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The three-dimensional (3-D) structure prediction of proteins, given their amino acid
sequence, is addressed using the first principles–based approach ASTRO-FOLD 2.0.
The key features presented are: (1) Secondary structure prediction using a novel opti-
mization-based consensus approach, (2) b-sheet topology prediction using mixed-inte-
ger linear optimization (MILP), (3) Residue-to-residue contact prediction using a high-
resolution distance-dependent force field and MILP formulation, (4) Tight dihedral
angle and distance bound generation for loop residues using dihedral angle clustering
and non-linear optimization (NLP), (5) 3-D structure prediction using deterministic
global optimization, stochastic conformational space annealing, and the full-atomistic
ECEPP/3 potential, (6) Near-native structure selection using a traveling salesman
problem-based clustering approach, ICON, and (7) Improved bound generation using
chemical shifts of subsets of heavy atoms, generated by SPARTA and CS23D. Compu-
tational results of ASTRO-FOLD 2.0 on 47 blind targets of the recently concluded
CASP9 experiment are presented. VVC 2011 American Institute of Chemical Engineers AIChE

J, 58: 1619–1637, 2012
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Introduction

The protein structure prediction problem continues to rep-
resent a proverbial ‘‘holy grail’’ in computational chemistry
and structural biology communities. Stated simply, the prob-
lem can be described as an attempt to elucidate the three-
dimensional (3-D) structure of a protein, given its amino
acid sequence. To do this, most algorithms base their
approach on Anfinsen’s thermodynamic hypothesis.1 Accord-
ing to the hypothesis, the native structure of a protein in a
given environment corresponds to the global minimum free
energy of the system.

Given the expanding collection of proteins in the Protein
Data Bank (PDB),2 along with the inherently difficult task of
ab initio protein structure prediction, a number of database-

driven methods have been developed, which exploit informa-
tion from the experimentally determined structures of pro-
teins in the PDB. Although clear classification between
approaches toward protein structure prediction has become
difficult, most approaches toward protein folding can be
classified into the following three categories: (a) homology-
based methods, (b) fold recognition–based techniques, and
(c) first principles–based methods. A detailed review of vari-
ous protein folding approaches has been presented in litera-
ture.3–5 Homology, or comparative, modeling methods aim
to directly identify the template of a homologous protein,
which can then be used as a starting point for refining the
structure to suit the target protein better. Typically, these
methods are most successful when there is a high degree of
similarity between the target and parent structures, which
exist in the database. Many methods are based on sequence
alignment methods such as BLAST or PSI-BLAST.6

Although the implementation of sequence alignment or
machine learning methods provides a good starting point for
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these algorithms, the challenge of loop building and side
chain modeling persists. To address these issues, many meth-
ods use well-known algorithms for model building7 and side
chain placement.8 A detailed review of approaches and
drawbacks in comparative protein modeling can be found
elsewhere.9,10

Fold-recognition approaches aim to identify distant homo-
logs to a target sequence by working in the structural space
instead of the sequence space. The premise for these meth-
ods lies in the observation that the fold space is much more
limited than the sequence space. Based on the evaluation of
researchers that the PDB2 is almost complete in terms of
observed folds,11 a number of ‘‘threading’’ algorithms have
been developed. Threading algorithms aim to find the best fit
for a target protein sequence onto the structure of a template
in the database. For distantly related proteins, a successful
prediction would require accurate atomic prediction of the
dissimilar regions, along with the aligned regions. A number
of successful methods have been proposed that use fold rec-
ognition, including dynamic programming methods,12 itera-
tive methods,13 and optimization-based methods.14,15

An intermediate category between pure fold-recognition
techniques and pure first principles–based methods can be
considered to be the fragment assembly–based methods.
Here, a target protein is divided into short oligopeptides,
which are used to identify fragments of structures from vari-
ous templates in the database. This way, separate fragments
can be selected from unique template structures. The individ-
ual fragments can then be brought together using statistical
potentials and optimization-based algorithms. Optimization
algorithms such as simulated annealing16,17 have been suc-
cessfully used to bring fragments together to identify a fold,
before using all-atom scoring functions to refine the model
further. Skolnick and coworkers have aimed to combine
multiple sequence alignment and threading with a unified
atom lattice model to generate initial folds, before refining
and clustering structures to identify the best structures from
an ensemble.18

The final category of methods for protein structure predic-
tion, the first principles–based methods, avoids the direct use
of homology or structural alignment information. These
algorithms work with a much larger search space and base
their search algorithms on Anfinsen’s hypothesis,1 that is,
the structure sought would lie at the global free energy mini-
mum of the system. Despite the increased computational
complexity of first principles–based methods, the primary
advantage of these methods is the ability to predict the struc-
ture of a protein in the absence of a good structural or
sequence homolog. Furthermore, the use of physics-based
scoring or energy functions would allow the extension of the
protein structure prediction algorithms to various environ-
ments. Physics-based energy functions would also provide an
insight into the protein folding process, along with creating a
picture of the energy landscape of a protein.19

A number of first principles–based structure prediction
algorithms aim to use a hierarchical process to protein fold-
ing. The use of a hierarchical process sequentially reduces
the search space for the search algorithms. Dill and co-
workers use replica exchange molecular dynamics for the
search algorithm, in conjunction with a zipping and assem-
bly model to bring distant parts of the sequence together to

form the protein fold.20 Rose and coworkers have proposed
a Metropolis Monte Carlo-based search algorithm for the
structure prediction problem and identify conformational
biases based on discrete moves selected using a physics-
based force field.21,22 Using a distributed grid computation
algorithm, Folding@Home, Pande and coworkers have used
cartesian molecular dynamics to fold protein villin.23 A num-
ber of methods have aimed to use coarse grained potential at
an early stage to determine the fold of a protein, followed
by a model refinement procedure with a more detailed atom-
istic force field. One of the more popular force fields in this
regard is the united-residue (UNRES) force field introduced
by Scheraga and coworkers.24–26 By representing each amino
acid to two interaction sites and using a stochastic conforma-
tional space annealing,27 the conformational space is reduced
to the low energy regions. Recently, researchers have
successfully managed to fold small proteins such as WW
protein domain to high-resolution structures using molecular
dynamics and improved all atom force fields.28–30

Another first principles–based approach to protein folding
is the ASTRO-FOLD approach developed by Floudas and
coworkers.31–38 The framework follows a hierarchical
approach to the protein structure prediction problem, by
combining the all-atom physics-based ECEPP/3 energy func-
tion,39 deterministic aBB global optimization algorithm, sto-
chastic conformational space annealing algorithm, and a mo-
lecular dynamics approach in the torsion angle space. The
deterministic global minimization algorithm, aBB,40,41 guar-
antees convergence to the global optimum for a problem
with twice differentiable objective function and constraints,
by creating a converging series of lower and upper bounds.
Given the highly nonlinear nature of the force field, and the
complex terrain defining the conformational search space,
the deterministic global optimization algorithm is supported
by torsion angle dynamics and conformational search anneal-
ing procedures. The torsion angle dynamics routine is used
to generate low energy, feasible solutions, by using a simple
steric-based energy function in a molecular dynamics rou-
tine. The conformational search annealing procedure, which
is based on a combination of genetic algorithms and simu-
lated annealing methods, is used for enhanced searching of
the conformational space to identify better upper bounding
function values.

This article has been arranged as follows. The Methods
section presents the entire ASTRO-FOLD 2.0 framework in
seven major steps: (a) secondary structure prediction, (b) b-
sheet topology prediction, (c) contact prediction, (d) loop
structure prediction, (e) tertiary structure prediction, (f)
selection of near-native structures, and (g) improvement of
distance bounds based on identification of chemical shifts in
the target protein. This is followed by a presentation of blind
target prediction results in the recently concluded CASP9
experiment.

Methods

Given an amino acid sequence for a protein, the aim, in a
blind prediction, is to identify a small set of proteins, that
are likely to be closest to the native structure. The ASTRO-
FOLD 2.0 approach is presented in flowchart form in Figure
1, and the individual steps are explained below. We focus on
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the novel components of ASTRO-FOLD 2.0 and provide an
overview of algorithms and approaches from the previous
version of ASTRO-FOLD.

Secondary structure prediction

A number of methods for secondary structure have been
previously used as an initial step in the ASTRO-FOLD pro-
cedure. For the purpose of a-helix prediction, two
approaches have been previously implemented, which divide
a target protein into overlapping oligopeptides. In the first
approach, the target is divided into overlapping pentapepti-
des.34 For each pentapeptide, the helical propensity for the
central residue is determined through rigorous probability
calculations using detailed atomistic level modeling, and the
use of deterministic global optimization targeting the global
free energy minimum of the system. The free energy values
for all structures predicted are used to calculate individual
occupational probabilities for each meta-stable state. When
the a-helical probability for three consecutive amino acids is
greater than a threshold, the region is assigned as helical. In
the second approach (Subramani and Floudas, in prepara-

tion), a target protein is divided into overlapping nonapepti-
des. As the presence of a-helices is marked by hydrogen
bonding networks, which run almost parallel to the helical
axis, the probability for the central residue of this nonapep-
tide to be in an a-helix is taken as a linear combination of
probabilities of the surrounding amino acid pairs to form i,i
þ 3 and i,i þ 4 hydrogen bonds. At the ends of a-helices,
the probability evaluated from hydrogen bonding pairs is
supported by the probability of hydrophobic amino acid
occurence at specific positions at the ends of the helix. The
model is implemented as an infeasibility minimization
model, which aims to evaluate the threshold probability and
weights of individual terms in the probability evaluation
expression. For a given target protein, the model is imple-
mented as a mixed-integer linear programming model that
aims to identify the helical regions in the protein, using the
parameter values evaluated in the training model. Further-
more, chemical shifts from a large chemical shift database
are used to identify a superstructure of possible helical resi-
dues in a target protein.

A new consensus secondary structure prediction method
(CONCORD) based on mixed integer linear optimization

Figure 1. Flowsheet representing the ASTRO-FOLD 2.0 approach.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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(MILP) has been developed (Wei et al., submitted). Based
on seven secondary structure prediction methods, SSpro,42

DSC,43 PROF,44 PROFphd,45 PSIPRED,46 Predator,47 and
GorIV,48 the MILP-based consensus method combines the
strengths of different methods, and a better prediction accu-
racy is achieved through this model, which maximizes the
number of correctly predicted amino acids in the training
protein set.

The objective function of the consensus secondary struc-
ture prediction method takes the following form:

MAXf
X
ðp;iÞ

yp;i=139þ
X
p

y2p �
X
ðp;iÞ

ep;i �
X
p

e2pg

8ðp; iÞ 2 subsetPIðP; IÞ ð1Þ

In this equation, yp,i is a set of binary variables, and it
equals 1 if the sum of the scores of the correct secondary
structure predictions is higher than the sum of the incorrect
ones for amino acid i of protein p by at least ep,i; y2p is
another set of binary variables, and it equals 1 if the sum of
the scores of the correct predictions of all amino acids of
protein p is greater than the sum of the scores of the incor-
rect predictions of the same protein p by at least e2p. The
first term in the objective function maximizes the total num-
ber of amino acids whose correct prediction has a higher
score than the incorrect ones by at least ep,i. The second
term in the objective function maximizes the total number of
proteins whose sum of the scores of the correct predictions
is higher than that of the incorrect predictions by at least
e2p. The third and fourth terms are included here to mini-
mize the sum of soft margins. Note in the first term, 139 is
the average length of proteins in the training set, and it is
used to balance the weights of the first and second terms.

Two types of constraints are introduced. The first type of
constraints ensures that, for an amino acid of a protein,
when the difference between the sum of the scores of correct
secondary structure predictions and the sum of the scores of
incorrect predictions from different methods is lower than
ep,i, then the binary variable yp,i equals to zero. This con-
straint takes the following form:

X
m

km � confSp;i;m � ð1� predSSp;i;mÞ

�
X
m

km � confSp;i;m � predSSp;i;m þ ep;i\1� yp;i

8 ðp; lÞ 2 subsetPIðP; IÞ; m 2 M ð2Þ
in which confSp,i,m is the confidence score predicted by
method m for the ith amino acid of protein p, and predSSp,i,m is
the prediction result of method m for the ith amino acid of
protein p (a value of 1 corresponds to a true prediction).

The second type of constraints used in the model normal-
izes the weights terms, km, of each individual methods.

X
m

km ¼ 1; km � 0; m 2 M; (3)

The consensus method is shown to perform better than
any of the seven individual methods when tested on the
PDBselect25 training protein set using six-fold cross valida-

tion. It also outperforms another set of ten online secondary
structure prediction servers when tested on the CASP9
(http://predictioncenter.org/casp9/) targets. The average pre-
diction accuracy is 83.6% for the six-fold cross validation
and 82.3% for the CASP9 targets (107 released proteins). A
web server, CONCORD, is freely available to the scientific
community at http://helios.princeton.edu/CONCORD.

b-Sheet prediction

Once the secondary structure of a target protein has been
predicted, we are now aware of the locations of the a-helices
and b-strands in the protein. This information only provides
local information in terms of the backbone dihedral angle
ranges for the amino acids in the respective secondary struc-
ture elements. To reduce the search space for the tertiary
structure prediction algorithm, it is vital to incorporate infor-
mation about predicted nonlocal contacts in the set of con-
straints for the tertiary structure prediction problem. The first
step toward this is the prediction of the b-sheet topology of
the protein. Note that if the predicted secondary structure
does not contain any b-strands, one can directly move to the
next stage of the framework.

Previously, Floudas and Klepeis35 developed a method
that aimed for the simultaneous prediction of b-strands,
b-sheet topologies, and the location of disulfide bridges.
Three separate formulations were presented, a residue–resi-
due contact prediction model, strand–strand prediction
model, and a combined model. In the residue–residue contact
prediction, all hydrophobic residues that are not predicted as
helical are identified, and an integer linear optimization
model was established, which maximizes the hydrophobic
contacts in the target protein. Additional terms are added for
cystine–cystine contacts. In the second formulation, a proto-
col was established to predict a superstructure of potential b-
strands. The objective then is to maximize the total strand–
strand contact potential. The potential associated with each
b-strand is the linear sum of hydrophobic potentials of each
hydrophobic amino acid in the strand. The third formulation
combines the objective functions from both the residue–resi-
due and strand–strand formulations, thus, allowing both the
energies to influence the final topology prediction. For each
formulation, a number of constraints are implemented to
ensure that biologically meaningful results are obtained. In
addition, the presence of integer-cut constraints allows the
generation of a rank-ordered list of solutions.

A new b-sheet topology prediction approach has been
recently developed, which aims to ensure that the most
likely strand pairings are predicted and subjected to biologi-
cally restrictive constraints (Subramani and Floudas, in prep-
aration). It has been implemented in a MILP formulation
(Subramani and Floudas, in preparation), and this allows us
to create a rank-ordered list of preferred b-sheet arrange-
ments. Opposing theories propose varying models for the
formation of b-sheets. Although the hierarchical theory sug-
gests that b-sheets nucleates at the hairpins and proceeds
through the sheet formation in a zipper-style,49 an increased
degree of support has been put forward to the hydrophobic
collapse theory of b-sheet formation.50–52 To determine the
arrangement of a given number of b-strands, we first evalu-
ate the propensity of amino acid pairs in separate b-strands
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to form contacts. This model is implemented as a two-
dimensional recursive neural network.53 For any amino acid
pair (i, j) in separate b-strands, the input vector contains
terms representing residue identity, secondary structure, and
solvent accessibility. One additional element represents the
sequential separation of the two amino acids. Equipped with
the residue–residue contact potential matrix derived from the
neural network model as described above, a dynamic pro-
gramming algorithm is introduced to evaluate the best align-
ment between any pair of strands. The alignment score for
any pair of strands si and sj is given by

XNðrÞ
ri¼1

XNðsÞ
si¼1;si2CðriÞ

PairPotentialri;si (4)

In Eq. 4, ri and si are indices of amino acids in strands si
and sj, respectively. PairPotentialri,si is the residue–residue
pair potential for the residue pair (ri, si), as evaluated by the
recursive neural network model. For any alignment of two
strands, depending on whether the alignment is antiparallel
or parallel, the indices ri and si would change in the same or
opposite directions. Finally, for any pair of strands si and sj,
the highest antiparallel and parallel alignment scores are
taken as the strand–strand contact potentials EAP, si, sj and
EP, si, sj, respectively.

We define three sets of binary variables, as defined under:

yi;j ¼ 1 : if residues i and j contact
0 : otherwise

�
(5)

Here, residues i and j belong to different strands.

wAPsi;sj¼
1 : if strands si andsj contact in antiparallel fashion

0 :otherwise ð6Þ

�

wPsi;sj¼
1 : if strands si and sj contact in parallel fashion

0 : otherwise ð7Þ

�

Given the aim to maximize the hydrophobic contact
potential of the predicted b-sheet topology, the objective
function can be written as

OBJECTIVE ¼
X
si

X
sj

EAP;si;sjwAPsi;sj

þ
X
si

X
sj

EP;si;sjwPsi;sj ð8Þ

A variety of constraints are included to ensure that we
obtain physically realistic sheet topologies. The first set of
constraints links the binary variables for residue–residue con-
tacts (yi,j) to the binary variables for strand–strand contacts
(wAPsi,sj and wPsi,sj). By evaluating the strand–strand contact
potentials EP,si,sj and EAP,si,sj, we know the best alignment of
any strand pair. We hence define two binary matrices Resi-
dueContactAPi,j and ResidueContactPi,j, wherein entries are
1 if i and j can form a contact at all. In addition, we define
parameters Strand(i) that determine the strand to which resi-
due i belongs. Note that this contact would be subject to
whether their parent strands are contacting. This condition
can be expressed as:

yi;j ¼ wAPsi;sj � ResidueContactAPi;j

þ wPsi;sj � ResidueContactPi;j

8StrandðiÞ ¼ si; StrandðjÞ ¼ sj; sj > si: ð9Þ

Any two strands si and sj can at most form one type of
contact with each other, expressed as:

wAPsi;sj þ wPsi;sj � 1 8sj > si: (10)

A strand residue can have a maximum of two contacts.
However, this does not mean that the strand itself can only
have two contacts. It is possible for a long strand to pair up
with more than one strand on one side. Hence, the maximum
number of contacts a strand can make is taken as 3. In the
entire set of proteins that were tested, only four proteins had
one strand with four contacts. At the same time, it is
required that each strand have at least one contact. These
constraints can be represented as:

X
j 6¼i

yi;j � 2 8 i;StrandðiÞ 6¼ StrandðjÞ (11)

X
sj6¼si

wAPsi;sj þ
X
sj6¼si

wPsi;sj � 3 8 si (12)

X
sj 6¼si

wAPsi;sj þ
X
sj6¼si

wPsi;sj � 1 8 si: (13)

In addition to relational constraints as shown above, a
number of additional biological constraints have been added
to the model so as to ensure that the resulting b-sheet topol-
ogies are biologically meaningful (Subramani and Floudas,
in preparation). To ensure that b-strands with similar lengths
contact, and that the predicted contacts do not get guided by
single residue contacts, which are highly favorable, con-
straints are introduced to ensure that the number of contact-
ing residues for any b-strand fall within observed minimum
and maximum values, which are dependent on the length of
the strand. Furthermore, in order to ensure that one b-strand
wrapping around another b-strand (i.e., a contact between
two b-strands is restricted to one side only) does not take
place, a parameter set is introduced, which ensures that if
more than two strands contact a given strand, there is at least
one pair of strands, which do not have any overlaps with
respect to residues participating in contacts. In addition, a
number of constraints have been introduced to model nonlo-
cal contacts, especially those involving super-secondary
structures.54–57 Additional constraints ensure that all nonlocal
contacts satisfy the formation of a previously occuring
super-secondary structure, so as to ensure that the entropy
loss due to the formation of the nonlocal contact is not so re-
strictive as to not be compensated by the resulting hydrogen
bond formation. Further, constraints are introduced to ensure
that strands, which form only one contact would either be
the ones which are shorter, or with lesser hydrophobicity
than other strands. A complete description of the mathemati-
cal model and extensive computational studies on 2405 pure
b and mixed a/b proteins from the PDBSelect25 data set
(pairwise sequence similarity � 25%) is presented elsewhere
(Subramani and Floudas, in preparation).
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In addition to the biological constraints, integer cut con-
straints are added to generate multiple topology solutions for
any given target protein. The advantage of creating an inte-
ger optimization-based model is the creation of a rank-or-
dered list of solutions. We aim to get a set of five topologies
for each protein. As we are fixing the anchor points for con-
tacts between two strands, the integer cuts would not involve
the residue specific binary variables yi,j. In a number of
cases, the objective function value of two topologies are
highly similar to each other. By enlisting a small subset of
top solutions, it enables us to differentiate between the topol-
ogies using a more detailed force field at the final stage. At
each iteration, the addition of an integer cut eliminates the
current top solution from the feasible set, thus, forcing the
model to look for the next best solution.

The resulting MILP must be solved to global optimality to
identify the predicted alignment of strands. While in general,
MILP problems fall into the category of NP complete prob-
lems,58 available solvers typically use a branch-and-bound
technique to reach the optimal solution by creating a
sequence of LP relaxations of the original problem.

Contact prediction

Given the protein sequence and secondary structure infor-
mation, residue contacts and protein topology (relative posi-
tions of various secondary structure elements) can be pre-
dicted. This is done in ASTRO-FOLD 2.0 through an integer
linear optimization model. This model predicts residue con-
tacts in a, b, a þ b, and a/b proteins.59,60

The total energy of a protein in this model is expressed as
sum of a CaACa distance-dependent contact energy contri-
bution and a hydrophobic contribution. Contacts are pre-
dicted by minimizing the total energy while satisfying a set
of constraints that are included in the model to enforce cer-
tain physically observed topological information.

min
X
i

X
j;i\j

X
b

Ei;j;b � wi;j;b � weight �
X
si

X
sj;si\sj

½HPðsiÞ

þ HPðsjÞ� � ycsi;sj ð14Þ

The objective function is shown in Eq. 14. Ei,j,b is the
contact energy between two interacting amino acids (i, j) in
distance bin b; wi,j,b is a binary variable indicating a contact
between residue pair (i, j) in distance bin b (1–9 bins). The
first term of Eq. 14 is the energetic contribution from all the
contacting residues. Each of the binary variables wi,j,b

assigned an energy value Ei,j,b based on the identity of the
contacting residues (i, j) and the distance (bin b) at which
they contact. If the predicted distance bin for residue pair (i,
j) is in bins 1–8 then it means that these two residues are
contacting. An extra bin, bin 9, is used to denote a ‘‘no-con-
tact’’ between a pair of residues. Thus, a contact between
two residues (i, j) in bin ‘9’ (wi,j,9 ¼ 1) implies the residue
pair is not contacting. An energy value of zero is assigned
for all contacts in bin 9 (Ei,j,b ¼ 0). Thus, the total energy of
a protein can be calculated by taking the sum of such energy
contributions over all the residue pairs.

The second term of Eq. 14 is the hydrophobic contribution
when the residues of two different strands contact each other

to form a b-sheet. The residue pair (si, sj), denote all pairs
of residues that are in different b-strands (i.e., si [ sr ^ sj [
sj). PRIFT, a hydrophobicity scale,61 is used to assign hydro-
phobicity value HP(si) to every amino acid in b-strands. A
binary variable yci,j is defined for each residue pair and this
variable is active only when the pair (i, j) forms a residue
contact in the first eight bins. Hydrophobicity for a strand
pair is added only when they are contacting (i.e., ycsi,sj ¼1).
For every contact, the hydrophobic contribution from both
participating residues is considered by taking their sum. To
calculate the overall hydrophobic contribution, an arithmetic
sum is taken over all such strand pairs. The hydrophobic
contribution is then multiplied with an optimal weight and
added to the first term.

Many different constraints are included in the model, for
example, b strand–based constraints: for two strands interacting
in parallel or antiparallel fashion; if two strands are contacting
then at least some of the residues of these strands should contact
each other and so on. Helix-based constraints, general con-
straints, and integer cut constraints are also included.

The model was first tested on four independent a-helical
protein sets. An average prediction accuracy of 66% was
obtained for amino acid pairs that are at least six apart in
the sequence.59 The average true and false positive distances
were 8.87 and 14.67Å, respectively. The model was also
tested on three-independent protein test sets and CASP8 test
proteins consisting of b, a þ b, and a/b proteins and was
found to perform very well.60 The average accuracy of the
predictions (separated by at least six residues) was � 61%.
The average true positive and false positive distances were
also calculated for each of the test sets and they are 7.58
and 15.88 Å, respectively.

Loop structure prediction

Using the set of constraints generated thus far, we can
implement a tertiary structure prediction algorithm, which
minimizes the energy of a protein conformer. However, for
all dihedral angles where we do not have bounds, default
bounds of [�180,180] are used. In particular, this would be
applicable to amino acids outside the predicted secondary
structure regions (i.e., loop regions). For proteins with a
large number of loops, this would result in a large conforma-
tional search space for the tertiary structure algorithm. To
address this issue, we have developed a novel iterative pro-
cedure to derive tight dihedral angle bounds on loop residues
in a target protein (Subramani and Floudas, in preparation).
An important intermediate step in the homology modeling
paradigm is the loop structure prediction. In most
approaches, one would be required to carry out a fixed stem
loop structure prediction, rather than a flexible stem loop
structure prediction. For a fixed stem loop structure predic-
tion algorithm, we have information on the crystallographic
coordinates of the amino acids in the flanking secondary
structures of any loop. In our case, the problem becomes
more difficult, because we only know of the type of second-
ary structure the stem residues fall into and have no informa-
tion on their coordinates.

The conformational space of a loop segment is difficult
to navigate, because loop segments with very similar
sequences form very different structures. Furthermore,
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sequence similarity between loop segments are typically
very low. These restrictions make the exclusive use of
databases to predict loop structures challenging. Hence, the
generation and optimization of loop segments that are close
to native would have to be carried out in a manner similar
to the physics-based ab initio tertiary structure algorithm.
Most loop structure prediction algorithms implement proce-
dures, which cover three basic steps. First, initial structures
are derived by analyzing the loop regions of sequentially
dissimilar proteins from a large database. This initial struc-
ture is subjected to energy minimization, typically preceded
by a fast side chain rotamer optimization step. The side
chain rotamer optimization aims to alleviate steric clashes
between the backbone and the side chain rotamers, so as to
provide local optimization routines a better initial point to
work with. Energy optimization of the entire structure is
then carried out, either using physics-based or database-
derived all-atom potentials. Finally, clustering algorithms
are used to identify the best structure from the generated
ensemble, or a collection of structures are used to generate
tight bounds on the loop angles. Further details on specific
algorithms for loop structure prediction are available else-
where.62–64

The generation of initial structures is a vital step toward
getting good final structures, especially when using local
optimization techniques. To this end, we take up the latest
PDBSelect25 database of proteins. This set of proteins con-
tains 4092 single chain proteins, with pairwise sequence sim-
ilarity below 25%. We collect loop segments between the
lengths of 4 and 20 from this database, as longer lengths
provide a more random distribution of amino acid dihedral
angles. For each amino acid, we discretize the Ramachan-
dran plot into a grid of size 10� 	 10�. On the basis of the
database of collected loop segments, we count the frequency
of backbone dihedral angle occurences for each amino acid
in each dihedral angle bin. Further, this distribution is gener-
ated separately for each kind of loop (i.e., separate distribu-
tions are generated from loops between helices, strands, and
any combination of them). At this stage, we generate 2000
initial loop structures from this distribution. The process of
generating initial structures generated is similar to the
method followed by Mönnigmann and Floudas.64

Side-chain rotamer optimization is an important intermedi-
ate step toward structure prediction. A rotamer, short for
rotational isomer, is a combination of side chain dihedral
angles for any amino acid. Unlike the backbone dihedral
angles, the most successful side chain optimization algo-
rithms pose the problem as a combinatorial optimization
problem, by approximating the continuous space of dihedral
angles using a library of potential rotamers. A detailed
review of the limitations and role of rotamer libraries can be
found elsewhere.65

Most rotamer optimization algorithms divide the energy asso-
ciated with a rotamer into two parts, the self energy and the pair
energy. The self energy of a rotamer is the energetic interaction
of this rotamer with all atoms that are considered fixed during
rotamer optimization. Pair energy of a pair of rotamers is the
energetic interaction between a pair of rotamers on different
amino acids. For each of our algorithms, we precalculate the
self and pair energies of all rotamers in our rotamer libraries
(the ‘‘Penultimate’’ library66 and the Xiang-Honig Library67).

The first algorithm is an implementation of the FASTER algo-
rithm. For the implementation of the FASTER algorithm, we
use the smaller Penultimate rotamer library. Details of algorith-
mic implementations can be found elsewhere.68 The second
algorithm is a cyclic search algorithm, which steps through the
larger Xiang-Honig library and saves rotamer changes at spe-
cific amino acid positions, which lead to an improvement of the
ECEPP/3 energy function. The final rotamer optimization is a
random local search algorithm, which bases itself on a new,
generated rotamer library. The new rotamer library is generated
from a Gaussian distribution in the region of the current rotamer
for each amino acid. Finally, we use the previous cyclic search
algorithm to identify the best rotamer at each amino acid posi-
tion. Further implementation details of the rotamer optimization
algorithms in Ref. 38 have been presented previously.

Following the side chain rotamer optimization stage, we
carry out a constrained non-linear optimization of the loop
structures. The objective function for this optimization is
the full atom ECEPP/3 potential, given by Eq. 15. The
constraints in the model are the dihedral angle constraints
derived from the same probability distribution as the initial
structure. Once we collect 2000 optimized loop structures,
we aim to identify the structures closest to the native by
carrying out a traveling-salesman based clustering algo-
rithm, known as ICON.69 The details of the algorithm are
presented subseqently. Using the densest clusters identified
by ICON, we regenerate a distribution for each amino acid
in the target loop. Thus, the probability distribution is
modified to address the specific loop in question. The entire
algorithm is carried out five times, and the final set of
densest clusters are used to generate dihedral angle bounds
on each loop residue.

Tertiary structure prediction

On the basis of the approaches presented in the previous
sections, we can generate the following set of constraints:
(1) Backbone dihedral angle bounds for amino acids identi-
fied as lying in a-helices and b-strands; (2) Ca-Ca distance
constraints for amino acids in a-helices that are separated by
three or four residues in sequence; (3) distance constraints
between amino acids that are predicted to contact each other
based on the b-sheet topology; (4) residue–residue distance
constraints between amino acids as predicted by the contact
prediction algorithm; and (5) dihedral angle bounds on
amino acids in all intermediary loops of the protein. In addi-
tion, optimization-based methods have been developed to
improve the bounds on dihedral angles in the predicted sec-
ondary structures, as well as improvement in distance bounds
based on the predicted secondary structure and sheet topol-
ogy.37 The tertiary structure prediction algorithm has been
implemented as a combination of the deterministic global
optimization (aBB algorithm), stochastic global optimization
(conformational space annealing), and molecular dynamics
in the torsion angle space (torsion angle dynamics).

Energy function

According to Anfinsen’s hypothesis,1 the native state of
the protein lies at the global free energy minimum of the
system. Hence, while solving for the protein structure, it is
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imperative that the energy function be a reflection of the
free energy landscape of the protein. Common physics-based
energy functions include energetic contributions from terms
based on atomic bonds, atomic angles, torsional angles, van
der Waals interactions, and electrostatics. Some examples of
force fields, which include all of such terms are AMBER70

and CHARMM.71 A modified approach is to assume the
covalent bond lengths and bond angles to lie at their mean
values. This way, one can ignore the energetic contributions,
which arise from the first two terms previously mentioned.
By fixing these parameters to their mean values, force fields
such as ECEPP,72 ECEPP/339 and ECEPP-0573 can define
their energy expressions purely based on the protein dihedral
angles. Modeling the protein using only its dihedral angles
significantly reduces the variable space when compared with
the cartesian representation that one would have to adopt if
bond lengths and angles were included. For ASTRO-FOLD
2.0, we use the ECEPP/3 potential function, which contains
terms representing electrostatic, van der Waals, hydrogen
bonding, and torsion angle contributions given by:

EECEPP=3 ¼
X

ði;jÞ2ES

qiqj
rij

þ
X

ði;jÞ2NB
Fij

Aij

r12ij
� Cij

r6ij

þ
X

ði;jÞ2HB

A0
ij

r12ij
� Bij

r10ij
þ

X
ðkÞ2TOR

E0;k

2
ð1þ ck cos nkhkÞ ð15Þ

In Eq. 15, rij represents the distance between a pair of
atoms i and j, given that both the atoms fall into the set of
atoms over which the summation is carried out. The parame-
ter Fij, which represents the relative impact of the repulsive
part of the Lennard–Jones expression, is taken as 0.5 for one
to four interactions, and 1.0 for one to five interactions. Non-
bonding parameters such as Aij, A0

ij, Bij, and Cij are atom
pair dependent. The sets ES, NB, and HB are defined over
the set of pairs of atoms i and j that can have electrostatic,
nonbonded, and hydrogen bonding interactions, respectively.
The set TOR runs over all torsion angles of the protein that
can contribute to the last term of the expression.

Problem formulation

The problem of finding the global energy minimum of a
protein can be formulated as:

min
h

EECEPP=3ðhÞ
Edist
l ðhÞ � Eref

l

hLk � hk � hUk

(16)

In Eq. 16, EECEPP/3(y) is the ECEPP/3 energy of the pro-
tein described previously. yLk and yUk represent the lower and
upper bounds on any dihedral angle yk. The distance penalty
term Edist

l , for a given conformation y can be written out as
a combination of lower and upper distance penalty terms
given by:

EL
dist ¼

X
j

AL
j ðdj � dLj Þ2 if dj\dLj

0 otherwise

�
(17)

EU
dist ¼

X
j

AU
j ðdj � dUj Þ2 if dj\dUj

0 otherwise

�
(18)

Deterministic global optimization using aBB

To solve the constrained minimization problem given by
Eq. 16, we need to use global optimization-based search tech-
niques. One such global optimization technique, which avoids
dependence on initial conditions and search heuristics, is the
aBB global optimization approach.40,41,74–76 The algorithm is
a deterministic global optimization approach, which provides
theoretical guarantee of convergence to the global optimum
solution for problems with twice-continuously differentiable
objective functions and constraints. The aBB global optimiza-
tion approach guarantees convergence to an e-global optimum
solution by creating a sequence of nondecreasing lower
bounds, along with a sequence of nonincreasing upper bounds
on the optimum value. Eventual convergence of these sequen-
ces lead to the identification of the global optimum. The
method has been applied successfully to the problem of pro-
tein structure prediction previously,31,38 and we only highlight
the key aspects of the algorithm.

The lower bounding problems are constructed by aug-
menting the objective function and constraints with separable
quadratic functions. Mathematically, the lower bounding
function is represented as:

min
h

LECEPP=3ðhÞ
Ldistl ðhÞ � Eref

l

hLk � hk � hUk

(19)

The term LECEPP/3(y) refers to the convex lower bounding
function representation of the objective function and is
expressed as shown in Eq. 20. The a-parameters represent
non-negative parameters, which must be greater than or
equal to negative one-half of the minimum eigenvalue of the
hessian of the original energy function over the defined do-
main.77 Mathematically, the aim of the additional quadratic
terms is to overpower the nonconvexities of the original
terms by adding a value of 2a to the eigenvalues of the hes-
sian of the original energy function. Given solutions to the
lower and upper bounding problems, the algorithm branches
on the subproblem, which holds the infimum of all the lower
bounding function values. This ensures that we get a series
of non-increasing lower bounds. The series of nondecreasing
upper bounds is determined by identifying the protein struc-
ture with the minimum energy value. Any region where the
lower bounding energy value exceeds the best current upper
bound can be safely fathomed, as the global minimum would
definitely not be present in this region.

LECEPP=3ðhÞ ¼ EECEPP=3ðhÞ þ
XNh

i¼1

ahiðhLi � hiÞðhUi � hiÞ (20)

Torsion angle dynamics

Before the implementation of the deterministic global
optimization, it is vital to get initial structures, which fall
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into the feasible space of the optimization problem. Here,
the feasible space of the problem is defined by the dihedral
angle and distance bounds generated in the previous sec-
tions. Various algorithms have been used for the problem of
identifying structures, which satisfy a sparse set of distance
and dihedral angle constraints. For protein structure predic-
tion problems, distance geometry algorithms such as
EMBED78 and dgsol79 have been used to produce feasible
initial structures. In addition to distance geometry methods,
a number of other algorithms such as variable target meth-
ods80 and molecular dynamics81 have also been used for this
problem. A detailed review on algorithms for constrained
protein structure determination is available elsewhere.82

The ASTRO-FOLD framework involves an interface with
the torsion angle dynamics package CYANA.83 By fixing the
covalent bonds and bond angles to their mean values, the tor-
sion angle dynamics package works in the dihedral angle
space, thus reducing the number of variables drastically. Fur-
ther, unlike target minimization, molecular dynamics allows
itself the possibility of overcoming energy barriers, due to
the presence of kinetic energy. Unlike classical molecular dy-
namics simulations, the torsion angle dynamics algorithms
combine steric clashes-based energy terms and constraint-
based penalties in a simplified target function. This allows
for faster calculations and results in the algorithm aiming to
identify structures, which are fairly low in energy, but are
more importantly, feasible. Algorithmic implementation
details of the initial point selection can be found elsewhere.38

Conformational space annealing

In conjunction with the aBB deterministic global optimi-
zation approach presented, we can use stochastic or heuristic
search techniques to improve the search process for the iden-
tification of low energy conformations. While the lower
bounding problem, as presented in the aBB algorithm pro-
vides the theoretical guarantee to create a nondecreasing
sequence of lower bounds which would approach the global
optimum solution from below, we can integrate heuristic
search techniques into the process of creating the sequence
of nonincreasing upper bounds. This would provide multiple
advantages. First, a faster, albeit stochastic, method would
identify new regions of the search space, which may hold
the global minimum solution. In addition, by identifying
such regions and their corresponding upper bounds, one can
fathom other regions of the space where the minimum struc-
ture is such that the lower bounding function has an energy
value greater than the best current upper bound.

One such algorithm is conformational space annealing
(CSA),27,84,85 proposed by Scheraga and coworkers. Although
the CSA approach lacks theoretical guarantees, given its high
efficiency, a hybrid implementation of the aBB and CSA
would be highly favorable.

Starting with a bank (Nbank) of conformers generated by
the aBB global optimization algorithm, a distance metric for
evaluating separation between structures i and j in the bank
is given by:

Dij ¼
XN/

k¼1

j/k
i � /k

j j (21)

where N/ is the number of dihedral angles of the protein, and
/k
i , /k

j are the kth dihedral angle of conformers i and j,
respectively. Given this definition of distance, the average
distance between structures in the bank (Davg) can be
evaluated by:

Davg ¼ 1
1
2
:Nbank:ðNbank � 1Þ

XNbank

i

XNbank

j;j>i

Dij (22)

The conformational space is searched using heuristics
based on genetic algorithms. This involves alteration of con-
formers, which exist in the bank using two heuristic modifi-
cations: mutations and crossover operations. The mutation
operation identifies between one and four /, w and n1 dihe-
dral angles and changes their values to the ones held by
another conformer in the bank. Simultaneously, the crossover
operation replaces a randomly selected continuous range of
dihedral angles (between 1/8 and 1/4 of the total number of
dihedral angles) from a given conformer with the values
from a second conformer. Once a mutation or crossover
operation is carried out, the new conformer is subjected to
local minimization. To ensure that any new structures identi-
fied by the genetic algorithm does not fall too close to a
structure already existing in the bank, a ‘‘radius of influ-
ence,’’ Dcut, is determined. This ensures that the conformer
bank does not become too biased towards a specific region
in the search space too early.

Further implementation details of the hybrid aBB/CSA
algorithm can be found elsewhere.38

Selection of near-native structures

Protein structure prediction encompasses two major chal-
lenges: (1) the generation of a large ensemble of high-resolu-
tion structures for a given amino acid sequence and (2) the
identification of the structure that is closest to the native
structure from this ensemble, especially for a blind structure
prediction problem. A number of approaches have been used
for the identification of near-native structures from large
ensembles of predicted conformers. These can be broadly
classified into force field-based techniques and clustering-
based techniques. Force field-based techniques can be further
classified into physics-based and knowledge-based force field
techniques. Physics-based force field techniques aim to eval-
uate coefficients of individual terms in potentials such as
AMBER,70 CHARMM,71 and ECEPP/3,39 so as to increase
correlation between nearness to native structure and energy
value. Knowledge-based potentials aim to derive parameters
for distances between Ca atoms,86 Centroids,87 or all
atoms,88 so as to separate out the native structure from the
non-native decoys. However, the success of all force-field-
based techniques would depend on the similarity of the train-
ing data set to the conformational ensemble of the blind tar-
get protein.

In the ASTRO-FOLD 2.0 framework, we address this
challenge by implementing an iterative novel traveling sales-
man problem (TSP)-based clustering approach, known as
ICON.69 By considering each conformer generated from the
ASTRO-FOLD 2.0 framework as a node on a traveling
salesman path, we identify the globally optimal path through
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each of these nodes. Once the optimal path is determined,
this path is partitioned into clusters such that the clusters
minimize the global sum of intracluster differences in values.
An overview of each of the steps of ICON is presented
below, and the details can be found elsewhere.69,89

With each conformer of the target protein as a node on
the TSP path, we define binary variables yi,i

0 for any pair of
nodes i and i0 as:

yi;i0 ¼ 1 : if node i0 immediately precedes node i

0 : otherwise

�
(23)

The objective function is then defined as90:

min
X
i

X
i0

yi;i0/mi;mi0 (24)

where /mi,j,mi
0,j is given by:

/ðmi;mi0 Þ ¼
X
j

minðmi;j � mi0;j; 360� ðmi;j � mi0;jÞÞ2 (25)

Here, the index j runs over all the pairs of (/,w) angles of
each amino acid of the target protein. Constraints, which
ensure that each node has exactly one node preceding and
following it on the TSP path, are implemented. In addition,
efficient TSP solvers such as Concorde91 introduce addi-
tional cuts, which eliminate circular tours and subtours.
Once the optimal path through all conformers is determined,
we propose an integer linear programming (ILP) model to
determine the cluster boundaries for a given optimal order-
ing.89 As for any node on the TSP path, we know the imme-
diate neighbors on the path, the aim is to simply determine
the points on the TSP path where immediate neighbors on
the path fall into separate clusters. This would be sufficient
to identify the boundaries of clusters. To do this, we gener-
ate a distribution of /i,iþ1 (where /i,iþ1 are defined as in Eq.
25). For any local window of x elements, we identify nodes
where the neighbor distance falls below one standard devia-
tion of the global average of this distribution. In addition,
this distance would be the minimum in its local window, so
as to ensure that we do not separate out elements that are
very similar. By selecting local minima points of this distri-
bution as cluster ‘‘seeds,’’ we now have the problem of plac-
ing the remaining ‘‘outlier’’ points with the cluster seed ele-
ment immediately before or after them in the optimal TSP
path. This has been modeled as an integer linear program-
ming (ILP) model, with binary variables assigning the outlier
points to either the cluster before or after them. The objec-
tive function includes terms, which account for the fixed
cost (distance between an outlier and the seed of the cluster)
and variable cost (distance between two outliers both
assigned to the same cluster seed). Constraints are intro-
duced to ensure that there are no crossovers, that is, for any
pair of outliers i,i þ 1, the assigned cluster of element i þ 1
should be greater than or the same as that of element i.
Details of the mathematical implementation of the model
can be found elsewhere.89 Subsequently, the cluster centroids
for each cluster are identified by determining the cluster ele-
ment with the minimum distance to all other elements of the
cluster, with the distance being defined again as in Eq. 25.

Following this, we eliminate loosely bound clusters by ana-
lyzing cluster densities. All clusters with cluster densities
greater than the median value are retained for future itera-
tions. At the end of 10 iterations or when left with half the
initial number of conformers, we rerank the final list of clus-
ter centroids using high-resolution distance-dependent force
fields.86,87 The lowest energy structures are identified as the
structures nearest to the native.

Improved distance and dihedral bound generation using
chemical shifts

Chemical shift information is widely used for protein
structure prediction.92–99 This is based on the fact that chem-
ical shifts of protein backbone atoms are very sensitive to
the local structures of the protein, thus, chemical shifts can
help protein structure prediction in various ways. Shen et al.
developed a protocol chemical-shift-Rosetta (CS-Rosetta), to
study the influence of the completeness of chemical shifts on
protein structure prediction.94 TALOS98 is an algorithm for
backbone dihedral angle prediction using chemical shift
database information. The database consists of amino acid
triplets with corresponding secondary chemical shift and
sequence information. By searching the best match of triplet
of the query protein against the database, the dihedral angles
can be predicted using a consensus scheme of the top 10
matches. The test shows that the predicted dihedral angles
are on average 15� from the X-ray derived backbone angles.
TOUCHSTONEX99 predicts protein structure by using some
long-range distance restraints derived from NMR experimen-
tal data (including chemical shifts, NOE contacts, slow am-
ide protein exchange, etc.). A NOE-specific pairwise poten-
tial is incorporated to tackle the NMR experimental data-
derived constraints. A total of 108 of 125 test proteins are
folded below 6.5 Å of Ca RMSD.

In ASTRO-FOLD 2.0, the structures resulting from the
clustering are subject to the SPARTA92 algorithm, which
predicts the backbone chemical shifts from tertiary structure.
The predicted chemical shifts are then used by CS23D
(chemical shift to 3-D structure)93 to predict the protein 3-D
structure. SPARTA92 predicts backbone chemical shifts for a
given protein structure by searching a database of amino
acid triplets with chemical shift data of 15N, 1HN, 1Ha, 13Ca,
13Cb, and 13C0 atoms. The triplet database of SPARTA is
expanded by adding more proteins from Biological Magnetic
Resonance Data Bank (BMRB). The same procedure is used
for adding triplet into the database as in Ref. 92. For exam-
ple, completeness of chemical shifts data for 1Ha, 13Ca, 13Cb,
and 13C0 is checked by ensuring at least four of five chemi-
cal shifts for these five atoms should exist. For Glycine and
Proline, three of four chemical shifts should exist to be
added into the database; Only PDBs with 2.4 Å resolution or
less are selected for analysis from the BMRB.

CS23D predicts the protein structure given the protein
backbone chemical shift information and sequence informa-
tion. No NOE or J-coupling information is needed for
CS23D to predict the protein structure. It consists of several
steps involving maximal sub-fragment assembly, chemical
shift threading, or chemical shift based de novo structure
prediction, chemical shift refinement. The performance of
CS23D is dependent on the completeness and correctness of
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the chemical shift data and the sequence similarity between
the query protein and the proteins in the database.

Both SPARTA and CS23D are installed locally.92,93 By
generating the modified protein structure from CS23D, we
identify improved distance constraints between pairs of
amino acids. In addition, consensus methods between the
original dihedral angle constraints and the angles of struc-
tures generated by CS23D are taken to generate improved
dihedral angle bounds. These improved constraints are used
to rerun the tertiary structure prediction algorithm discussed
previously. The final ensemble of collected structures is
compiled and clustered using the novel traveling salesman
problem-based clustering algorithm ICON, shown in the pre-
vious section. From this stage, the final subset of structures
closest to the native are identified.

Computational Studies

A major test of protein structure prediction methods is
done through a biennial world wide competition, critical
assessment of techniques for protein structure prediction
(CASP). In this section, several examples of CASP9 predic-
tion (http://predictioncenter.org/casp9/) using the ASTRO-
FOLD 2.0 framework will be presented. Detailed analysis of
secondary structure prediction is presented in terms of the
three-state (Q3) prediction accuracy, contact prediction is
evaluated by its prediction accuracy, and tertiary structure
prediction is evaluated by root mean square deviation
(RMSD), template modeling (TM) score, and global distance
test (GDT) score of the Ca atoms from the native structure.

Forty seven tertiary structure predictions made by
ASTRO-FOLD 2.0 during CASP9 are presented in this sec-
tion. The identification of domains for analysis was carried
out by the organizers of CASP9. The detailed structure eval-
uations are listed in Table 1. In this table, RMSD, GDT, and
TM scores are listed first for the top submitted prediction of
the ASTRO-FOLD 2.0 models, followed by the same infor-
mation for the best of the five ASTRO-FOLD 2.0 submitted
models. As it is shown in this section, ASTRO-FOLD 2.0
successfully predicts good quality structures and substruc-
tures for a number of proteins. In this section, a few of the
protein structures predicted by ASTRO-FOLD 2.0 are
selected for detailed analysis. We present the results from
the secondary structure and contact prediction algorithms,
along with the tertiary structure prediction results, thus, rep-
resenting the impact and importance of these intermediate
algorithms toward the final 3-D prediction algorithm.

T581:3NPD

Target T581 has been categorized as a free modeling tar-
get (PDB code: 3NPD). 3NPD is a one-chain protein with
112 amino acids having specified native coordinates (amino
acids 20–131). Out of the 136 amino acids of T581, only
amino acids 20–131 are used for evaluation.

As shown in Figure 2, there are five strands in T581 form-
ing a beta sheet with all neighboring strands contacting in
antiparallel fashion. In the native structure, the positions of
the five b strands are: strand 1 from amino acids 44–45,
strand 2 from amino acids 50–58, strand 3 from amino acids
61–68, strand 4 from amino acids 106–113, and strand 5
from amino acids 119–125. In addition, the protein contains
five helices located at: helix 1 from amino acids 22–39, he-
lix 2 from amino acids 70–78, helix 3 from amino acids 80–
92, helix 4 from amino acids 95–101, and helix 5 from
amino acids 127–130. These five helices are on one side of
the five-stranded sheet, thus, forming a hydrophobic core-
like region between the two secondary structure layers. The
interacting pairs of the helices are between helices 1 and 2
(N-terminal to C-terminal), between helices 2 and 3 (C-ter-
minal to N-terminal), between helices 3 and 4 (C-terminal to
the middle), and between helices 3 and 5 (the middle to C-
terminal).

The secondary structure prediction for T581 has a rela-
tively low prediction accuracy (59.8%). This can be attrib-
uted to the fact that the protein is categorized as a free mod-
eling target, thus, having a low sequence similarity to the
protein database. This would result in varied predictions of

Table 1. Structure Evaluations of CASP9 Targets for
ASTRO-FOLD 2.0

Top 1 model Best model

Prot GDT TM RMSD GDT TM RMSD

T531-D1 0.25 0.19 11.94 0.28 0.21 11.94
T544-D1 0.19 0.23 15.14 0.26 0.31 10.46
T553-D1 0.40 0.32 7.53 0.44 0.32 6.59
T553-D2 0.32 0.29 12.11 0.38 0.35 8.53
T561-D1 0.31 0.39 11.66 0.31 0.39 11.66
T578-D1 0.23 0.24 17.66 0.23 0.24 15.91
T581-D1 0.36 0.37 12.08 0.36 0.37 12.08
T616-D1 0.35 0.31 14.75 0.36 0.35 12.30
T618-D1 0.21 0.26 18.66 0.26 0.32 13.92
T621-D1 0.13 0.21 19.08 0.18 0.26 17.16
T624-D1 0.24 0.19 12.08 0.34 0.30 8.44
T517-D1 0.35 0.46 14.48 0.35 0.46 9.28
T520-D1 0.60 0.72 3.98 0.60 0.74 3.74
T523-D1 0.62 0.67 5.16 0.62 0.67 3.72
T540-D1 0.27 0.27 12.68 0.36 0.34 7.55
T562-D1 0.35 0.41 10.80 0.35 0.41 10.80
T564-D1 0.43 0.40 13.40 0.43 0.40 11.35
T566-D1 0.34 0.43 7.90 0.50 0.61 4.50
T568-D1 0.25 0.28 12.31 0.28 0.31 12.02
T569-D1 0.22 0.20 12.89 0.73 0.72 3.02
T574-D1 0.40 0.41 7.54 0.40 0.41 7.54
T576-D1 0.16 0.20 17.59 0.35 0.44 9.12
T579-D1 0.53 0.40 4.94 0.53 0.40 4.94
T579-D2 0.39 0.36 10.09 0.39 0.36 8.37
T580-D1 0.89 0.91 1.37 0.89 0.91 1.37
T582-D1 0.23 0.28 10.00 0.35 0.38 8.31
T584-D1 0.28 0.43 23.07 0.28 0.43 13.83
T586-D1 0.79 0.79 2.18 0.79 0.79 2.18
T586-D2 0.81 0.64 2.87 0.81 0.64 2.87
T590-D1 0.74 0.70 2.59 0.74 0.70 2.59
T592-D1 0.56 0.64 8.69 0.60 0.68 8.32
T594-D1 0.40 0.48 7.00 0.53 0.61 4.85
T596-D1 0.83 0.72 1.60 0.85 0.74 1.58
T596-D2 0.51 0.54 4.92 0.66 0.72 3.30
T598-D1 0.50 0.55 5.81 0.50 0.55 5.81
T602-D1 0.72 0.57 2.87 0.72 0.61 2.47
T605-D1 0.85 0.73 1.61 0.87 0.77 1.36
T606-D1 0.57 0.62 7.91 0.57 0.62 7.91
T610-D1 0.62 0.71 6.43 0.62 0.71 6.43
T612-D1 0.40 0.39 8.36 0.40 0.42 8.07
T614-D1 0.30 0.29 12.47 0.46 0.41 5.76
T619-D1 0.73 0.78 2.22 0.77 0.83 1.80
T622-D1 0.51 0.55 7.32 0.53 0.62 7.32
T625-D1 0.29 0.40 13.66 0.29 0.40 13.66
T627-D1 0.40 0.60 7.58 0.40 0.60 7.58
T629-D1 0.27 0.21 10.55 0.44 0.34 9.02
T630-D1 0.51 0.55 5.45 0.51 0.55 5.45
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secondary structures by multiple methods, thus, resulting in
an unsatisfactory consensus result. The predicted secondary
structure information is listed in Table 2. As for the helical
prediction, predicted helix 1 cannot be evaluated because the
first 19 amino acids of T581 do not have coordinates in
native structure. The prediction of the two helices at the C-
terminal is accurate, whereas the predicted helix 3 contains
strand 1 of the native structure, and the predicted helix 4
corresponds to strand 3 of the native structure.

While evaluating the contact prediction results (Table 3),
we observe that ASTRO-FOLD 2.0 has an accuracy of 40%
for amino acid pairs that are at least six amino acids apart,
with average true prediction distance 5.9 Å and average false
prediction distance 15 Å. A maximum distance cutoff of 12
Å between two Ca atoms has been used for defining a con-
tact between two amino acids. The distance cutoff of 12 Å
has been used to match the distances predicted in the contact
prediction model, which uses a high-resolution Ca-Ca dis-
tance-dependent force field for its predictions. The lower ac-
curacy of the contact prediction algorithm can be attributed
to inconsistencies in the secondary structure prediction algo-
rithm.

It is worthy to note that the above accuracy is calculated
based on the lower and upper distance bounds used by the
contact prediction model in ASTRO-FOLD 2.0. If the real
distance falls in the range between lower and upper distance
bounds, the contact is taken as a true contact, otherwise it is
a false contact. In ASTRO-FOLD 2.0, lower and upper dis-
tance bounds are used as constraints for tertiary structure
prediction. ASTRO-FOLD 2.0 uses 4.5–6.5 Å for the verti-
cally contacted strand amino acid pairs (if two amino acids
on two different interacting strands are closest in space,

these two amino acids are denoted as ‘‘being vertically con-
tacted’’.). If lower and upper bounds are set to 0 and 12 Å
for all the predicted contacts, the contact prediction accuracy
is 62.5%.

Figure 2. Native structure of T581 (3NPDA).

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

Table 2. Predicted Secondary Structure Information for
T581 by ASTRO-FOLD 2.0

Helix Strand

3–12 106–111
15–35 120–125
44–52 129–132
62–77
81–89
97–102

Table 3. Predicted Amino Acid Contacts for T581 of CASP9

AA1 AA2 Distance AA1 AA2 Distance

106 125 5.458 107 123 8.238
107 124 5.646 108 122 7.05
108 123 5.642 109 121 7.79
109 122 5.57 110 120 7.933
110 121 6.215 108 124 4.303
111 120 5.377 106 123 10.02
106 124 6.445 107 122 10.58
107 125 5.154 108 121 10.35
109 123 5.171 109 120 10.47
110 122 4.634 124 131 13.86
111 121 5.17 123 131 15.97
108 125 6.379 124 130 10.83
109 124 6.421 125 131 10.4
110 123 6.765 122 131 19.75
111 122 6.171 123 130 12.88
27 62 10.33 27 46 28.12
50 68 4.65 30 46 25.47
51 66 5.443 31 46 22.3
76 83 6.429 27 63 13.93

30 68 28.23
31 66 17.98
31 68 24.53
34 66 16.72
50 62 18.85
50 63 15.68
51 62 17.28
51 63 14.2
83 100 21.61
83 101 19.86

Data are shown for amino acid pairs that are at least six amino acids apart.
First three columns show the true predicted contacts whose distances fall
between the predicted lower and upper distance bounds; whereas the last
three columns show the false predicted contacts where the real distance falls
outside the predicted distance range.

Figure 3. Native structure of T581 segment (70–128
amino acids) shown in gray. Top 1 model seg-
ment (70–128 amino acids) from ASTRO-
FOLD 2.0 is colored in rainbow.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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The top submitted structure from ASTRO-FOLD 2.0 pre-
dictions has a RMSD value of 12.08 Å, a GDT score of
36%, and a TM score of 37% from the native. The overlay
between the top structure of ASTRO-FOLD 2.0 and the
native does not fit well between these two structures due to
the high RMSD and low GDT, TM scores. However, when
compared with all submitted structures to the CASP9 organ-
izers (including predictions by servers and human expert
groups), the ranking of the top submitted structure by
ASTRO-FOLD 2.0 is 6, 5, and 16 based on TM, GDT, and
RMSD, respectively.

A closer analysis shows that for a segment of T581
(amino acids 70 to 128), its RMSD value is 3.9 Å, and its
GDT score is 61%. Figure 3 shows the overlay of this seg-
ment with the corresponding native segment. The overall fit
between the predicted segment and the native is much better
than the whole protein. This indicates that ASTRO-FOLD
2.0 is able to predict parts of the protein very well even
when the overall topology prediction is incorrect. In a num-

ber of cases, there are parts of crystallographic structures
that are missing due to inconsistencies in experimental
results. The role of ASTRO-FOLD in modeling small sub-
sections accurately could be utilized for identification of
these regions. This is particularly relevant for free modeling
targets where we observe that most methods which depend
on the sequence or structural database (for alignment, thread-
ing or fragment assembly) are unable to provide structures
of very high quality.

T602:3NKZ

Target T602 of CASP9 corresponds to protein 3NKZ.
3NKZ has four identical chains with three helices on each
chain. T602 sequence has 123 amino acids while each chain
of protein 3NKZ has only the first 97 amino acids available.
Thus, the evaluations of secondary structure prediction, con-
tact prediction, and tertiary structure prediction are based on
the 97 amino acids only. The three helices of 3NKZA form
a plane with helices 1 and 2 antiparallel, helices 2 and 3
antiparallel (see Figure 4).

The secondary structure prediction resulted in four helices
for T602 (123 amino acids), and they are: helix 1 from amino
acid 4 to amino acid 30; helix 2 from amino acid 34 to amino
acid 51; helix 3 from amino acid 63 to amino acid 96; helix 4
from amino acid 100 to amino acid 110. By excluding the

Figure 4. Native structure of T602 (3NKZA) shown in
gray. Helix 1: amino acids 3–28; Helix 2:
amino acids 35–56; Helix 3: amino acids 61–
96. Top 1 model from ASTRO-FOLD 2.0 is col-
ored in rainbow.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

Table 4. Predicted Amino Acid Contacts for T602 of CASP9

AA1 AA2 Distance AA1 AA2 Distance

17 39 10.64 17 36 14.14
20 36 9.97 18 36 14.55
20 39 7.09 18 39 12.19
24 37 8.65 25 41 14.80
24 41 11.55 27 41 15.11
25 37 11.63 43 66 22.92
27 37 9.95 43 67 19.89
44 71 11.11 43 71 14.66
47 71 10.13 44 66 19.46

44 67 16.60
47 66 17.80
47 67 14.44

Data are shown for amino acid pairs that are at least six amino acids apart.
First three columns show the true predicted contacts whose distances fall
between the predicted lower and upper distance bounds; whereas the last
three columns show the false predicted contacts where the real distance falls
outside the predicted distance range.

Figure 5. Native structure of T562 shown in gray. Top 1
model from ASTRO-FOLD 2.0 is colored in
rainbow.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

Table 5. Predicted Secondary Structure Information for

T562 by ASTRO-FOLD 2.0 and the Native Secondary
Structure Information

Helix (Predicted)
Helix

(Native)
Strand

(Predicted)
Strand
(Native)

47–53 5–10 5–9
67–81 72–82 19–26 18–27
85–89 30–38 30–40

107–121 108–117 56–61
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amino acids beyond amino acid 97, the secondary structure
prediction has a Q3 prediction accuracy 88.7%.

Contact prediction shows an average accuracy of 42.9%
for amino acid pairs that are at least six apart in protein
T602. The detailed list of predicted contacts for T602 is pre-
sented in Table 4.

As can be seen from Table 4, there are five false and
seven true predicted contacts between helices 1 and 2, while

for helices 2 and 3, there are only two true contact predic-
tions, and seven false predicted contacts. One thing to note
from Figure 4 is the three helices of T602 are not compact,
and it is an open structure.

The top submitted structure of ASTRO-FOLD 2.0 has a
RMSD value of 2.18 Å from the native, a GDT score of
72% from the native, and a TM score of 57% from the
native. ASTRO-FOLD 2.0 was able to predict the structure
for T602 with 2.18 Å RMSD to the native. The overlay
between the top 1 model and the native is shown in Figure
4. In this figure, native structure is presented in gray and top
1 model is colored in rainbow. As can be seen from Figure
4, the overall topology of the first submitted structure is the
same as the native, which is also indicated by its above 70%
GDT score to the native.

T562:2KZX

Target T562 has 123 amino acids and the corresponding
PDB code is 2KZX. 2KZX is a NMR structure and has only
1 chain (A). 2KZXA is a mixed a/ b protein with three
strands in the first 45 amino acids forming a beta sheet, and
three helices in the rest part of protein. The three helices sur-
round the beta sheet, see the gray structure in Figure 5.

Table 6. Predicted Amino Acid Contacts for T562 of CASP9

AA1 AA2 Distance AA1 AA2 Distance AA1 AA2 Distance

5 26 6.01 6 26 7.83 30 61 37.83
6 25 6.63 7 25 8.71 31 60 33.43
7 24 6.09 8 24 9.01 32 59 32.82
9 22 6.92 9 23 8.94 33 58 26.50

10 21 6.06 10 22 9.02 34 57 23.27
5 25 4.67 8 23 6.90 35 56 17.39
6 24 5.05 7 26 10.91 32 61 33.67
8 22 5.80 8 25 12.17 33 60 29.69

10 20 5.46 9 24 11.86 34 59 25.70
19 38 5.17 10 23 11.92 35 58 19.69
22 35 6.49 7 23 4.23 36 57 16.69
23 34 5.62 9 21 4.26 37 56 12.41
24 33 6.36 8 26 14.14 30 60 36.98
25 32 6.15 9 25 15.03 31 59 32.81
25 31 5.95 10 24 14.72 32 58 30.23
21 37 5.34 20 37 6.51 33 57 26.30
22 36 5.80 21 36 6.80 34 56 21.16
23 35 5.00 19 37 8.68 33 61 29.95
24 34 4.59 20 36 8.05 34 60 26.21
25 33 4.84 21 35 8.80 35 59 22.36
26 32 5.68 22 34 7.40 36 58 16.36
24 31 7.01 23 33 8.59 37 57 13.99
21 38 5.01 24 32 8.32 38 56 10.97
22 37 6.28 20 38 4.39 75 113 13.02
23 36 6.41 19 36 11.21 79 113 12.17
24 35 6.51 20 35 11.11 80 107 14.50
25 34 5.44 21 34 10.75 80 111 12.01
26 33 6.74 22 33 10.97 80 113 15.00
75 110 7.92 23 32 11.45
75 111 9.48 31 61 34.16
78 107 10.74 32 60 33.35
78 110 10.87 33 59 29.16
78 111 10.65 34 58 23.20
79 107 10.87 35 57 19.57
79 110 9.19 36 56 14.88

Data are shown for amino acid pairs that are at least six amino acids apart. First three columns show the true predicted contacts whose distances fall between
the predicted lower and upper distance bounds; whereas the last three columns show the false predicted contacts where the real distance falls outside the pre-
dicted distance range.

Figure 6. Native structure of T562 segment (first 43
amino acids) shown in gray. Top 1 model
from ASTRO-FOLD 2.0 is colored in rainbow.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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The secondary structure prediction has a Q3 prediction ac-
curacy of 70%. The detailed secondary structure prediction,
together with the native secondary structure information are
listed in Table 5.

As shown in the table, the second and third helices are
correctly predicted, while the first helix is mispredicted. For
the beta strand prediction, all the three native strands are
correctly predicted.

Contact prediction for T562 has an accuracy of 35.7% for
predicted contacts of amino acids that are at least six amino
acids apart using predicted lower and upper distance bounds
as distance cutoff. If 0 and 12 Å are used as lower and upper
bounds, the prediction accuracy increases to 62%. A total of
98 contacts are predicted. The anti-parallel beta sheet topology
is correctly predicted for T562, as can be seen from the true
contacts of Table 6. Strand 1 (amino acids 5–9) and strand 2
(amino acids 18–27) interact in an antiparallel orientation, and
the corresponding amino acids pairs from these two strands
are predicted to form contacts. For example, amino acids 5
and 26 form a contact with a distance of 6.01 Å; amino acids 9
and 22 form a contact with a distance of 6.92 Å; As the begin-
ning of strand 1 (amino acid 5) contacts with the end of strand
2 (amino acid 26), and the beginning of strand 2 (amino acid
22) contacts with the end of strand 1 (amino acid 9), these two
strands form an antiparallel contact. A similar observation can
be made to strands 2 and 3 as well.

The 3-D structure prediction of ASTRO-FOLD 2.0 gener-
ates a top 1 model with a RMSD value of 10.8 Å, a TM
score of 40.9%, and a GDT score of 34.8% from the native
structure. The corresponding rankings of the top 1 model
compared with all other human and server predictions are
19, 3, and 4, respectively. As shown from Figure 5, the over-
all topology of the prediction is fairly similar to the native
but not close enough to generate RMSD values lower than 6
Å. This can be attributed to the inconsistencies in secondary

structure prediction, which led to some incorrect contact pre-
dictions.

The segment analysis shows that for a segment of T562
(first 43 amino acids), the top 1 predicted model of
ASTRO-FOLD 2.0 has a RMSD value of 4.9 Å with a
GDT score of 54.7% and a TM score of 37.2%. The over-
lay structure between the segment of the top 1 model of
ASTRO-FOLD 2.0 predictions and the corresponding seg-
ment of the native structure is displayed in Figure 6. As
shown in this figure, the two structures are well fitted to
each other. This segment is a three-strand-beta sheet struc-
ture. As described earlier, these three strands form antipar-
allel contacts with each other and the contact predictions
between these three strands are correct. This is why
ASTRO-FOLD 2.0 predicted this segment with a low
RMSD value (below 5 Å), thus, reflecting the importance
of the intermediate contact prediction algorithm in the
larger picture of tertiary structure prediction.

T580:3NBM

T580 has 105 amino acids, and it is a mixed a/ b protein
with four strands and five helices. Its PDB code is 3NBM.
3NBM has only one chain (A). Only the first amino acid
does not have coordinates in the PDB structure, thus, total
104 amino acids are used for evaluation. The four strands
form one sheet in the center of the protein with all pairs par-
allel, and five helices lie on both sides of the sheet in an al-
ternative fashion, see Figure 7. The four strands of T580 are:
strand 1 from amino acids 4–10; strand 2 from amino acids
34–40; strand 3 from amino acids 53–56; and strand 4 from
amino acids 77–80. The five helices are: helix 1 from amino
acids 15–30; helix 2 from aminos acid 48–50; helix 3 from
amino acids 64–71; helix 4 from amino acids 83–90; and he-
lix 5 from amino acids 93–102.

The contact prediction of T580 has an accuracy of 51.4%
for amino acid pairs that are at least six amino acids apart.
If lower and upper distance bounds are set to 0 and 12 Å,
respectively, the contact prediction accuracy for T580
increases to 70.8%. The analysis of the predicted contacts
(see Table 7) shows that the parallel sheet topology is cor-
rectly predicted.

The top 1 prediction of ASTRO-FOLD 2.0 agrees well
with the native structure, see Figure 7. This prediction has a
RMSD value of 1.37 Å, a TM score of 91%, and a GDT
score of 88%. The overall rankings of this structure com-
pared with other methods are 2 according to GDT score, 3
according to TM score, and 3 according to RMSD score.

T596:3NI7

T596 is a pure a protein with 213 amino acids, and its
PDB code is 3NI7. Protein 3NI7 has two chains and out of
which, only one chain is sequence-unique. 3NI7A has amino
acids 6 to 188 in its PDB structure, thus, only 183 amino
acids are used for evaluation of structure prediction, second-
ary structure prediction, and contact prediction. See Figure 8
for the native structure of T596.

The secondary structure prediction of T596 has a Q3 ac-
curacy of 82.7%. The predicted secondary structure of T596
is shown in Table 8. The two small 3–10 helices are not pre-
dicted, and helices 6 and 7 are predicted as one helix (helix

Figure 7. Native structure of T580 shown in gray. Top 1
model from ASTRO-FOLD 2.0 is colored in
rainbow.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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5 of the prediction result). All other helices are correctly
predicted and a high prediction accuracy indicates the over-
all secondary structure prediction for T596 is successful.

The high secondary structure prediction accuracy in part
contributes to the high-contact prediction accuracy (60.5%).
This contact accuracy is for amino acid pairs that are at least
six amino acids apart. The detailed true and false contact
predictions are listed in Table 9.

The best tertiary structure of the ASTRO-FOLD 2.0 predic-
tions has a GDT score of 66%, a TM score of 72%, and a
RMSD value of 3.3 Å to the native. The overlay between the
best model of ASTRO-FOLD 2.0, and the native is displayed
in Figure 8. The overall topology as well as the local structures
are well fitted to each other. The rankings compared with the
best model from other methods of CASP9 are 5, 7, and 7
according to GDT, TM, and RMSD scores, respectively.

Conclusions

This article presented several novel components of
ASTRO-FOLD 2.0. A new secondary structure prediction

Table 7. Predicted Amino Acid Contacts for T580 of CASP9

AA1 AA2 Distance AA1 AA2 Distance

5 34 6.04 6 34 7.38
6 35 6.08 7 35 8.57
7 36 5.62 8 36 7.12
8 37 6.15 9 37 8.63
4 34 4.59 7 34 10.81
5 35 5.25 8 35 10.75
7 37 4.89 9 36 10.60
6 53 4.88 10 37 11.35
7 54 4.78 8 34 12.90
8 55 4.73 9 35 14.24
9 56 5.13 10 36 13.47
7 53 6.46 6 36 4.46
8 54 5.80 53 79 7.70
9 55 6.30 54 80 8.60

10 56 6.40 55 81 7.40
5 53 6.60 53 80 10.90
6 54 5.75 54 81 10.94
7 55 6.25 19 47 18.84
8 56 5.97 23 45 22.44
8 53 8.54 23 47 19.54
9 54 7.38 23 48 18.17

10 55 8.93 29 45 31.16
4 53 7.96 29 48 26.37
5 54 8.68 60 99 18.25
6 55 7.49 63 97 23.39
7 56 8.59 63 99 20.18

53 78 5.80 63 101 22.33
54 79 6.41 64 99 17.57
55 80 5.86 64 100 16.96
56 81 6.11 67 97 22.31
53 77 4.64 67 100 17.75
54 78 4.94 67 101 20.00
55 79 4.93 69 97 25.58
56 80 4.73 69 100 20.61
54 77 6.32 69 101 22.10
55 78 5.98
56 79 6.23

Data are shown for amino acid pairs that are at least six amino acids apart.
First three columns show the true predicted contacts whose distances fall
between the predicted lower and upper distance bounds; whereas the last
three columns show the false predicted contacts where the real distance falls
outside the predicted distance range.

Figure 8. Native structure of T596 (3NI7A) shown in
gray (Only amino acids 6–188 are shown).
The best models from ASTRO-FOLD 2.0 is
colored in rainbow.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

Table 9. Predicted Amino Acid Contacts for T596 of CASP9

AA1 AA2 Distance AA1 AA2 Distance

17 25 7.79 67 92 13.12
17 28 8.70 59 123 12.97
17 30 11.49 95 125 14.97
19 25 7.80 97 125 20.35
19 30 10.46 101 119 20.96
19 31 11.58 101 122 20.07
31 41 5.39 101 125 19.08
31 44 8.13 105 119 15.16
33 41 8.12 105 122 15.08
33 44 7.83 105 123 17.04
37 44 9.46 106 119 13.13
66 88 7.60 106 123 14.94
66 89 8.61 107 122 14.78
66 92 9.41 131 147 13.17
67 87 8.35 164 177 12.76
67 88 10.90
129 147 11.08
132 147 11.36
155 178 7.52
157 178 10.57
158 177 9.60
160 177 10.46
161 178 11.59

Data are shown for amino acid pairs that are at least six amino acids apart.
First three columns show the true predicted contacts whose distances fall
between the predicted lower and upper distance bounds; where the last three
columns show the false predicted contacts where the real distance falls out-
side the predicted distance range.

Table 8. Predicted Secondary Structure Information for
T596 by ASTRO-FOLD 2.0 and the Native Secondary

Structure Information

Helix (Predicted) Helix (Native)

7–22 7–22
25–37 30–36
41–48 41–47
51–70 51–69

75–77
78–109 80–96

99–108
119–137 115–135
140–164 149–164

169–171
172–188 172–187

Helixes 5 and 10 of the native structure are 3–10 helices.
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algorithm, based on a MILP approach was introduced. The
locations of predicted b strands was used in a new integer lin-
ear formulation for the prediction of the number of b sheets
and the arrangement of b strands in all sheets. A MILP-based
contact prediction model was then introduced, which uses sec-
ondary structure and sheet topology information to derive
lower and upper bounds on distances between pairs of amino
acids. Separately, tight dihedral angle bounds on regions
between secondary structures (known as random-coil or loop
regions) were derived using an iterative approach based on
database sampling, constrained nonlinear optimization, and di-
hedral angle clustering. All of the aforementioned constraints
were introduced into the final three dimensional structure pre-
diction algorithm, which combines deterministic global opti-
mization (aBB), stochastic conformational space annealing
(CSA), and torsion angle dynamics (TAD). Predicted struc-
tures were clustered using a novel traveling salesman problem
based iterative clustering algorithm, ICON. The selected struc-
tures from the clustering procedure were used to derive
improved structures using chemical shift data. These improved
structures were used to derive improved dihedral angle and
distance bounds, which were used to run a second iteration of
the tertiary structure prediction algorithm. All of the novel
components of ASTRO-FOLD 2.0 were integrated into the
existing ASTRO-FOLD framework. The performance of the
improved ASTRO-FOLD 2.0 framework was demonstrated
for a number of blind targets from the recently concluded
CASP9 community-wide experiment.
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