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ABSTRACT Ab initio structure prediction and
de novo protein design are two problems at the
forefront of research in the fields of structural
biology and chemistry. The goal of ab initio struc-
ture prediction of proteins is to correctly character-
ize the 3D structure of a protein using only the
amino acid sequence as input. De novo protein
design involves the production of novel protein
sequences that adopt a desired fold. In this work,
the results of a double-blind study are presented in
which a new ab initio method was successfully used
to predict the 3D structure of a protein designed
through an experimental approach using binary
patterned combinatorial libraries of de novo se-
quences. The predicted structure, which was pro-
duced before the experimental structure was known
and without consideration of the design goals, and
the final NMR analysis both characterize this pro-
tein as a 4-helix bundle. The similarity of these
structures is evidenced by both small RMSD values
between the coordinates of the two structures and a
detailed analysis of the helical packing. Proteins
2005;58:560–570. © 2004 Wiley-Liss, Inc.
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INTRODUCTION

The idea that proteins spontaneously fold into their
native, compact conformations is a fundamental tenet of
research in the area of structural biology and chemistry.
This observation was first established through the pioneer-
ing work of Anfinsen,1 who showed that the same stable, or
native, state of a protein could be attained, even after
denaturation, through reintroduction of the protein into
the original environment. These results led to the develop-
ment of Anfinsen’s thermodynamic hypothesis, which states
that the amino acid sequence alone provides adequate
information for finding the native conformation of a pro-
tein, since a protein in its surrounding environment
attempts to minimize the free energy of the system.
Therefore, the protein exists at the global minimum free
energy state given a set of environmental conditions. In
spite of several decades of research, the ability to fully
explain and understand the mechanisms by which this
protein folding occurs remains incomplete.

Knowledge of a protein’s 3D structure has become even
more important with the recent completion of various

genome projects, including the elucidation of the human
genome. The goal of research in the area of structural
genomics is to provide the means to characterize and
identify the large number of protein sequences that are
being discovered. Although the structures of approxi-
mately 20,000 proteins have been determined by the
experimental techniques of NMR and X-ray crystallogra-
phy, and are catalogued in the PDB, there are thousands
more to be discovered, each with a unique structure and
special properties. Therefore, there is a great interest in
developing computational approaches to correctly predict
the 3D structure of proteins.2 These approaches can be
classified as (1) homology or comparative modeling meth-
ods, (2) fold recognition or threading methods, (3) ab initio
methods that utilize knowledge-based information from
structural databases (e.g., secondary and/or tertiary struc-
ture restraints), and (4) ab initio methods without the aid
of knowledge-based information. The first 3 types of ap-
proaches rely on the use of databases to exploit informa-
tion regarding secondary structure, distance constraints,
and conformational preferences taken from sequence and
structural alignments. True ab initio methods represent
the most challenging, but also the most promising, ap-
proaches to solve the problem of predicting the structure of
proteins, because these approaches do not depend on
typical knowledge-based assumptions. Instead, complex
atomic interactions are modeled by a semiempirical force
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field and the conformation of the system is optimized in
order to locate the lowest energy, and thus the most stable
structure for the protein.3–6 The main obstacles for ab
initio protein structure prediction include the validity of
the available molecular models and the complexity of the
search space due to the immense number of possible
conformations accessible to the protein. These challenges
can only be met through the application of powerful
algorithms, along with experimentally accurate models.

Recently, a novel 4-stage ab initio approach, ASTRO-
FOLD, was introduced for the structure prediction of
single-chain polypeptides.3,4 The methodology combines
the classical and new views of protein folding, while using
free energy calculations and integer linear optimization to
predict helical and �-sheet structures, respectively. De-
tailed atomistic modeling and the deterministic global
optimization method, �BB (a Branch-and-Bound determin-
istic global optimization method), coupled with torsion
angle dynamics, form the basis for the final tertiary
structure prediction. The agreement between experimen-
tal and predicted structures for a variety of benchmark
and blind studies highlight the excellent performance of
the ASTRO-FOLD approach for generic protein structure
prediction. In particular, the method was found to be
especially accurate in the ab initio prediction of secondary
structure, in addition to the novel identification of �-sheet
topologies.7 Detailed performance analysis for the CASP
experiment can be found elsewhere.7

It must be emphasized that ASTRO-FOLD is an entirely
ab initio method. Thus, for the current study, neither the
experimental structure nor any statistical information
was incorporated into the prediction. Moreover, there was
no attempt to bias the prediction by classification of the
target; the prediction method was utilized without incorpo-
ration of any knowledge about whether the protein was
designed to be �-helix or �-sheet.

A related problem to that of protein structure prediction
is the design of de novo proteins. The ability to successfully
design proteins tests the capacity to understand the
relationship between the amino acid sequence of a protein
and its 3D structure. The techniques used to discover these
de novo proteins can be divided into experimental- and
computational-based approaches.8–21 Computational ap-
proaches resemble an inverse protein folding calculation
in which the goal is to search sequence space by correctly
modeling and determining the atomic interactions that
best stabilize the structural features or properties for a
given protein template. On the other hand, experimental
approaches use the principles of rational design and/or
combinatorial methods to produce proteins with the de-
sired fold or properties. Experimentalists have applied the
techniques of mutagenesis, directed evolution, and combi-
natorial and rational design to discover de novo proteins,
although obtaining high-quality functional proteins re-
mains a challenge.22

A method to enhance the success of combinatorial librar-
ies has been described.10,23–25 The basic premise of the
approach is to produce focused libraries of novel proteins
by integrating rational design and combinatorial methods.

The libraries are generated such that the exact identities
of polar and nonpolar residues are varied combinatorially,
although the binary patterning of polar and nonpolar
residues is designed rationally. This binary coding strat-
egy helps to focus libraries of novel sequences, thereby
favoring the formation of well-folded protein structures.
We previously reported the design and construction of
binary patterned libraries of both �-helical and �-sheet
proteins.24–26 Recently, we described a second-generation
library of sequences designed to fold into 4-helix bundles of
102 residues.23 Five proteins from this library were chosen
for biophysical characterization. All 5 were found to be
�-helical and stable; and 4 of the 5 formed structures that
were well-ordered and/or nativelike.23 This is particularly
significant, since the 5 proteins were chosen arbitrarily
from a naive library that had not been subjected to genetic
selections or high throughput screens. Therefore, we pre-
sume that stably folded protein structures occur quite
frequently in this library. More recently, the first high-
resolution structure of a protein from this library was
determined by NMR–spectroscopy.10 The experimentally
determined structure matches that expected from design:
It is a 4-helix bundle with nonpolar side-chains buried in
the protein interior and polar side-chains exposed to
solvent.

In this article, we present the ab initio prediction of the
structure of a de novo designed protein. The prediction was
done as a double-blind study: ASTRO-FOLD was used to
predict the structure of protein S-824 prior to the experi-
mental determination of the actual solution structure. The
prediction was done without knowledge of the experimen-
tal data and without consideration of the design goals. To
ensure that the prediction was “blind,” the sequence of
S-824 was provided to Klepeis and Floudas in January
2001—before any structural information was available
from NMR studies. The NMR structure was solved 2 years
later, in January 2003, by Wei, Hecht, and coworkers.10

The coordinates of the NMR structure were made avail-
able to Klepeis and Floudas only after they sent the
coordinates of the predicted structure to Wei and Hecht.

This report describes the first ab initio prediction of the
structure of a de novo protein from a designed combinato-
rial library. This is also the first application of the ASTRO-
FOLD methodology to an �-helical structure.

Protein S-824 was ultimately found to be a 4-helix
bundle. The ab initio prediction for the S-824 protein
closely matches the experimental structure. In this article,
we provide brief descriptions of the ASTRO-FOLD ap-
proach and of the de novo design strategy, followed by a
detailed analysis of the ab initio prediction of the structure
of protein S-824.

THEORY AND MODELING
ASTRO-FOLD: Ab Initio Structure Prediction of
Proteins

ASTRO-FOLD, a 4-stage hierarchical approach for the
ab initio prediction of the 3D structures of proteins,
employs modeling and optimization techniques to recon-
cile competing explanations of protein folding.27–29 The
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classical view regards folding as hierarchical, implying
that the process is initiated by rapid formation of second-
ary structural elements, followed by the slower arrange-
ment of the tertiary fold. The opposing perspective is based
on the idea of a hydrophobic collapse, and suggests that
tertiary and secondary features form concurrently. Two
important components of the approach are the ideas that
helix nucleation is controlled by local interactions, while
nonlocal hydrophobic forces drive the formation of �
structure. A formulation that combines both concepts is
used to predict the overall tertiary structure.

Helix Prediction

The first stage of the ASTRO-FOLD approach involves
the prediction of helical segments and is accomplished by
partitioning the overall target sequence into oligopeptides
such that consecutive oligopeptides possess an overlap of
N � 1 amino acids (where N is the length of the oligopep-
tide); atomistic-level modeling using the selected force
field; generating an ensemble of low-energy conforma-
tions; calculating free energies that include entropic, cav-
ity formation, polarization, and ionization contributions
for each oligopeptide; and calculating helix propensities
for each residue using equilibrium occupational probabili-
ties of helical clusters. The concept of partitioning the
protein sequence into overlapping oligopeptides is based
on the idea that helix nucleation relies on local interac-
tions and positioning within the overall sequence. The
explicit consideration of local interactions through overlap-
ping oligopeptides allows for detection of cases in which
identical amino acid sequences adopt different conforma-
tions in different proteins.30 This is consistent with the
observation that local interactions extending beyond the
boundaries of the helical segment retain information re-
garding conformational preferences.29 The partitioning
pattern is generalizable and can be extended to oligopep-
tides of any length, although typically pentapeptides are
preferred, since they are the smallest systems that still
capture the i to i � 4 hydrogen-bonding pattern in helices.
Specifically, for a protein of length N, there will be N � 4
overlapping pentapeptides, N � 6 heptapeptides, and so
forth.

The overall methodology for the ab initio prediction of
helical segments encompasses the following steps:

1. The overlapping oligopeptides are modeled as neutral
peptides surrounded by a vacuum environment using
the ECEPP/3 force field.31 Side-chains are modeled
explicitly (i.e., all-atom). An ensemble of low potential
energy pentapeptide conformations, along with the
global minimum potential energy conformation, is iden-
tified using a modification of the �BB global optimiza-
tion approach32 and the conformational space anneal-
ing approach.33 For the set of unique conformers, �,
free energies (�Fvac

har) are calculated using the harmonic
approximation for vibrational entropy.32 Although not
a free energy in the sense of classical MD, this approxi-
mation provides a means for calculating a relative free
energy based on the unique clustered conformers in the
ensemble.

2. The energy for cavity formation in an aqueous environ-
ment is modeled using a solvent-accessible surface area
expression, Fcavity � �A � b, where A is the surface area
of the protein exposed to the solvent.

3. For the set of unique conformers, �, the total free
energy is calculated from

Ftotal � Fvac
har � Fcavity � Fsolv � Fionize. (1)

Here Fsolv represents the difference in polarization ener-
gies caused by the transition from a vacuum to a solvated
environment, and Fionize represents the ionization energy.
These energies are calculated through the solution of the
Poisson–Boltzmann equation34 for all unique conformers.
The set of unique conformers (�) is determined by remov-
ing all duplicate and symmetric minima, as well as those
that do not differ by more than 50° for at least one dihedral
angle (disregarding the first and last backbone dihedral
angles and the last dihedral angle in each side-chain).

4. For each oligopeptide, total free energy values (Ftotal)
are used to evaluate the equilibrium occupational prob-
ability for conformers having 3 central residues within
the helical region of the �–	 space. Helix propensities
for each residue are determined from the average
probability of those systems in which the residue consti-
tutes a core position.

�-Strand and �-Sheet Topology Prediction

In the second stage, �-strands, �-sheets, and disulfide
bridges are identified through a novel superstructure-
based mathematical framework, a concept originally em-
ployed for the solution of chemical process synthesis
problems.35 Two types of superstructure have been intro-
duced, both of which emanate from the principle that
hydrophobic interactions drive the formation of � struc-
ture. The first one, denoted as hydrophobic residue-based
superstructure, encompasses all potential contacts be-
tween pairs of hydrophobic residues (i.e., a contact be-
tween 2 hydrophobic residues may or may not exist) that
are not contained in helices (except cystines, which are
allowed to have cystine–cystine contacts even though they
may be in helices). The second one, denoted as �-strand-
based superstructure, includes all possible �-strand ar-
rangements of interest (i.e., a �-strand may or may not
exist) in addition to the potential contacts between hydro-
phobic residues. Implementation of ASTRO-FOLD pre-
dicted that protein S-824 did not contain any � structure.
Therefore, we will not describe those parts of ASTRO-
FOLD that pertain to � structure. For a full description of
this approach, the reader is referred to earlier studies.3

Tertiary Structure Prediction

The third stage of the approach serves as a preparative
phase for the atomistic-level tertiary structure prediction
by deriving appropriate constraints based on the results of
the previous two stages. Specifically, this involves the
introduction of lower and upper bounds on dihedral angles
of residues belonging to predicted helices or �-strands, as
well as restraints between the C� atoms for residues of the
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selected �-sheet and disulfide bridge configuration. Fur-
thermore, free energy runs of overlapping oligopeptides
are performed when possible to developed tighter bounds
on the conformations of the loop residues that connect the
elements of predicted secondary structure.

The fourth and final stage of the ASTRO-FOLD ap-
proach involves the prediction of the tertiary structure of
the full protein sequence. The problem formulation, which
relies on dihedral angle and atomic distance restraints
acquired from the previous stage, is

min
�

EECEPP/3,

subject to El
distance��
 � El

ref l � 1,. . ., NCON,

�i
L � �i � �i

U, i � 1,. . ., N�.

Here i � 1,…, N� refers to the set of dihedral angles, �i,
with �i

L and �i
U representing lower and upper bounds on

these variables that are used to generate a 3D conforma-
tion of the protein. The total violations of the l � 1,…,NCON

distance constraints are controlled by the parameters
El

ref.36 To overcome the multiple minima difficulty, the
search is conducted using the �BB global optimization
approach, which offers theoretical guarantee of conver-
gence to an � global minimum for nonlinear optimization
problems with twice-differentiable functions.37,38 This
global optimization approach effectively brackets the global
minimum by developing converging sequences of lower
and upper bounds, which are refined by iteratively parti-
tioning the initial domain. Upper bounds correspond to
local minima of the original nonconvex problem, while
lower bounds belong to the set of solutions of convex lower
bounding problems, which are constructed by augmenting
the objective and constraint functions by separable qua-
dratic terms. To ensure nondecreasing lower bounds, the
prospective region to be bisected is required to contain the
infimum of the minima of lower bounds. A nonincreasing
sequence for the upper bound is maintained by selecting
the minimum over all the previously recorded upper
bounds. The generation of low energy starting points for
constrained minimization is enhanced by introducing tor-
sion angle dynamics39 within the context of the �BB global
optimization framework. The �BB has been successfully
applied to computational chemistry problems, including
microclusters, small acyclic molecules, and isolated and
solvated oligopeptides.38

De Novo Protein Design Strategy

The binary code strategy for protein design has been
described in detail elsewhere.10,23–25 In essence, this
strategy represents a fusion of combinatorial methods
with rational protein design. Large combinatorial librar-
ies are produced; however, the sequences are not gener-
ated randomly. Instead, the libraries are focused into
productive regions of “sequence space” by designing the
binary patterning of polar and nonpolar residues to
ensure that all sequences in the library are consistent
with the formation of specified amphiphilic secondary
structural elements.24,25 Since �-helices and �-strands

each possess a characteristic structural periodicity, it is
necessary to rationally design the polar and nonpolar
patterns in the linear sequences of the library to match
the periodicity that codes for the desired amphiphilic
secondary structural elements. For �-helices, a helical
turn repeats every 3.6 residues, which translates to a
binary code that places a nonpolar (N) residue every 3 or
4 positions. For example, PNPPNNPPNPPNNP repre-
sents a design pattern for an amphiphilic �-helix. On the
other hand, the design of amphiphilic �-strands requires
only a 2-residue pattern, with an alternating code of
polar and nonpolar residues like PNPNPNP.

With these rational design goals in place, the binary
polar–nonpolar code of the designed sequences is specified;
however, the actual identities of the corresponding resi-
dues are not restricted. In other words, the patterns are
combinatorially complex, and many sequences are compat-
ible with the particular design goals. Incorporation of this
diversity into actual libraries of sequences is made pos-
sible by the organization of the genetic code. Specifically, 5
nonpolar amino acids (Met, Leu, Ile, Val, and Phe) can be
encoded by the degenerate codon NTN, while the degener-
ate codon VAN provides 6 polar amino acids (Lys, His, Glu,
Gln, Asp, and Asn). N represents the DNA bases A, G, C,
and T, while V represents A, G, or C. Such binary
patterning of polar and nonpolar amino acids has been
successfully employed in the design of a number of focused
libraries of both �-helical and �-sheet proteins.23–26 Al-
though characterization of these libraries has qualita-
tively verified the achievement of the prescribed design
goals, only recently has validation been obtained at high
resolution through the determination of the solution struc-
ture for S-824, a 4-helix bundle protein.10

RESULTS AND DISCUSSION
Qualitative Structural Analysis for Protein S-824

As described previously, the solution structure of S-824
was determined by NMR and shown to be an up-down-up-
down 4-helix bundle.10 The experimentally determined
structure is extremely well ordered—even by the stan-
dards of natural proteins.10 Protein S-824 was chosen from
a library with the potential for enormous combinatorial
diversity. Because S-824 was chosen arbitrarily, without
high throughput screens or selections, we presume that
S-824 is not a rare “needle in a haystack” but rather is
fairly typical of the kind of proteins present in the library
as a whole. Therefore, it seems likely that the binary code
strategy used to produce S-824 is sufficient to generate an
enormous number of well-ordered and nativelike de novo
proteins.

Prior to our having any knowledge of the experimental
results, ASTRO-FOLD was used to predict the structure of
protein S-824. The first stage of this ab initio approach
involves the prediction of whether or not helical segments
exist, and their initiation and termination sites if they do
exist, and requires the partitioning of the 102-residue
sequence into a set of 98 overlapping pentapeptides. For
each pentapeptide, detailed free energy calculations were
performed, and the ensembles of low-energy conformers
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were used to calculate helix propensities for each residue.
The total computational effort for this stage of the ap-
proach corresponds to approximately 2 wallclock days on a
fully utilized cluster of 80 CPUs (running Linux on Pen-
tium III 600 Mhz processors). The final assessment is
made according to average probabilities, and the results
are depicted in Figure 1. For the S-824 sequence, helical
segments were predicted to occur between residues 5–21,
30–48, 58–75, and 81–100. These initial predictions,
which provide information on the location of helices in the
S-824 sequence, agree with the de novo design goals, and
clearly define a system that comprises 4 helical segments.

Because 4 helices were predicted strongly and the
segments between the predicted helices are devoid of
hydrophobic residues, the �-strand and �-sheet protocol
was not applicable. In addition, these loop segments are
relatively short and glycine-rich, a characteristic that
promotes conformational flexibility. As a result, only the
�-helix prediction results were used to constrain the
system for tertiary structure prediction. The variable
domains for those dihedral angle of residues predicted to
be helical were bounded between ([�85, �55] for �, [�50,
�10] for 	). Distance restraints included 58 lower and
upper C�–C� (5.5–6.5 Å) bounds to enforce the hydrogen-
bonding network within these �-helices. As the predictions
did not include any �-sheet structure, the tertiary struc-
ture prediction was not constrained by any long-range
contacts.

During the course of the global optimization search, the
branch-and-bound search tree was formed by partitioning
domains belonging to selected backbone variables of the
loop segments, while the remaining variables were treated
locally. A significant sample of low-energy structures was

identified (the total computational effort for this stage of
the approach corresponds to approximately 4 wallclock
days on a fully utilized cluster of 80 CPUs running Linux
on Pentium III 600 Mhz processors). Using only the
criterion of lowest energy, the predicted native structure
provided by ASTRO-FOLD is that of an up-down-up-down
4-helix bundles. Qualitatively, this result agrees with both
the design goals23 and the experimental structure,10 as
shown in Figure 2. The final locations of the 4 helices in the
predicted structure changed slightly when compared to
the results of the �-helix prediction stage. To some extent,
the determination of final helix content is dependent on
the definitions used, and different methods based on either
dihedral angle value or backbone hydrogen bonding may
provide different results. A number of methods were used,
and the consensus of these results (consistent with DSSP
analysis when using 3D) are presented in Table I, along

Fig. 1. Average probability of central 3 residues of cascading pentapep-
tide as a function of residue number. The identification of a helical
segment corresponds to average helical propabilities exceeding 90% for
more than 3 consecutive residues. For S-824, helical segments are
predicted between residues 5–21, 30–48, 58–75, and 81–100. The 102
amino acid S-824 sequence is as follows: MYGKLNDLLED-
LQEVLKNLHKNWHGGKDNLHDVDNHLQNVIEDIHDFMQGGGSGGKL-
QEMMKEFQQVLDELNNHLQGGKHTVHHIEQNIKEIFHHLEELVHR.

Fig. 2. Superposition of predicted and experimental structures for
protein S-824. The experimental structure corresponds to the lowest
energy structure from the 10 low-energy structures calculated from the
NMR data.10 The predicted structure is shown in blue. Ribbon diagrams
created with SwissPDBViewer 3.7.40
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with the locations of the helices in the experimental
structure. The main observation is that the helices are
identical, with only slight differences in the initiation and
termination of the 4 helices. Table I also presents the
location of helices predicted by other statistical methods.
Both the PSIPRED41,42 and SAM-T0243 predictions iden-
tify 4 helices in good agreement with the ASTRO-FOLD
physics-based predictions, as well as the experimental
structure. Overall, these results suggest that accurate
secondary structure for S-824 should be relatively easy to
obtain. However, these results are not necessarily trivial,
as other prediction methods are less sucessful. For ex-
ample, Robetta-JUFO-3D,44 a secondary structure predic-
tor that uses Robetta de novo decoys and comparative
models in addition to PSI-BLAST multiple sequence infor-
mation and an amino acid property profile to produce
3-state predictions, substantially underpredicts (by more
than 3 residue on the N- and C-termini) the lengths of the
second and third helices. PROFsec,45 an improved version
of PHDsec, predicts only 2 long helices, by merging the
first helix with the second, and the third helix with the
fourth. The best statistically based secondary structure
predictions methods do approximately as well as the
ASTRO-FOLD physics-based predictions; however, it is
difficult to choose the best among these predictions a
priori.

Examination of the overall 3D structure reveals other
features that are consistent with the experimental struc-
ture. These results are especially interesting, because
some of these features were not part of the original goals of
the design, and in fact could not have been designed a
priori using a strategy that incorporates combinatorial
methods. For example, the overall topology of the bundle
for both the predicted and experimental structures is
left-turning. In general, right-turning topologies are more
abundant in natural 4-helix bundle proteins, although
neither topology was explicitly specified in the design of
S-824. The orientations of the helices were also not part of
the binary code design, but the values for the angles
between the helices are quite similar for the predicted and
experimental structures. In particular, helices 1 and 2,
and helices 3 and 4 are roughly antiparallel in both the
experimental and predicted structures. On the other hand,
the angles between helices 1 and 4 and between helices 2
and 3 are approximately 20°, a characteristic of the
packing of natural �-helical proteins. This combination of
packing angles has also been observed in other 4-helix
bundle proteins. Finally, as expected, the burial of hydro-
phobic side-chains is a common feature of both structures.
The experimental structure exhibits tight packing of non-

polar side-chains, whereas the predicted structure is some-
what more loosely packed.

Comparison to Other Methods

As previously described, the ASTRO-FOLD approach
relies on ab initio principles in the prediction of protein
structures, making it applicable to any protein regardless
of representation by sequence or structural homologs.
However, many methods attempt to exploit such database
information and, for completeness, homology and thread-
ing analyses were performed for the S-824 sequence. First,
sequence homology was tested against the PDB using
GenTHREADER.41 No high-confidence predictions were
found to exist, and the best alignments did not exceed 20%
sequence identity. Next, a more rigorous fold recognition
check was conducted using multiple profiles and predicted
secondary structure.46 Although a number of predictions
could be classified with medium confidence, none of the
most probable topologies correspond to structures with
4-helix topologies.

More recently, the applicability of fold recognition
methods has been pushed even further through the use
of metaservers, which combine the results of individual
server predictions to arrive at a consensus ranking of
the most likely predictions. The performance of these
metaservers, as well as the individual servers, has been
monitored through the LiveBench experiments.47 A par-
ticularly consistent method [available online (http://
bioinfo.pl) and similar to Pcons48 and 3D-Shotgun49

servers] is the 3D-Jury server,50 which can actually
perform its analysis as a meta-metaserver. The 3D-Jury
method assigns scores based on a similarity measure
that counts �-carbon pairs within 3.5 Å deviations after
alignment; a score greater than 50 is generally consid-
ered meaningful. The highest scoring prediction for
S-824 generates a score less than 35, and although
many of the matches correspond to all helical struc-
tures, none of the top 20 matches exhibit the correct
4-helix bundle topology. In fact, many of the predicted
structures have only 2 or 3 packed helices. Although the
prediction with the best 3D structural alignment (after
knowing the 3D structure) has 4 helices, only 3 of these
helices are in a parallel–antiparallel packed arrange-
ment. These results suggest that ASTRO-FOLD, as an
ab initio method, can be important for the prediction of
protein structures (including the 4-helix bundle of
S-824).

The results presented above confirm the applicability of
ASTRO-FOLD in a qualitative sense. As shown in the

TABLE I. Location of the Four Helices According to Experimental Results, Helix Prediction
Results, and Final Tertiary Structure Prediction Results

Helix Experiment Helix Prediction Tertiary Prediction PSIPRED SAM-T02

1 5–20 5–21 5–21 5–22 5–21
2 28–48 30–48 30–49 30–49 30–49
3 56–72 58–75 56–75 57–76 55–75
4 80–99 81–100 81–100 80–100 83–100
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following section, quantitative analyses show that the
ASTRO-FOLD results are also highly significant.

Quantitative Structural Analysis for Protein S-824

RMSDs can be calculated to give a more rigorous
quantification of the similarity between the experimental
and predicted structures of protein S-824. When consider-
ing only backbone atoms, the RMSD over all 102 residues
between the lowest energy predicted and experimental
structures is 4.94 Å. In general, backbone RMSDs below 6
Å constitute very good predictions, especially for protein
systems with more than 100 residues.51–53

It is also interesting to place these results in the context
of related work. Often helix-bundle proteins are used as
test systems because of their substantially large hydropho-
bic cores; in particular, they are useful for testing reduced
model calculations. In this vein, Friesner and coworkers
used a reduced model potential and a branch and bound
algorithm (actually based on the principles of the �BB) to
successfully predict the structure of a 4-helix bundle
protein to within 4 Å backbone deviation.54 There are
several important differences in the work presented here.
First, the 4-helix bundle protein sequence of Friesner and
coworkers is three-fourths the length of S-824. In addition,
the authors completely freeze secondary structure (based
on the experimental structure) and represent the side-
chains of residues by single points. Finally, although the
lowest energy cluster correlates well to the native topol-
ogy, the authors note that this is not trivial, as other
topologies may also have competitive energies. Another
branch-and-bound algorithm, again based on the same
�BB principles, was also successfully used to predict
structures of larger proteins to within 6-Å RMSDs, while
again maintaining secondary structure fixed.55 These cal-
culations differ further in that NMR data and some sparse
tertiary contact data were used to further restrain the
system.

More recently, a method for packing helices using re-
duced models and global optimization was presented.56

These calculations rely on a very coarse-grained contact
potential, while fixing the secondary structure content.
Again, nativelike folds are reproduced with reasonable
accuracy; for systems with 4 helices, the best RMSD values
are typically between 4 Å and 5 Å, although values are
somewhat higher in certain cases. However, the analysis
does not necessarily use the lowest energy criterion, so
there is certainly room for improvement in going to
all-atom physics based models such as ASTRO-FOLD.

Deviations in individual components of the overall struc-
ture can also be computed. The results of this analysis,
which are reported in Table II, reveal several important
facts. First, all �-helical segments exhibit good RMSD
values, with no segment above 2.5 Å for backbone devia-
tions. In fact, helix 1 (H1) and helix 4 (H4) have small
deviations (1.14 Å and 0.84 Å, respectively). Conversely,
the loop segments, which are much shorter than the
helical segments, exhibit backbone RMSD values between
2 Å and 3 Å. Furthermore, when considering all atoms,
only one loop (L2), which connects H2 and H3, gives a

reasonable RMSD value. These observations highlight the
fact that loop prediction remains a bottleneck in the
accurate prediction of 3D structures of proteins. Note,
however, that very few experimental restraints were avail-
able for the NMR structure refinement of the loops.
Therefore, the exact structures of the loops in the experi-
mental structure are known with far less certainty than
the overall structure.

RMSD analyses can also be performed for combinations
of structural segments, as shown in Table III. For pairwise
combinations of helices, it is evident that the combination
of H3 and H4 provides the lowest RMSD value, implying
that the relative orientation between these 2 helices
closely matches that of the experimental structure. On the
other hand, helices 2 and 3 combine to give the worst
RMSD value for consecutive helix pairs, followed only by
the nonconsecutive combination of H2 and H4, which have
a backbone RMSD value of 5.05 Å. As expected, for
combinations of 3 helices, the pair, H3 and H4, in addition
to H1, combine to give the best RMSD value for 3 helices.
Finally, it is interesting to note that the RMSD value for
all 4 helices is lower than that of the 3 loops, even though

TABLE II. RMSDs Between Experimental and Predicted
Structures of S-824

ID Position Length BB C�

N-term 1–4 4 1.39 1.21
H1 5–20 16 1.14 1.29
L1 21–27 7 2.87 3.22
H2 28–48 21 2.37 2.57
L2 49–55 7 2.32 2.43
H3 56–72 17 2.06 2.30
L3 73–79 7 3.00 3.45
H4 80–99 20 0.84 0.89
C-term 100–102 3 0.97 0.12

All 1–102 102 4.94 5.18

Following the first column, which provides an identifier of the
segment, columns 2 and 3 provide the location of the segment in the
sequence and the number of residues, respectively. RMSDs are
provided for backbone (BB) and C� atoms.

TABLE III. RMSDs Between Experimental and Predicted
Structures of S- 824

ID Length BB C�

H1, H2 37 3.57 4.15
H2, H3 38 4.84 5.17
H3, H4 37 2.25 2.41
H1, H4 36 4.29 4.54
H1, H3 33 3.98 4.34
H2, H4 41 5.05 5.33
H1, H2, H3 54 4.47 4.85
H1, H3, H4 53 4.08 4.31
H2, H3, H4 58 4.76 5.00
L1, L2, L3 21 4.85 5.11
H1, H2, H3, H4 74 4.79 5.07

Following the first column, which provides an identifier of the
combination of segments, column 2 indicates the number of residues.
RMSDs are provided for backbone (BB) and C� atoms.
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the loop residues constitute only one-fifth of the sequence,
as compared to three-fourths for the helices.

A summary of the RMSD analysis is seen in Figure 3.
(Note: A full contour mapping of the RMSD values of C�

coordinates for all possible residue segments is provided in
Fig. 5 in the Supplementary Material).

Figure 3 presents a trace of the smallest RMSD values
as a function of longest continuous segment length. For
segment lengths less than 25 residues, the longest continu-
ous segments have RMSD values below 1 Å, and these
segments correspond to the part of the sequence coding for
H4. There is a substantial step change when considering
the addition of the next helix, which is H3, although for
these segments, the RMSD values remain below 3 Å. For
segments longer than half the length of the overall se-
quence, there is a second step change, after which the
smallest RMSD values increase linearly, as different com-
binations of helical segments contribute to this lowest
RMSD envelope.

Energetic Analysis for Protein S-824

A detailed energetic analysis is also an important compo-
nent when evaluating the quality of the predicted struc-
ture. In particular, this analysis can be used to validate
the ability of the search technique to find low energy
structures by comparing the force field energy of the
predicted structure to the force field energy of the experi-
mental structure. Since the premise of the structure
prediction methodology is to locate the global minimum
free energy state of the protein, the difference in these
energies is a gauge on the performance of the approach.
Comparison of these energies allows one to assess whether
the method has failed to locate a lower energy cluster
represented by the experimental structure (and therefore
a more accurate prediction).

A variety of force fields exist for evaluating the energy of
a given protein’s structure. In particular, the GROMOS57

and EEF158 (CHARMM-based59) force field were selected
for this analysis, in addition to the ECEPP/3 force field,31

which was used in the ASTRO-FOLD ab initio prediction
approach. GROMOS is a standard force field used in
protein simulation and design, and EEF1, which is based
on the CHARMM force field, has been found to be espe-
cially efficient in discerning the native state of a protein
among many other low-energy decoys.60

The detailed results for the GROMOS and EEF1 analy-
ses are provided as Table IV in the Supplementary Mate-
rial. For both scenarios, the initial energies of the pre-
dicted structure were substantially lower than those of the
experimental structure. This is because the exact location
of the atoms can greatly influence the energy values based
on the particular parameterization of atomic interactions,
and the predicted structure is a better representative of
virtual systems. In order to provide a more accurate
picture, we allowed the systems to equilibrate to a metasta-
ble state by performing 300 steps of energy minimization.
For the GROMOS force field, 150 steps of steepest descent
were followed by 150 steps of conjugate gradient minimiza-
tion. In the case of EEF1, the minimization protocol
entailed 300 steps of an adopted-basis Newton–Raphson
method. Although the energy gaps between the experimen-
tal and predicted structures were reduced, the predicted
structure still retained lower energies for both force fields.
In addition, the structures exhibited only minor conforma-
tional changes upon minimization, as evidenced by the
similar RMSD values between the predicted and experi-
mental structures before and after minimization (shown in
Table V of Supplementary Material). These results vali-
date the performance of the search techniques employed in
the ASTRO-FOLD approach.

A more elaborate protocol is needed to evaluate the
ECEPP/3 energy of the experimental structure. The en-
ergy of the predicted structure, which corresponds to the
putative global minimum energy value, is �846.4 kcal/
mol. However, because the ECEPP/3 force field relies on an
internal coordinate system rather than the Cartesian
coordinate system, a direct evaluation of the energy of the
experimental structure is not possible. The main problem
is that the fixed bond length and bond angles assumptions
used in the dihedral angle coordinate system of the
ECEPP/3 force field do not exactly match those bond
lengths and angles in the experimental structure. To
overcome this difficulty, the back-calculated dihedral angles
were subjected to parametric variation through the solu-
tion of a nonlinear minimization in which the RMSD
between the experimental and the ECEPP/3-generated
structure was minimized. This process was repeated until
a structure with an all-atom RMSD of 0.57 Å was obtained
(see Table VI in Supplementary Material). The goal was to
minimize this deviation, and the nonlinear objective func-
tion corresponds simply to the RMSD between the ECEPP/
3-generated structure and the experimental structure;
that is, no additional energy function was used. Although a
discrete rotamer library was used to reduce atomic clashes,
the starting energy was still rather high. Following mini-
mization using the ECEPP/3 force field, the energy was

Fig. 3. Smallest RMSD for the longest continuous segment (LCS)
between predicted and experimental structures. The RMSD values are
plotted versus the length of the sequence for the segment providing that
minimum RMSD value; that is, the segments displaying the minimum
RMSD for a given length are continuous segments. However, the
segments are not ordered or even overlapping; for example, the segment
for one length (say, N � 26 residues) may be from a different part of the
protein than for the segment of the next longer length (say, N � 27
residues).
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reduced to �755.2 kcal/mol, although the structure had
shifted away from the experimental structure by 2.0 Å.
The energy gap between the experimental and predicted
structures was 100 kcal/mol (see Table VI in Supplemen-
tary Material).

Distance Analysis for Protein S-824

The final set of analyses involves the comparison of
intraprotein distances in the experimental and predicted
structures. This analysis is particularly important for
understanding the packing of the individual secondary
structure elements. A qualitative summary of the analysis
is given in Figure 4, which provides a comparative dis-
tance map for C�–C� distances (a C�–C� distance map is
provided as Figure 6 in the Supplementary Material). The
distance values are shaded such that small distance are
dark, and the left side of the diagonal corresponds to
distances within the experimental structure, and the right
side of the diagonal corresponds to distances within the
predicted structure.

The contact maps verify the overall agreement in the
tertiary arrangements of the experimental and predicted
structures. In particular, the dark shaded regions perpen-
dicular to the diagonal represent the formation of antipar-
allel helical matches (H1 to H2, H2 to H3, H3 to H4, and
H1 to H4), while the shaded regions parallel to the
diagonal represents the parallel interactions between H1
and H3, and H2 and H4. Based on the darker shading for
the antiparallel contacts, the antiparallel packing of heli-
ces is tighter for S-824, although the lines parallel to the
diagonal also indicate that some of the cross-parallel
helical interactions are also relatively close. In addition,
some subtle differences can be identified through closer
examination of these distance maps. For example, the
match between H2 and H3, and the parallel cross-helical

contacts are represented by much more narrowly and
lightly shaded regions for the predicted structure. Gener-
ally, the matches in the predicted structure are indicated
by slightly lighter shadings, which verifies the looser
tertiary packing in the predicted structure.

A quantitative analysis of the packing of these helices
was performed (detailed results are given in Tables VII
and VIII in the Supplementary Material). In this analysis,
the number of hydrophobic to hydrophobic contacts within
certain distance ranges were counted, and the percentage
of these contacts coming from a particular helix-to-helix
packing were calculated. These percentages can be used to
discern which of the helices are most tightly packed. As
expected, the antiparallel hydrophobic-to-hydrophobic
matches (H1 to H2, H2 to H3, H3 to H4, and H1 to H4)
dominate the contacts in both the predicted and experimen-
tal structures. However, the relative rankings of these
matches are not identical. In the experimental structure
the C� interactions are overrepresented by contacts be-
tween H1 and H4, and H2 and H3, especially at small
distances. When considering C� distances, the distribution
of helical contacts is almost uniform between all antiparal-
lel helical matches in the experimental structure. On the
other hand, in the predicted structure, the antiparallel
helical contacts between H1 and H2, and H3 and H4 each
account for one-third of the hydrophobic-to-hydrophobic
interactions for both the C� and C� distances. The contacts
between H1 and H4 are also well represented; however,
the last antiparallel match, between H2 and H3, only
contributes a small number of hydrophobic-to-hydrophobic
interactions. These differences possibly reflect the lack of
explicitly imposed tertiary contacts for purely helical
proteins, and the ability to correctly predict such matches
may enhance the performance of the ASTRO-FOLD ap-
proach.

CONCLUSIONS

Two important problems in the field of protein science
are structure prediction and de novo protein design.
Recently, a de novo design approach based on the integra-
tion of concepts from both rational design and combinato-
rial methods was used to successfully design sequences for
4-helix bundle proteins. The design involves the binary
coding of nonpolar and polar residues in order to favor
certain secondary structural elements. Prior to knowledge
of the actual experimental structure, and without incorpo-
ration of either experimental or statistical-based struc-
tural information, a double-blind study was conducted, in
which the ASTRO-FOLD ab initio approach was used to
predict the 3D protein structure for S-824.

The ASTRO-FOLD method bridges the gap between the
competing explanations for protein folding by employing a
framework in which helix nucleation is controlled by local
interactions, while nonlocal hydrophobic forces drive the
formation of tertiary contacts, such as in the formation of �
structure. Qualitative agreement between the experimen-
tal and predicted structure for protein S-824 is impressive,
and features not expressly incorporated into the design
were correctly predicted. Rigorous quantitative analyses

Fig. 4. Contact map comparison between C� coordinates. The upper
left triangle corresponds to interatomic distances calculated from the
experimental structure, while the lower right triangle corresponds to those
derived from the predicted structure. An upper distance cutoff of 30 Å was
used in order to emphasize small interatomic distances. The progression
from small to large distances follow the dark to light shading.
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validate the extent of this agreement, and energy analyses
verify the performance of the underlying modeling and
search protocols. The current work relies on all-atom
physics-based prediction of both secondary and tertiary
structure, and so differs from the reduced model calcula-
tions that have been used with some success in the
structure prediction of helical proteins. Furthermore, al-
though 4-helix bundle proteins are typically well behaved
systems, because of their large hydrophobic cores (and
sometimes even well-predicted by reduced models), it is
also shown that the structure prediction of S-824 by
statistical methods is not trivial. The ASTRO-FOLD re-
sults therefore indicate that accurate ab initio prediction
of designed proteins may be quite successful, because the
modeling methodology employed in ab initio (all-atom
physics-based) methods are somehow complementary to
the concepts employed in the rational design approach.
Furthermore, detailed analyses indicate that the ability to
accurately predict hydrophobic contacts between helices
may be helpful in further improving the accuracy of the
ASTRO-FOLD approach for structure prediction of helical
proteins, and research in this area is currently being
pursued.
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