al Ub counterparts. (C) Snap:
sites of RavD and OTULIN andinrtere si due i nteractions between charged
residues with their proximal Ub counterparts.

On the proximal sitehé total number of interactions is much lower on RavyDréR2five to
OTULIN (71). However, the residues of ubiquitin which come into contact with the DUBs are,
again, identical, yet with slightly different contributions. The biggest drivers of thiernstara

Glu92 with abut 10% contribution and AsplQ§6109 with 25% and 20% contribution for
RavD and OTULIN, respectively. A third recognition site for Lysi@8ntifiecbn both RavD

and OTULIN. Surprisingly and in stark contrast to the distahdisite, the residue and
interaction composition of RavD and OTULIN are widely different. OTULIN exposes more than
50% charged residues, of which 70% are engaging in favorablecblaggednteractions. The
amount of apolar residues is as low as 12adnet a single hydrophobic interaction was

monitored. RavD employs a mere 2% charged residues for thegpodé@minteraction. Instead,
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the charged residues of ubiquitin are overwhelmingly often (44%) bound to polar residues and to
27% to apolar resids. Such an interactions pattern is much less favorable than the one at the
OTULIN binding site and explains why RavD does not manage a stable proximal ubiquitin binding
and why the binding affinity is so low. On the other hand, it is surprising, Bhat&aamodates

Glu92 and Asp108/Lys109 so well. The role 0925In OTULIN is speciat:binds close to the

active site and stabilizes the competent conformation of the cataly#6grifids thus a crucial

part of the substrate catalytic mechanism of OTULIN.

3.3.3 Substrate binding and catalytic triad

In contrast to OTULIN, a substrate assisted activation of the catalytic triad was disregarded for
RavD. This assumption was based on a low Rdé8ieen diubiquitibound and unbound

RavD. Such a criterion is not a sufficient, and distances between catalytic residues must be
considered in the different states. Molecular dynamics allows sampling of various conformations
and the quantification of tiee energy differences between tliggure 3.6). For diubiquitin

bound OTULIN, most othe sampled conformations had cysteistedine distances of 0.4 nm

and cysteinasparagine distances of 0.25 nm. A second population with a -hspidiagine

distance of 0.8 nm is two order is two orders of magnitude less likely. Such closealthstances
proton transfer from cysteine to histidine to activate the catalytic triad. In unbound RavD, the
catalytic distances show large flexibility, and many conformations are accessible without high
energy barriers between them. There are two shallowweksgone at cysteinistidine of 0.9

nm and histidinserine of 0.3 nm, and one at cystbisidine of 0.9 nm and histidiserine of

0.9 nm. Both energy wells would not lead to a competent catalytic triad. Upon binding of
diubiquitin however, thenergy landscamhangesand the energy minima shift towards shorter
cysteinéistidine distances. Only when diubiquitin is bound, a substantial number of sampled
conformations would allow deprotaoat of cysteine. This observation is consistent for the
binding of mutated and wildtype diubiquitin. However, the effect is more pronounced for wildtype
diubiquitin. Thus, binding of diubiquitin to RavD clearly leads to a stabilization of the catalytic
triad as well as a facilitation of short cystestiglinedistances. To be even more precise, the
catalytic triad of RavD is inactive in the unbound, and at least partially active in the substrate bound
state. However, the probability for an active catalytic triad arrangement is still one order of

magnitude lowen substrate bound RavD compared to substrate bound OTULIN.
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Figure 3.6: Diubiquitin binding induces partial catalytic triad activation. Free energy maps (A) of relevant-inter

residue distances of cafalyesidues for unbound RavD, autbstratdound RavD and OTULIN (see text for

details). The area in which the catalytic triad is in a catalytically competent state is marked. The free energy landscapes
were clipped at the highest sampled energy. (BsRatptive MD snapshots of catalytically active and inactive states

based on the energy wells of unbound RavD and-Bi&D

3.3.4 Conclusion

The bacterial effector protein RavD hydrolyses linear polyubiquitin chains with high selectivity.
Therefore, it has ddeped a highly specific distal binding site which is in every aspect comparable
to that of OTULIN. Such a S1 binding sites selectively binds ubiquitin in an orientation in which
the ubiquitinC-terminus is positioned into the catalytic grove. This hosimsenot yield linkage
selectivity because the distal binding mode is identical independent of the polyubiquitin linkage and
theCt er mi nus i s always the Osubstratedé which |
example employs a second, highlyfgpkinding site for the proximal ubiquitin to be oriented so

that Metl (M77 in case of diubiquitin) comes close to the active site. In OTULIN this is achieved
by three distinct recognition sites to selectively bind ubiquitin residues Glu92, Asp$28@nd Ly
RavD has also developed a second ubiquitin binding site to accommodate exactly the same
residues. However,etlproximal binding site on RavD is substantially weaker. It makes fewer
contacts, it buries a smaller area, and it engages in less fiweratiien types. Thus, the
selectivity and activity of RavD towards linear linkages would be significantly lower than of
OTULIN. As this is not reported and RavD performs similar to OTULIN, another factor must be
considered: substrassisted catalydiswas originally disregarded for RavD, butiiteigitable

to explain its selectivity. Additionally, it is clearly suggested by the molecular dynamics simulation.

The question arises why the substrsdested catalysis is not clearly seen in théstrystares.

The reasons for this misconception are to be sought in the mutation of the substrate. The mutation,
a double exchange of glycine by serine at bothehminal residues of the distal ubiquitin, was
necessary to avoid hydrolysis and hdluve erystallization of the wildtype protein with a full
diubiquitin. However, as only the glyglyeine motif is small enough to bury into the active site,

the serineserine motif remained outside of the binding grove and engaged in s few superficial
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interactions. Th€-terminus and initial residues of léerminus are of sufficient flexibility, so

that the absence of a tight central binding, did not interfere with the remote binding of distal and
proximal ubiquitin. Anyway, the absence of a closeagpprg of the substrate towards the
catalytic center inhibited the conformational transition within the catalytic triad to the activated
state. This lead the original authors to the assumption that substrate assisted catalysis would not
take place. In thD simulation, the effect of the proximity of the substrate on the dynamics of
the catalytic triad can clearly be seen. Only the final transition, in which the substrate buries into
the catalytic grove and fully stabilizes the active catalytic staehgerned within sampling time.

To be clear, such a transition is impossible for the mutant substrate because it is too large to fit
into the tight grove. It is possilleough for the wildtypesubstrate, but could not be sampled

within the cumulated sampling time of 1 pus.

To summarize, the mutation of the substrate lead to an artificial binding mode, in which both the
proteinprotein recognitions sites for distal and proximal ubiquitin aectcdyut not the
positioning ofC-terminus and thus the arrangement of the catalytic triad. Based on this artificial
crystal structure, the author came to the wrong conclusion about the activation mechanism of
RavD which lead to large ambiguities in thectaresdectivity relation. Herenolecular
simulation was employed to sort out this discrepancy by showing that RavD activation must be
substratessisted.



4 GLYCAN CONFORMATION AND GLYCOSYLATION SITE S

ComplexN-glycans are commonly considdrnigtilyflexible andlisordered. In this chapter, the
sitespecific, intramolecular protgilycan interactions are investigated and their effect on the
degree of disorder is quantified. Therefore, an embedded clustering workflow based on the
glycosidic torsion gleswas developetksted on artificial daéad employed on large molecular
dynamics ensembl@he workflow allowed the identification of more than 100 conformational
clusters within the glycan conformational space. Whereas the adopted confornealicyesiyer
identical, the glycosylation site had a significant effect on the abundance of certain conformations.
The results highlight that proteingycosylation are not fully disordered, but transition quickly
between many distinct conformational statase of which are stabilized by spepifotein

glycan interactions.
4.1 Introduction

Protein glycosylation presents a posttranslational modification that occurs in all domains of life
[281] andis characterized by its tremendous diversity and abuf®gh¢alycosylation is mostly
defined as the concerted enzymatic conjugation of one or morenglgtis (carbohydrates) to

either asparagine {lycosylation) or seritt@eonine (O-glycosylation)Common glycosylation

types are shown Figure 4.1 The posttranslational modification takes place in the endoplasmic
reticulum and Golgi system and affects over 85% of secretory proteiglydysiatiofi283

and a majority of nuclear arytioplasmic protesby additional &lycosylatiof284.
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Figure 4.1 Overview of @mmon N- and O- glycans.N-glycans are conjugated to aspara@igé/cans to serine
residuesThe showrmoieties represent only a small subset of the most commonly ostgairsy Symbols and
nomenclaturaccording tdttps://www.ncbi.nlm.nih.gov/glycarsnfg.html.

On the molecular scaléyapsylation of proteins is important for folding, quality control, stability,
function and transpof283. On the cellular level, the roles of glycans comprise, among others,
celtadhesion, ligand binding, effector function and receptor dimerizigihnFrequently,

pathogens specifically recognize glycosylation motifs on host cetisofgrgs, se€hapter 2)

or produce hosmnimetic glycoconjugates to evade immune respp8§e Proteomewide
glycosylation patterns are often disturbed in disease and can be used as diagnostic and prognostic
markerg287. Recenteviews summarize the mutual effects of glycosylation and2&theed

auteimmune diseasgz89.

Structurally, glycosylation apecially Mjlycosylation underlies a certain microheterogeneity
which is basd on the somewhat unregulated enzymatic cascaded in the ER and [@JGolgi
Thus, in vivo glycoproteins exist as a population of different variants, so called glycoforms, which
exhibit glycosylation siiependent distribions of different glycan types. Development of
methods for the sieesolved, quantitative analysis of different glycosylation motifs is subject of
ongoing researd291 297 [293. Such heterogeneity and the obstacles in both analysis and
preparation of pure glygroteins pose a major challefagexperimental structural studies. Thus,

in the protein data bank (PDB), structures containing glycans are heavily underrég@dsented

Theoretical methods, such as molecular modeling and simulation, historically played and still play
an important role in the field of structuglycobiology295297. Especially in the recent years

during the Corona virus memic (2019 and ongoing), computational, structural glycobiology
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regained tremendous interest because of the heavy glycosylation of@@\&2ARfke protein

[298300. However, a thorough understanding of the conformational landscape of complex
glycans remains largely elusive. Recent experimental advancements enable insight to structurally
weltdefined glycans agianimaging methofB0] or in the gas phase via IR spectro386@y

Hence, molecular simulation is still the method of choice to investigate conformatinbé€ns

of complex carbohydrates. It is, howelmnted by three key factors: sampling, fbede

accuracy, and data analysis. Especially ring puckerchgllisnge for MD simulation, as with

current force fieklit happens oweryslow time scalas the order 0.07 per microsec¢add.

With current computing resources, such sampling can only be achieved for small oligosaccharides
and not for large glycoproteins. Additionally, in the case of complex carbohydrates with many
interdeendent degrees of freedom, data analysis of the trajectory is tedaqachethndard

doesnot exist. Thus, it is unclear if and how intramolecular interactions would mutually affect

protein and glycan conformation.

In this research, mutiicroseondscale sampling of compleki@antennarysiaylated complex

N-glycan attached to human erythropoietin (EPO) as a model glycoprotein is(Bajueyd@®

A). The mutual effects of the protein core of ERPQ #s glycan shield are studiddre, the

effects of the glycosylation on the molecular proparépsobed. Additionally, the effect of the

local protein environment on the structure and dynamics of complex glycans at the three
glycosylation sites is examined. The second task revolves around an unprecedentedly detailed
analysis of the conformational caf the glycan. Therefore, a dimensionality reduction and
clustering workflow was developed, tested and employed.

4.2 Method

4.2.1 Glycoprotein modeling

To understand sHgpecific effects and allow specific conformational analysis, 16 different
EPO glycolisoforms(Figure 4.2 C) werestructurallymodeled and each subjected to 3 x 150 ns
molecular dynamics sampling. The simplest model contains no glycosylation at alk At the N
glycosylation sites, a comgige, biantennarydouble sialylated, and fucosylated glycan was
added(Figure 4.2 B). At the Oglycosylation, atandardcore 2 type €ylycosylation was
conjugated. Every permutation of the 4 glycosylation sites: Asn24, Asn38, Asn83 avakSer126
modeledThecorrespondinfyl-glycan was selected from the database of the glycosci{8@és.de
webserver anih silicglycosylated to the structural model of human ER®initialglycosidic
torsion angles were chosen to avoid atomic ovélafEPO model was based tire crystal
structurelEER [309. It was subjected tdd1Ins molecular dynamics simulation in the non

glycosylated form. To enalesilicglycosylatio, the relative solvent accessibilities of Asn24,
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Asn38 and Asn83 were monitored and a snapshot with high accessibility of all three residues was
selectedThe resulting PDB files were parsed for the CHAFRBIM glycan readdB0q by

removing empty lines and adjusted TER statements and chain IDs. This way, G6ARMM

[307 could be used for solvation and ionization of the glycoprotein models as well as parameter
assignment with the CHARMM383 and CHARMM carbohydraterde field 85 308.
Additionally, CHARMMGUI glycan modeldB0g was utilized to manually adejcosylation

to Serl26.

A
J ASN83 A
B BN x
»3"-/(7 \_,JJ’\‘ a .
Ay LAY Asn3g L
4 ot L
s oAby R
I . | ASN24
\3:;@"\ : C C N E_c.
SRS
e ) b3 3 4
g o Cra
Pt /(\t 5 6
semzs/ﬁ‘_/ r' = G (* Z e
ol -4
). a5 »;'g\ VAR 9 10
= 12 )
“\'\ AL X J 1 12
q \\\ 13 14
y
e VY Y LYY

24 38 83 126 24 38 83 126

Figure 4.2: Structural models of fully glycosylated recombinant human EP@) Surface model of EPO with
annotated Nand OGlycosylation sites and the herein investigated gjigdasoricerepresentationcélored by
residue typeB) Schematic representatiorihaf complex Nglycarwith glycosidic bond annotatidtesidue type is
coded by shape and color according to egdional glycan nomenclature
(https://lwww.ncbi.nim.nih.gov/glycans/snfg.hjmC) Schematic representation of the 16 modeled EPO-glycol
isoformswith the color coding corresponding to the number of glycan modifications.

4.2.2 Simulation protocol

MD simulations followed a standard protoc&080 steps steepegiscent minimizatio@5000

steps ofNVT equilibratiorwith a shor0.001 psime stepgollowed byand 150 ns production
sampling with a 0.002 ps time step MR@ ensemble. Three replica of production runs were
performed for each system. All simulation were carried using GROMACSS 7577, 80 81,

309. In all instances, Verlet cutoff scheme with a neighbor list update step of 20 was employed.
Short range interactions were cut ipéird.2 nm. VawlerWaals interactions usefibeceswitch
modifier between 1.0 nm and 1.2 hong range electrostatic interactions were treatethavith
particle mesh Ewald meth{87-99. Temperature apling was achieved with a Nékmver
thermosta{225 314, in which the glycoprotein and the solvent were coupled sepahately.
coupling constant was 1 ps and the reference temperature was set to 298.15 K. Initial velocities
were assigned to fit a MaxvBaltzman distribution at a temperatafe298.15 K. Bonds to
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hydrogen atoms were constramad_.INCY311]. Center of mass motions were removed. During
minimization and equilibration, the backbone and sidechain atoms were restrained using force
constants of 500 kJ/mol nm and 50 kJ/mol nm respectively. In the produlthseisotropic
ParrinelleRahman pressure coupli®d2 313 with reference pressure of 1 ATM, a coupling
constant of 5 ps and a compressibility ofzhviéas used.

4.2.3 Trajectory analysis

The global glycoprotein properties were elucidated using GR@dWsSThe backbone RMSD

was computed witpmx rmesfter least square fitting of only the protein backbone coordinates. The
radius of gyration was determined wgithx rgyand the considereitie whole glycoprotein
moleculesThe number of all intramolecularbdnds were computed wigmx hbondad a

minimum heavy atom distance offrand a minimum angle of 150°. The total solvent accessible
area was monitored wgmx sasad a probe raas of 0.14 nmlranslational diffusion coefficient
wereestimated from linear fitting of the mean squared displacement functiogsxsirsgl he

dipole moments of whole molecules were computedmvkidipol®lore localized effects were
assesskusingthe residusvise descriptors of relative solvent accessibility and backbone RMSF.
The values were calculatedgna sagarobe radius of 0.14 nm) agihx rmgalignment via

protein backbone atoms). The data were pooled from all trajectory replicexieladand
averaged. The differential values were calculated for all glycosylated proteins with respect to the
nonglycosylated protefrurthermore, the residuwase protein contact occupancy with the glycan

with a heawatom minimum distance criterion @6 nm were calculated usMBtraj Ver

1.9.323Q The interactions of the-Blycans with their protein weralgmed similarly. Here, the
contacts were resolved individually for the different glycosylation sites and categorized by protein
residue typeThe software MDTraj was also used to compute the glycosidic torsion angle
distributions of the Mjlycans. Therefe, list files containing the atom indices according to figure

31 A were generated and utilized. In total, 26 glycosidic and 3 root asparagine sidechain torsion
angles were analyzed. For clustering and embedding, they were transformed into the cosine, sin
space via the tr ansf @airwiseciicwancorreat®n coefficignts wese( G) |,
calculated using instructionsJojnsoret al [314 Embedding was performagth UMAH172

173. Clustering was achieved with HDBSCHARZ within the embedded spadzifferent
combinations of paramegavere investigated and cafo@din the results section. Generation

of figures and structural rendmagess utilized with Matplotlf274 and VMD ver 1.9.264

respectively.
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4.3 Results and discussion

4.3.1 Global effects of Mglycosylation

Molecular dynamics simulation of the above given 16 different EPOrgigasére carried out

in order to systematically investigate the effect of glycosylation on global protein properties such
as backbone RMSD, radius of gyration, number of intramolecular hydrogen bonds, solvent
accessible surface area, translational difiedficient and electric dipole monEigure 4.3).

The overall backbone RMSD is between ist002d2 nm for the neglycosylated EPO protein.

Upon glycosylation, the backbone RMSD is always between 0.20 and 0.27 nm for all glycosylated
mocels of EPO independent of site, number and type of glycosylation. The differences between
the glycosylated models is only marginally larger than the differences between the replicates of each
system. This shows that glycosylation does not affect thé meotead backbone RMSD and

there are no larger conformational changes upon glycosylation. A RMSD of 0.3 nm or below is
common for small globular proteins.
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Figure 4.3: MD simulations yield structural descrptors for 16 different EPO glycoforms.The black circles

represent the individual values of three replicas, the vertical lines the averages and the colored rectangles the standard
deviationsThe panels from left to right and top to bottom prefentavesige equilibrated backbone rowtan
squaredieviatiorRMSDxg, the radius of gyratiog,, the number of hydrogen bonds between protein and glycan

bonds the total solvent accessible surface area of the glycopAdsinthe lateral diffusionoefficient of the
glycoproteiDyansand the dipole moment of the glycoprotéin
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The radius of gyratipwhich is a measure of the effective molecular size in solvation, increases
from 1.5 nm for the neglycosylated EPO to 1.7 nm for the fully glyatexy model. ©
glycosylation does not significantly increase the radius of the protein in solution. This is indicative
of a glycan orientation remarkably close to the protein surface. Interesgiyglysyation at the

ASN38 position appears to havedtiengest effect as it leads to increased radii as compared to
its isoform groupi.e. models with same number of glycosylations but at different sites. This
indicates a more extended conformation of the glycan at ASN38 position as contipared to
ASN24 ad ASNS83 positions.

From Figure 4.3 it becomes clear that the number of intramolecular hydrogen bonds is
determined by the number of glycans rather than their positions. Eylgopdylation adds
between 5 and 10 more hydrogen bonds, which are folngeboten the glycans and between

the glycans and the protein. The number of hydrogen bonds upon ASN38 glycosylation is not
significantly lower than for its isoforms, leading to the conclusion that the conformational

differences are not governed by themé&tiocn/absence of hydrogen bonding.

The SASAsre reproducible in all the three replica and critically dependent on the number of
glycans added but less so on the site of glycosylation. Mxdisstosylation is most prominent

and increases the SA8Aaound 20 nm?2 to the proterSASA starting from 100 nmz2 in the-non
glycosylated form.-@lycosylation increases the molecular SASA by an additional 5 to 10 nm2. The
second MNglycosylation only adds around 15 nmz, indicating only weak interactions between
neighboring glycans. The fully glycosylataedip has a SASA of 165 nmz2.

Upon glycosylation, the translational diffusion coefficient decreases with increasing molecular
weight due to glycosylation. This decrease depends more on the number of gigdbsylatio

a particular site. The computed diffusion coefficient efjlyensylated EPO is around 2.5% 10

cm?/s, which is in good agreement with other proteins of similar size. It decreases fo 1.7 x 10
cm?/s with one Nglycosylation, and to 1.2 andot two, respectively three-giycans. ©
glycosylation does not seem to influence the protein diffusion coefficient.

The electrical dipole momean the other hand is clearly dependent on the position of
glycosylation. Whereas aiglican at the ASN24 pii@n does not alter the moment, atylifcan

at the ASN83 position almost increases the dipole moment by a factor of two (by 200 D). In most
models, the effect of the-@ycan is negligible. An exception is the fully glycosylated form, where

it reduces themoment by 70 D.

To summarize the above observation, protein RMSD, number of hydrogen bonds, SASA, and

translational diffusion ar&herdetermined by the number of glycosylations and not the position.
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Only the radius of gyration and the electrical dipolment aresignificantlyglycosylation sie
dependent. Apart from the diffusion coefficient, the standard deviation between the three
replicatesndicates the how mucthat property ibased orthe conformaonal flexibility of the
glycansThis demonsttas the complexity of glycan torsional flexibility and the challenge of a full
conformational space sampling. We note in passing, that all of the aforementioned properties
influence the bicand physicochemical behavior of the glycosylated protein aggnegstion,

solubility, recepteaffinity and kinetics of binding as well as complex formation.

4.3.2 Intramolecular protein-glycan interactions and effect on protein structure

We have shown how-MMndO-glycosylation alters the global protein propertiesisisdttion,

the localized effects of the glycan on certain amino acids are discussed. The results of all 16
simulations are summarized in the single figguee 4.4, which visualizebe effect of glycan

contacts on residual RMSF and relative SH®ackbone RMSF is altered in a range-&¢dm

to 0.3 nm. Interestingly, residues that show a highsmine@MSKFo more tharD.5 nm never

show any contact with the carbohydrate. In fact, further investigation revealed that these residues
are mostly Nand Cterminal ad thus naturally more flexiblenoking at the residues with a
decrease®RMSFE we note a accumulation of frequently contacted residues. However, most
residues can be found close to an RMSF changed#fEndent of glycan contact frequency. As
compared to the neglycosylated form, the difference in relative SASA ranges bétweel

0.3, where most of the residues are normally distributed around 0. Only one isle of residues is eye
strikingly offcentered. Namely the residues with a SASA reduction of moi@&3hand a high

glycan contact frequency. Unsurprisingly, these residasparmirto the glycan attachment sites
ASN24, ASN38, ASN83 and SER&R6 neighboring residu&his leads to the conclusion, that

at least in the case of EPO and most likely also for other globular proteins, glycosylation does not
alter solvent accesstlyitand fluctuation of residues unless they are close to the glycosylation root.

In this case, the solvent accessibility and RMSF are decreased.
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Figure 4.4: Effect of glycan contacts on residual RMSF and relative SASA relative to rgigicosylated EPO.

The scattered points represent thinaracids pooled from all the disnulationsncluding glycan@verages from

the three replica). The abscissa is thedifferin relative SASA as compared to theglyonsylated EPO. The
ordinate is the difference in RMSF as compared to thgyomsylated EPO. Every point is colored according to the
contact frequency of the amino acid with any glycan residue.

Even thoughproteinglycan interactions did not introduce drastic changes to structure and
dynamics of the amino acids, the interaction partners on the caatgokyd were further
itemized. The number of contacts of each glycan residue with the protein werednamdto
classified by amino acid residue t{fpigsire 4.5). The total number of contacts and the residue

types are largely consistent among the glycosylation sites with only minor differences. The most
contacts are mediated by the glycan core NidwetylucosaminéGlcNaqg andfucose Fug.

The interactiorresiduetypes resemble the local protein surface composition. The number of
glycarproteininteractions is highly decreafedhe second GlcNac, thentamose (bManas

well as both themannoses (aMar(nly thesialic acidNeu5Aq of the 3arm and thgalactose

(Gal and Neu5Ac of the-irm show frequent contacts with the proteins., Thosst instances,
the6-arm folds toward$e protein, whereas th@B8n remains in solvation. Tharén contributes

about 2000 contacts throughout the trajectodagsiarterof the number of contacts of the core
GlcNag whichisin contact with protein all the time. Thus, the prajigican interaction between

the two terminal residues of tharénis significant. Surprisingly, the interactions are not only of

the charged type between acidic NeuSAc and basic protein residuesbwedspolar and
hydrophobic residues. The composition of the interactions is quite similar also for the terminal
glyca-protein interactions. Systematically, the number of contacts mediated by the glycan at the
38 position is slightly larger as compared to the other two sites. Additionally, only the glycan at the
24 position is enabled to form persistent interactionthevi&arm. However, in total the

differences between the various glycosylation sites are inconspicuous.
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Figure 4.5: Amino acid type composition ofresiduesin contact with the glycan The stacked barspresent
ASN24 ASN38 ad ASNB83, distinguished either by c@BécNac, FucGlcNag Bman and arm(3-arm: AMan,
GlcNac, Gal, Neu5Ac andam: Aman, GlcNac, Gal, Neu5Agmain 6 sugar moietieResults arevaraged over
all simulations.

4.3.3 Conformational analysis

Even though thesitespecificdifferences in the intramolecular pretgytan interactions are

small, significant contacts could be identified, especially by the terminal Gal and Neu5Ac residues
of the éarm. It thus is of interest, if and howhsuteractions interfere with the conformational

space of the glycans. This is a tedious task though, because glycans are considered highly flexible
and the mathematical descriptions affords many variables. In the case of the herein examined
complex Nglyans, 29 torsion angles are necessary to fully describe their conformational state
(Figure 4.6 A). Three of them belong to the root connection of GlcNac to asparagine, 26 are
glycosidic bond torsion. The three root bonds are conformationally flexible and each exhibit two
states. Thus,major contributor to the flexibility of a glycosylation arrives from the-giptain

linkage alone. The glycosidic linkages are in fact broadly rigid and many of them only populate a
single conformational state with a low conformational varianceghést lcontributors to the
conformational variance are the linkages to the carblmctéted athe core fucose, the mannose

of the second antennadfin) and the sialic acid residues. Such bonds were found to exhibit up to
three conformational populats(Figure 4.6 B). While these bonds contribute to large amounts

of conformational variance, they are easy to identify and to distinguish. In othéréotmrdeon

angles are only slightly distorted and dragged in one or the other direction. In the histograms, this

shows as two closely overlapping or one broad peak.

All of the above is reflected by the circular var(&igige 4.6 Q which can take keges between

0 and 1. For the torsion angle distributions, three classes of values are identified: I. large circular
variance with a value above 0.2, which corresponds to two or three clearly digationppp.

Slightly increasedhlues between 0.@5d 0.2 that indicate broadened or heavily overlapping

distibutions,and Ill. Low values below 0.05 to show single populations. Thus, when it comes to
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the identification and classification of conformations, the bond torsion angles with large circular
vaiiance will be more important than the lower ones. Or, in other words, some bond torsion angles
are negligible in the conformational analysis because they are constant. Additionally, the analysis of
the pairwise circular correlation matFigure 4.6 DE) reveals a low degree of statistical
interdependence. The correlation coefficients are largely close to zero, and correlation is only

reported for consecutive torsion angles, that is angles of same glycosidic bond.
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Figure 4.6: Torsion angle sampling of the Nglycans. A) Atom numberingandannotatednvestigated torsion

angles. B). Histograms of all sampled torsion angles for each bond. Histograms are wrapped around a circle to
emphasize on thegberiodicity. Axes tick labels are only drawn on the last panel for clarity and are identical for all
histograms. C and D) Circular correlation coefficients between all torsion angles and their distribution. E) Circular
variance of the different glycan mmsangles.



90 Results and discussion

4.3.4 Conformational embedded clustering

To discriminate different conformational states, the torsion angles were utilized as features for a
densitybasedtlustering method. As the numbers of features is high, and the data is constrained to
a circudr manifold, the clustering method was benchmarked using an artificial dataset. This dataset
is supposed to resemble the real data. Thus, an assumption for the origin of the real data was
thought out. The basic idea was, that a molecular conformatieparmiesto an energy minimum

in a high dimensional energy landscape. If the conformation changes in any of the dimension, its
energy increases. Thus, the closer the conformation is to the minimum energy conformation, the
more likely it is. This way canbe imagined that conformations of a molecule are drawn from
high-dimensional normal probability distribution functions, in which the marginal distributions
correspond to single featyrasch as torsion angles. The dimensions (features) might be pairwise
correlated for example due to favorablelmmmded interactions such as hydrogen borsteris

hindrance Additionally, it is possible that certain features have multiple local energy minima so
that one mukdimensional Gaussian is not sufficient toritesthe whole conformational space.

Then, a mixture of such Gaussians must be empboysatelall the differentconformations.

Here, mixtures of increasing numbers of Gaussians and dimensions were generated to sample large
artificial dataset to mimic fhaoular conformations. These datasets were subjected to a
combination ofdensitybasedclustering and dimensionality reduction by means of nonlinear
embedding. For the clustering, different distances were probed.

Briefly, itcould be showthat a combinain of an initial UMAP embedding, combined with
hierarchicadlensitybasedlustering is well suitable teseparate up to 265 Gaussians as long as
they differ in at least one of 32 dimens(Bigure 4.7). In terms of accuracy, it did not make a
great difference, if cei transformation or a periodic ditgck metric was employed. However,
cossin transformation was computationally much more effidbite this is well in the limits of
the real dataye still decided teplit torsion angle spaa&to two categories: One for the root
connection between Aand the glycan, and one for the glycan itself. Teasibldecause the
torsional angles do not significantly correlate with each(feithee 4.6 D. Additionally, the
distinction is of interest to understand if the glycan conformation or ortiytiomesis defined by

the root torsion angles is affected by the prdtamhermoreit is supportive for the algorithm

by a drastic reduction of the number of clusters. Due to the statistical independence of the different
torsion angles, the probabiliigr the joint clustersould later be calculated via simple

multiplication.
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Figure 4.7: Benchmark of the lower dimensional embedding and clustering approachhe scatter plots show

the 2D embedding of 20® 16 (two left columns) or 3Ztwo right columngjimensionadrtificial data points. The

points are drawn from a mixture of 8, 16, 32, 64, 128, and 256 Gaussian probability distributions. The embedded
points are clustered using HDBSAN and coloreddingty. The estimated density of the 2D embedding is drawn as
black contours. Thestland 3 column employ a periodic Cityblock metric, whereagdh@d® 4 column use a

cosinesine extension and Euclidean distances.
































































































































































































































































































