ABSTRACT

YIN, YUANYUAN . Calculation of Membrane Protein Structures in Orief§adple NMR
and Their Validation using Roset{@nder the direction dDr. Alexander A. Nevzorov

Membrane proteins encode about 30% of all eukaryotic genomes and consitute th
majority of current drug targets. However, only 2% of solved protein structures in Protein
Data Bank are membrane proteins. To contribute to this outstanding problem, we have
developed a computational methodology for calculating membrane protein ssuictum
oriented sample sokdtate NMR. We have demonstrated the feasibility of obtaining atomic
resolution threglimensional backbone structures of membrane proteins solely from the
heteronuclear spigpin dipolar couplings. We have further validateddhlkeulated structures
and determined their optimal immersion depth in the heterogeneous merausoeis
environment by combining the above structural fitting method and the Rosetta structure
predicting package. Extension of this research include elimidat the oligomerization
states of homomeric protein assemblies by simultaneously utilizingstatel NMR

spectroscopy and Rosetta symmetogking protocols.
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Chapter 1

Introduction

1.1Introduction to Membrane Protein

Membrane proteins are associated with biological membranes and play a significant role in
many dynamic processes in cells, such as substance transportatidrtyangaaction, cell
recognition, celmediated immunity, neurotransmission, and metabolism modulation. They
can be divided into two main categories according to their topology: peripheral membrane
proteins and integral membrane proteins. Peripheral memlprateins cling on the

biological membrane temporarily, while integral membrane proteins attach to the biological
membrane permanently. Transmembrane proteins are the most common type of integral
membrane proteins and span the entire biological memlmaneecting the two bilayer
leaflets.(Markus Sallman Almén 200@)nly two kinds of structural types hayet been
observedn transmembrane proteins-hélices in majority (singlé-helix and bundles di+
helices), mostly present in the inner membrane of bacterial cells and the plasma membrane of
eukaryotes, anfl-barrel inminority, present in outer membranes of Graggative bacteria,

cell wall of Gam-positive bacteria, and outer membranes of mitochondria and chloroplasts
(HEIINE 1998; Wimley 2003)Figure 11)

Statistically, about 30%fall proteins in all organisms are membrane protéiihe majority

of prescription pharmaceuticals on the market also target membrane proteins due to their

physiological importance, in particular ion channels arar@ein coupled receptors



(GPCRsS), likeE | i Lillyds -BRYpughéads Stherneg, Gl axoSn

and Novart (Fénore 2004n 2012,rNobel Prize in Chemistry was awarded to
Brian K. Kobilka and Robert J. Lefkowitz fetudies of GPCRs, indicating the increasing
worldwide appreciation of the studies on membrane proteins.

In the past decade, the number of solved protein structures has increased by about seven fold
with the improvement in both experimental instrumentsrmethodologies, but only 2% of
protein structures in protein data bank are membrane proteins. There are about 1000 distinct
folds for integral membrane proteins, but only about 10% have been determined. (Figure 1.2)
Hence, there is yet a large unknown ldaf membrane protein to explore in order to obtain

a more profound insight into functions and mechanisnisinfan organellegYalini

Arinaminpathy 2009)

The technical challenges in elucidating higisolution membrane protein structures come

from three main aspects. Firftough some membrapeoteins can be expressedange
guanttiesin specific environments, like rhodopsin in the retjiRalczewski 2006La

ATPase in muscle sarcoplasmic reticulgioyoshima C 2000)and bacteriorhodopsin in
Escherichia col(Kazumi Siimono 2009) the really interesting mammalian membrane

proteins involved in intercellular communication and regulation of transmembrane ion and
metabolite concentrations, exist in extremely low levels and usually in multiple isoforms in
human cells, thefere are difficult to oveexpressn sufficient quantities for wvitro studies
(Grisshammer R. 1995; Grisshammer 1996; Tate 286&pndly, it is difficult to extract
membrane proteins from their native cellular membranes with an appropriate iedege

purify them intheir functional form for fulicharacterization. Thirdly, the crystallization of



membrane proteins can be destroyed by the aggregation of detsslyemlized protein, and
crystals often do not diffract well due to high solvent cots€Caffrey 2003; Guidotti 2009)
X-ray crystallography and solution nuclear magnetic resonance spectr@eofig most
widely used experimental methods in probatgmicresolution threegimensional structres

of biological macromolecule¢Figure 1.3)

X-ray crystallography determines the arrangement of atoms in a protein from a three
dimensional electron density map obtained by scatteringy)Xbeams onto the crystal sample

of the protein, so the prereqiiésin this methodology is to prepareh&gh-quality single
crystal sample Due to the challenges mentioned aboWsugh nearly50000 crystal
structures of biological moleculésmve beemeterminedoy X-ray crystallographyvery few

of themare membranerpteins.

Solution NMR spectroscopy has acted as a powerful tatpioringthe structure of organic
molecules for many decades before scientists were capable of resolving the structure of
proteins in solution by the wedistablishedH NMR spectroscopground 1985(Bax 1994)
Sharp resonance bands and isgenesonance signals usually predicate a high resolotion
the NMR spectrum. The watspluble proteingumble very rapidly in the agueous solution
and, therefore, yield short correlatitme, narrow resonance bands and good intensity. As
for the membra@ proteins, the hydrophobicity caused by the transmembrane regions
spanning the phospholipid bilayer leads to the demandigals or detergents to get
solubilizedas well The resulting protehdetergent complexes have a larger size than the
protein itséf, which slows down the tumbling in the solution, prolongs d¢beelationtime,

and thus broadens the lmadths and attenuates the signal intensity, becomingntiaén



limitation in resolving the structure of membrane proteins by solution NMR spegiosco
Only a small number of membrane protein structurvggh a relative molecular mass of less
than 35kDa solubilized in micelles have been determmedolution NMR.(Almeida FC

1997; Kevin R. MacKenzie 1997; Yu2005; Schnell JR 200&)ue to the abovdifficulties

and limitations in X-ray crystallography andolution NMR spectroscopolid-state NMR

tools have been developed as an alternatiggudymembrane proteins.

In solid state NMR of oriented samples, mi@ane protein samples are prepared by either
mechanically aligned on glass plates or magnetically aligned in large bicelles or lipid
bilayers. In principlethe bilayersstackedbetween glass plates should the most suitable
substratdor investigatingthe structures and functions of the membrane proteins because of
its similarity to the biological membrane anithus, the capabilityof mimicking the real
environment forthe membrane proteingDe Angelis and Opella 2007)he menbrane
protein samples are immobilized via the interaction with the surrounding lipids, resulting in a
much longer correlation time comparing to the timescale of experiments. Radio frequency,
magic angle spinning and sample alignment rather than tumblingsatie mechanism of

line narrowing(Jaume Torres 2003; Marassi 2004)

1.2 Protein Structure and Folding

1.2.1 Geometry of Polypeptide Chains

Proteins are long chains of amino acids connected to each other by peptide bonds. The basic
unit is formed by three atoms: the amidérogen (N), the alphacarbon C;), and the

carbonylcarbon Cf). (Figure1.4) The unit starts from the amide nitrogen, and ends at the



carbonyl carbonlabelled as N Cy; a n,desp€adtively, where i is the number of the

residue.

Usually, the peptide gro(=O)NH- has two resonaecforms, one of which has a double

bond between carbonyl carbon atom amdide nitrogen atom. (Figure }.Fhis partial

(~40%) double bond character renders the peptide group planar, ensures the rigidity of the
peptide plane and consequently the rigidityhe whole polypeptide molecule.

The partial double bond character also leads to the existetreamgéndcisisomers. (Figure

1.6) In the folded polypeptide, th&rans isomer is always sterically anenergetically

favor abled.Se@mdtyitransposi ti on, with the dihedr
CY i®f, a n.dfou atoms in the same peptide plane, equal to 180°%iFleomer,

where the dihedral a n appears except & the cpseaof protine. 0 U,
(Creighton 1984)

The rigidity of the peptide plane results in only two bonds, @§ and G;-C () rotating
freely. u, t he ;-Cphosd oax iasn,g lies atl hoen gd iNONg d r a | a
Chdand;. CQq, the t or gCaond axis,gslthe direedrabangje d€fined hy N

Cuy, @d N:.;. (Figure 1.7 Hence, if we assume that the protein is aldgical
macromolecule consistd a numberof identicalpeptide planes, we cabtainthe secondary

and tertiarybackbone structure of the protein as long as the torsion angles are determined.

The common secondasyt r uct ur ath etl y psess,a nloitskns havh ttieir own
characteristic combi n glbvellpDPavisefal. 2063)whicheambeang!| e s
visualized respectively in a Ramachandran plot. Ramachandran plot was dewzdpeéd

1963 by G. N.Ramachandran, C. Ramakrishnan and V. Sasisekharan by computing hard



sphere modeldG.N. Ramachandran 1968) thar experimend, atoms were mimicked by

hard spheres with their van der Waal s radi
systematically to find stable conformations, in which no collissomong atoms occurred.

Figure 1.8is a classic Ramachandran plot defining torsiagles(Lovell, Davis et al. 2003)

The conformati ons warkghay (e ga rod-sheetafidaigght Hanflgd i nt o
U-helix, have no steric conflict, so they are strictly allowedlitfhtly shorter van der Waals

radi i wer e wused i n reldien geagdgions aradllowednas well. Ata nd y
the same time, the left a n d enelix région shwed up. White regions are staaily

disallowed for almost all amino acids, becausetwh (G and y i n this part
atoms is smaller than the sum of their van der Waals radii, atoms coltiieeach other,

resulting inunstable conformatia However, glycinéhas no side chains, so it becomes the

only amino acid structurellawed in white regions. (Figure 1.8Nith the increasing
availability of highresolution protein structures obtained in the past few deceefased
Ramachandran plots can be used to estimate the backbone conformation and evaluate the
quality of the strature refinement simultaneously.

Specifically, the proteinhelices are mainly cagerized into alphdelices, 30h el i ces and
helices based on the number of residues and atoms per turn. Alpha helices hasid88 re

and 13 atoms perturnigh el i ces have 3.2 resi d-bebceshaved 12
4.4 residues and 16 atoms per turn. Torsion anglearghipsi are accordingly different in

these three cases. We need to modify the sahfetorsion angles in structurditting

according to different objects. For alphalices phi=-65°, psi=-40°; for 3, helices, phi=

68°, psi=-1 7 A ; -hdliaes, pt# -57°, psi=-70°. (Sanguk Kim 2004)



1.2.2 Hydrophobicity of Amino Acid Residues

Hydrophobicity isvery useful inprediction and evaluation ¢fansmembrangelices region

of membraneproteirs as well. The more positive the hydrophobicity scale, the more likely
are the amino acids to reside in the hydrophobic core of biological men{leakeKyte

1982; White 1996; Tara Hessa 20QBigure 1.9) kdHydrophobicity, wwHydrophobicity and
hhHydrophobicity are the hydrophobicity scales most commonly assigned to amino acid
residues. Among them, wwHydrophobicity, i.e. the Wiml@hite whole residue
hydrophobicity scale, is based on transfeefenergies of polypeptides directly determined

in experiments and considers not only the backbone peptide bonds but also the contribution
from side chain. It is significant in determination of the positions of amino acid residues
across the membrane.

1.2.3 Molecular Modeling using Rosetta Software Package

To get an idea about the complexity of protein folding, let us consider the backbone structure
by sequentially connecting the amino acid residues and looking for all possible torsion angles
associated with eagieptide plane, assuming the value of torsion arfglasdY are chosen

from one of the three most stable regions, i.e. the dark grey regions shown in Figurel.8. For a
small polypeptide containing only 50 amino acid residues and thus 49 peptide bonds and 98
torsion angles, in order to calculate all of itsgible structures it would tak&3nultiples of

the time steps that are needed to find one torsion angle conformation. Therefore, the total
time to find the native structure could be even longer than the age of the universe, as

originally described by Lavnt hal 6 s p dBMudck2069) n 196 9.



Molecular dynamics is commonly used in the study of protein folding using force fields to
simulate the physical movementdant he i nteractions between at
equation of motion. However, in order to simulate the real dynamic processes occurred in the
object system, molecular dynamics modeling needs a large amount of computational time
even with the latest CRBome welknown packages, such as CHARMBernard R.

Brooks 1983; Alexander D. MacKerell Jr. 2000; B. R. Brooks 208MBER (Jay W.

Ponder 2003; David A. Case 2006ROMACS(H.J.C. Berendsen 1995; David Van Der

Spoel 2005havebeen well established and widely applied in research of both soluble
proteins and membrane proteins.

Early in 1961, Anfinsel{C. B. Anfinsen 1961and coworkers had demonstrated that the
threedimensional protein structures are completely determined by their amino acid
sequences. Starting from development of de novo prediction methodology, Rosetta has been
expanding raully since its first launch in May of 2004. Besides the ind@inovdolding

protocol, comparative modeling, protginotein docking, protedtigand docking, loop

modeling, protein design and enzyme design protocols etc. have been developed in the past
few yeargBaker 2000; Brian Kuhlman 2003; Jeffrey J. Gray 2003; Daniel J Mandell 2009;
James Thompson 201Applications such as RosettaNMRang Shen 2008; Yang Shen
2009)and RosettaEPRStephanie J. Hirst 201&)e also developed to build protein models

from sparse experimental data. In RosettaNMR, local distance restraints are derived from

NOEs and long range angular restraints are obtained from redidakar couplings.



Combining Monte Carlo structural perturbation with energy minimization, thousands of local
minima are sampled to find a global minimum. Basically, the protocols in Rosetta can be
divided into two steps: sampling and scoring.

1.2.4 RosettaSampling Algorithm

Noticing the fact that the folding of local segments of a polypeptide is not dependent on the
folding of the whole protein, the Baker group has developed a molecular modeling package,
Rosetta, to predict the conformation of biologicaktnemolecules based on the Bayesian
statistical analysis of available conformations of sequence segments in known protein
structures available in protein data bafdim T. Simons 1997; Bonneau, Tsai et al. 2001,
Richard Bonneau 2002)he protein folding starts from an extended polypeptide chain. The
3-residue and-9esidue fragments with similar sequences found in the fragment library are
inserted into the protein backbone to build simulated models. Usually alfii 8@esidues
fragments and 10000Gr@sidue fragments are searched and combined in each model
prediction.(Carol A. Rohl 2004 hen the lowresolution energies for all the predicted

models are calculated to produce a broad range of energy minimum, and with Metropolis
Monte Carlo simulated annealingtonization algorithm the global energy minimum can be
determined. In the optimization procedure, the initial conformation is selected randomly, then
a local perturbation is conducted by modifying torsion angles or replacing a rotamer at side

chains. If tle energy of the new conformation is lower than that of the old model, the new
conformation will be accepted. Otherwise, the value & &<'“ T will be calculated and

compared to a random probability P, wheeP ¢1: if e G 5% T> P the new

conformation will still be accepted, and will act as the starting point of the next searching



step; if & &ev B/ T< P the old conformation will be kept, and a new perturbation will be

conducted. Conseaqutly, the searching will be able to hop the local energy minima and

achieve the global energy minimum. Experimental data and constraints derived from NMR

and EPR can also assist in improving the resolution of predicted protein str(fehulip.

Bradley 2005; Kira M. S. Misura 2006; Bin Qian 2007)

1.2.5 Rosetta Scoring Function

Rosetta scoring functions, i.e. energy function, can be categorized into two major classes:

low resolution and high resolution. The former a8k reduced atom representation and
describesside hai n wi t h @A s up e fmodescormgfanctionTishmaialyuseelnt r o i
for de novo folding protocols. The higlsolution scoring function describes sdein with

rotamers developed by Dunbrackaé{Roland L. Dunbrack Jr 1993; Karplus 1994; Roland

L. Dunbrack Jr. 1997).e. allkatom representation, and uses the sum of a series of weighted

energy terms as the total energy for the model. In the preseetipiojv resolution centroid

mode scoring function is used in de novo prediction of membrane proteins, and high

resolution allatom scoring function is used in validation of membrane protein structures

calculated from solid state NMR experimental data.

The energy terms are physical potentials cal c
as wel |l as Coul ombdés | aw, and knowl edge base
physical characteristics of experimental protein structures available in(iRBiices C.

Bernstein 1977; H. M. Berman 2002; Gautam Dantas 20@3uding 612 LennareJones

potential, solvation potential, electrostatic interactions, side chain conforra@mdent
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term, torsion angle prafence term andn energy term based on fhr®bability of a certain
amino acid at a given pair of phi/psi angl@aker 2000; Brian Kuhlman 2003)

The 612 Lennaredlones potential is used to describe van der Wiaiglsactions and
expressed by an attractive energy té&ig and a repulsive energy tefijep. (Eyal Neria

1996; Baker 2000)

natom natomea l(Z) I. é ° Q( if rl
Ew=a a% 828 § T <112 ¢
o &Y T ic i
E “zm”a‘i;{"&o 0114% ¢ ¢ n (1.2)
- c +>1.12 .
ep i j>i @ % § dij

wherei and j are indices of different atoms, id the distance between the tworas, | is the

sum of the van der Waals radii, ardsthe square root of the product of the well depths by
adapting the CHARMM19 parameter set via using 5% shorter van der Waals radii. yVhen d
equals , the value of the attractive energy is the safrrg;. When the distance between two
atoms is 0 A, the repulsive energy reaches its maximum 10.0 kcal/mol.

The solvation potentidtsqy, is derived from semémpirical implicit solvent model
parameterized with experimental data, which was initially jptexh by Lazaridis and
Karplus.(Themis Lazaridis 199®urial of polar atoms is also penalizesipart of the

solvation potentialEsoy penalizes surface exposure of hydrophobic residues and favors

exposure of hydrophilic residues.

ne.\t.omé nato'mF free free ﬂ
= X 1.3
Eon a}%gﬂfa‘- 1974\/—|(2 xp( )Y 4J_Ji)exp(c}) % (1.3)
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dj andr;; have the same definition as mentioned ab@@*' is the solvation free energy of
the fully solvated atornrey is a correlation length, andis the atomic volume.

Theelectrostatianteractions are demonstrated by residue pair potdgtialKim T. Simons

1999) and hydrogen bonulg potentiaEnnone The residue pair potential is knowledge based

and obtained from the probability of a pair of polar residues found in the vicinity of each

other in PDB database.

nresnre.s P(aq aql q env er]y

A Onaal d, eny Pap g env ¢4

Boar =

In Eg. (1.4), i and j are indices for different amino acid residBgsg| ¢, eny is the

probability of finding amino acid typaa within the distancel; in local environment type i,
andP(aa| d, eny is the probability of finding amino acid tyey within the distance; in
local environment type |.

The hydrogen bonding potential is orientatabependent and consists of lerange and
shortrange items, i.e. hbond_Ir_bb, hbond_sr_bb, hbond_kdndbbond_s¢D Benjamin

Gordon 1999; William J. Wedemeyer 2003)

[

10

€3 r ) rd B
Ehbond ?%J_ Q 6 E]% g C) (15)
é g ij 0 |Q u

d; is the distance between acceptor and donor of the hyutwged, andj is the optimal

hydrogen bonding distance(q) is the angular dependence of the hydrogen bond calculated

from vectorangle potential, vectetensor potential and vectdisplacement potentials

developed by Wedemeyer et.@Villiam J. Wedemeyer 2003)
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Rotamer selenergyE, is calculated from the probability of finding a certain rotamer at a
given pair of phi/psi torsion angles in protein data bank, and is based on Dunbrack rotamer

library. (Roland L. Dunbrack Jr 1993; Karplus 1994; Roland L. Dunbrack Jr. 1997)

residue
Ea=a in(prok{ro(| phi), psi)) (1.6)
The torsion potentidt ama is based on the Ramachandran torsion angle preferences and is
calculated from the probability of finding a certain amino acid in a secondary protein

structure at a given pair of phi/psi torsion angles in protein data(Bahk.Ramachandran

1963; William J. Wedemeyer 2003; Carol A. Rohl 2004)

residue

Eaa= @ An[proff ph(), psf)| aa s§ (1.7)

i
, Whereaa = amino acid type ansis= secondary structure type.
1.2.6 Assessmendf Model Quality
The accuracy of predicted models are evaluated mainly by three factors, i.e. RMSD,
GDTMM and MaxSub. RMSD is the root mean square deviation of the simulated structure to
the native structure if a crystal structure is availabtbe@vise, the lowest energy structure is
usually used as the baseline to calculate RMSD. GDTNi#hes Thompson 201heasures
the superposition between the simulated structures and the native structure, and with a given
distance atoff, the closer is GDTMM to 1.0, the more similar is the predicted model to the
native structure. MaxSufNaomi Siew 2000dlescribes the largest subset gfafoms of a
simulated structure that superimpose well over the native structure with a given RMSD

threshold.

13



1.3 Solid-State NMR Studies of Membrane Proteins

1.3.1 Basic Principles of NMR

In NMR spectroscopy Nuclear Overhauser Effect (NOEghemcal shifts, Jcoupling,
dipole-dipole coupling and quadrupolar couplsgre the nuclear spin interaats normally
utilized for structure determinatiofNOE (Overhauser 1953; Kaiser 1968gscribes the
magnetization transfer between dipdipole coupled nuclear spins and mainly provides
information about distance between these nuclei pagsuplings(Maxwell 1952)describe

the internuclear spin interaction through chemical bonds and provide both distance and
angul ar i nf or mat i -wauplingsBavet usuallil @r&bédsin solotion NMR
spectroscopyBy contrast, bemical shift anisotropy, dipolar couplsigand quadrupolar
couplings are all anisotropic irsolid samplesand, therefore, represent a useful sowte
information for membrane mwtein structure determination fronsolid-state NMR
spectroscop. Chemical shift anisotropy demonstrates the orientation dependence of the
chemical shift and arises from that fact that the charge distribution on a nuclei is not
spherically symmetric. The orientation of the atoms affect the orientation of the electron
cloud over the nuclei, and thus affect the chemical shielding. Dipolar couplings, different
from Jcouplings which describe througipace dipolaipole interaction, indicate direct
interactions between dipoliipole coupled nuclear spins. Distances anddbornentations
between the nuclei can be obtained directly from NMR spectroscopic data. Quadrupolar
couplings(Lucio Frydman 1995appear in nuclei with a spin larger than %2 and depend on
the electric field gradient. Both dynamic and orientational information capvbtaéned in

solid-state NMR by analyzing these spectroscopic observables.

14



In most NMR experiments, backbone atoms (amide nitrogen, alpha carbon and carbonyl
carbon) in polypeptide chains are isotopically labeled for frequency measurement.
Nuclear magnetism isriginated from nuclear spin angular momentumyhich is an

intrinsic property of nucleus. WhérO0, usually found in atoms with both even mass number
and even atomic number liKgC, the nuclei have no magnetic moment and no NgigfRal

can be detected. BotAN and**C used to label a protein sample in solid state NMR
experiments have a nuclear spin wittqual to ¥2. Quadrupolar couplings can be measured

in nuclei withl > % like *N.

The magnetic momemtican be expressed by the product of nuclear spin angular momentum
Sand gyromagnetic ratig i.e.m= ) If we represent the spin angular momentum Bjth

then the square of its observable value is given by:

S2=1(1 4)n° (1.8)
wherel stands for the angular momentum quantum numbekand t he reduced Pl
constant.

For a static magnetic fielo, its orientation is defied along the-axis, and the projection of

the angular momentuon the z axis can be described®ym k wheremis the magnetic
guantum number, and ranges from, I-1 , € 1 (k19 -1. Then the ZzZomponent of the

magnetic momemz=gm k Therefore, inlie magnetic field,, the energy of a nuclear spin
state can be calculated using E#Bo = -gm BBy, and the difference of energy between two

nucl ear spin states with spicBgiSimitady,f@hown i n
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nucleus withspin=1, t he ener gy Bp The enguanncomeniura opep&crs2
are also used in the calculation of Wigner rotation matrix in structural fitting. (see Eq. (2.4))
The ratio of the populations of two spin stateg,.\and N v, )at temperature T i®lated to

t he Boltzmann constant & and the energy diff
Newzy/ N gz =N/ N =e @ 2MF* (1.9)

By absorbing energy from radio frequenblywill increase andN. will decrease, thus the
ratioN. / N. will increase. Based on this phenomenon, the sensitivity of sparse nuclear spins
in NMR experiments, such a3\ and™C, can be increased via their interaction with a
collection of abundant spins likel. The abudant spin system is prepared under an assigned
low temperature, then the sparse spin system is brought into the cold system of the abundant
spins via thermal contact. As the energy is transferred from the sparse spin system to the
abundant spin system, tpepulation between the higher energy and lower energy spin states
will increase. Therefore, the sensitivity of the NMR experiments can be improved.

The resonant condition for absorbing radio frequency radiation is given bg; E=Bo/g2 ~ .
Consequentlythe resonance frequencies observed for different nuclei are proportional to
their corresponding gyromagnetic ratio.

1.3.2 Magic Angle Spinning NMR

In magic angle spinning (MAS) sokstate NMR, the orientations of the protein molecules
immobilized inrandomly oriented lipid bilayers with respect to the external magnetic field is
averaged out by the sample rotation al&uv 4, i.e. the magic angle. By mechanically
spinning membrane protein samples at the magic angle at a high frequendy kifi,

nuclear dipoledipole interactions are averaged out almost to zero, and the chemical shift

16



anisotropy is averaged to the isotropic component of the CSA tensor, and the quadrupolar
coupling is partially averaged to a residual second moment. This resuhligim@solution
spectrum with narrower lines containing only isotropic shifts and J couplings, such as those
obtained from solution NMR, thus providing distance and torsion angle information. Figure
1.13 shows a schematic diagram of a typical MAS expetiniEnR. ANDREW 1958; Lowe
1959; Andrew 1981; Jaume Torres 2003)

1.3.3 Oriented Solid-State NMR

In oriented solid state NMR, bicelles and lipid bilayers, which encompass the membrane
protein samples and serve @ nativelike environmen{isabelle Marcotte 2005are
magnetically aligned either perpendicular or parallel (with the addition of lanthanide ions) to
the external magnetic field. (Figure 1.14) Orientati@pendent agmical shift anisotropy

and heteronuclear spspin coupling are the conformational constraints used to predict
membrane protein structur@dany experimental methods, such as MREWBK. Rhim

1973) TMREV (M. Hohwy 2000) PISEMA (Wu, Ramamoorthy et al. 1994hd SAMMY
(Alexander A Nevzorov 2003have been developed to meagheedipolamuclear spin
interactions since the establishment of setate NMR spectroscopyhese pulse sequences
belong to the sealled class of higheslution separatetbcal field experiments. For

instance, PISEMA (Blarization hversionSpin Exchange aMagicAngle) is ausefultool to
analyze the conformatismof helical membrane protesnwhile recent publications

d e mo n st r ddrrel facttomimnmemlirane proteins can kesolved as wel(Ana

Carolina Zeri 2003; Nevzorov and Opella 2003; David S. Thiriot 2004; De Angelis, Howell

et al. 2006; Sang Ho Park 2010; Bibhuti B. Das 2012)
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PISEMA correlates®N chemical shift anisotropy arféi-">N dipolar coupling for uniformly
or selectivelyN labeled proteinkighly aligned in the magnetic fielMathematically, the

observables in a PISEMA experiment can be described as

LA, 0

2B oF 9 (1.10)

(;; =

, where 0 is chemical shif (DerngWangetal.200t) 3 i s
The chemical shift tensor 0 i RAF)asgepesented ri c, a

asPAF=38, 0 5 | 1l0&r e the correspondi ngu<pri nci p
¢

U2o<= Us3. The value of chemical shift tensor is given by

N

o ° 2 L

. 8- .- - -
v :1% B @ ot BB o (1.13).
The dipolar splittingtens@ i s tracel ess and axially
along the direction of covalent bond NH and can be repted as
é 2
L@% ® 8u (112
2
¢ ¢
, whereg) is the value of dipolar splitting tensor @B, = u.. If the coordinates of unit
vector ofBgin PAF are (x,y, z),tensai and 3 ressedbybe exp
o _ 02 20 2
U =" X5t U oy (1.13
and
3 - 2
3=2—((3ldob S|hlxb+sbb) (1.14
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Theperiodicityin theorientation of eah peptide plane an ideal helixs reflected into a
characteristic PISEMA patterne. thePISA (Polar Index Slant Angle) wheel. By analyzing

the PISA wheels, one can assign the resonasempsentially to theorrespondingmino acid
residues in the pygpeptide chairand determine the orientation of alpha helices and beta

sheets with respect to the external magnetic f{dldWwang 2000; Marassi and Opella 2002;
Nevzorov and Opella 2003; A. Ramamoorthy 2084}he slant angl&relative to the

magnetic field increases, the PISA wheel moves from top left to bottom right while the radius
first expands and then redugssts size (Figure 1.15)

In the PISEMA coordinatesthe formulation ofthe dipolar coupling and chemical shift
anisotropy are both im quadratic form, so the values with equivalent magnguoiet
opposite signs can all saygyshe equation, leading to a large number of possible orientational
solutions The orientations of the peptide planes are-ftaureightfold degenerate owing to

the quadratic nature of the relevant NMR interacti@sswell as to the fact that only the
absolute values of the dipolar coupling could be determined experimentally. If
multidimensional spectra includingCg chemical shift,*Cg-*Hg dipolar coupling and even
13cy-Hy dipolar couplingare available, thesedegenerdes could be removed and the
conformation of side chains cdoe unambiguouslyesolved.(Nevzorov and Opella 2006)
Ramachadran maps could also be used as a means of removing these degeneracies by
constricting only those peptide orientationstthar esul t i n pl ausiabl e t o1

described in the present work
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1.3.4 Structural Fitting using PISEMA

Structural fitting of the PISEMA spectra has proved to be a usefethod to determine the
membrane protein structure, particularlyegular structures like kinks, twists and bends,
from the frequencies measured in sdtdte NMR spectra(Thomas Vosegaard 2002;
Bertram, Asbury et al. 2003; Nevzorov and Opella 2003; J. R. Quine Z0@4prograns
SIMPSON and SIMMOL(Mads Bak 2002have been developed bielsenand coworkers
since 2000, while CNSS02, a pubic software package developed from CNS
(Crystallography & NMR Sytem) software(A. T. Briinger 1998)is also a common tool
used in structural fitting. Around0B3, a Monte Carlo simulatn algorithm implemented in
MATLAB was established by Nevzorov and Opella for structural fitting vpé#ntial or
incompleteresonancassignment of thelBEMA spectra(Nevzorov and Opella 2003; Anna
A. De Angelis D04; David S. Thiriot 2004; De Angelis, Howell et al. 2006; Sang Ho Park
2006) Nevzorov and Opella havapplied this algorithm to the experimental data of an 18
r esi du ehelix abmtaaning odly alanines, a-t6e s i d u e-helical mapdmembrane
domain of the channdbrming peptide from the acetylcholine receptor (AchR M2), and a
25r esi due t r ahelig of henfdooadpnotein to compare the structufias under
different conditions, such as different variation rangebéntorsion angleand incomplete or
partial assignment of the spectra For t fheix fiagnerd, |therd) is no obvious
difference between the structufas for the+5° and +£10° variatiosinthet or si on angl e
and y. -Retical transmembkane domain in AchRRMhe structuralfit is virtually
uniquewhen the variation regiofor thetorsion angles is +5°. But when the variation region

extended to £10°, the structural fit is no longarque, buis still similar to each other with a
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RMSD (root mean square dation) of less than 2A. In addition, if additional resonances of
some specific types of residues are available, the stalctit could be more accurate
(RMSD < 1.6 A)evenwith a relatively large variatioft10°) in the torsion angles. For the
transmemba n ehelides of the fetoat protein,Nevzorov and Opella also compared the
structuralfits with andwithout specific resonance assignment of some types of resahges,
concluded that additional resonance assignment of some residues can help achieve a
convergent set of solutions with higher accuracy and precision.

1.3.5 Analytical Framework for Solid -State NVIR Observables in TorsionAngle Space

To implement the structural fittingf multidimensional soliestate NMR spectraf aligned
samplesit is necssary to establish an effective analytical framework to transform the data
from solid-state NMR spectra into the protein structures.

In Cartesian coordinate system, a point in space cagpbesented by a row vector r:
r=(x y 2 (115
Here, X, y, and z are the Cartesian coordinates of the point. Assuming the Cartesian basis as a

standard righhanded coordinate system and tbhtation counterclockwise, the basic rotation

matrices in three dimension space are:

al o 0 acosg 0 sing acosg - sing 0O
&(q):z) cos g -sin (Ry(q):z 0O 1 O Rz(q):éin g cos g 0 (1.19
® sing cosq Esing 0 cosg o 0 1

To rotate an old coordinate system into a new one with coordinates of the saangwect

can use the rotation matrix,Rlescribed by the product of three rotation matrices:
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R.=R(a)R.(JR( g

acosa -sina 06 &sb 0 sin b & g sin P 0

=§ina cosa Ooaeo 1 0 %nz cos g O g (1.17)
0 12&nb 0 cosb NE 0 1 0

acos( )cof ) cob Y sig )ash) g- cfs) e(o) 6) - 6n) (b (@ (she

=gna cos(@cos p+cok )as) g -sh) ebs) n) ceda)co 9 sif Jsif )b

¢ - sin(b) coq & si{ )bsif ) g cos ) b

So the coordinates of the vector in the new system can be expressed by:

(x vy 2)=(x vy 3B (119

In this analytical framework, amolecular frameassociated with the peptide plane is
introduced the x-axis is chosen along the NH bond, araxes is perpendicular to the plane
contanng NH and NCO6 bonds. The orientation
molecular frame of thet h pepti de pl ane i and. ébnece®Nbed

chemical shift anisotropy arféi-*>N dipolar coupling can be written as:
n°N)=s_sin’ tsin’( & )g+, @8 sk cof{b ) (1.19

3sin" bcod a

n(H-"N) =¢ ; (1.20

Aiming at calculating the protein structure directly from its sehiate NMIR spectrum in an

ab initio fashion, we should determine the minimum number of experimental angular
constraints that are necessary determinea complete atomicresolution structureof a
protein

However, in soligstate NMR, both spatial and angular coaisits are the observables in the
measurementso a coordinate systenmwhich is called ranid irreducible spherical basis,

capable of dealing with angular informatiasm more convenient (Figure 1.1¢ In the
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project,thereforewe choosehis basis to riate the protein structure to its multidimensional

solid-state NMR spectrum.

Sincethe bondengths X+ y2 17 remainconstantthe spherical basis obtainedrom the

Cartesian basis by the transformation matrix T:

50 = 9 a1l 4 1
V2 V25 2R
(X y Z)ail_ 0 L 08; X+Iy ﬂ P2} | |
=7 NBER R TIE= 0 - (1.2)
®0 1 0 ® V2 V2
e 0 20 1 0
e
=I‘é Sinqeif cosg Si_nqe-if 0 ¢
& 2 N- R
Consequently, theotation matrix is transformed into the-soa | | e d1 WigRea Rdktation
Ma t r(Arfkea 1985)
T'R,T* D(a, & )g
(1.22
2 1+ ) ) i . -
g@_lal cosbe,g _e,_asmb é_al coslgei
. 2 2 2
& sinb sin b,
= —eY cosb e’
N 2
&, 1-cosb , . .Sinb b JA+cos lpe p
gee 2 V2 2

In this irreducible spherical basis, all the frequencies obtained in the experiment can be

rewritten in a unified manner asrauichmore compact quadratic form.

1=Y (YD (W, WD (W, X (5.2) (123
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Here, Wigner rotation matrild( gp) describes the transformation from the molecular frame
to the principal axis system of each tenso
conjugate. Theaw vector of unnormalized spherical harmon¥g b |, U) iI's given

following formulation:

-Y(b, %z(ﬂéa cosb Siibe'“") (1.29

72 2

In Eq. (1.23) M is the corresponding interaction mat For chemical shift anisotropy, M is

described by the yppincgdgll vesamphaentis 0

é511-'- S, 0 2 7 P
x
oy 2 2
M = 0 0
e S (1.29
@55 »~ 0 2t
¢ 2 2

For dipolar couphgs, M is expressed by the product of the dipolar coupling constant and a

single diagonal matrix:

1/2 0 0
_ e

&

¢ O 0 -1/2

The rotation of the subsequergpbide planes is achieved by thecadled propagator matrix.
Mathematically,h e pr o p a g a t,0 §) @iverakty the produet(ofitwo rarkk Wigner
rotation matrices shown in Eq. (1)2Brings the molecular frame associated with ritte
peptide plane into coincidence with the molecular frame ofrtih&)th peptide plane. So the

orientation of the succeedir{g+1)th peptide plane relative to the applied magnetic field is
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calculated via operating the propagator matrix on the spherical harmonicsnihtpeptide

plane.
P(F, Y,)= D(aNg’ Fo %tra) D(O' Y ﬁc‘aé (1.27
Y (b 32)=Y( & JP(F ) (129

In the propagator matrix, the first Euler angle in the first Wigner matrix is the angle between
the yaxis of themolecular frame and the-8g bond of thenth peptide plane@,. =151.8°;

the third Eul er angle in the figd71647°Witigner m
real pr ot ei n-11p°%ytmeithrcaBuleryangle i de€obbl Wigner matrix is the

angle between the & bond and the-gxis of the molecular frame of tl{g+1)th peptide
plane, g, . =34.9°. These numerical values of Euler angles are assumed to be constants for

each peptide residue ¢fhe structur e, SO as phaoadga@as t he
determined, the backbone conformation of the complete protein can be constructed residue
byresidueThe peptide plane can be al seg kegcei bed

with formulation expressed by Eq. (1)2@ the irreducible spherical basis.

1 a Xy, P ) [ (1.29

NI

Herederotes the directional weadinga nitrogenandng at

m,

o8

gzendi ng -carbon.t(xhye, z)Uare the vector coordinates measured relative to the

mol ecul ar f rdkvle 2, 3) viBqa(l.24 Therefare, the orientation of the first
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peptide plane relative to the laboratdrgme can be calcukd using Eq. (1.30), while Eq.

(1.31) works for the succeeding residues.
n% = 4D(0, ;b p) (1.30

n™ = 4VPCE, Y, W (1.31)

1.4 Prediction of Helical Membrane Proteins Structures using Rosetta

1.4.1 De Novo Prediction using Membrane Ab Initio in Rosetta

Many research grogpanalyzed the available alphalical membrane protein structures
statistically and summarized the amino acid environmental preferences within hydrophobic,
amphiphilic (interface) and polar layers of the membrane. Based on this information; Yarov
Yarovoyet al. have adapted original Rosetta de novo structure prediction method to predict
the helical transmembrane protein structufeadimir YarowYarovoy 2006)n the tests on

12 membrane proteins with known stiure, such as rhodopsin;type Na-ATPase,
bacteriorhodopsin and lactose permease transportédBbiesidues were predicted with
RMSD less than 4A to the corresponding native structure.

The energy of predicted structure is calculatedqyl .32(Vladimir YarowYarovoy 2006)
considering residuenvironment interaction, residuesidue interaction, steric overlapping,
packing density of membrane proteins and strand paifliigsenergy maximizes exposure

of hydrophobic residues within the membrane and minimizes hydrophobic exposure outside
the membranelhe membrane protein database is constituted by 28 helical transmembrane
protein structures in PDB.

EtotaI: Eenv+ Epair"' Eclash+ Edensiti" Estrand (1 . 33
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First of all, the amino acid sequence is used to generate #meé@ineresidue peptide

fragments on Robetterver fittp://robetta.bakerlab.of), which is more convenient and

accurate than the traditional PSIPREI®nes 1999)JUFO(Meiler 2003)and SAMT99

(Kevin Karplus 2001)

Different from de novo prediction for soluble protein structures, besides the FASTA primary
sequence file, threeesidue and ninreesidue peptide fragments files, transmembrane

topology prediction file and lipophilicity prediction file are also necessarysgmificant in
membrane ab initio simulation.

Transmembrane region is predicted on OCTOREISer fittp://octopus.cbr.su.getith

primarysequence in FASTA formais input file, and expressed by andM in the aitput

file. (Elofsson 2008M, standing for membrane, is assigned to residues < 13 A from the
membrane centerando are assigned to residues in loop regions, which-2314 from the
membrane centeinside(i) or outside(o) depends on the side of the meare they reside

on. Figure 1.17 demonstrates the definition of membrane and the allowed region for
transmembrane hairpins by OCTOPUS. Then the transmembrane topology prediction file,
i.e. SPAN file, is generated using the OCTOPUS file. The number ofrisambrane helices
and the start and end residue numbers of each single predicted transmembrane helix are
shown in the SPAN file. Finally, with sequence file and SPAN file as input, the predicted
lipophilicity file, i.e. LIPS4 file, is produced.

The membrae ab initio protocol sets the initial membrane ceatethe center of the mass of
the proteirandthe membrane normal unit vectoas the average direction of all the helices

with predicted transmembrat@pologyfile. Two adjacent transmembrane heliceamthe
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middle of the protein are embedded into the membrane first, then a new helix is added
randomly to the Nor C-terminus. All the remaining helices are folded continuously in this
manner until the whole structure is embedded into the membraaarientation of

membrane normal and relative position between membrane center and mass center of protein
are changed to search the optimal embedding position, i.e. the position with the lowest
energy, of the corresponding helical transmembrane protein. Ridi8ealustrates the

definition of different layers of membrane environment by the membrane ab initio protocol.
The membrane is represented by parallel planes including inner hydrophobic, outer
hydrophobic, interface and polar layers.

1.4.2 High-Resoluion Prediction using Adapted All-Atom Energy Function

To achieve highresolution prediction of helical transmembrane protein structures, Barth and
coworkers ameliorated the @tom energy function and increased the accuracy of predicted
structures to RMB less than 2.5A for membrane protein domain with less than 150 residues.
(P. Barth2007; P. Barth 2009)he implicit solvation model was modified to illustrate
membrane environment areetoriginal solvation enerdyso, was substituted witBEmpeny
andEmpson (P. Barth 2007Empenvrepresents the change in solvation free energy of each atom
when they are transferred along membrane normal from outer polar solvent (water) to inner
hydrophobic core of membrane bilayEgnsovdepict the change in solvation free energy of

an atom when it is buried into the protefiheny smoothtem is the statistically derived smooth
membrane protein environmental potential based on the statistically derived rotamer pair
potential. Adaptation wassd made to hydrogen bonding potenfiednja Kortemme 2003)

for membrane proteins. Because water molecules are strong hydrogen bond donors and
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acceptors but the acyl chains of meant# lipids is hydrophobic and have no polar groups,

the effect of the membrane environment on the strength of the hydrogen bonds has to be
considered.

1.5 Research Summary

Over the course of my PhD work, | have been working on structure determinsitign u

angular constraints from solstate NMR experiments and the validation of calculated
membrane protein structures using Rosetta. First, we have developed approaches to calculate
membrane protein structures solely from heteronuclear dipolar couplengsom the

Ashift |-stateNMR spextraiofdoriented samplésanyuan Yin 2011)Second, to

improve the prediction quality and determine the optimal embedding positions of proteins in
the biological membrane, we used positional constraints in strufitting calculation and

applied Rosetta atitom energy function to validate the calculated structures. Finally,
oligomeric protein complexes play an important role in many biological processes. Currently,
we are developing a method to determine theoatigrization state and relative orientation of
each single peptide chain of the oligomer proteins in the biological membrane. The outcomes

of these three projects are summarized in the following chapters.
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Figure 1.1Schematic representation of the struettypes of transmembrane proteins, (left)
singhleel ik, ( mi ddhleel)i cbeusn,d-mensd Th¢fyelldly paitt fepreSents

the membrane. (Adapted framtp://en.wikipedia.org¥iki/Transmembrane_protein
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Figure 1.2 Yearly growth of all protein structures and unique membrane protein structures.
(WHITE 2004) The number of all protein structures is in blue, and the number of unique

membrane proteins is in red.
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Figure 1.3 Disibution of all experimental methods used in protein structural studies.
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Figure 1.7 Representation of torsion andgieandY , respectively.
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Figure 1.10 Rosetta general sampling algorithm.
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Figure 1.13 Schematic Diagram of magic angle spinning solid state S&Rples are

rotated along magic angle (54.74°) with respect to the external magnetBfield
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Figure 1.14 Representation of a uniaxially oriented membrane protein sample in lipid bilayer.

n describes the unit vector of the membrane normal.
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Figure 1.5 PISA wheel patterns as a function of tilt angle. (J. Wang 2000)
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Figure 1.16 Description of the molecular frame (MF) associated with the peptide plane.
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Chapter 2
Structure Determination in AShi

Oriented Protein Samples

Adapted from: Journal of Magnetic Resonanc2011, 212(1), 643.

2.1 Introduction

In the past two decades, sefithte NMR of uniaxially aligned samples has been successfully
applied to threaimensional structure t&rmination of membrane protei(Opella, Stewart

et al. 1987; Cross and Opella 1994; Opella, Kim et al. 1994; De iangkwell et al. 2006;
Opella, Zeri et al. 2008; Traaseth, Shi et al. 2009; Mukesh SharmaR20&Gp substantial
improvements in the decoupling pulse sequen@@&i, Ramamoorthy et al. 1994;
Ramamoorthy 1998; Fgn Khitrin et al. 2000; Dvinskikh, Yamamoto et al. 2006; Nevzorov
and Opella 2007and methods of alignme(e Angelis and Opella 2007; Park, Loudet et al.
2008; Park and Opella 201®rientedsample NMR has deomstrated its effectiveness as a
complementary method to traditionatr&y diffraction and solution NMR spectroscopy for
studying membrane proteins.

In solid-stateNMR of oriented samples, membrane proteame aligjied uniaxially in the
phospholipid bilagr environmentso that the experimental observablese orientatioally
dependentand thestructuralinformation is directly contained irthe NMR spectra. The
observables typically includeeteronuclear dipolar couplings and chemical shift anisotropy

(CSA) associated witlthe isotopicallylabeled™N or **C sites Previously protein backbone
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structures were determined by assembling fthal structure fromfragments ofpeptide
planes by calculating the possible orientations of the magnetic field reiatike molecular
frame associated with eachsidue(Opella, Stewart et al. 1987; Stewart, Valentine et al.
1987; Bertram, Asbury et al. 2003The orientational degeneraciesere reduced by
examining the chemicadnd steric allowanseas suggested bythe Ramachandran plot,
chemical shift valuesthe angles calculated fronthe dipole-dipole and quadrupolar
interactionsand bond angles amtistances betwedhe specific atons (Opella, Stewart et al.
1987; Stewart, Valentine et al. 1987; Denny, Wang et al. 2001; Mads Bak 2002; Bertram,
Asbury et al. 2003)To improve resolutionand reduce the degeneracy tbe structural
solutions, measurementénvolving the alpha carbon3C.), suchas the chiral *Hz*3Cy
dipolar couplings, may need to beroduced(Nevzorov and Opella 200&) additionto the

most widely used®N CSA and’H- N dipolar couplings. New tripleesonance pulse
sequencegSinha, Grant et al. 200@pvolving *®N and®C correl ati ons and
acquisition technique@Vu and Opella 2008re especially encouraging in this regard.

So far only the planar form of therans peptide unit has been used asgtandard geometry

for structure calculations in orientsdmple NMR. However, back in 1968 Ramachandran
pointed out the significance of eaf-plane distortions in the polypeptide chains, especially

in cyclic peptides, which was supported by energy cdioms (Ramachandran 1968;
G.N.Ramachandran, A.V.Lakshminarayanan et al. 19X3urvey on the torsion anglaes
describing the rotation around the amide bond in peptides and proteins was implemented by
considering the Cambridge Structural Database (CSD) of small molecules and the

Brookhaven Protein Databank (PDB), which showed that for all -goatity crystal
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structures, the average twist was around QMs&cArthur and Thornton 1996%cheiner and

Kern have indicated that certain environmental effects such as the formation of hydrogen
bonds contributed to the nglanar conformation as wellScheiner and Kern 1977)
Consequently, oubf-plane deviationsof the peptidelinkagesshoull be included in the
refinement ofthe calculatedprotein structure

Another potential problem affecting the accuracy of the calculated structuhespigssible
variations in the magnitude of the principal components and orientation of the shielding
tersor along the polypeptide chaifslartzell, Whitfield et al. 1987; Oas, Hartzell et al.
1987) A more recent workCornilescu and Bax 200@yovides a comprehensive review of

the variation of CSA in dable proteins. In a quantumedhanical study on the chemical

shift tensors of peptide@Valling, Pargas et al. 1997the least shieldedomponent of the

>N chemical shift tensoriis; was found to deviate substantially from the peptide plane
particularly in helical domains, and the principal value of'ffia chemical shift tensor along
the’Ha-Cabond was found to be very €ensint iadeit o
to the variations in the tensor values, there is also experimental accuracy (uncertainty) in the
determination of the values themselves. Lee dlLak, Santos et al. 19983ported the°N
chemicéshift tensor parameters for thiN-Gly-1 8 r e s i diwret 2tN®  pe78ER2 0
PP Men=015N2 \PPOnN 1@E2R+2° (berely a n o describe the orientatioof

the chemical shift tensaelative to the molecular frarjiewhereas the parameters foN-

Phel 6 wei=65N2 pwMmOND pet20 K2 pomN1EERLI. b
These findings indicated a significant effect of the local chemical and geometrical

environment on the magnitude and orientation of'‘theCSA (Lee, Wittebort et al. 1998)
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While the principal components of the CSA tensor can be directly measured for each specific
amincacid site of the protein using either the HerzBkrger methoqHerzfeld and Berger
1980)as in MAS NMR(Franks, Zhou et al. 2005; Wylie, Sperling et al. 20@r yelaxation
methods as irsolution NMR (Loth, Pelupessy et al. 20Q05he orientation of the tensor
relative to each peptide plane is somewhat less precisely determined.

Nonetheless, in structure calculations from ogdrgample NMR data, tH&N CSA tensor is
usually assumed to have then®e orientation and average values of the principal components
for allaminea c i d r e:s=i 6d4u epspi 77 O pspnvd217 pgm(Wu, Ramamoorthy

et al. 1995; Nevzorov and Opella 20@®)r glycines these valuesr e assume4l t o
pp Man= 64 psp10 pdm). Forlphahelical structures with the highly constrained
torsion angl e s -definedahydiogeq] boadingl thevabéwentioned tensor
variations and uncertainties do not generally reptesenproblem since the arising

orientational solutions can be easily sorted (@tewart, Valentine et al. 1987; Marassi and

Opella 2000; Denny, Wang et al. 2001; Marassi and Opella 2002; Bertram, Asbury et al.

2003;Page, Kim et al. 20085tructures of macroscopically aligned proteins having up to 50

residues can be obtained even in the presence of short connecting loops by imposing weak

packing and hydrophobic restrairie Angelis,Howell et al. 2006)However, the variations

and/or uncertainty in the tensor parameters can become an important issue in calculating

backbone conformations with less restrained torsion angles such as the connecting

interhelical loops orb-type structures This becomes evident from the fact that the
orientational restraints (dipolar couplings, CSA) provide only one or two angles that define

the orientation of the peptide plane relative to the laboratory frame; whreasEuler
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angles are necessary toeguivocally define the orientation of a rigid body. Therefore, the
calculated structures can branch off at a point where the multiple solutions corresponding to
the relative orientations of the adjacent peptide units are distributed uniaxially around the
main magnetic field. It has been shoyevzorov and Opella 200@hat in the absence of
uncertainty in the tensor values and experimental error there is a mathematically unique
structural solution to a thredimensional solistateNMR spectrum (including®N CSA, and

'H-°N and 'Ha-°C, dipolar couplings). However, the aberentioned uncertainties are

still inevitably contained in the experimental data. In the present paper we evaluate the effect
of experimental error on the aceagy and convergence of the calculated structures.
Resolving these important issues could potentially give way to a contigatevostructure
determination of membrane proteins of arbitrary topology as experimentally determined
dipolar couplings for the dibly-labeled proteins become available

2.2 NMR Observables in the Spherical Basis and the Algorithm

In orientedsample NMR spectroscopthe structurainformationis obtained directly from
angulardependenbbservablestherefore the Cartesian basis not very efficient To deal

with the constraints ithe angularspaceand minimize the numbeaf required calculations

we choee the irreducible spherical basis of rahko relate the protein structure to its
multidimensional soliestate NMR spectraThe molecular fram@VF) depicted in Figure 1

is associated withn individual peptide plane, in whithe x-axis is along the NH bond, and

the z-axis is perpendicular to the plane determinedhgyN-H a n-tN badds( wher e C©6
denotes the carbonyl atomljhe orientation of the magnetic fiel, relative to the MF is

described byhe angledand b
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To avoid explicit calculation of thesigonometric functionsn the NMR frequencies, a more

compaciquadratic form was previously employ@devzorov and Opella 2006)

1=Y (YD (W, WD (W X (0.2) @

Here Y(b,c’) denotes the row vector of the unnormalized spherical harmonics,

Y(b, a):a Sinb o CcOS bﬂbe"a . The rankl Wigner rotation matrixD( Yp)

€
& 2 J2
describes the transformation from the MF to phi@cipal axis system of each tensor, and the

superscript A+0 denot es t Meorrésponds iotthie apecific o nj u

type of interactions (e.g. CSA dipolar) as defined below.

To includedeviatiors from the planarity of peptide unitghe followingpropagator matrix is

introducel by employinga product of three Wigner rotation matrices:

P(F.Y .w)= D(aNCa F n’gara):) (0" Y- p’gcac)D('aNC'ca - W,-pl2- gHNC') (2.2)
The three torsion anglethat result in the secondary and tertiary conformationshef

pol ypepti de chan n€§ aanl. 2d)eTheoremaiding argylesireflect the

local peptide bond geometry. The andlg denotes the angle between theCNbond and
the y-axis of the MF corresponding to tmé t hane,@y; =15 1 .. i& the tetrahedral
angle, typically 116112 in real proteins instead of the ideal value 10‘9.4?3(?(; is the angle

b et we e RC, bohdeandGh@y-axis of MF of theif+1 ) 6t h Gp+34.97.€The other

angles can be also calculated from the standard peptide plane ge(Emefinyand Huber
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1991) and are given by&ycc, =115.6° g, =119.5°. Here, the bond angles are assumed
constant for all amino acid residues of the protein.

The orienation of themagnetic fieldBy relative tothe MF of the next peptide plane can be
calculatedn a recursive manndyy operating th@bovepropagator matriP(F, Y, w) from

the righton therow vector of thesphericalharmonics corresponding to the oridida of By

with respect to the preceding frame:

Y(bnﬂa ‘ﬁi):-Y( H2(F Y ) (2.3)

We note that the Wigner rotation matrices in Eq. (2.2) can be expressed in terms of the

angular momentum @patorsLy andL , in the following manne(G. 1985)
DG ay)e e e 2 )Y (a2 (2) 2

Here, the individual angular momentum operators are defised

a o) a 0 a 0
ae010(.j1iaeo1o @l 005

Tae 01¢lL, Eael 0 -1aL,"20 0 09
280 1 02 0102 oo 1l 2.5)

and a shorhand notation is used to designate rotation about the corresponding a¥ié, i.e.

f) 1 exp(ifL,), etc. In the propagator matrix, Eq. (2.2), the first and the third Euler angles of
each Wigner rotation matrix are constant, thus reflecting the highly restrained covalent bond
angles, while the second angle (corresponding to a rotatierajed by the operatdry) is
variable. Howeverthe nondiagonalform for Ly, Eq. @.5), indicatesthat the number of

elements that one needs to calculate is much greater than those required for the diagonal
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operator,L,. Consequently, by using the followg transformation rules for the rotation

operators,
=Y ( J ) (2.6)

one can diagonalize the variable part for the rotations corresponding to the torsiorFangles
Y, andw in the propagator, Eq. (2.2). This is easily accomplished by inserting an extra

transformationl = X(p/2) in the quadratic form, yielding the transform@dbasis:

+

n=Q( b D (We)MPE(We) @ (. 1 (27)
Here the sphericeﬂarmonich(b, 6) replaceY(b, % of Eg. .1) and together with the
transformed matrice®q( ¥ip) andMg are given by:

Q(b, §=Y( b)=&

D, (W) T DWW, )T, Myt TMT (2.8)

For any CSA, the interaction matrix M can be expressed in terms of the principal components

U11, 228 n ds( 8> Gx> Uy9) as:

S tS S -5

(2.9)

<
1
OB BB B X
o
(7))
-O: O: O: O O: O: O
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For instance, for >N CSA, the corresponding Euler angles are given by:

W = (gN,p/ 2,p/ 2+aN), wheregy=15-20 is the angle between the NH bond andgke
axis of the’®N CSA, ax=0-25 is the angle between the, axis of >N CSA and the normal

of the peptide plane; fdH CSA, W\ =( p/2, A2, p2). It should be noted, however,

that in real polypeptides and proteins, the orientation ofth&SA frame is highly variable
(Cornilescu and Bax 2000)

For the heteronuclear dipolar couplings, the interaction matrix is the product of the

corresponding dipolar coupling constadt mggh/16p°. (in Hz) and a diagonal matrix:
zaale' 1/2 0 0

M = C% 0O 1 0
C 0 0 -1/2

(2.10)

1-0O0: O: Ot

where g and g are the gyromagnetic ratios of the two interacting spins, rands the

interspin distance. For th&H-">N dipolar couplings, the related Euler angles are given

byWH ™ =(0,p12,0; for *Cy™N dipolar couplings, the Euler angles for the

13

15
corresponding transformation are given\/hi,b,gca "= ( A P! 2,0), whered, =118.2°;
for *°C 8°N dipolar couplings, the Euler angles are given\wyS " :(aHNC,,pIZ,O),

whered,..=119.5°.

The inclusion of the'Hg*Cy dipolar couplings, which represent an additional chiral

restraint, is necessary to further reduce the number of the orientational soldinens.

56



correspondingransformation associated withe *Hg-*Cy dipolar couplings isgiven by

(Nevzorov and Opella 2006)

D(/\{;';'Bcﬂ):D(aNca,F - pl3pi2- g, P (- p/20) (2.11)

It should be emphasized that the overall matrix in the square bracket given by Eq. (2.7) as

well as all the nomiagonal rotation matrices need to be calculated only once, and the protein

chain geometry is contained in the spherhzaaﬂmonic@(b, é) which vary throughout the

backbone via the new recurrence relation:

Qb @4)=Q( & FPo( Fu Yo ) (212)
wherePo(F, YsT'RF, VYT. w

Equatons (22 . 12) can be used to determine the tor
adjacent residues along the polypeptide backbone iteratively in a sequeatiakrm
Experimental uncertainty can be treated by randomizing the values for the input frequencies
within a predefined range (in Hz) in order to obtain different structural solutions for each fit
within a predefined tolerance. The solutions for the torei angl es 0 and (
restricted by the differential Ramachandran p{atsvell, Davis et al. 2003)o automatically

keep only the allowed regions. The normalized Ramachandran plots havel@sen by

residue type, and include glycines, prolines,-aines and the generdipe plots(De

Angelis, Howell et al. 20063s shown in Figure 2.2 (with the cutoff for the lowest contour

chosen as 1¥).
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The algoribm [Eqgs. (2.72.12)] depicted by the flowchart of Fig.3 has been programmed

in MATLAB (Mathworks, Inc.), and the solutions for the torsiamgles are found by
minimizing the difference between the bamMculated frequencies and the simulated NMR
data fom the known PDB structurefn minimizing the rooimean square (rms) deviations
relative to the input frequencies, all CSA and dipolar couplings have been scaled so that their
maximum values would correspond to that of #He">N coupling (10 kHz) to adave equal

weight in the fitting. Ifa pair of 0 and Q@ satisfying the
defind t ol erance (i . e. falling within the fiex
searchwill proceed to the next pair; otherwise, if no acceptable solution is foimed,

algonthm will go back several residues (typically53in the calculations) to search for

different solutions. Since MATLAB employs a Simpiggpe minimizer (i.efminsearch, the

starting values for the torsion angles are randomized at each residue exceeptdhbslical

regions from-18¢° to +18C to find possible alternative solutions for every iteration. For
residues in tha-helical regionsF (=-60+30°,Y (=-45+£30°. To avoid thalgorithm getting

stuck at a certain unfavorable combination of the ingata orat a certain residue an

automatic restart has been implemented. Any number of frequency constraints can be

introduced in the calculations.
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2.3 Results and Discussion

2.3.1 Structural Fitting of Simulated Three-Dimensional Spectra with™N CSA, and

'H-N and 'H-'3C, Dipolar Couplings

Relative convenience of the unifortrN labeling has rendered twibmensional soliestate

NMR spectra involving™™N CSA andH-"N dipolar couplings as a useful tool for the
studying of thehelical domains of membrane proteins. Howevgist two spectral
dimensions are generally insufficient to calculate tertiary structures of arbitrary topology
solely fromthe orienteesample NMR data; an important additional angular constraint, the
'H,-1*C, dipolar coupling, needs to be introdug@tevzorov and Opella 20063 simulated
threedimensional soliestate NMR spectrum ofprotein G PDB ID: 2GB1) is shown in
Figure 24A. When the experimental uncertainty is assumed to be only 0.01Hz in all
dimensions, and no randomizati of the input data is performed, bacilculation of 100
structures yielded a converged set of solutionshasvn in Figure2.4B. The calculated
RMSD6s relative to t heA indicating aaniathesnaticallycubique e ar
solution. Basedn the analysis of the structure of protein G (PDB file 2GB1),tdh&on
angl e ¥ hesetodesl158s taeabcribe the deviation from the peptide planarity. The
torsion angles 0 and Q@ have been restricted
Section, and withaesiduesdl an87goormundeting)dvhich correspond

to the original residuesslul5 and Gly41l have not been restricted as they would be
considered outliers.

However, when just th&N CSA dimension of the input data is randomly varied within

ppm or°50 Hz (at 500 MHZ'H NMR frequency) , RMSD6s of S 0me
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structures become more than 10A as shown inZBgThis variation in the CSA was chosen

to reflect the abovenentioned uncertainties in both the principal components and, especially,
the orientation of the CSAensor §eeAppendix Afor additional simulations Even a slight
randomization of the anglg to within £1° results in a highly neaniform variations of the
observed™N CSA frequencies of up to + 3 ppm; To assess the effect of experimental
uncertainty m the tensor parameters only, the input data have been simulated by assuming the
average tensor values for all amino acids, and the-telcklation has been performed by
using the same tensor values. An average uniform 1 ppm uncertainty was assumed for
representative simulations. tvo-dimensional projection of the simulated thdémensional
spectrashown in Fig.2.5A demonstrates thauch small variations in the CSA frequencies

(the dots show the fitted values with 100 Hz tolerance) reispect to theriginal input data
(circles) cause a completscatter in the calculated structurd®(@ representative structures
areshownin Figure2.5B). Such a divergence in the structural solutions is most likely due to
the multitude of possible orientational sthns for the weakly restrained torsional
conformations in the loop regions that are uniaxially distributed around the magnetic field, as
was mentioned in the Introduction.

2.3.2 Structural Fitting of the Three-Di mensi onal fAShi fH'INEKH-s 0 Spe
3¢, and *C,-'*N Dipolar Couplings

On theother hand, heteronuclear dipolar couplings, which only depend ootagnt bond

angles and lengths dhe relevant atoms, would seem to represent a much more reliable
constraint for the structural fitgnthan the CSA. Thaverage bond lengths and angles are

highly conserved and can be accurately determ{edgh and Huber 1991Yherefore, the
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15N CSA has been replaced by tHe€xN dipolar couplings to examirtbe performance of

t he A s (BindatQramtsetsab 2007; Wu and Opella 2088)d-state NMR data for the
structural fitting of protein GFigure2.4C showshe simulated spectrum. Just as in the case

of uniform N CSA, amathematically unique soluticas in Fig.2.4B canbe obtained from

the back calculation of the simulated spectra without taking into account any experimental
uncertainty. However, wheani e x p er i me nt afl15 Hzis assuntedin al thye®
dimensons, the backcalculated structures begia diverge (Fig2.6A). More than one half

of the RMSDs are around 7A. To illustrate the quality of the fit to the synthetic NMR data,

we also plot the rms deviations of the fitted frequencies ifoder 1000 fis) relative to the
Aexperimental o (i.e. calcul ated frominhe PDI
Fig. 2.6B. Theaverage rms deviation for all residues is around 7 Hz, and residues 27, 31 (at
the ends of thelhelix; our numbering) andt 4  ( i-tarn) ahowb somewhat larger
deviations.

2.3.3 Structural Fitting of Four -Dimensional Data with*H-N, *H-*C,, *C,-"N and

13c215N Dipolar Couplings

An additionaldimension, the*C%'*N dipolar interaction, hakeen included to improve the
convergence of the calculated structures in the preserfteof per i ment anlthe uncer
measured couplings. When the data uncertainty is assumedl®H® a converged set of
solutions containind000 structuresan beobtained. The structural RMSDs are less than 2A

as shown byhe histogram of Fig2.7A. The averagéeviation of thecalculatedrequencies
fromthesi mul at ed fAexperimental 6 dat3Bardg4(@ar ound

numbering) areonsistetly fit less well. The location of residues,16 33 and 44 i s
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turn, and resi due 1-sheei, respextivelyt Il @S NMR,ghe aceuranyg
of the measured dipolar couplings ultimately depends on the stability of the dipolar scaling
factor and experimental linewidths (about 200 Hz), so even greater uncertainties may need to
be considered. Whethe tolerance fothe fitting of theinput data is incresed to 25Hz (and

up to 50 Hz) in all four dimensions, the backlculatedstructures bgin to diverge, and
about 40% of the RMSDs are around 7A or greater with the average deviation per residue of
12 Hzand higher (seAppendix A).

Accuratefitting of the residues in thknkage regions oat thebeginning/endaf an U-helix or
b-sheet is important since small deviations at these locations could lead to an entirely
different tertiary conformation. Therefgrenore informationpertaining to thelinkage
residuesmay berequiredto obtain convergent structural solutions fvoteins consisting of
several secondary structure elements. Specifically, checking for satisfied hydrogen bonds,
hydrophobic restraint&Standley, Eyrich et al. 1999 nd electrostaticgtential(Dong, Olsen

et al. 2008)pf theentireprotein structure within the membrane may be helpful in eliminating
the unfavorable solutiondm, Feig et al. 2003; Dong, Olsen et al. 2008; Shi, Traaseth et al.
2009) and treating the data for the more dynamioplaegions. Moreoverthe abinitio
Rosetta metho@Bonneau, Tsai et al. 20Qlnay also be helpful in selecting the plausible
backbone conformations by comparing the calculated segments with the known protein
structures of similar sequences.

Additional imporant restraints include loaginge distance constrain{Standley, Eyrich et

al. 1999) which are not yet directly accessible in OS NMR but are obtainable from the

methytmethyl NOE data(Gardner, Rosen etl.al997) in the liquid state, siteirected
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labeling EPR(Borbat and Freed 1999; Altenbach, Kusnetzow et al. 2G0®) MAS
(Jaroniec, Tounge et al. 2001; Luo, Mani et al. 20@8) an illustrative example, weahe
calculated structures from the simulated 3D data includingHkeN, *H-*C, , and*°C, -

>N dipolar couplings and two distance restraints between ira&tdins of residues Ile6 and
Thr53 and residues Glul5 and Thr44 (as determined from the original structure $eB1
Appendix Afor additional informatioh A structure was accepted if both distance restraints
were satisfied withirf 1A. Figure2.8 shows tht with a tolerance of 25 Hz, 312 structures
(out of 1000 total) satisfying the above di:
When the tolerance is further increased to 50 Hz, 33 out of 1006chixkated structures

that satisfy the distanceestraints have the RMSDs less than 2.5A relative to the original
structure. Therefore, the number of unfavorable structures can be reduced dramatically by
including the distances between two or more pairs,at@ms as an additional restraint even
with larger uncertainties in the input data. The optimal positioning of these restraints depends
on the expected protein topology, but londetance restraints are generally more stringent
(Standley, Eyrich et al. 1999)

2.3.4 Structural Fitting of a Helical Hairpin Derived from Bacteriorhodopsin

To illustrate the general applicability of the algorithm to other topologies, we have applied it
to the simulated data for the ligidriven proton pump bacteriorhodopsin, which could be
considered as a structural paradigm fepi@tein coupled receptors. Bacteriorhodopsin from
Halobacterium salineumi s ¢ o mp o s e -thelical ftransmembeane chhjrsnd was

solved by Xray crystallography with a resolution of 1.5%Buecke, Schobert et al. 1999)

(PDB | D 1 Caaliges (comtairong residudspl04Gly155 have been chosen for
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a representative calculatiofhreed i mensi onal fAshi fH"N LT, spect
and*C,-"N dipolar couplings have been simulat@tie torsion angles haweeen restricted

by the Ramachandran plots having the lowest probability cutdff &8 for the loop region
(residues Leul2¥al130), and within°30° relative toF = - 60°, Y = - 45° for the two
helical regions.interestingly,when the helical hairpin ipreferentially aligned about the z

axis (cf.Fig. 2.9A), whichwould correspond to itsativeorientation inthe membrane, back
calculation fromthe synthetic spectrum yields a converged set of solutigdhshe tolerance

up to 120 Hz(Resultswith higher tolerances for the input data are presentedippendix

A.) By contrast, when the original structure is rotated bg@&grees (cf. Fig.9C), the back
calculated structures begin to diverge with a tolerance of only 25 Hz. E@@eshows the

top view of the backcalculated structures to illustrate the scatter in the structural solutions.
This indicates that error propagatdgferently into the calculated structures depending on
their overall orientation, as expected for inhomogeneously broadieueency anisotropies

It should be also noted that the analysis using MOLMOL(Rd)adi, Billeter et al. 19969f

the PDB structure 1C3W hasvealed that the twist angle for the peptide linkages is
around 178 especially in the connecting loop region. This may imply that deviations from
planarity in membrane proteins may need to be treated more differently than for soluble
proteins, which exhibit the average value afiard 178. This merits additional investigation

as more highresolution data on membrane proteins become available in the future.
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2.4 Conclusions

We have examined the influence of the variations in the magnitude and orientation of
angulardependentdid-state NMR observables on the structural fitting of macroscopically
aligned proteins. Even though the principal components ofPM&SA can be determined

with high precision, a somewhat undefined orientation of'tNeCSA tensor results in a
consideable divergence of the calculated protein structures.

Nevertheless, multidimensiond s h i f t | -states MR spectra idvolving solely the
hetepbnuclear dipolar couplings associated with tHe**C and™N spinbearing nuclei can
perform as an efficig tool for the determination of threkmensional protein structures.

This was illustrated by obtaining converged sets of solutions from the synthetic datasets for
protein G (a soluble protein) and for bacteriorhodopsin (a transmembrane protein) with a
simulated expemental uncertainty of upo 15 Hzand 120Hz, respectivelyNon-planarity

of the peptide unit as defined by the third torsion angleas been included in the present
version of the algorithm. Moreover, the formulation of the algorithm elygtin the torsion

angle space simultaneously provides both the Ramachafidagkowski 1993)and G-
geometry validationlLovell, Davis et al. 2003%i o-a&f | y 0 . At present, co
transmembrane regions having around 50 residues can be calculated from OS NMR data.
With the addition of rare constraints, especially those derived from the heteronuclear
couplings to*C spinsandlong ange di st ance r e-staterNMRspectlg fis hi
will have the potential of resolving the structures of more complex polypeptides and proteins
sdely based on the experimental data even in the presence of larger experimental

uncertainties.
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n n+1

Figure 2.1 Local molecular frame associated with a peptide plane. The orientation of the
main magnetic fieldB, relative to then th peptide plane is describbg two angles, and

bn. An approximate orientation of th&\N CSA tensor relative to the peptide plane is
represented by arrows originating from the N atom. Two adjacent amino acid residues are

linked by the torsion anglds, andY . Deviation from peptle planarity is given by the
anglew. The angled, ¢, denotes the angle between th&€Nbondand they-axis of the MF
corresponding to the th planegy is the angle between the NH baswad thes 33 axis of the

15N CSA, gerrais the etrahedral angleg. ¢ is the angle between thé-C, bond and thg-

axis of MF of the( n +th plade,dyc.¢c, and g, are given by the standard peptide plane

geometry.
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Figure 2.2 Normalize®amachandran plots for different residue types, including glycines,

prolines, preprolines and the generglpe residues with the lowest probability density cutoff

of 10°.
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Figure 2.3 A flowchart for the structural fitting algorithm. The figure dessribe procedure
for structure determination by minimizing the difference between the calculated data and the
synthetic data generated from the PDB file including the Ramachapbirarestrictions for

the torsion angleB andY and posffitting filtering. For further details cf. the text.
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Figure 2.4 (A) Structural fitting of the simulated thidienensional soligstate NMR

spectrum of protein G obtained from PDB coordinates 2GB1 inclddm@SA, *H-"N

dipolar coupling and*Ha-*°C, dipolar couplings. No uncertainty in the input data (circles) is
considered. The fitted frequencies are depicted as crosses. (B) A mathematically unique
structural solution is obtained that coincides with the original structure. (C) Ffting
simulated thre@d i mensi onal -stadeNMR spéctascedied byslibstititing the
>N CSA dimension by th&C,-'>N dipolar couplings. No experimental uncertainty is

assumed. The same unique solution as from fitting the data in part A iseabtai
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Figure 2.5 (A) Twedimensional projection of the simulated spectra (circles) with the same
dimensions as in Fig. 2.4 witfiN CSA input data randomly varied within 1 ppm for each
simulation. The tolerance for the fitting of the input data is 100He.fitted frequencies are
given by dots (no randomization was applied to the other two dimensions). Inset shows a
magnified distribution of the fitted frequencies. (B) Baaculated structures deviate
substantially for each simulation. The RMSDs for sashthe calculated 100 structures

relative to the original structure are more than 10 A.
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Figure 2.6 (A) Structural fitting of simulated thrdel mensi onal -ftadelNMR1t | es s 0O
spectra containintH-""N, *H,-**C, and*3C,-*N dipolar couplings. Ht®gram of the
RMSDs relative to the starting structure shows that when the tolerance for the fitting of the
input data is 15 Hz, more than ehalf of the RMSDs for 1000 calculated structures are
around7 A. (B) The rootmean square deviation (in Hz) atkaesidue for 1000 fits with
respect to the synthetic data simulated from the PDB coordinates. The cylinder and the

arrows at the bottom represent théelix and twdb-sheets, respectively.
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Figure 2.7 (A) Structural fitting of simulated fedimensional data for protein G including
additional™*C%**N dipolar couplings. With the tolerance for the fitting of the input data of 15
Hz, all backcalculatel structures are converged with RMSDs less than 2A. (B) The root

mean square deviations (in Hz) at each residue for 1000 fits with respect to the simulated

data from the PDB coordinates.
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Figure 2.8 (A) and (B): Histograms of the RMSDs of 1000 bzadkulated structures
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with a tolerance of 25 Hz (A) and 50 Hz (B). (C) and (D): Histograms of the RMSDs for the

structures satisfying the distance restraints betweentkarBons of residues lle6 and

Thr53, and of residues Glul5 and Thr44 for the 25 Hz tolerance (C) and 50 Hz tolerance (D).

The inclusion of distance restraints dramatically improves the convergence of the fits with

larger tolerances (greater experimentatertainties).
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Figure 2.9 (A) Structural fitting of simulated thrdei me ns i on a |

ishi

transmembrana-helices (residues 104 to 15&)bacteriorhodopsin. When the initial

ftl

structure is predominantly aligned about thexis, with thetolerance for the fitting of the

€sso

input data of 120Hz back calculation yields a converged set of solutions having RMSDs of

less than 2A. (B) The mean of the deviation (in Hz) at each residue for 100 calculated

structures with respect to the simulated dedenfthe PDB coordinates. The two cylinders at

the bottom depict tha-helices. (C) When the initial structure is rotated by about 90 degrees,

with the tolerance of 25Hz, about 60% of the RMSDs for the-baldulated structures are

more than 5A. Rotation arrows show the view angles of the calculated structures relative to

the original orientation. (D) The rms deviation (in Hz) at each residue for 100 calculated

structures shown in part C with respect to the simulated data.
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Chapter 3

Validation of SSNMR Structures using Rosetta

3.1 Introduction

Due to the degeneracy ofientational solutions given by the quadratic form of the
mathematical expressions for the observable frequencies and the inevitably present
experimental error, there is always a large amount of uncertainty produceddbyrs

calculations usingdid state NMR experimental data alone. Therefore, it becomes

chall enging to choose the most topologically
structure even with torsion angles and distance restraints. Here, we will use knelwdsdde
Rosetta aletom energy to screen the calculated structures and determine the dowest

set of structures. Since the membrane environment is described by an implicit solvent model
and the solvation energy of all atoms depends on their vertical coordinate in this
heterogeneous membraagueous model, we can evaluate the optimal immersion depth of
the target protein within the biological membrafiehemis Lazaridis 2003}t the same

time, the angular restraints from seithte NMR will preserve the origtion of the

individual peptide planes relative to the membrane.

3.2 Application of Membrane Ab Initio Protocol in Rosetta

First, the membrane ab initio protocol was applied to bacteriorhodopsin and a mercury
transporter protein, which are the clasgigresentatives in membrane protein research, to

test the capabilities of Rosetta. The transmembrane region is predicted by the OCTOPUS
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server fittp://octopus.cbr.su.gedith the primarysequence in FASTA formaisinput file.

Then the transmembrane topology prediction file, i.e. SPAN file, is generated using the
OCTOPUS file. The number of transmembrane helices and the start and end residue numbers
of each single predicted transmembrane helix are shown in the SieANrfally, with the

primary sequence file and the SPAN file as input, the predicted lipophilicity file, i.e. LIPS4

file, is produced. The threand nineresidue peptide fragments are generated on Robetta

server [ittp://robetta.bakerlab.ongwith the sequence file as inpéil the RMSDs

mentioned below correspond@-RMSDs, i.e. roomean square deviation betwesdpha

carbon atoms after superimposing the reference structure and the targetestHete, he

unit of energy is not the conventional kcal/mol, but REU, i.e. the Rosetta energy unit. The
knowledgebased potentials are statistical potentials and the real energy can be obtained by
the reverse Boltzmann equatig@hrysi Konstantinou Kirtay 2009)he structure with the

lowest energy in REU is routinely considered to be the most stable one and, therefore, more
similar to the native structure.

3.2.1 Membrane Ab Initio Calculation of Bacteriorhodopsin (1C3W, 1PY6)

As a classic membrane protein representative, bacteriorhodopsin (PDB ID: 1G8Re,
Schobert et al. 199%as first tested in membrane ab initio protocol. Because of th&nmgi
conformation between residue 156 and residue 162, we split thislselwetransmembrane
protein into two parts and named them as 1C3WD (first 5 helices) and 1C3WE (last 2
helices) separately. Here, we conducted a de novo protein folding usingriiteane ab

initio protocol in Rosetta3.4.

The amino acid sequence and OCTOPUS predicted topology files for 1LC3WD are
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Sequence:
TGRPEWIWLALGTAIMGLGT LY FLVEGHGVSDPDAREFYAITTLVPAIAFTMYLSMLLGY
GLTMVPFGGEQNEIYWARYADWLFTTPLLLLDLALLVDADDGT ILALVGADGIMIGT GLV
GALTEVYSYRFVWWAISTAMMIYILYVLFFGE

CCTICPUS predicted topology:

MMM ooooolde-rr e 3

, and the corresponding files for 1C3WE are

Sequence:
SMRPEVASTFEVLERNVIVVLWSAYPVVWLIGSEGAGIVPLNIETLLFHVLDVSAEVGEFGL

ILLRSRATFG

OCTOPUS predicted topology:
10000 structural decoys were generated and RMSDs to native structure were calculated. The
lowestenergy conformations have RMSD values of around 6 Aol 1C3WD and
around 3 A for hairpin 1C3WE to the native conformation, respectively. (Figure 3.1 A:
1C3WD, B: 1C3WE).

The membrane ab initio simulation of chain A in dimer 1RS&lem Faham 2004yvhich

has the same sequence as 1C3W but with solved conformation between residue 156 and
residue 162, brought out a lowest RMSD value of about 6.23A over 227 residues. This is a
very low RMSD value for de novo miietion of a protein structure with more than 200
amino acid residues. The energy of the top cluster is ar@3@d very similar to the sum of
the lowest energies of 1:C3WD and 1C3WE. (Figure 3.1 C) The amino acid sequence and

OCTOPUS predicted topologyds for 1PY6 chain A are
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Segquence:
QEOTTGRPENIWLALGTALMGLGT LY FLVEGMGVSDPDARKFYATTTLVPAIAFTMYLSM
LLGYGLTMVEFGGEQNPIYWARY A DWLFTTPLLLLDLALLVDADDGT ILALVGADGIMIG
TGLVGALTEVY SYRFVWNAISTARM LY ILYVLFFGFT SEAESHREPEVASTFEVLENVIVV
LWSAYPVVNLIGSEGAGIVEPLNIETLLFMVLDYVSAKVGFGLILLRSRAIFGEAEAPEPSA
GDGRLATSD

CCTOPUS predicted topology:

1111311111

Therefore, for membrane proteins with a relatively simple topology membrane ab initio
protocol in Rosetta can predict a structure with up to 230 residues with a moderate accuracy
of about 6 A RMSD, which is a fairly good valus tle novo prediction. For an unknown
membrane protein, we can use this method to obtain its preliminary (starting) structure.
3.2.2 Membrane Ab Initio Calculation of Mercuric lon Transport Proteins (MerF,

MerFt)

Toxic heavy metals are widespread omtEgand research on heavy metal ion resistance has
a history of several decades. Among them the mercuric ion resistance system was the first
and yet best understood system. Figure 3.2 shows the protein gene products and their
functions found irmeroperors in Gram negative bacterigimon Silver 2005)

MerF is an integral membrane protein with two transmembrane helices in the family of
bacterial mercury detoxification transport proteins (Figure \83iréa M.A. Nascimento

2003) and its structure has been determined by both solution NMR (PDB ID: 1WAZ)
(Stanley C. Howell 2005 nd solid state NMR. Among the structures obtained from solid
state NMR, the conformation between residue 27 and residue 70 (PDB ID: 2H30O) were

resolved with sample prepargdphospholipid bilaye(De Angelis, Howell et al. 200&nd
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the conformation between residue 13 and residue 70 (PDB ID: 2LJ2) was derived by
preparing the sample in proteoliposon@@®huti B. Das 2012)

Similarly to bacteriorhodopsin, we conductedeanovaprotein folding from amino acid
sequence using membrane ab initio protocol in Rosetta3.4 and compared the calculated
structures to those obtained from seadtdte NMR(De Angelis, Howell et al. 2006; Bibhuti

B. Das 2012)For each protein, 10000 structural decoys were generatexnByaring solid
state NMR experimental data of MerFt (PDB ID: 2H30) and the-batdulated frequencies
of Rosettasimulated structuraye have investigated how closely Rosetta can predict the
native structure as compared to the Nfd&ived structure.

3.2.2.1 Membrane Ab Initio Calculation of MerF (2LJ2)

The amino acid sequence and the corresponding OCTOPUS topitdsgpif MerF are

Sequence:
IGTTLVALSSFTPVLVILLGVYVGLSALTGY LDYVLLPALATFIGLTIYATQRERQADASS

CCTCPUS predicted topology:

Following the scripts shown in Appendix B.#, one lowest energy model predicted by
membrane ab initio protocol has anaibm energy of54.41and its RMSD to 2LJ2 (green:

predicted structure, blue: 2LJ2) is 4.326 A. (Figure 3.3)
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3.2.2.2 Membrane Ab Initio Calculation of MerFt (2H30)
MerFt is the truncated part (residue 20) of MerF. The amino acid sequence and the

corresponding OCTOPUS topology files are

Sequence:
LVILLGVVGLSALTGYLDYVLLPALATFIGLTIYATIQRERQADR

CCTCOPUS predicted topology:

The lowest energy structure shown in Figure # has a scetd.6f and the corresponding

RMSD to 2H30 is 12.753 A (green: predicted structure, blue: 2H30). Obviously this model

is distinct from the native structure deposited in PDB.

Because MerFthasahelooph el i x t opol ogy, there shoul d be
linked by a few continuous tokens representing the loop region. However, there is only one

helix indicated by the original OCTOPUS topology file, which is biologically implausible.

So we modi fied the origiMbalatOCeQPdBS wfi it lhe Aoy ,
performed membrane ab initio simulation with the modified OCTOPUS file.

The plot of energy versus RMSD and the predicted model with lowest energy are shown in

Figure 3.5. The lowest energy decreased substantiad6t®91, and the corresponding

RMSDto 2H3Odecreased to 3.694 A (green: predicted structure, blue: 2H30). Around 80%

of predicted structures have RMSDs less than 4 A.

Hence, as the first step in de novo protein folding prediction, the definition of secondary

structure topology is extremesignificant for membrane ab initio protocol in Rosetta. For a

truncated section of a protein, we can consider generating the OCTOPUS topology of the

whole protein molecule first and then apply the corresponding segment in the de novo
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calculation. On thether hand, the total energy calculated by the membrane ab initio protocol

is related to the number of transmembrane helices and the interacted residues in each pair of

helices. Consequently, we can coarsely estimate the energy of a target membrane protein

once the corresponding topology is determined.

3.2.2.3 Comparison of Structure Prediction from Different OCTOPUS Topology Files

In the transmembrane topology prediction of MerFt, when the input sequence is
LVILLGVVGLSALTGYLDYVLLPALAIFIGLTIYAIQRK RQADA

, the OCTOPUS predicted topology is
oMmmmmmmmnmmmmmnmmmmmmmmMmMMMMMMMMMMM Hitiiitiiii

which implies only one helix. But when the input sequence is
VLVILLGVVGLSALTGYLDYVLLPALAIFIGLTIYAIQRKRQADA

, the OCTOPUS predicted topology:
iMMMMMMMMMMMMMMM oMMMMMMMMMMMMMMM iitiiiiiiii

indicates two helices.

Since two adjacent short transmembrane helices are sometimes mistakenly merged into one

(Elofsson 2008)we can compare the results from multiple input sequence files (if available)

and find the most esonable topology. However, we can still modify and correct the

predicted OCTOPUS topology file by conducting a simulation with a series of adapted

OCTOPUS files and evaluating the energy of predicted models with a given primary

sequence. Considering evéuyn in an alpha helix contains 3.6 residues, we assumed there

were at least 4 residues in a single helix and started by changidyfi®5 i n t he ori gi

OCTOPUS d&oi.| el hteo afdMop t tanivasipenforneedl onfihe succeeding
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residues as sk in Table 3.1. Membrane ab initio simulation was executed with all these
modified OCTOPUS files and 5000 structures were generated in each calculation. The plots
of energy versus RMSD and the predicted models with the lowest energy for each modified
OCTOPUS topology are shown in Figure 3.6.

Negative energies appeared in subplets8 wher e t he Mmo ¢hiof ifir at i on o
OCTOPUS topology file was applied to from residue Leu39 to residue Leu47. In 2H30, the
loop region is from residues Leu43 to Leu48.althe two helices are separated at Leu39,

the first helix is short and the number of interacting helical residues are nearly half of the
number in native structure, so the lowest energy obtained with this OCTOPUS topology file
(around-20) is also aboutdif of the lowest energy of the model close to the native structure
(around-40). When the two helices are separated at residue Thr40, there are 12 residues
assignemd wsthhé first helix. Since there are
onenew turn could be predicted in the first helix, and thus the interacting helical residues
between two helices would increase and the Rosetta energy will decrease. Similarly, when
the helix intersection appears at residue Gly41 or Tyr42, a new turn eoptedicted in the

first helix as well. As observed in subplotd 9, the shape of the energy versus RMSD plots
are similar but more predicted models with negative energies were produced by the
membrane ab initio calculation while the predicted loop pmsitvent closer to the actual

loop region. When the modification brought the corresponding residues into the real loop
region, the RMSDs of the loweshergy predicted models relative to 2H30 reduced to

around 2.86 A. Combining the results shown in the Eijn Figure 3.6, we can estimate

the whole loop region and accordingly obtain an outline of the conformation of the target
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membrane protein. Consequently, a modification in the OCTOPUS file can correct the
occasional deviation in topology prediction amgrove the quality of membrane ab initio
prediction in Rosetta.

3.2.2.4 Effect of Hydrogen Bonding on Conformation Prediction of Transmembrane
Helices

Hydrogen bonding is a driving force for membrane protein folding. The internal hydrogen
bonding ofbackbone atoms in alptreelices and betharrels lowers the energy cost of

peptide bond partitioning in transferring from the polar water environment to the apolar
environment of the lipids, and makes them stable conformational motifs in a membrane. In a
hydrophobic membrane bilayer hydrogen bonds are much stronger due to no competitive
hydrogen bonding potential from the solvent and, therefore, are significant in stabilizing
transmembrane protein structur@sang Xao Zhou 2000; White 2006; Bowie 2011)

In Rosetta allhtom energy function, each potential term has a weight factor. Here we
modified the weight of hydrogen bonding potential term in thatalin energy function to
examine the effect of hydrogen bondinglocal conformation refinement of transmembrane
helices. 10000 structure decoys were generated in each calculation.

For structures predicted with original OCTOPUS file, the lowest RMSD to 2H30 decreased
gradually from 10.352 A to 4.882 A as the weighhgfirogen bonding potential increased
from one to one hundred fold of the original value (i.e. 1x1.16 to 100x1.16, where 1.16 is the
original weight of hydrogen bonding potential item in the Rosettataith energy function).

But for the structures predictevith modified OCTOPUS file, since it already holds a

relatively stable conformation, enhancement in hydrogen bonding potential has little impact
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on the improvement of quality of de novo structure prediction. The RMSD values of the

refined structures stay at around 3.5 A. Accordingly, the hydrogen bonding potential can

be used to evaluate the accuracy of predicted topology and improve the quality of protein

folding when the initial topology is not correct.

3.3 Structure Validation by PISEMA Back-Calculation

Wit hout experimental wverification, a model ed
conformation as predicted by pure computation could not be deemed to the one closest to the
Ainatived structure. To c¢heckmmdmbrane &linitaabi | ity
protocol in Rosetta, wieackcalculated the PISEMA spectra of Rosegitadicted MerFto

compare the baekalculated™N chemical shift anisotropy artéli-">N dipolar coupling

frequencies with their corresponding solid state NMR expertai data.

In membrane ab initio calculation, the orientation of the membrane normal is not fixed, so we

had to rotate the membrane plane to parallelize the membrane noBpéFtgure 3.8)

before backcalculating the PISEMA spectrum.

In the Rosetta dput file, we can find the coordinates of points N, M, P and Q. The vector

from O, the origin of the coordinate system, to N represents the membrane normal vector. M,

P and Q determine a straight line parallel to veCtidy where P is the membrane cenidr,

and Q are 15A away from P, separately. The red lines perpendicM&Qostand for the
membrandoundary. With the coordinates of N, M, P and Q we can turn the membrane

horizontally via 1) translation of P to origin O, 2) rotation around z axfs bpd 3) rotation

around y axis by.drhe definition off andq follows the definition in the traditional spherical
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coordinate system shown in Figure #. The new coordinates of all atoms after membrane

horizontalization can be calculated by Eqg. 3.1

VneW: Ry(q) Rz( /)( Vold B F) (3.1)
Here,
g’lecos(p- g 0 si{ p ) écos(-j.) -sir( j? 0

R(#)=g ©0 1 0  R()=Hin
gesin(p -9 0 cog p-)«¢ ge

q = arccos(M,-P,)/15)

f = arctan((M-Py)/(M«-P))

The coordnates are expressed as Mx(Mly; M,) and P=(R P; P,).

Following this rotational transformation, the PISEMA spectrum of the Regedthcted
lowest energy protein structure can be calculatigcin the new coordinates. The amide NH
bond length is assigd 1.01 A as the value used by Rosetta. The values of the principal
components ofN CSA for all amino acid residues except glycine and prolinéare64

Ppp Mon=147 ppF@17ppim For glycine these values aigne= 4 1 popnagr64 U

p P Mane=B10 ppm and for prolingl;;np=38p p Mane=027p p Maznp=831ppm (Kevin
W. Waddell 2005)he angle between the NH bond andgbgaxis of the®N chemical shift

tensor is 18.5 The angle between thge, axis of >N CSA andthe normal of the peptide

plane is 25for all residuesdyyc, =118.2°,48,,..=119.5¢ d\c¢ =1156°. The tetrahedral

argleis 110.5. The chemical shift anisotropy and heteronuclear dipolar coupling frequencies
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for the samples in the perpendicular bicelles can be converted from frequencies of the sample

in the lipid bilayer by Eq. 3.2.
Myicere = (@ "%)*( $ TS 3’3)7/3 %j bilaydr (3.2)

Here, Sis the order parametéisabelle Marcotte 2005%)f bicelle, which is assigned to 0.77

in the calculation. For chemical shift anisotropy, U»>and(is; are the principal CSA tensor
values of the components of the corresponding amino acid residues, while for heteronuclear
dipolar couplings their values are zero and the absolute value of the second term in Eq. 3.2 is
adopted.

The™N CSA and*H-">N dipolar coupling of MerF{De Angelis, Howell et al. 2006)

obtained in solid state NMR experiments are listed in Table 3.2 . Obvious deviation between
calculated and experimental data can be observed at loop residues. (Figlir®Gdd) the
calculated frequencies of helical residues form a similar PISA wheel to the experimental

data, the correlation parameters for bt CSA and'H-"N dipolar coupling are only

around 0.5In practice, even a little change in the tilt angle @fdes in the membrane will

cause a substantial shiftitN CSA and*H-">N dipolar coupling frequencies. On the other

hand, as Rosetta searches the optimal relative orientation between membrane and embedded
proteins, the protein is immobilized while thembrane is locally moved. In order to

compare the calculated frequencies and experimental data, the transformation of membrane
orientation needs to be operated on each simulated structure.

Hence, it is nearly impossible to find a de novo predicted tram&mzge protein model with

the tilt angle close to the NMRerived structure within 1° directly from membrane ab initio
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simulation results. Confronted with this difficulty, we have developed an alternative method
by fixing the membrane planes and movinghepiotein structure calculated solely from the
NMR data along the membrane normal to determine the optimal embedding position.

3.4 Determination of Transmembrane Helices Embedding Positions in Membrane

In Rosetta, the membrane environment is modelewvbyparallel planes separated by 60A,
consisting of water layer, polar layer, interface layer, outer hydrophobic layer and inner
hydrophobic layer. (Figure 1.16) To determine the most biologically reasonable position of
protein in the heterogeneous memigraqueous environment, we fixed the membrane

normal to parallel to-axis, with the membrane bilayer border being parallegytfgane, and

the membrane center coincident with the origin of the coordinate system. Then the first atom
of the target proteirsimoved to the origin. To sufficiently consider the effect of membrane
environment on the protein, we chasembrane_highres_Menv_smooth.agghe weight

file to calculate atatom Rosetta energy. Instead @f,Bvhich is used to calculate the
salvationenergy in pure aqueous environmentpdsy Embsovand Enenyv_smoot@re introduced

to describe the change in potential caused by membrane surroundipgaepresents the
change in solvation free energy of each atom when they are transferred alongungemb
normal from outer polar solvent (water) to inner hydrophobic core of membrane bilayer
(cyclohexane). Epsovdepicts the change in solvation free energy of an atom when it is buried
into the protein(P. Barth 2007Emenv_smootS the statistically derived smooth membrane
protein environmental potential adapted from the statistically derived rotamer pair potential.
Emberv decreases gradually tem as the protein is moved out of membrane, indicating that

when all the atoms are outside tharophobic layethis energy item does not work
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anymore. Thereforehe target protein is moved from z = +%0o0 z =-70 A in order to

analyze the change obgential in the procedure of crossing the membrane with an effective
Empenv Each time the structure is moved 1A, and that@lin energy is calculated for each
position.

First, we tested this method with 1C3WD, the first 5 helices of bacteriorhodopsi. D@
change in athtom Rosetta energy along the embedding positions of helices in the membrane
is described by Figure 3.11. The maximum energy appears when most residues except the
longest loop region are outside the hydrophobic core of membrane easectind maximum
energy belongs to the position where only short loop regions are inside the membrane. The
structure is stabilized inside the membrane to the biggest degree (with the minimum energy)
when most helical residues arete hydrophobic core shembranend the loop residues

are in the interface layer.

For a helical hairpin 1C3WEhe tendency of change in-alom Rosetta energy and the
corresponding embedding position of helices is described in Figure 3.12.

For bacteriophage Pf1 (PDB ID: 2KSthe minimum energy appears when most helical
residues are inside the membrane and the charged residues in the loop are in the polar
environment outside the membrane. Burial of charged residues in the hydrophobic layer of
membrane was more penalized tleaposure of hydrophobic and apolar residues to the polar
environment. (Figure 3.13)

For MerFt, we calculated the structures using solid state NMR experimental dath, i.e.

CSA and'H-">N dipolar coupling frequencies, and filtered results with distanostraints.

The distance between Gly32 and Gly56, distance between Val28 and Ala61, and vertical
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distance between Val28 and Ala61 are selected as the constraints to screen simulated
structures.

Finally, when the helical distancesy32-Gly56 and \al28-Ala61 expanded to-30 A and

the allowed vertical distance betweeal®8 and Aa61 increased to 30 A, negative fatiom
Rosetta energies were obtainEgyure 3.14 shows a calculated structure with its lowest
Rosetta atatom energy11.03 at the indicatedhéedding position. At this immersion depth,
most of the hydrophobic residues in loop region (Tyr42, Leu43, Tyr45, Val46, Leud7 and
Leu48) are inside the membrane core, while Asp44, the only electrically charged loop
residue, is close to the interface o tmembran@queous hetegeneous environment system.
Among the amino acid residues outside the bottom membrane boundary, GIn63 and GIn67
are polar residues, Arg64, Lys65 and Arg66 are positively charged, and Asp69 is negatively
charged. The strong electrastanteraction between these residues and the aqueous
environment can make the protein stabilized to the largest degree.

The RMSD value is 4.777 A in comparison to 2H30, and 4.222 A to 2L.J2. The practical
distance between Gly32 and Gly56 is 12.1 A, amddistance between Val28 and Ala61 is
12.5 A. The vertical distance between Val28 and Ala61 is 4.674 A. (The distances are
between amide nitrogen atoms and measured in PyMOL.) The correlation coefficients
between backalculated frequencies and experimédtda are very close to 1.0, indicating
the backcalculated PISEMA spectrum has an excellet fit to the two dimensional solid state
NMR spectrum. fie RMSD for'®N CSAis 2.844 ppnand the RMSD fotH-'*N dipolar
coupling is0.207 kHz The deviation is maiy caused by residues Gly35, Ser 37, Gly56 and

Lys65. These are either polar charged residue3he differences between principal
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components of CSA tensor of glycine and those of other amino acid residues also bring
discrepancy in backalculated valueBecause of dependence on both angular constraints
and distance constraints, more residues are involved in deviatitd 6SA values.

For the calculated MerFt structure shown in Figure 3.14, we also examigedlity using
MolProbity, which is develped by the Richardson group at Duke University aiming at
evaluating the quality of both protein and nucleic acid models at global and local (€vels.

B. Chen 2010)

Not only contacts between backbonenas but placement of atoms on side chains are
diagnosed as well. The quality statistics is represented by MolProbity score consisting of
clashscore, percentage Ramachandran not favored and percentage bad side chain rotamers.
Percentile scores are givendashscore and Molprobity score to describe the comparison
between the resolution of input structure and the resolution of the comparable structures in
PDB. 100" percentile is the best among structures of comparable resolution While 0
percentile is thevorst. The MolProbity score and the percentile score for each model are
shown in the corresponding figures.

The MolProbity score and clashscore of 2H30 and 2LJ2 (Figure 3.16) are calculated as
control.We can see thalhe calculated structure shown irgére 3.14 has a lower

MolProbity score than 2H30 and 2LJ2, implying a more stable conformation with less
conflict between both backbone atoms and-sitin atoms. Considering the value of

Rosetta alatom energy, RMSDs comparing to 2H30 and 2LJ2, andmehdity of

positions of amino acid residues in the overall heterogeneous menrsoaeeus
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environmentthemodel and the corresponding immersion depth shown in Figure 3.14 should
be the most biologically and topologically reliable.

3.5 Conclusions

Rostta membrane ab initio protocol is useful in predictirggconformation of membrane
proteins with good accuracy for structures with less than 250 residues. However, considering
the complexity of a real protein structure and the impact of surroundiraglual

environment, the predicted model and the predicted embedding position in the membrane by
pure computation sometimes may be in striking disagreement with the experimental NMR
data, as shown by badalculating of the spectra of MerFt protein as aaneple.

By fixing the membrane protein structures to the tilt angle determined by solid state NMR
experiments and translating the structures along the membrane normal, we calculated their
Rosetta atatom energies to find their optimal immersion depthhatieterogeneous
membraneaqueous environment that is simultaneously consistent with the observed NMR
data. The MerFt structure calculated with experimental data and selected by distance
constraints Gly325ly56 as well as Val2@la61 has the lowest Roset#dl-atom energy
whenmosthelical residueand hydrophobic loop residuage inside the hydrophobic core of

the membrane and the charged/polar residuesuasale the membrane the interfaceand
agueous environmenthe evaluation by baegalculated PBEMA spectra showed an

excellent agreement between the experimental data anechkac#ated frequencies for the

>N CSA and*H-">N dipolar couplingsMolProbity scors and clashscores also indicate that

the conflicts among both backbone atoms andaidm atoms are not significant.
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Therefore, the combination of structure calculation with angular constraints from solid state
NMR experiments and structure validation by Rosettatalin energy could be an effective
method to select theonsensustructuresand determine their optimal embedding position
within the membrane. Witthe availability of more solved membrane proteamformations

in PDB, we will be able to perform a more accurate prediction and validatioreofbrane

proteinstructues.
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Figure 31 Structure prediction. (A) 1C3WD. The superposition between the native (blue)
and the lowesenergy predicted structure (green) is represented. The RMSD oveg 152 C
atoms is 5.725 A. (B) 1C3WE. The superposition between the native (blue) and the lowest
energy predicted structure (green) is represented. The RMSD overafongs is 2.516 A.

(C) 1PY®6, chain A. The superposition between the native (blue) and the-lenvezgly

predicted structure (green) is represented. The RMSD over 2&i@s is 6.23 A.
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Figure 3.2 The products of tineeroperon(s). MerR is the transcriptional regulatory protein;

MerA is mercuric reductase enzyme; MerB is organomercurial lyase enjenC is an

alternative(to MerT) membrane uptake protein; MerDisarce pr essor or fAchape
involved in transcriptional regulation; MerE is a hypothesized membrane protein that has not

been studied; MerF is an additional alternative (to MerT) manguptake protein.

Transport across the inner and outer membranes without indicted proteins are either by

diffusion through the lipid bilayer or via yet unidentified proteins. (Simon Silver 2005)
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Figure 3.3 The membrane ab initio energy versus RMSIM&F.
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Figure 3.4 The membrane ab initio energies calculated with original OCTOPUS topology

versus RMSD for MerFt.
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Figure 3.5 The membrane ab initio energies calculated with modified OCTOPUS topology

versus RMSD for MerFt.
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Figure 3.6 (Left) Thenembrane ab initio energy calculated with a series of modified
OCTOPUS predicted topology shown in Table 3.1 versus RMSD plot for MerFt. (Right) The
lowest energy model predicted with each modified OCTOPUS topology. The best structures

correspond to the ©OTOPUS sequences of 12 of Table 3.1.

98



RMSD/A

o & = & R S
2 < 2 < [ << 2 < 2 < &
g g g 8 2
R mm wm = = mm 3
EREFERTRRE 35235888 ¢8° AR EEEEE R ¥
ABsoud A310u2 A31ou2 A31ou5
{
& 8 = s R =
uIM .u.M ....,x/n uﬂA uM £
2 a 2 2 2
=3 B e 2 e 2 ] =

A310u02

EgER88EE88

R

A310u2

S EEERFERE

A310u2

A31oun

S8 EE888ERE

RMSD/A

99



20

15

RMSD/ A

10

20

15

RMSD/A

10

20

15

RMSD/A

10

1

v
..w
0

20

15

RMSD/A

10

%
v

382883888
A319u0

288888888¢8°
A31ou

E38888§88¢8°
A310u0

E38288§88¢8°
A310u0

13

RMSD/A

10

15 20

RMSD/A

10

17

15

RMSD/A

10

9_

15

RMSD/A

10

21

283888 §8ReEC
A3zou

IEEREEEEE
A31900

ER8R8RgRRES
A310u0

100

20

15

RMSD/A

10

15 20

RMSD/A

10




RMSD /A

10 20 30 40 50 60 70 80 90 1
hydrogen bonding potential weight

RMSD/ A
— N w B W [= ~3 o0

10 20 30 40 50 60 70 80 90 100

.
4
hydrogen bonding potential weight 2,

/
Figure 3.7 Tendency of RMSDs of MerFt structures predicted by membrane ab initio
protocol in Rosetta3.4 along the change of the weight for the hydrogen bonding potential.
(Top) Prediction with original OCTOPUS tology file. (Bottom) Prediction with modified
OCTOPUS topology file. The blue structure is 2H30, and the green structures are models
predicted by Rosetta. The green structures on the left were obtained using original weight for
hydrogen bonding potentiakhile those on the right were obtained using 100 fold of the

weight.
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Figure 3.8 Schematic diagram of membrane rotation. The coordination of M, P, Q and N are
obtained from Rosetta output file. The red lines represent the membrane boundary. The green
arrow line represents the membrane norrBalshows the orientation of the external

magnetic field.

102



30
20_ .............................
10. ........
: RN
g £
: : : : : _10. ..... :
20 R =20 S
: ‘before | ° : : N R
—— y r —30 L—— , . .
20 020 -20 0 20 20 0-20 20 0 20
memy memx memy memx
5
% 4
S 3 red circle: before
e, blue circle: after
_.-nz Ovie oVNOLw
& 1 Q)D%
0
150
N CSA / ppm
150 45
E 10 £
< 130 S 3
8 120 2
Z 2
—g 110 %
2 100 3
E 90 3
j‘-z 80 ?’?
8 7 3
'Q -
60 0
80 90 100 110 120 130 140 0.5 1 1.5 2 2.5 3 35 4
experimental *N CSA / ppm experimental 'H-'"N DC / kHz
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Figure 3.10 Schematic diagram for translation of an Nd&Rved structure across lipid

bilayer along the orientation of membrane normal.
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the part in 2Ll2 W|th the same sequence as 2H30
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Figure 3.16 Summary of MolProbity results for MerFt (2H30) (top), MerF (2LJ2) (middle),

and the partial structure #L.J2 with the same sequence as 2H30 (bottom).
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Table 31 Modified OCTOPUS topologies for MerFt (residue 20).

Index
original

1

© 00 N o o A~ w DN

A =
B, O

new
12
13
14
15
16
17
18
19
20
21
22

OCTOPUS Topology
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Table 32 N CSA and'H-"N dipolar coupling frequencies of MerFt (residue6Bj.

residue name residue number 5N CSA (ppm) 'H-"N DC (kHz)

L 27 84.945 3.312
\ 28 93.373 3.638
I 29 93.523 2.858
L 30 84.653 2.903
L 31 86.344 3.754
G 32 87.96 3.168
V 33 94.08 2.420
\ 34 85.871 3.132
G 35 88.08 3.621
L 36 94.366 3.206
S 37 79.837 2.556
A 38 81.8 3.557
L 39 94.237 3.853
T 40 95.17 2.709
G 41 79.837 2.556
Y 42 132.424 1.161
L 43 119.203 0.367
D 44 107.927 0.659
Y 45 124.705 1.239
V 46 100.478 0.793
L 47 84.282 3.344
L 48 109.448 1.537
P 49 110 0

A 50 113.125 0.852
L 51 99.844 2.948
A 52 97.958 2.901
I 53 82.403 2.457
F 54 86.344 3.754
I 55 100.629 3.395
G 56 86.341 2.949
L 57 80.53 2.920
T 58 89.079 3.946
I 59 98.742 3.146
Y 60 84.472 2.672
A 61 79.973 3.290
I 62 94.237 3.853
Q 63 98.396 2.540
R 64 79.735 2.735
K 65 95.17 2.709
R 66 94.366 3.206
Q 67 97.579 2.477
A 68 79.973 3.290
D 69 114.526 1.025
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Table 33 Distance constraints used in calculated MerFt structures screening.

distance
constraints
Gly32-Gly56

Val28-Ala6l

Val28-Ala6l
(2)

Test
1
8-15 A

8-15 A
<15A

Test
2
5-30 A

5-30 A
<15A

Test
3
5-30 A

5-30 A
<30A
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Chapter 4

Future Directions

4.1 Homomeric lon Channels

Homomeric protein assemblies behave as channels, containers and molecular rulers in many
organelles. The study of their conformation can lead to a better understanding of their
function in many biological pr@sses. Nevertheless, the packing of chains and relative
orientation in oligomer proteins have been less studied than those of monomeric proteins.
(Hong 2006)mportantly, symmetryelated homomeric structures usually cannot be
distinguished by NMR spectroscopy alone, thus requiring additional methods to determine
the oliganerization state of a membrane protein. Symmetric modeling in Rosetta can be used
to predict the structures with,(D, and icosahedral symmetry typésrank DiMaio 2011)
RosettaOligomers method was developed to determine solution structures of oligomer using
chemical shift, sparse NOE aRIDC frequenciegNikolaos G. Sgourakis 2018 ymmetry

docking protocol for membrane proteins is still under developmen

The M2 protein of the influenza A virus is a tetrameric transmembrane protein. Many efforts
have been made on revealing the binding manner among the chains in this oligomer protein
and its functional mechanism as a proton charfhelkesh Sharma 2010; Sarah D. Cady
2010)Currently, | am working on the determination of optimal oligomerization state for M2

(PDB ID: 2L0J) in the biological membrane by combining protein symmetric docking
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protocol(Rhiju Das 2009; Chaudhury S 2011; P. Benjamin Stranges 20tlimembrane ab
initio protocol in Rosetta3.4.

4.2 Application of Symmetry Docking to M2 (2L0J)

Because M2 is in £&symmetric mode, the symmetry definition file C4.symm isegaeted

first by

make_symmdef_file_denovo-pymm_mode cmsub 4 > C4.symm

with the output file as

Symmetry name cb

subunit=s 4

recenter

number of interfaces 2

E = 4*VRT0O001 + 4% (VRTO001:VRTOO002Z) + 2% (VRTO001:VRTOO03)
anchor residue COM

virtual transforms start

start -1,0,0 0,1,0 0,0,0

rot Bz 4

virtual transforms_ stop

connect wvirtual JUMP1 VRTOOO1 VRETOOO2

connect wvirtual JOMP2 VRTO002 VRTOOO3

connect wvirtual JUMP3 VRTO003 VRTO004

set_dof BASEJUMP x(50) angle x(0:360) angle w(0:360) angle_ziﬂ:ﬂﬁﬂ]_

The symmetry docking is performed with the whole molecule of 2L0J and the helical part of
2L0J (named as 2L0JT), respectively.
For the whole moleculeL®J, the amino acid sequence is
SHNASSDPLVVAASTIGILHLILNILDRLFFESIYRFFEHGLERG
, While for helical part 2LOJT the amino acid sequence is
SEDPLVVAASTIGILHLILWILDRL
The results obtained by performing the scripts in Appendix B are shown in Figure 4.1 and

Figure 4.2. Three representative points are selected to analyze. @ilvtgorenodels are
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demonstrated in side view and top view, separately, so we can observe both the packing state
of peptide chains and the hole formed by the four chains. In the plot of energy versus RMSD,
the data did not form a traditional funnel but twmrs with similar lowest energy and one

point with lowest RMSD but higher energy. Further calculations and more information from
known homomeric protein assemblies are needed before an accurate prediction can be
obtained.

Currently, in the solid state NM&periment one can isotopically label Ala30 and 1le35 on

helix 1 and helix 2, and then calculate their distance based on the experimental data. So we
can, in principle, use the distance between A30 on helix 1 and 135 on helix 2, and the
distance betweer8b on helix 1 and A30 on helix 2 to evaluate the quality of predicted
structures. Since botfiN and™C°can be used to label the residue, we measured both the
1°N-*N and**c%*3c®distances for structure evaluation.

The predicted structures with GDTMM more than 0.7 are selected for distance

comparison. The histograms of these distances are shown in Figure 4.4. The standard
deviation of h1A30_h2135 distances is more than 0.9 A, while the standard deviation of
h1135_h2A30 distances is only 0.31 A. Thigy suggest that the residue Ala30 on helix 1

and the residue 1le35 on helix 2 are more dynamic and, therefore, are more involved in
biological activities. However, additional results from both computation and experiments
would be needed to explain thedrdaction among the helices in a homomeric protein

assembly.
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Figure 4.1 Symmetry docking results for 2L0J. The side view and top view for structures

represented by 1, 2 and 3 are shown on the bottom right.
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Figure 4.2 Symmetry docking results for helipatt of 2L0J. The side view and top view for

structues represented by 1, 2 and 3 are shown on the bottom right.
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