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ABSTRACT

Computational prediction of side-chain conformation is an important component of protein structure prediction. Accurate
side-chain prediction is crucial for practical applications of protein structure models that need atomic-detailed resolution
such as protein and ligand design. We evaluated the accuracy of eight side-chain prediction methods in reproducing the
side-chain conformations of experimentally solved structures deposited to the Protein Data Bank. Prediction accuracy was
evaluated for a total of four different structural environments (buried, surface, interface, and membrane-spanning) in three
different protein types (monomeric, multimeric, and membrane). Overall, the highest accuracy was observed for buried resi-
dues in monomeric and multimeric proteins. Notably, side-chains at protein interfaces and membrane-spanning regions
were better predicted than surface residues even though the methods did not all use multimeric and membrane proteins for
training. Thus, we conclude that the current methods are as practically useful for modeling protein docking interfaces and
membrane-spanning regions as for modeling monomers.
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INTRODUCTION ing atomic detail have several useful applications, includ-
ing fitting structures to an electron microscopy map,®
predicting function from structure,/ and guiding and
interpreting site-directed mutagenesis, full atom models
are needed for many important applications of computa-
tional models. Notable examples include artificial design
of proteinsd that fold into desired folds”>19 or bind spe-
cifically to molecules such as proteins! 112 and DNA!3
as well as design of molecules that bind specifically to a
protein.14 Additionally, atomic-level accuracy is needed
for using computational models for molecular replace-
ment in X-ray crystallography.l® Accurate side-chain

Proteins perform a wide variety of vital biological
tasks, including catalysis, signaling, and maintenance of
cellular structures. Protein tertiary structure provides
crucial information for understanding the atomic details
of these tasks. However, experimental methods for struc-
ture determination are resource-intensive and to date
lesser than 0.1% of protein sequences have a solved
structure.]  Purthermore, integral membrane proteins
present difficulties in many steps of structural determina-
tion; consequently, structures of membrane proteins are
underrepresented by an order of rnagnitude2 in the Pro-
tein Data Bank (PDB).3 In part to improve structural
coverage of sequence data, much effort has been dedi-
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cated to the development of accurate computational pro-
tein structure prediction methods.4 In the protein
structure prediction field, the accuracy of models has
been primarily evaluated in terms of main-chain confor-
mation as it has been done in the Critical Assessment of
Structure Prediction, a biennial evaluation of the field.1»>
Although structure models with the correct fold but lack-

© 2014 WILEY PERIODICALS, INC.

Institutes of Health; Grant number: ROIGM097528; Grant sponsor: National Sci-
ence Foundation; Grant numbers: 11S0915801; DBI1262189; 10S1127027; Grant
sponsor: National Research Foundation of Korea Grant; Grant number: NRF-
2011-220-C00004.

*Correspondence to: D. Kihara, Department of Biological Sciences, College of Sci-
ence, Purdue University, West Lafayette, IN 47907. E-mail: dkihara@purdue.edu
Received 15 January 2014; Revised 2 March 2014; Accepted 7 March 2014
Published online 12 March 2014 in Wiley Online Library (wileyonlinelibrary.
com). DOI: 10.1002/prot.24552

rroTEINS 1971



L.X. Peterson et al.

prediction is becoming critically important for computa-
tional models used in recent applications, which are
expanding the biological usefulness of modeled
structures.

Side-chain prediction also has applications with struc-
tures that have already been solved, such as determining
the docking conformation of a protein complex where
the subunit structures were solved separately.10-18 Resi-
dues at a protein—protein interface exhibit a different
conformation than the same residue in solutionlg; thus,
predicting the interface side-chain conformation of the
complex improves the accuracy of the docked structure.

In the past decades, dozens of side-chain conformation
prediction algorithms have been developed. Works from
the 1970s investigated the distribution of side-chain con-
formations in known structures.21,22 Observation of
side-chain distributions led to the idea of rotamers23-26
and conformers,27 which are discrete sets of side-chain
conformations for each amino acid often used by predic-
tion programs. An advantage of using a library of
rotamers is that the side-chain conformation prediction
problem can be addressed as a combinatorial optimiza-
tion problem, to which various optimization algorithms
can be applied. Such algorithms include dead-end elimi-
nation,28 neural networks,29’30 the A* algorithm,31 an
evolutionary method,32 an iterative optimization apply-
ing a mean field theory,33 and a graph decomposition of
side-chain clusters.3%3> Alternatively, energy minimiza-
gign may be applied without using a rotamer library.36—

In this work, we benchmarked eight available side-
chain conformation prediction programs. Unlike previ-
ous works that have classified residues by environment
but only as buried or nonburied,39’40 in our benchmark
we further classify nonburied residues as protein interact-
ing interface (protein exposed), membrane-spanning
(lipid exposed), and surface (aqueous exposed) for a
total of four environments. Many methods were trained
using only soluble monomeric proteins3238:39 and as a
result are not necessarily expected to predict with high
accuracy in protein interface and intramembrane envi-
ronments. Nevertheless, given the particular importance
of protein structure prediction for membrane proteins
and protein—protein docking, we wanted to determine
whether these methods retain high prediction accuracy
for membrane and multimeric proteins. This would serve
both to evaluate the validity of using monomer-trained
side-chain prediction methods on nonmonomer proteins
and to highlight potential areas of improvement for these
methods. It is also worth noting that almost all previous
benchmarks have been performed by developers of side-
chain conformation prediction methods; in contrast, we
have no vested interest in the accuracy of any particular
method.

For all methods except one, overall y; angle accuracy
exceeded 80%. Buried residues were best predicted. Con-
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trary to expectation, side-chains at protein interfaces and
membrane-spanning regions were better predicted than
surface residues even though most of the methods did
not use multimeric or membrane proteins for parameter
optimization. Thus, we conclude that the current meth-
ods are as practically useful for modeling protein dock-
ing interfaces and membrane-spanning regions as for
modeling monomers. Accuracies of each amino acid type
relative to accessible surface area (ASA) and conforma-
tional entropy are also discussed.

MATERIALS AND VMIETHODS

Selection of software

Our search for software programs to predict side-
chain conformations from backbones found nine
options: FoldX,38 IRECS,4! OPUS-Rota,#2 OSCAR,40-43
RASP,44 Rosetta-ﬁxbb,45 Scap,46 Sccomp,39 and
SCWRL4.35 Of these nine programs, we were unable to
use three: IRECS, OPUS-Rota, and Scap. Neither IRECS
nor Scap ran and while OPUS-Rota ran using complete
PDB files, it produced invalid results given backbone
coordinates only. This left six programs, two of which
had slow and fast versions. In total, we compared eight
algorithms for predicting side-chain conformations from
backbones: FoldX, OSCAR-o and OSCAR-star, RASP,
Rosetta-fixbb, Sccomp-S and Sccomp-I, and SCWRLA4.
The algorithms differ in three primary ways: rotamer
library, scoring function, and search procedure.

FoldX

FoldX38 is designed to predict the free energy change
caused by single residue mutation. Thus, its primary
purpose is not side-chain conformation but it models
side chains in the course of energy computation. FoldX
models side chains using the mutate function of WHAT
IE47 The FoldX scoring function is a linear combination
of the following terms: solvent exposure, van der Waals,
solvation, hydrogen bonds, electrostatics, backbone and
side-chain entropy, and water bridges.

OSCAR

OSCAR4043 yses the backbone-dependent rotamer
library by Dunbrack and Cohen.48 The OSCAR scoring
function includes the following terms: backbone depend-
ency, contact surface, overlapped volume, electrostatic
interactions, and desolvation energy. OSCAR has two
algorithm versions: OSCAR-040  (slow) and OSCAR-
star43 (fast). OSCAR-star is a speed-optimized version of
OSCAR-o that uses a rigid rather than flexible rotamer
model. For both versions, the distance-dependent energy
function is represented as a power series and the side-
chain dihedral angle potential energy function is repre-
sented as a Fourier series. Finally, the distance-dependent
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energy function is multiplied by an orientation-
dependent function. To predict a protein conformation,
20 structures with random rotamers are initialized. Then,
low energy side-chain conformations are exchanged using
a genetic algorithm. Next, all 20 structures are optimized
using Monte Carlo simulation. These two steps are
repeated 30 times with decreasing temperature (simu-
lated annealing) and the lowest energy structure is kept.

RASP

RASP#4 uses the backbone-dependent rotamer library
by Dunbrack and Cohen.8 In addition to rotamer prob-
ability, the RASP scoring function calculates backbone/
side-chain and side-chain/side-chain interaction energy
with the following terms: attractive and repulsive van der
Waals potential, disulfide bond energy, and hydrogen
bond energy. The search function begins by reducing the
search space with dead-end elimination. An interaction
graph is then constructed. Interaction energies are only
calculated between residues with Cg atoms within 5 A.
An edge is created between residues if the difference
between the highest and lowest energy rotamer pair com-
binations is greater than 3 kcal/mol. Small graphs are
solved with branch-and-terminate and large graphs are
solved with Monte Carlo simulated annealing. Finally,
residues in clash are relaxed.

Rosetta

Rosetta-fixbb4> uses the backbone-dependent rotamer
library by Dunbrack and Cohen.48 The scoring function
uses the attractive and repulsive portions of the Len-
nard—Jones van der Waals energy, statistical energy of
backbone-dependent rotamers, Lazaridis—Karplus solva-
tion energy,49 distance-dependent residue pair potential,
and energy of side-chain/backbone hydrogen bonds. The
search function uses multiple Monte Carlo runs initial-
ized with a different random structure.

Sccomp

Sccomp3? uses a modified version of the backbone-
dependent rotamer library by Dunbrack and Cohen48
such that each rotamer of histidine, glutamic acid, and
asparagine are split into two: one with the original values
and the other with the terminal bond flipped 180°. The
scoring function is based on surface complementarity
(which reflects contact surface and binary chemical simi-
larity), excluded volume, intraresidue energy (rotamer
probability and residue size), and solvation (solvent-ASA
and atomic solvation). Sccomp has two algorithm ver-
sions, iterative (fast) and stochastic (slow). The iterative
algorithm (Sccomp-I) builds the side chains in descend-
ing order of neighbor count. Each side chain is modeled
one by one while holding the other side-chains fixed.
After each iteration, the modeling order is reversed. The

Table |
Number and Types of Proteins in Rotamer Library and Method Train-
ing Datasets

Proteins

Software Source Total  Multimer ~ Membrane
Rotamer Library by ~ PISCES20 A 518 ? ?

Dunbrack and

Cohen
Rotamer Library by ~ PISCES 1.8 A 3985 1971 13

Shapovalov and

Dunbrack
Foldx38 ProTherm®! 9 0 0
0SCAR%0 PISCES20 A 5279 ? ?
RASP4 PISCES 1.8 A 300 145 1
Rosetta-fixbb*> ? .30 ? ?
Sccomp PISCES 1.8 A 15 0 0
SCWRL439 PISCES 1.8 A 100 0 0

A question mark indicates that the information could not be found in the origi-
nal article.

iterative algorithm stops, when the side-chain conforma-
tion is the same in two successive runs or the maximum
iteration number is reached. The stochastic algorithm
(Sccomp-S) initializes all residues to a random rotamer,
and then chooses a given residue’s rotamer according to
the Boltzmann distribution. Modeling starts with the res-
idue having the most neighbors and on subsequent steps
proceeds to a random neighbor. The probability a
rotamer will be accepted at each step follows the Boltz-
mann distribution.

SCWRL4

SCWRL43> uses a backbone-dependent rotamer
library that gives the rotamer probabilities, mean angles,
and variances as a smooth, continuous function of ®
and ¥ main-chain angles using kernel density esti-
mates.>0 The scoring function consists of single rotamer
and pairwise rotamer energies which use attractive and
repulsive van der Waals and hydrogen bonding terms.
Interactions of rotamers in a protein are represented as a
graph. After removing edges that have virtually no inter-
actions and applying dead-end elimination to remove
rotamers from consideration, the graph is decomposed
into subgraphs for final rotamer optimization.

Training sets of the methods

As the protein datasets used to derive the rotamer
libraries and to train the algorithms are expected to
impact the accuracy of side-chain conformation predic-
tion, we summarized the types of proteins present in
these datasets in Table I. The first two rows of Table I
describe the protein datasets used by the rotamer libra-
ries. OSCAR, RASP, Rosetta, and Sccomp used the
rotamer library by Dunbrack and Cohen.#8 SCWRL4
used the rotamer library by Shapovalov and Dunbrack.”0
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The Dunbrack and Cohen rotamer library has been
superseded by the Shapovalov and Dunbrack rotamer
library, so the details of the former are no longer avail-
able. However, as both rotamer library protein datasets
were compiled with the PISCES server°2 and no removal
of multimeric or membrane proteins was described, it is
likely that the datasets show similar composition (49%
multimeric proteins and 0.3% membrane proteins).

For the method training datasets, many articles do not
list the exact PDB codes in the dataset. However, almost
all groups used the PISCES server’? to compile non-
redundant lists of PDB files. RASP used a dataset from
PISCES that contained 48% multimeric proteins and
0.3% membrane proteins (Table I). OSCAR also used a
PISCES dataset without removing multimers or mem-
brane proteins. By inference to the datasets used by
RASP and the rotamer library by Shapovalov and Dun-
brack, it is likely that the OSCAR dataset consists of half
multimeric proteins and a small number of membrane
proteins. Three methods were trained using only soluble
monomeric proteins: FoldX, Sccomp, and SCWRLA.
Importantly, none of the methods divided the training
sets by protein type or residue environment.

SELECTION OF BENCHMARK
PROTEINS

To compare the accuracy of protein side-chain confor-
mation prediction for different environments, we chose
sets of proteins from three categories: monomeric, multi-
meric, and membrane. Proteins that did not run on all
software methods were removed from the dataset. A total
of 10 proteins were removed for this reason. OSCAR-o,
Sccomp-I, and Sccomp-S did not complete 1vtz or lyce.
OSCAR-0 and OSCAR-star did not complete 2xfr.
Sccomp-I and Sccomp-S did not complete lyn3, 2qap,
3mjo, or 4ery. RASP did not complete 2wwx, 3ivv, or
4ate. Counts of the protein types in the datasets can be
found in Table II. A full list of the proteins in the dataset
can be found in Supporting Information Table S1.

For monomers and multimers, we started with a non-
redundant subset of the PDB from the PISCES®2 server:
resolution 1.6 A or lower, maximum sequence identity
20%, and maximum R-factor 0.25 (2089 protein chains).
As an additional quality control step, we removed all
PDB files meeting any of the following criteria: missing
main-chain atoms, internal residue numbering skips, or
residues other than the 20 canonical amino acids. We
eliminated from the dataset PDB files with any ligand
larger than five heavy atoms. This was to remove side
chains with conformations primarily influenced by large
ligands. Proteins were classified as monomeric or multi-
meric using the biological unit annotation in the PDB,
favoring author annotation over software annotation.
Multimeric proteins with only one chain in the PDB file
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Table Il

Number of Protein Chains and Residues by Type and Environment

Residues by environment

Type Chains Residues Buried Surface Interface Membrane
Monomer 231 33461 11009 22452 n/a n/a
Multimer 132 13932 3632 7199 3101 n/a
Membrane 45 10847 3845 4305 n/a 2697

were removed to avoid applying crystallographic trans-
formations, which can introduce atomic clashes as dis-
cussed by Krivov et al.35 For any PDB file with more
chains than the size of the biological unit, we checked if
the duplicated chains in the file had sufficiently similar
conformations. Such PDB files were included only if the
copies had the same number of atoms and an RMSD of
1.5 A or less.

Integral membrane proteins were poorly represented
in the PISCES protein set. Therefore, we started with a
list of crystallized membrane proteins compiled by Ste-
phen White (http://blanco.biomol.uci.edu/mpstruc/; 766
PDB codes) and filtered the structures with the PISCES
server. Very few membrane structures have resolution of
2 A or lower?; therefore, we included structures up to
2.8 A resolution. We also allowed ligands with more than
five heavy atoms due to the frequent presence of lipid or
lipid-analog molecules. To finalize the dataset, each
membrane structure was visually inspected to confirm
the presence of membrane-embedded residues. The
membrane protein dataset represents proteins with o-
helical and B-barrel secondary structure, polytopic and
monotopic proteins, and monomeric and multimeric
proteins.

ENVIRONMENTAL
CLASSIFICATION OF RESIDUES

Residues in the three sets, monomeric, multimeric,
and membrane proteins, were further classified into one
of four environments: buried, surface, interface, or
membrane-spanning. Protein and residue counts of the
datasets are in Table II. Residues in monomeric proteins
were classified as buried or surface. We calculated relative
ASA of each residue by dividing ASA from DSSP>3 by
the theoretical maximum ASA of that residue in the tri-
peptide GXG.2% A residue with relative ASA was less
than 10% was classified as buried. Other residues were
classified as surface.

Residues in multimeric proteins were classified as bur-
ied, interface, or surface. Each multimer PDB file was
separated into single chain files before the DSSP ASA cal-
culation described previously. Interface regions were
determined by finding residues with any heavy atom
within 5 A of a heavy atom in a different protein chain.
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Buried residues were classified as described earlier. A
nonburied residue in an interface region was classified as
interface. Other residues were classified as surface.

Residues in membrane proteins were classified as bur-
ied, membrane-spanning, or surface. Membrane PDB
files were not separated by chain before DSSP ASA calcu-
lation. When available, transmembrane region informa-
tion was obtained first from the MPtopo membrane
topology database®> or secondarily as determined by the
depositor. Proteins lacking transmembrane region anno-
tation were visually inspected, guided by topology images
found in the structure references, and anchoring aro-
matic residues (considered part of the membrane-
spanning region). Buried residues were classified as
described earlier. A nonburied residue in a membrane-
spanning region was classified as membrane-spanning.
Other residues were classified as surface.

PREDICTION PROCEDURE

Prior to predicting side-chain conformations, each
PDB file was reduced to backbone coordinates by remov-
ing side chain and ligand atoms with PHENIX.”® While
some of the software is able to use water and other
ligand information as input, we removed all ligands to
provide the same amount of input information to each
algorithm.

EVALUATING PREDICTION
ACCURACY

Prediction accuracy was evaluated in terms of pre-
dicted y; and y, side-chain torsion angles. y; and y, tor-
sion angles were calculated for each residue using the
PDB module®” of the Biopython package.®8 The i,
angle is the dihedral angle between the planes defined by
the atoms N, C,, Cg, and C,; the y, angle is defined by
Ce Cp» C,, and Cs. Each predicted torsion value was
subtracted from the corresponding torsion value from
the PDB file to obtain the torsion error. A predicted
angle was considered correct if the torsion error was in
the range of =40°, as in previous works.33:39,40,44 Thjg
large window is due to the clustering of y angles at
—60°, 60°, and 180°.%9 Some residues have symmetry at
71 (valine) or y, (aspartic acid, leucine, phenylalanine,
and tyrosine). For example, the & position of aspartic
acid has two different atoms (denoted in a PDB file as
OD1 and OD2). In these cases, both possible predicted
1> angles were compared to the angle from the PDB file
and the smallest error was kept. Mean g, accuracy was
defined as the proportion of residues with a defined ¥,
angle that were correctly predicted for both y; and y..
Accuracy was averaged per protein chain to prevent large
proteins from disproportionately influencing the results.
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Figure 1

Prediction accuracy by method. Lower and upper hinges: first and third
quartile. Whisker length: 1.5 times the interquartile range. Dark gray:

71> Light gray: ;0.

For multimeric proteins, only the chain listed in the PIS-
CES database was checked for accuracy.

ENTROPY OF ROTAMERS

We used Shannon entropy (SE)60’61 to characterize
the distribution of rotamers in the experimentally solved
structures in the dataset. An even distribution has a high
SE while an uneven distribution (i.e., with a dominant
state) has a low SE. SE was calculated using Eq. (1). To
apply SE to side chains of amino acids in PDB files, we
used a maximum likelihood estimator on the y angle
distribution binned by 10° [Eq. (2), where ¢; is the count
in any bin].62

SE:‘ZPiIngPi (1)
im1

Ci

RESULTS

We tested the side-chain prediction accuracy of eight
software methods on a dataset of 408 proteins. The data-
set includes monomeric, multimeric, and membrane pro-
teins (Table II). The modeled proteins and raw accuracy
data are made available at http://www.kiharalab.org/Side-
Chain_Dataset1/.

OVERALL ACCURACY

First, we examined overall accuracy for each method
(Fig. 1). Median per protein jy; accuracy was above 80%
for all methods except FoldX, which showed accuracy
about 10 percentage points lower than other methods.
OSCAR showed median accuracy close to 90%. yis»
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Protein chain length distribution of the entire dataset (gray) and low
outliers in Fig. 1 (black). The outliers are the protein chains with y;

and/or y;s, prediction accuracy less than 1.5 times the interquartile

range below the first quartile of the accuracy for each method. There
are a total of 65 outliers.

accuracies were 10-20 percentage points lower than y;
accuracies, with methods following the same rank as y;
accuracy. The observed y; and y;s, accuracies were con-
sistent with previous benchmark studies.32,39,40,43,44
The lower accuracy for FoldX is likely because the original
purpose of FoldX is not rotamer prediction but detailed
energetic analysis of single residue mutation. Comparing
the two versions of OSCAR, the median accuracy was sim-
ilar but OSCAR-star had a higher minimum accuracy
than OSCAR-o0. Comparing the two versions of Sccomp,
Sccomp-S showed median accuracy slightly higher than
Sccomp-I for both y; and y;g,. To compute average accu-
racy over different methods in subsequent discussion, we
excluded FoldX due to its lower accuracy than the other
methods as well as OSCAR-0 and Sccomp-I because these
versions had accuracy similar to their counterparts.

We also examined the proteins that were predicted
poorly in Figure 1 by analyzing the lower outliers (more
than 1.5 times the interquartile range below the first quar-
tile). We compared the protein chain length distribution
of the outliers and the whole set (Fig. 2). The outlier distri-
bution peaked at a shorter length (30-40 residues) than
the whole set (70-90 residues). The outliers included a 27
residue short protein, fragment of rat tropomyosin (PDB
ID: 3azd), which was below 63% accuracy for all methods.

Next, we compared accuracy divided by method and
protein type. We performed statistical analysis on predic-
tion accuracy, treating differences between software
methods as the variable of interest and differences
between proteins as secondary variability (blocks). The
accuracy of each protein is expected to be independent.
Examination of the distributions of each method sug-
gested possible deviations from normality, so we checked
differences between methods using the nonparametric
Friedman test and performed pairwise comparison using
the Wilcoxon—-Nemenyi-McDonald—Thompson test, both
available in the R package coin.®3 OSCAR-star and
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Table 1lI

Mean Prediction Accuracy (Percent) by Protein Type and Method
]

Monomer Multimer Membrane

X1 1182 V4l 1182 V4l X1&2
0SCAR-star  88.3° 1.7 87.3° 715° 85.0°  65.9%°
0SCAR-0 88.1%8  717°  874°  71.1*  854%  66.0%°
SCWRL4 85.2°  720° 846"  723* 822  686°
RASP 852°  71.0° 847°  715° 813>  67.4°
Rosetta 833°  682°  824° 683" 799"  63.3%
Sccomp-S 823°  596°  806°  594° 813"  590°¢
Sccomp-| 813°  577°  802°  584° 800  575%°
FoldX 7044 49.7¢ 69.5¢ 49.3¢ 68.7° 50.2°

Within each column, methods that share no letters are significantly different with
P <0.05.

OSCAR-o were not significantly different in any group,
but they were more accurate than the other six methods
for y; accuracy in soluble proteins (Table III). FoldX was
significantly less accurate than the other seven methods
except for membrane y;g, accuracy.

The average accuracy did not drop substantially from
monomer to multimer proteins (a mean difference in y,
accuracy of —0.9 percentage points). Thus, the absence
of multimeric proteins in an algorithm’s training dataset
did not have a sizable impact on prediction accuracy for
multimeric proteins. A slightly larger difference was
observed between monomer and membrane proteins (a
mean difference in y; accuracy of —2.5 percentage
points). Both Sccomp algorithms showed relatively less
variation by protein group. In contrast, the decreased
accuracy for membrane proteins was more than 3 per-
centage points for RASP, Rosetta, and OSCAR-star.

Accuracy by environment

We further compared the difference in accuracy by the
residue environments in the three protein types (Fig. 3).

Monomer | Multimer 1 Membrane
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Figure 3

Prediction accuracy of proteins by protein type and environment. Val-
ues were averaged for OSCAR-star, RASP, Rosetta, Sccomp-S, and
SCWRLA. B: buried, S: surface, I: interface, M: membrane-spanning;
Dark gray: y;, Light gray: y1g,.
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Prediction accuracy of proteins for each residue type and environment. Values were averaged for OSCAR-star, RASP, Rosetta, Sccomp-S, and
SCWRLA. B: buried, S: surface, I: interface, M: membrane-spanning; Dark gray: y;, Light gray: y;s.. Cysteine, serine, threonine, and valine do not
have 8 heavy atoms to calculate the y, angle. The dataset did not include any cysteine residues in an interface environment. (a) monomeric and
multimeric proteins (b) membrane proteins.

Residue environments showed larger differences than

(78-82% for y;), and intermediate for interface (87% for

protein types. Median accuracy was highest for buried ;) and membrane-spanning (82% for y;). This order

residues (90-95% for y;), lowest for surface residues

was consistent across protein types. )12 accuracy was
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Figure 5

Prediction accuracy as a function of relative accessible surface area (RASA). Monomeric and multimeric proteins were combined. Residues with
RASA above unity were excluded. The data were smoothed using local regression (loess). Values were averaged for OSCAR-star, RASP, Rosetta,
Sccomp-S, and SCWRLA. B: buried, S: surface, I: interface, M: membrane-spanning.

about 8 percentage points lower than y; for buried resi-
dues but over 16 percentage points lower for surface
residues. Buried and surface residues showed very simi-
lar accuracy between monomeric and multimeric pro-
teins. In contrast, buried and surface residues in
membrane proteins had median y; accuracy 4 to 5 per-
centage points lower. Therefore, the lower accuracy for
membrane proteins compared to monomer proteins
(Table III) was not solely due to the membrane-
spanning residues. Surface and buried residues are

expected to be in a similar environment regardless of
protein type, so the lower accuracy in membrane pro-
teins may have been due to the presence of lipid mole-
cules in the input files. In general, surface residues have
the fewest steric constraints; therefore, they can take on
more conformations and are more difficult to pre-
dict.3546  Furthermore, residues in an X-ray crystal
structure that seem to be on the surface may exhibit a
conformation influenced by crystal contacts that are not
present in the raw PDB file.64
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Prediction accuracy as a function of rotamer entropy. Monomeric and multimeric proteins were combined. Rotamer entropy was computed for res-
idues in three environments: buried, surface, and interface. Values were averaged for OSCAR-star, RASP, Rosetta, Sccomp-S, and SCWRLA4.

Accuracy by residue type

Next, we examined the prediction accuracy for each
residue type (Fig. 4). We combined monomeric and mul-
timeric proteins in Figure 4(a) as they showed similar
trends in Table III and Figure 3. Membrane proteins
were analyzed separately in Figure 4(b).

For monomeric and multimeric proteins, serine was
the least accurate while valine and isoleucine were the
most accurate [Fig. 4(a)], agreeing with the overall trend
of previous works.3239:40 While accuracy was lower for
interface residues compared to buried in most cases,

seven residue types showed interface accuracy similar to
buried accuracy (arginine, histidine, isoleucine, leucine,
proline, tryptophan, and tyrosine). Two residue types
had y; and yis, accuracy within 5 percentage points
(leucine and proline) while three showed differences of
20-40 percentage points (asparagine, glutamine, and his-
tidine). The high accuracy of proline y, is most likely
due to its unique side chain to backbone connection and
consequent limited conformational space. The high accu-
racy of valine can also be attributed to its y; symmetry.
Rotamers only account for rotation around single bonds
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Cumulative mean y; accuracy and coverage by consensus of eight pre-
diction methods. The eight methods are listed in Table III. The soluble
group consists of the monomeric and multimeric proteins. The consen-
sus rotamer for each residue was computed as the most common
rotamer using 10° bins. The consensus strength was the number of
methods that predicted the consensus rotamer. At each strength cutoff,
the bars indicate the mean accuracy for residues with that consensus
strength or higher and the line shows the fraction of residues covered.
For comparison, accuracy of the best performing single method
(OSCAR-star) is shown.

between sp” hybridized atoms (e.g., a carbon with four
single bonds). Rotations around single bonds with an sp*
hybridized atom (e.g., a carbon with two single bonds
and one double bond) are nonrotameric degrees of free-
dom and show broader distribution compared to
rotamer angles.°0 Among canonical amino acids, sp’
atoms include C, of asparagine, aspartic acid, histidine,
phenylalanine, tryptophan, and tyrosine as well as Cs of
glutamine and glutamic acid. Thus, the relatively larger
drop in prediction accuracy from 7y; to s of aspara-
gine and histidine may be due in part to the nonrota-
meric degrees of freedom at the y, position.

For membrane proteins, in general buried residues were
predicted best, followed by surface and membrane-
spanning; only histidine, methionine, and tryptophan
showed membrane-spanning accuracy higher than surface
[Fig. 4(b)]. It is surprising that membrane-spanning resi-
dues were not predicted more accurately than surface resi-
dues, as surface residues are less physically constrained
than membrane-spanning residues, which is considered to
be the primary reason for poor surface residue prediction
accuracy.46 Compared to soluble proteins, lower accuracy
was observed for all cases except buried histidine. The rel-
ative accuracy rank of residues was very similar between
membrane and soluble proteins. In soluble proteins, tryp-
tophan median y; accuracy was above 90% for all envi-
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ronments; however, in membrane proteins, tryptophan
surface residue accuracy decreased to 70%.

Correlation between ASA and accuracy

We investigated the prediction accuracy of each amino
acid relative to ASA (Fig. 5). We found an overall decrease
in accuracy of about 17 percentage points from completely
buried to completely exposed residues (the subplot all).
This trend was consistent across all environments: buried,
surface, interface, and membrane-spanning. However, the
observed negative correlation was not as large as has been
previously reported.35 At the residue level, leucine, isoleu-
cine, threonine, serine, valine, and tyrosine showed only a
marginal decrease of about 10 percentage points. In con-
trast, methionine showed a decrease of 40 percentage
points. In most cases, interface residues have slightly
higher accuracy than a surface residue at the same ASA.

Correlation between rotamer entropy and
accuracy

We further examined correlation of prediction accu-
racy to rotamer entropy. The rotamer entropy computed
here quantified the randomness of rotamer distributions
in specific protein environments. It has been observed
that entropy does not correlate with solvent accessibility
of residues.33 In this analysis, three environments (bur-
ied, surface, and interface) in soluble monomeric and
multimeric proteins were used (Fig. 6).

Contrary to our expectations, surface positions did
not always have the highest entropy of the three environ-
ments. In fact, surface had the largest entropy for only
eight residue types (serine, lysine, methionine, phenylala-
nine, isoleucine, cysteine, glutamic acid, and arginine).
There were very small differences in entropy between resi-
due environments for five residue types, all of which are
hydrophobic (leucine, phenylalanine, proline, tyrosine,
and valine). Comparing buried and interface environ-
ments, interface has lower entropy in 11 residue types.
Buried residues had higher entropy than surface residues
in four residue types (asparagine, aspartic acid, histidine,
and threonine). Again unexpectedly, only three residue
types showed negative correlation between entropy and
prediction accuracy. Clear negative correlation was
observed only for lysine, glutamic acid, and arginine, all
of which are charged.

Consensus accuracy

We explored whether the consensus prediction
between methods increased accuracy. To create a consen-
sus, the rotamer angles were divided into 10° bins. For
each residue, the mode (most frequently predicted angle
bin) was determined. If there were multiple modes and
the range of the modes was greater than 40°, the residue
was classified as having no consensus. However, if a
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Computational time for proteins between 36 and 341 residues in length (Supporting Information Table S2). The times were measured on a Linux

machine with an Intel Core i7-3820 processor, 3.6 GHz.

residue had multiple modes but the range of the modes
was less than 40°, the consensus was considered accurate
if all modes were within 40° of the PDB torsion angle.
Figure 7 shows cumulative accuracy and coverage at vari-
ous consensus strength cutoffs. The consensus rotamer
was more accurate than the best single method (OSCAR-
star) with a consensus strength cutoff of four or higher
at the expense of reduced coverage. The accuracy
increased as the consensus strength grew. Particularly,
accuracy of surface, interface, and membrane residues
increased to approximately 10 percentage points higher
than OSCAR-star.

Computational time

Finally, we compared the computational time of the
methods. For this test, we chose proteins between 36
and 341 residues in length (Supporting Information
Table S2), a range covering most of the proteins in the
whole dataset (Fig. 2). All times were measured on a
machine with an Intel Core i7-3820 3.6 GHz processor
and 24 GB RAM running Ubuntu Linux.

We can classify the eight methods into three groups
according to computational time needed (Fig. 8).
OSCAR-o, FoldX, and Sccomp-S spent on the order of
100 to 1000 s; OSCAR-star, Sccomp-I, SCWRL4, and
Rosetta-fixbb required on the order of 1 to 10 s; and
RASP was the fastest, completing all proteins on the
order of 0.01 to 1 s. Thus, considering the comparable
accuracy shown by RASP, its algorithm is efficient.
OSCAR-o0 showed the highest accuracy (Fig. 1, Table III)
but the computational time required grew quickly as the
protein length increased. RASP and Rosetta had the
smallest increase in computational time (1.4 and 2.0 s,
respectively) for the proteins we tested.

DISCUSSION

Accurate side-chain prediction is crucial for construct-
ing protein models with atomic detail. The importance
has been highlighted recently as more and more compu-
tational models are applied to protein design and drug
development, where atomic-level accuracy is essential. To
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understand the performance of current side-chain con-
formation prediction software, we benchmarked eight
programs on a large dataset of 408 proteins and com-
plexes, including 231 monomeric proteins, 132 chains
from protein complexes, and 45 chains from membrane
proteins. This is the first large scale benchmark study of
side-chain prediction performed by a third party not
involved in developing any of the methods tested. It is
important to note that it is impossible to perform a
completely fair performance comparison as each method
is trained with a different dataset. Thus, this work is to
be considered as a practical evaluation of the methods
rather than a rigorous, competitive comparison between
the methods.

To expand the usefulness of this benchmark study, we
tested the methods on four residue environments (buried,
surface, protein interaction surface, and membrane-span-
ning) from three protein types (monomeric, multimeric,
and membrane). While none of the tested methods were
specifically trained on membrane or multimeric proteins,
we still wanted to test their accuracy on residues in differ-
ent environments because protein—protein interfaces
(docking) and membrane proteins have recently become
important targets of structure modeling. Among the envi-
ronments considered, protein surfaces were included as in
many previous works. Residues at protein surfaces change
their conformation in molecular dynamics simulations;
thus, one might wonder if reproducing the conformations
seen in crystal structures is meaningful. However, studies
have shown that side chains on surfaces adopt unambigu-
ous conformations, often through salt bridges and hydro-
gen bonds.63:00 In Figure 6, we showed that surface
residues did not always have higher conformational
entropy than buried or interface residues. Therefore, pre-
diction of surface side chains is relevant.

To summarize the main conclusions of this work: (1)
overall, monomeric and multimeric proteins had similar
high accuracy of over 80% (Table III). (2) As expected,
buried residues had the highest overall prediction accu-
racy. In multimeric proteins, interface residues were bet-
ter predicted than surface residues (Fig. 3). (3) Accuracy
for membrane proteins was lower than for monomeric
and multimeric proteins but still over 80% (Table III).
Thus, very importantly, current methods predicted side-
chain conformations of protein—protein interfaces and
membrane proteins with accuracy high enough for prac-
tical applications. (4) Membrane proteins showed lower
accuracy not solely due to low accuracy of membrane-
spanning residues; buried and surface residues in mem-
brane proteins also showed lower accuracy. (5) Small,
hydrophobic residues showed higher accuracy than large,
polar, and/or charged residues. (6) For all methods, ¥,
prediction accuracy left room for improvement.

In this work, we have focused on evaluating prediction
accuracy given the correct main-chain conformation.
However, in a practical structure prediction procedure,
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the main-chain would also be predicted and have a
range of errors. Therefore, it is useful to analyze side-
chain prediction accuracy in the case that the main-
chain conformation is predicted with varying levels of
accuracy. It should also be noted that the accuracy
required of side-chain prediction depends on the appli-
cation of the computational models, for example,
ligand—protein docking or protein—protein docking pre-
diction. Ultimately, the practical usefulness of side-
chain prediction and its required accuracy must be
discussed in terms of the resulting accuracy of the
applications of the structure models, which is left for
future works.

ACKNOWLEDGMENT

The authors thank Dr. Robert Elston and Dr. Chang-
soon Park for advice on statistical design and Juan
Esquivel-Rodriguez for assistance in residue annotation.

REFERENCES

—_

. Moult J, Fidelis K, Kryshtafovych A, Tramontano A. Critical assess-
ment of methods of protein structure prediction (CASP)-Round
IX. Proteins: Struct Funct Bioinformatics 2011;79:1-5.

2. Arinaminpathy Y, Khurana E, Engelman DM, Gerstein MB. Com-
putational analysis of membrane proteins: the largest class of drug
targets. Drug Discov Today 2009;14:1130-1135.

3. Bernstein FC, Koetzle TE, Williams GJB, Meyer EF, Brice MD,
Rodgers JR, Kennard O, Shimanouchi T, Tasumi M. Protein Data
Bank: a computer-based archival file for macromolecular structures.
J Mol Biol 1977;112:535-542.

4. Baker D, Sali A. Protein structure prediction and structural
genomics. Science 2001;294:93-96.

5. Zemla A. LGA: a method for finding 3D similarities in protein
structures. Nucleic Acids Res 2003;31:3370-3374.

6. Esquivel-Rodriguez ], Kihara D. Fitting multimeric protein com-
plexes into electron microscopy maps using 3D Zernike descriptors.
J Phys Chem B 2012;116:6854—6861.

7. Kihara D, Skolnick J. Microbial genomes have over 72% structure
assignment by the threading algorithm PROSPECTOR_Q. Proteins:
Struct Funct Bioinformatics 2004;55:464—473.

8. Floudas CA, Fung HK, McAllister SR, Monnigmann M, Rajgaria R.
Advances in protein structure prediction and de novo protein
design: a review. Chem Eng Sci 2006;61:966—988.

9. Kuhlman B, Dantas G, Ireton GC, Varani G, Stoddard BL, Baker D.
Design of a novel globular protein fold with atomic-level accuracy.
Science 2003;302:1364—1368.

10. Dantas G, Kuhlman B, Callender D, Wong M, Baker D. A large scale
test of computational protein design: folding and stability of nine
completely redesigned globular proteins. ] Mol Biol 2003;332:449—
460.

11. Kortemme T, Joachimiak LA, Bullock AN, Schuler AD, Stoddard
BL, Baker D. Computational redesign of protein-protein interaction
specificity. Nat Struct Mol Biol 2004;11:371-379.

12. Fleishman SJ, Whitehead TA, Ekiert DC, Dreyfus C, Corn JE,
Strauch EM, Wilson IA, Baker D. Computational design of proteins
targeting the conserved stem region of influenza hemagglutinin. Sci-
ence 2011;332:816-821.

13. Ashworth J, Havranek JJ, Duarte CM, Sussman D, Monnat RJ,

Stoddard BL, Baker D. Computational redesign of



14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Side-Chain Conformation Prediction Accuracy

endonuclease DNA binding and cleavage specificity. Nature
2006;441:656—659.

Liu TY, Tang GW, Capriotti E. Comparative modeling: the state of
the art and protein drug target structure prediction. Comb Chem
High Throughput Screen 2011;14:532-547.

DiMaio F, Terwilliger TC, Read RJ, Wlodawer A, Oberdorfer G,
Wagner U, Valkov E, Alon A, Fass D, Axelrod HL, Das D, Vorobiev
SM, Iwai H, Pokkuluri PR, Baker D. Improved molecular replace-
ment by density- and energy-guided protein structure optimization.
Nature 2011;473:540-543.

Venkatraman V, Yang YFD, Sael L, Kihara D. Protein-protein dock-
ing using region-based 3d zernike descriptors. BMC Bioinformatics
2009;10:407.

Esquivel-Rodriguez J, Yang YD, Kihara D. Multi-LZerD: multiple
protein docking for asymmetric complexes. Proteins: Struct Funct
Bioinformatics 2012;80:1818-1833.

Li B, Kihara D. Protein docking prediction using predicted protein-
protein interface. BMC Bioinformatics 2012;13:7.

Kirys T, Ruvinsky AM, Tuzikov AV, Vakser IA. Correlation analysis
of the side-chains conformational distribution in bound and
unbound proteins. BMC Bioinformatics 2012;13:236.

Kirys T, Ruvinsky AM, Tuzikov AV, Vakser IA. Rotamer libraries
and probabilities of transition between rotamers for the side chains
in protein-protein binding. Proteins 2012;80:2089-2098.

Janin J, Wodak S, Levitt M, Maigret B. Conformation of amino-acid
side-chains in proteins. ] Mol Biol 1978;125:357-386.

Bhat TN, Sasisekharan V, Vijayan M. Analysis of side-chain confor-
mation in proteins. Int J Pept Protein Res 1979;13:170—184.

Ponder JW, Richards FM. Tertiary templates for proteins: use of
packing criteria in the enumeration of allowed sequences for differ-
ent structural classes. ] Mol Biol 1987;193:775-791.

McGregor MJ, Islam SA, Sternberg MJE. Analysis of the relationship
between side-chain conformation and secondary structure in globu-
lar-proteins. ] Mol Biol 1987:198:295-310.

Dunbrack RL, Karplus M. Backbone-dependent rotamer library for
proteins—application to side-chain prediction. ] Mol Biol 1993;230:
543-574.

Dunbrack RL. Rotamer libraries in the 21st century. Curr Opin
Struct Biol 2002;12:431-440.

Shetty RP, de Bakker PIW, DePristo MA, Blundell TL. Advantages
of fine-grained side chain conformer libraries. Protein Eng 2003;16:
963-969.

Desmet J, Demaeyer M, Hazes B, Lasters I. The dead-end elimina-
tion theorem and its use in protein side-chain positioning. Nature
1992;356:539-542.

Hwang JK, Liao WE Side-chain prediction by neural networks and
simulated annealing optimization. Protein Eng 1995;8:363-370.
Nagata K, Randall A, Baldi P. SIDEpro: a novel machine
learning approach for the fast and accurate prediction of side-
chain conformations. Proteins: Struct Funct Bioinformatics 2012;80:
142-153.

Leach AR, Lemon AP. Exploring the conformational space of pro-
tein side chains using dead-end elimination and the A* algorithm.
Proteins: Struct FunctGenet 1998;33:227-239.

Yang JM, Tsai CH, Hwang MJ, Tsai HK, Hwang JK, Kao CY. GEM:
a Gaussian evolutionary method for predicting protein side-chain
conformations. Protein Sci 2002;11:1897-1907.

Koehl P, Delarue M. Application of a self-consistent mean-field
theory to predict protein side-chains conformation and esti-
mate their conformational entropy. ] Mol Biol 1994;239:249—
275.

Canutescu AA, Shelenkov AA, Dunbrack RL. A graph-theory algo-
rithm for rapid protein side-chain prediction. Protein Sci 2003;12:
2001-2014.

Krivov GG, Shapovalov MV, Dunbrack RL. Improved prediction of
protein side-chain conformations with SCWRL4. Proteins: Struct
Funct Bioinformatics 2009;77:778-795.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Gelin BR, Karplus M. Sidechain torsional potentials and motion of
amino-acids in proteins—bovine pancreatic trypsin-inhibitor. Proc
Natl Acad Sci USA 1975;72:2002-2006.

Correa PE. The building of protein structures from alpha-carbon
coordinates. Proteins: Struct Funct Genet 1990;7:366-377.

Guerois R, Nielsen JE, Serrano L. Predicting changes in the stability
of proteins and protein complexes: a study of more than 1000
mutations. ] Mol Biol 2002;320:369-387.

Eyal E, Najmanovich R, McConkey BJ, Edelman M, Sobolev V.
Importance of solvent accessibility and contact surfaces in modeling
side-chain conformations in proteins. ] Comput Chem 2004;25:712—
724.

Liang S, Zheng D, Zhang C, Standley DM. Fast and accurate predic-
tion of protein side-chain conformations. Bioinformatics 2011;27:
2913-2914.

Hartmann C, Antes I, Lengauer T. IRECS: a new algorithm for the
selection of most probable ensembles of side-chain conformations
in protein models. Protein Sci 2007;16:1294—1307.

Lu M, Dousis AD, Ma JP. Opus-rota: a fast and accurate method
for side-chain modeling. Protein Sci 2008;17:1576-1585.

Liang S, Zhou Y, Grishin N, Standley DM. Protein side chain mod-
eling with orientation-dependent atomic force fields derived by
series expansions. ] Comput Chem 2011;32:1680-1686.

Miao Z, Cao Y, Jiang T. RASP: rapid modeling of protein side chain
conformations. Bioinformatics 2011;27:3117-3122.

Kuhlman B, Baker D. Native protein sequences are close to
optimal for their structures. Proc Natl Acad Sci USA 2000;97:
10383-10388.

Xiang Z, Steinbach PJ, Jacobson MP, Friesner RA, Honig B. Predic-
tion of side-chain conformations on protein surfaces. Proteins 2007;
66:814—823.

Vriend G. WHAT IF-a molecular modeling and drug design pro-
gram. ] Mol Graph 1990;8:52-56.

Dunbrack RL, Cohen FE. Bayesian statistical analysis of protein
side-chain rotamer preferences. Protein Sci 1997;6:1661-1681.
Lazaridis T, Karplus M. Effective energy function for proteins in
solution. Proteins: Struct Funct Genet 1999;35:133-152.

Shapovalov MV, Dunbrack RL. A smoothed backbone-dependent
rotamer library for proteins derived from adaptive kernel density
estimates and regressions. Structure 2011;19:844-858.

Gromiha MM, An JH, Kono H, Oobatake M, Uedaira H,
Prabakaran P, Sarai A. Protherm, version 2.0: thermodynamic
database for proteins and mutants. Nucleic Acids Res 2000;28:283—
285.

Wang GL, Dunbrack RL. PISCES: a protein sequence culling server.
Bioinformatics 2003;19:1589-1591.

Kabsch W, Sander C. Dictionary of protein secondary structure—
pattern-recognition of hydrogen-bonded and geometrical features.
Biopolymers 1983;22:2577-2637.

Miller S, Janin J, Lesk AM, Chothia C. Interior and surface of
monomeric proteins. ] Mol Biol 1987;196:641-656.

Jayasinghe S, Hristova K, White SH. MPtopo: a database of mem-
brane protein topology. Protein Sci 2001;10:455—458.

Adams PD, Afonine PV, Bunkoczi G, Chen VB, Davis IW, Echols N,
Headd JJ, Hung L-W, Kapral GJ, Grosse-Kunstleve RW, McCoy AJ,
Moriarty NW, Oeffner R, Read RJ, Richardson DC, Richardson JS,
Terwilliger TC, Zwart PH. PHENIX: a comprehensive Python-based
system for macromolecular structure solution. Acta Crystallogr Sect
D 2010;66:213-221.

Hamelryck T, Manderick B. PDB file parser and structure
class implemented in Python. Bioinformatics 2003;19:2308—
2310.

Cock PJA, Antao T, Chang JT, Chapman BA, Cox CJ, Dalke A,
Friedberg I, Hamelryck T, Kauff E Wilczynski B, de Hoon MJL.
Biopython: freely available Python tools for computational
molecular biology and bioinformatics. Bioinformatics 2009;25:1422—
1423.

proTEINS 1983



59.

60.

61.

62.

63.

L.X. Peterson et al.

Summers NL, Carlson WD, Karplus M. Analysis of side-chain ori-
entations in homologous proteins. ] Mol Biol 1987;196:175-198.
Shannon CE. A mathematical theory of communication. Bell Syst
Tech ] 1948;27:379-423, 623-656.

Shenkin PS, Farid H, Fetrow JS. Prediction and evaluation of side-
chain conformations for protein backbone structures. Proteins:
Struct Funct Genet 1996;26:323-352.

Bojarski AJ, Nowak M, Testa B. Conformational constraints on side
chains in protein residues increase their information content. Cell
Mol Life Sci 2003;60:2526—2531.

Hothorn T, Hornik K, van de Wiel MA, Zeileis A. Implementing a class
of permutation tests: the coin package. J Stat Software 2008;28:1-23.

1984 rFProTEINS

64.

65.

66.

Xu QF Canutescu AA, Wang GL, Shapovalov M, Obradovic Z,
Dunbrack RL. Statistical analysis of interface similarity in crystals of
homologous proteins. ] Mol Biol 2008;381:487-507.

Kuser PR, Franzoni L, Ferrari E, Spisni A, Polikarpov I. The X-ray
structure of a recombinant major urinary protein at 1.75 angstrom
resolution. A comparative study of X-ray and NMR-derived struc-
tures. Acta Crystallogr Sect D 2001;57:1863—1869.

Jaroniec CP, MacPhee CE, Bajaj VS, McMahon MT, Dobson
CM, Griffin RG. High-resolution molecular structure of a
peptide in an amyloid fibril determined by magic angle spin-
ning NMR spectroscopy. Proc Natl Acad Sci USA 2004;101:
711-716.



	l

