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Abstract

An integer linear optimization model is presented to predict residue contacts in 8, o + f, and a/f8
proteins. The total energy of a protein is expressed as sum of a C* — C* distance dependent contact
energy contribution and a hydrophobic contribution. The model selects contacts that assign lowest
energy to the protein structure while satisfying a set of constraints that are included to enforce
certain physically observed topological information. A new method based on hydrophobicity is
proposed to find the S-sheet alignments. These S-sheet alignments are used as constraints for
contacts between residues of s-sheets. This model was tested on three independent protein test sets
and CASPS test proteins consisting of g, a + S, a/f proteins and was found to perform very well.
The average accuracy of the predictions (separated by at least six residues) was approximately
61%. The average true positive and false positive distances were also calculated for each of the
test sets and they are 7.58 A and 15.88 A, respectively. Residue contact prediction can be directly
used to facilitate the protein tertiary structure prediction. This proposed residue contact prediction
model is incorporated into the first principles protein tertiary structure prediction approach,
ASTRO-FOLD. The effectiveness of the contact prediction model was further demonstrated by
the improvement in the quality of the protein structure ensemble generated using the predicted
residue contacts for a test set of 10 proteins.
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1 Introduction

Given the primary structure of a protein, the prediction of its three dimensional structure is
referred as the protein structure prediction problem. Protein structure prediction is one of the
most important problems in the field of computational biology with its importance and
application in the fields of drug design and biotechnology. Various computational
techniques have been developed for protein structure prediction. These techniques can be
broadly classified into four categories: (a) comparative modeling, (b) fold recognition, (c)
first principles methods that use database information, and (d) first principles methods
without database information. Comparative modeling and fold recognition methods use the
sequence and fold similarity of the existing protein structures as a basis for structure
prediction. On the other hand, first principles based methods rely on physical/chemical laws
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for the three dimensional structure prediction. A review of these methods can be found in
(Floudas et al., 2006; Floudas, 2007; Zhang, 2008).

First principles methods that do not use database information are the most difficult types
because these methods attempt to build three dimensional structures without any knowledge
of existing structures. The two main challenges of the prediction methodology are 1)
generation of an ensemble of high quality structures and 2) a method to identify conformers
that are close to the native structure. The number of possible protein structures for a given
primary structure is very large. Thus, it is of vital importance to search the conformational
space efficiently to find energetically stable and physically realizable structures. Any
additional information that can be used to restrict the conformational search space can
potentially help in better structure prediction.

Protein contact prediction problem aims to predict contacts between non-local residues of a
protein that are close to each other in the three dimensional structure. Figure 1 illustrates the
contact prediction problem where the strand residues (E1-E2 or E1-E3) are non-local but
they make close “contact” in the three-dimensional structure. These residue contacts can be
explicitly used as restraints in structure prediction algorithms. A well restrained problem can
significantly reduce the feasible search space of a protein. These also ensure that the
predicted structures have these non-local contacts thereby producing more plausible
structures and making the structure prediction algorithm more efficient. Thus, the
development of an effective residue contact prediction model can play a vital role in protein
structure prediction (Ortiz et al., 1998a,b,c;Olmea et al., 1999;Bonneau et al.,
2002;McAllister et al., 2006;McAllister and Floudas, 2007).

In a seminal work, Wako and Scheraga (1981) assessed the quality of predicted contacts for
protein folding. A quantity, H, was introduced to assess the effect of number, quality and
type of the distance constraints on the quality of the computed conformation. An empirical
relation was found between the quantity H and RMSD value of the computed structure for
protein BPTI, and this relation was used to estimate the required number of constraints,
constraint type and accuracy in order to determine the structure within a given RMSD value.

MODELLER, a comparative modeling based approach, generates distance restraints from
homologous proteins of known structure and then uses them to predict three dimensional
structures of unknown proteins (Sali and Blundell, 1993; Marti-Renom et al., 2000).
Similarly, Ortiz et al. (1998a) used multiple sequence alignments to derive distance
restraints that were used in Monte Carlo simulations. Floudas and coworkers used bounds on
the distance between the C* atoms of the helical residues and S-sheet residues to enforce the
secondary structure geometry in predicted protein structures (Klepeis and Floudas, 2003b;
Klepeis et al., 1999, 2005; McAllister and Floudas, 2009). In a similar effort, Vendruscolo
(2002) and Vassura et al. (2003) developed methods to construct the three dimensional
structure of the protein backbone given its residue contact map.

Various research groups have introduced different approaches to develop residue contact
prediction methods. These techniques can be broadly divided into three categories. The first
category is based on correlated mutations analysis (Gobel et al., 1994; Olmea and Valencia,
1997; Singer et al., 2002; Hamilton et al., 2004; Vicatos et al., 2005; Kundrotas and Alexov,
2006). The second category uses machine learning approaches (Fariselli and Casadio, 1999;
Fariselli et al., 2001a,b; Lund et al., 1997; Zhao and Karypis, 2003; Shao and Bystroff,
2003; Zhang and Huang, 2004; Punta and Rost, 2005; Vullo et al., 2006; Cheng and Baldi,
2007; Shackelford and Karplus, 2007; Wu and Zhang, 2008) and the last category is based
on the use of optimization techniques for contact prediction (Klepeis and Floudas, 2003a;
McAllister et al., 2006; Rajgaria et al., 2009).
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Correlated mutations analysis (CMA) is based on the premise that mutations in proximal
residues occur in a covariant fashion. It is believed that when a critical residue (i.e.,
important for protein function) of a protein is mutated, the proximal residues are likely to
undergo mutations in order to keep the functionality intact (Vicatos et al., 2005). CMA
based methods estimate correlated mutations using a set of training proteins and then use the
derived information for residue contact prediction. Some of the initial CMA based methods
were developed by Gobel et al. (1994) and Taylor and Hatrick (1994). Olmea and Valencia
(1997) included some other sources of sequence related information (residue contact
preferences, residue contact density etc.) in their correlated mutations analysis method and
found better contact prediction results. Hamilton et al. (2004) reported an overall accuracy
value of 30.7% for their CMA based method when they considered the best L/10
predictions. Vicatos et al. (2005) developed a CMA based method starting with a vector of
142 descriptors (based on the physio-chemical properties) for residue similarity comparison.
These 142 descriptors were subsequently reduced to a set of 19 descriptors using Principal
Component Analysis. Finally, a set of 3 main descriptors was selected for correlated
mutations analysis. This method was tested on all protein structural classes and produced an
average accuracy of ~15% for a-helical proteins, ~21% for $ proteins, and ~27% for a -
proteins. A review and comparison of different methods for contact prediction using CMA
can be found in Horner et al. (2008).

Machine learning based approaches for residue contact prediction use techniques like hidden
Markov models, self organizing maps, neural networks and support vector machines
(Pollastri and Baldi, 2002; Zhao and Karypis, 2003; Cheng and Baldi, 2007). Zhao and
Karypis (2003) used a support vector machine based method which incorporated features
such as sequence profiles and their conservation, secondary structure etc. They demonstrated
and concluded that different structural features produced best results for different structural
classes. Overall, they reported an average accuracy of of 22.4%. Lund et al. (1997); Fariselli
and Casadio (1999); Fariselli et al. (2001a,b); Shackelford and Karplus (2007) combined
neural network techniques with correlated mutations analysis for residue contact prediction.
Cheng and Baldi (2007) proposed a support vector machine based method (SVMcon) for
residue contact prediction. This method uses a set of five features (local window feature,
pairwise information feature, residue type feature, central segment window feature, and
protein information feature) as input to predict the likelihood of contact between two
residues (Cheng and Baldi, 2007). The use of the enhanced feature set enabled the authors to
attain a higher level of accuracy. SVMcon was also tested on all protein structural classes
and an overall average accuracy of 37%, 30%, and 21% was obtained for residue separation
value of 6, 12, and 24, respectively. Wu and Zhang (2008) developed two machine learning
based methods for residue contact prediction. The first method, SVM-SEQ, uses sequence
information, solvent accessibility, and position specific scoring matrices for contact
prediction. The second method, SVM-LOMETS, uses the consensus of predicted contacts
obtained from various threading templates. After comparing the prediction results obtained
using these two methods, the authors concluded that the SVM-SEQ method is better than the
SVM-LOMETS for free modeling targets.

It has been shown that a set of good contacts can improve the quality of a protein structure
by providing a set of restraints that narrows the conformational search space and guides the
search algorithm toward the correct energetic funnel (Marti-Renom et al., 2000; Bonneau et
al., 2002; McAllister and Floudas, 2007).

Although advances have been made, the protein residue contact prediction problem is still
largely unsolved (Gréna et al., 2005; lzarzugaza et al., 2007). There are a lot of residue
contact prediction methods that suffer from low predictive accuracy. A large number of false
positive predictions can impose undesirable distance bounds between certain residues of a
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protein, thereby changing the topology of predicted structure. This can have detrimental
effect on the quality of predicted structures. It is certainly desirable to have a contact
prediction method that produces highly accurate contacts. It is also important that it does not
predict too many false positive contacts. A high number of false positive predictions
typically render such methods of little use in the ab initio prediction of protein structure.

The problem of improving accuracy of predicted contacts has been addressed by some
research groups. A lot of this effort has been dedicated towards improving the method of
prediction itself. However, very little has been done to enrich the predictions once the
predictions have been made. This can be treated as a “post-processing” problem and can be
completely decoupled from the original problem of contact prediction. This requires
developing methods that would take a set of predicted contacts as an input and produce only
a subset of these predictions. The predicted contacts are selected or rejected based on a
“selection criteria” which is method dependent. If the accuracy of the subset of predictions is
more than the accuracy of the original predictions, then the overall accuracy has been
increased.

In one of the early works, Olmea and Valencia (1997) explored the possibility of increasing
the accuracy of their previously developed contact prediction method (Gébel et al., 1994).
To increase the accuracy of their correlated mutations based approach, they included various
other factors like sequence conservation, contact density, alignment stability, sequence
separation along the chain among others. They found that that presence of these new factors
increased their accuracy.

Frenkel-Morgenstern et al. (2007) developed a method, GARP, to refine protein residue
contacts through the use of graph analysis. In this approach they use the predicted contacts
between any two residues as edges. The contacting amino acids were denoted as nodes and
an edge between any two nodes denoted a contact between these two amino acids. Through
the use of graph analysis they were able to identify regions of high connectivity that
characterize protein structures. Frenkel-Morgenstern et al. (2007) also reported that the
accuracy of their method increased from 12% to 18%.

Kundrotas and Alexov (2006) addressed the problem of reducing false positives by
developing a set of filters based on the identity of contacting amino acids. These filters were
meant to remove predicted pairs that do not have complementary physical-chemical
properties. They were decided based on the nature of various interactions between different
amino acids (e.g. hydrophobicity, polarity etc.). The optimal parameters for these filters
were optimized on a set of 15 high resolution crystal structures and produced an average
accuracy of 0.09 (0.07 without filters) on a set of 65 high resolution structures. Vicatos and
Kaznessis (2008) proposed a Monte Carlo simulation based approach for a-helical proteins
to separate true positive predictions from false positive predictions thereby increasing the
overall accuracy.

The third category of optimization based residue contact prediction method was recently
proposed by Rajgaria et al. (2009). This method was developed to predict contacts between
hydrophobic residues of a-helical proteins and it produced an average accuracy of 66%
when tested on multiple test sets of « -helical proteins. The presented formulation is an
extension of the successful method of Rajgaria et al. (2009). It has been enhanced to predict
residue contacts for g, a/f, and o + 8 proteins.

One important application of residue contact prediction is to reduce the conformational
search space of protein structure prediction. The usefulness of residue contact prediction is
tested by applying these predicted contacts to three dimensional structure prediction for
proteins. All different protein structure prediction techniques mentioned in the first
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paragraph could use these predicted residue contacts to improve its prediction performance.
In this paper, the residue contact prediction model is incorporated into an ab initio protein
tertiary structure prediction algorithm, ASTRO-FOLD (Klepeis and Floudas, 2002b,
2003b,c; Klepeis et al., 2003a,b). ASTRO-FOLD uses a multi-stage process to predict
protein tertiary structure: secondary structure prediction, distance and angle restraints
prediction and final tertiary structure prediction. Ten proteins with different topologies
including two CASP8 proteins are chosen as the test proteins to verify the usefulness of the
residue contact prediction method.

2 Contact Prediction Model

The presented formulation is an optimization based method to predict residue contacts of a
protein. The primary sequence and the secondary structure information is input to the model.
The secondary structure information is obtained using the Dictionary of Protein Secondary
Structure (DSSP)(Kabsch and Sander, 1983). It assigns secondary structure through the
identification of hydrogen bonding patterns indicative of a-helices, f-sheets, and turns.

The model then uses a C*-C“ distance dependent force field to calculate the energetic
contribution of each of the possible contacts of a protein. Contacts are predicted by
formulating this problem as an optimization problem where the objective is to minimize the
sum of contact energy and a hydrophobicity contribution. These predicted contacts
correspond to the protein conformation that has the lowest energy. A set of constraints,
based on geometric considerations and experimental observations, is also included in the
model to produce physically realistic contacts.

2.1 High Resolution C9-C? Distance Dependent Force Field

The energy function used in this formulation is a high resolution C*-C“ distance dependent
force field generated using a linear optimization formulation (Rajgaria et al., 2006). The
force field is denoted as high resolution because it has been trained on a large set of high
resolution decoys (small RMSDs with respect to the native) and it was generated by
requiring that the native structure always has a lower energy value than the similar non-
native structures. This type of training ensures that the force field will assign a contact
energy that would result in a lower energy configuration.

The C%-C high resolution force field (HRFF) is a distance dependent force field and the
energy corresponding to an interaction between two residues depends on the “contact”
distance between the two C* atoms. A contact exists when the C* carbons of two amino
acids are within 3 and 9 A of each other. This contact distance range is divided into 8 bins.
Hence, the energy of each interaction is a function of the C*-C* distances and the identity of
the interacting amino acids. For 20 naturally occurring amino acids, there are 210 amino
acid combinations and for 8 distance bins there are 1680 energy parameters. In this model
these energy parameters are denoted as E; j ,, where i and j are the interacting amino acids
and b is the contact distance. The C*-C* HRFF is then simply used as a lookup table and the
interaction energy between any two amino acids of given identities and distance is a
parameter. For more detailed information on force field generation, readers are referred to
the original work (Rajgaria et al., 2006).

2.2 Model Formulation

2.2.1 Nomenclature—The following gives a listing of the sets, parameters and binary
variables used in this model.

Sets

Proteins. Author manuscript; available in PMC 2011 June 1.
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i, J: set of residue positions
r, s: set of strands

p, q: set of helices

si, sj: set of strand positions
hi, hj: set of helical positions
b: set of distance bins

Parameters

Ei j,b: energy value for contact between residues i,k in distance bin b
HP (si): hydrophobicity value of strand residue si

N umHP (r): number of hydrophobic residues in strand s,

len;: length of strand s,

Binary Variables

Wi j b: contact between residue pair (i, j) in distance bin b
yci j: contact between residue pair (i, j) in bin 1-8

ysr 5. contact between strand s, and strand s;

ysAP, ¢: anti-parallel contact between strand s, and strand s;
ysP, s parallel contact between strand sy and strand s
yhp,q: contact between helix hp and helix hq

A binary variable, wj , is defined for each residue pair and this variable is active only when
the pair (i, j) forms a residue contact in the given distance bin b. Although, the definition of
a contact is method dependent, in a broad sense a contact is said to exist between a pair of
residues/atoms when the spatial distance is below a certain threshold. The definition of a
contact can be based on the distance between two C* atoms, or between two C# atoms or
may be a combination of both (Fariselli et al., 2001b).

For the proposed method a C#-C distance dependent contact definition is employed. This
distance dependence is divided into 8 bins. The model uses an extra bin, bin 9, to identify
these no-contacts. Table 1 shows the relation between the contact bin and the distance range
in which the predicted contact is likely to occur. For all bins, a distance dependent prediction
range is defined with a maximum width of 8.0 A. For bin 1, the prediction range is from
3.0-8.0 A with a prediction width of 5 A. If a contact is predicted in bin 1, then it means that
the model predicts this contact to be in a distance range of 3.0-8.0 A in the native structure
of the protein. For bin 2, a prediction width of 6.0 A is used with distance between 3.0-9.0
A. For bin 3 and 4, the prediction range is from 3.0-10.0 A and 3.0-11.0 A respectively. For
the last 4 bins (bin 5-8) the prediction range is between 4.0 and 12.0 A. It is important to
emphasize the motivation behind the selection of this contact definition. A set of bin
dependent contact definition was chosen because the energy function employed in the model
is also distance dependent. The main goal of this contact prediction model is to enhance
ASTRO-FOLD, a first principles protein structure prediction framework, by providing a set
of distance bounds between contacting residue pairs (Klepeis and Floudas, 2003b). A tight
contact definition is not always desirable from the protein structure prediction point of view.
A tight distance bound corresponding to false predictions can potentially misdirect the
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conformational search. The contact definition used in this work generates a set of distance
bounds that are very useful for protein structure prediction using ASTRO-FOLD.

2.3 Objective Function

The goal of this formulation is to find the non local contacts between residues of various
secondary structures elements of a protein. As mentioned earlier, the contact between every
residue pair is denoted by a binary variable, w; j , (representing the existence of a residue-
residue contact between pair (i, j) at a distance bin b). The objective function of this
formulation is shown in Equation 1. The first term of this function is the energetic
contribution from all the contacting residues. Each of the binary variables w;j b, are assigned
an energy value E; j,, 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 bin 1-8
then it means that these two residues are contacting. An extra bin, bin 9, is used to denote a
“no-contact” between a pair of residues. Thus, a contact between two residues (i, j) in bin ‘9’
(Wi j,o = 1) implies the residue pair is not contacting. An energy value of zero is assigned for
all contacts in bin “9” (Ejj», = 0). Thus, the total energy of a protein can be calculated by
taking the sum of such energy contributions over all the residue pairs (as shown in the first
term of Equation 1).

The second term of Equation 1 is the hydrophobic contribution when the residues of two
different strands contact each other to form a -sheet. The residue pair (si, sj), denote all
pairs of residues that are in different s-strands (i.e., si € sy A sj € sj). PRIFT, a
hydrophobicity scale, (Cornette et al., 1987) is used to assign hydrophobicity value to every
amino acid (Table 2). A binary variable yc; 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 8 bins. In the
second term of Equation 1, hydrophobicity for a strand pair is added only when they are
contacting (i.e., ycsjsj =1). 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.

A residue pair (i, j) has to form one (and only one) contact in one of the 9 bins. This means
that wj j p will be equal to 1 for only one bin and it will be equal to 0 for all other bins. This
is incorporated in the model as Equation 2. Similarly, ycs; s is related to w; j , through
Equation 3.

'71inZZZEi'j‘b Wi jp — weight x Z Z [HP(si)+HP(sJ))] “VCsisj

i Ju<j b si sjisi<s] (1)
]7:9
ZM‘,‘J’[,:I V(i<j)
b=1 (2

b=8

."Q,FZ“’LM V(<))
b=1 (©)]
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1 if i,j formcontactinbinl —8

where )’Ci.,i:{ 0 if i,j donotformcontactinbinl —8 @)

2.4 Beta Strand Based Constraints

A binary variable ys; , is used to represent a contact between two strands s, and ss. This
binary variable is set equal to one (ys; s = 1) if strand s, and ss contact each other otherwise,
it is set to zero. The following equations are used to relate the topology variable ys, s to
residue pair contact variable wj ;. If wj j , is active for a residue pair (i, j) where i and j are
residues of two different strands (r and s) and b is in the first 8 bins (denoting a contact) then
ysr s is activated. This condition is presented in Equation 5.

Similarly, if two strands are contacting then at least some of the residues of these strands
should contact each other. The minimum number of required contacts have been set equal to
min(leny, leng) — 1 where, len, and leng denote the length of strand r and s respectively. This
condition is incorporated through Equation 6. If ys, 5 is equal to one then the left hand side
of Equation 6 requires at least min(leny, lens) — 1 number of w; j , variables to be active. On
the other hand, if ys; s is equal to zero then this equation is relaxed.

Z wiis S vS,s ¥ G ji<jli € s, A j€sg ¥ (r,s)
bib<8 (%)

[min(len,,lens) — 1] x ys, < Z Z Z wijp ¥ (1, 8)

i€, J;jEsshb<8 (6)

Equation 7 limits the number of non-local contacts a strand residue si, can have with other
residues. A maximum limit of 10 non-local contacts (separated by at least 3 residues) is
imposed on all strand residues.

vesij < 10V (si, jlsi+3<j<si - 3) @)

Equations 8-9 relate the contact between a pair of strand residues and their neighboring
residues. If two non-local residues si (si € s; ) and sj (sj € sg) make a “close” contact
(between bin 2 and 6) then at least one of the neighboring residues of strand residue si and sj
should make a contact. The neighboring residue contact constraint corresponding to residue
sj is Equation 8 and a similar equation corresponding to residue si is Equation 9.

6

D Waisin £ D OWsiejt b+ Waisjo1p) V(si, Sjlsi € s, A 5] € s5)
b=2 b:b<9 (8)

Proteins. Author manuscript; available in PMC 2011 June 1.



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Rajgaria et al. Page 9

6
Zwsi.sjlb < Z (W.vi—1,xj.h+wsi+l.xj~b) V(Si7 Sj|5i SI T Sj € Sx)
b=2 b:b<9 9

If two strands (s, and sg) contact each other to make a f-sheet, then they can contact in a
parallel or an anti-parallel fashion. These two topologies are shown in Figure 2. The
following equation states that if residue si and si + 2 of strand s, contact residue sj and sj + 2
of strand sg in bin 2—6, then residue si + 1 should also contact residue sj + 1 in bin 2-6. This
equation (Equation 10) is motivated from the geometry of the parallel topology. A similar
equation (Equation 11) is included to account for the potential anti-parallel topology (Figure
2).

M=

6
Z(Wsi.sj,h+W.ci+2.xj+2.b)_1 <
b=

Wsisl,sj+1, V(5i,5)) s.t.(si<sJA(SL, si+2) € 5,A(5], $j+2) € s5)
) (10)

o

6
D Wi syt Wisa.sj2p) =L < Y Waist sjo1p V(si, 5j) S.1(SI<SJA(SE, 5i+2) € $,A(5j=2, 5)) € 55)

6
b=2 b= (11)

[}

2.5 Beta Topology Based Constraints

In this section we present a set of constraints for $-sheet topology. When two S-strands
contact each other, they can contact in various possible alignments as well as in two
different directional orientation (parallel and anti-parallel). We have developed a
hydrophobicity based method to specify the most likely alignment given a strand pair and
their orientation. This most likely alignment is characterized by “pivots”. The pivots are
residue positions in two contacting strands (one in each strand) that act as anchors in
bringing the strands together to make a S-sheet. To explain the possible alignments and pivot
calculation, we will use a hypothetical protein segment with two g-strands. Let strand 1 be a
5 residue strand (EKILL) and strand 2 be a 4 residue strand (IFTK). Figure 3 shows the
possible alignments when these two strands contact each other in an anti-parallel fashion.
Alignments (a—e) are created by keeping strand one fixed and right-shifting the second
strand. The dotted green lines between the two strands denote the vertical contact between
corresponding residues of these strands. Similarly, alignments (f-h) are created by keeping
strand one fixed and left-shifting the second strand. Alignments (a—h) are the only possible
alignments for these two strands to contact in an anti-parallel fashion. A similar procedure
can be adopted to obtain all possible alignments for parallel topology. Note there are other
ways to study and determine the s-sheet topology. One example is based on statistical
method to get the occurrence of different amino acid pairs in anti-parallel and parallel g-
sheets (Lifson and Sander, 1979,1980).

Once all alignments are enumerated for a S-strand pair of a protein, hydrophobicity value of
each of these alignments is calculated using the PRIFT (Cornette et al., 1987) scale. There
have been various attempts in the literature to assign hydrophobicity values to the amino
acids. These hydrophobicity values are used to identify hydrophobic regions of a protein.
Cornette et al. (1987) compared thirty-eight published hydrophobicity scales and
recommended the PRIFT scale for hydrophobicity estimation (Table 2). The hydrophobicity
of a particular alignment is then calculated by taking the arithmetic sum of hydrophobicity

Proteins. Author manuscript; available in PMC 2011 June 1.



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Rajgaria et al.

Page 10

value of all overlapping residues of both the strands. For example, the hydrophobicity
corresponding to the alignment (d) of Figure 3 is calculated by taking the sum of
hydrophaobicity values of two Leucines, one Isoleucine and one Phenylalanine (2 * 5.66 +
4.77 + 4.44 = 20.53). Similarly, the hydrophobicity value of other alignments shown in
Figure 3 is written below the corresponding alignment.

Pivots for a particular strand pair are decided based on the alignment which has the highest
hydrophobicity value. In the foregoing example, alignment (c) has the highest
hydrophobicity value of 23.40 when these two strands contact in anti-parallel fashion. Pivots
are then defined as the residue positions in the contacting strands that make vertical contacts
(as denoted by dotted green lines in Figure 3). According to this definition, residue pair
(22,48), (23,47), and (24,46) each are classified as pivots for these two strands. However, for
the ease of nomenclature, the smallest residue position among all these pairs is chosen as
pivot 1 and the corresponding vertical residue is chosen as pivot 2. Thus, the residue pair
(22,48) is the pivot pair when these two strands make an anti-parallel contact. It is also clear
that if one pair of pivots is given then the other pivot positions can be easily inferred. Thus,
only one unique pivot pair is associated with each strand pair. If two alignments have the
same hydrophobicity value then the pivot pair is calculated from the alignment which has
more overlapping residue pairs (more number of dotted green lines). Pivots are then
calculated for each strand pair combination of a protein for both parallel and anti-parallel
topology. In the following paragraphs we use protein 1AUU as an example to illustrate pivot
calculation.

Protein 1AUU is a 55 residue S-protein with four S-strands. These four strands contact each
other in an anti-parallel fashion (Figure 4). The location and residue composition of these
strands are given in Table 3. These four strands can make 6 unique strand pairs. Moreover,
each of these strand pairs can contact in either a parallel or an anti-parallel fashion resulting
in 12 different strand pair arrangement. The pivots corresponding to each of these
arrangements are given in Table 4.

It is important to emphasize the significance and use of these pivots in the context of residue
contact prediction. Specifying a pivot pair means that if the two strands were to contact each
other to make a S-sheet then the strands would align according to the alignment dictated by
the pivot pair associated with the corresponding strand pair. As mentioned earlier, given a
pivot pair, the alignment corresponding to it is created by aligning the strands in such a way
that all the pivots make vertical contacts with each other.

It must be understood that the pivot analysis does not fix/preclude contact between any pair
of strands. It is only used to identify the most likely alignment (because hydrophabicity is
believed to be the main driving force behind the S-sheet formation) for all possible strand
pairs. This pivot information is then used to allow/disallow certain contacts between a pair
of strands. The pivots based constraints are discussed in the next section.

2.5.1 Pivot Based Constraints—The top part of Figure 5 shows the most likely
alignment (based on the pivot analysis) when strand 3 and 4 of protein 1AUU contact in an
anti-parallel fashion. The residue pairs (22,48), (23,47), and (24,46) are the three pivot pairs
(pivotl, pivot2) for this alignment. It was observed that all residues that are three or more
residues apart (in both directions) from a pivot (say pivot 1) are rarely within 9 A distance
from the other pivot (pivot 2). Also, residues that are within £1 residue distance from pivot 1
are mostly within 9 A distance from pivot 2. This observation is used to write a set of likely
contacts and disallowed contacts for a given pivot pair. It was also observed that residues
that are 2 residues apart may or may not fall within the 9 A contact range. Thus, +2
residues are not disallowed to make contacts.
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The likely contacts corresponding to the strand pair (3,4) of protein LZAUU is shown in the
top part of Figure 5. The vertical contact between the three pivots are shown in bold red
lines. The contacts that are =1 residues apart are shown in blue dashed lines. The +1 contact
between residue (22,49) and (25,46) for anti-parallel arrangement is not shown in this figure
because residue 25 and 49 are not S-strand residues. The contacts that are £3 or more
residues apart are very likely to fall in bin 9 (beyond 9 A distance). Thus, these contacts are
classified as disallowed. A complete list of these allowed and disallowed contacts
corresponding to this strand pair is given in Table 5.

Once a set of allowed and disallowed contacts are determined for each strand pair,
constraints are written to fix these contacts. Two other binary variables, ysP s and ysAP, s,
are introduced to denote a parallel and an anti-parallel contact between strands s, and ss.
Variable ysP, s is set equal to 1 if the strands contact in a parallel fashion. Similarly, ysAP; ¢
is set equal to 1 if the strands contact in an anti-parallel fashion. Equation 12 states that if the
strand pair (3,4) contact each other in an anti-parallel fashion then all of the allowed contacts
given in Table 5 should be active. For an anti-parallel contact, ysAP would become equal to
1 forcing every term in the left hand side to be equal to 1. If the strands do not contact in an
anti-parallel fashion then the right hand side would be equal to zero, thus relaxing the
equation. Similarly, Equation 13 disallows the contacts corresponding to residue pairs that
are £3 or more residues apart from the pivots. A similar set of equations for allowed and
disallowed contacts is included for a parallel contact between these two strands (Equations
14 and 15). Similar equations (not shown) are written for all possible strand pairs. These
equations do not fix any topology but merely disallow certain contacts if any of these strand
contacts were to occur.

V€22 43+YC23 47+ YC24 26 VC21 48 FVC20 47FVC23 46FVC24 45FYVC3 43 FYC24 47 = V% ySAP3 4 (12)
VC20.47HYC20 46FYC20.45TYC21 46+ VC21 45HVCo0 45 < 6 % (1 — ysAP3 4) (13)

VC21.45FYC2 46FYC23,47HYC24,48FVC20,45FVC21 46TYC22 47HYC23,48FVC22 45FVC23 46FVC2447 2 115ysP34 (14)
V€20,47+YC20,48FYC21 43 FYC2445 < 45 (1 = ysP3y) (15)

2.5.2 Other Topology Based Constraints—Equation 16 is included in the model to
limit the maximum number of interactions a strand can have with other strands of the
protein. In the proposed model, a strand is only allowed to contact two other long strands
(length > 3). This limit on the maximum number of strand contacts can be changed but a
maximum value of two was used because a strand can at most contact two other strands to
make a f-sheet. Although, it is possible for a strand to be in spatial proximity of another
sheet, an upper limit of two was set in order to require that the model choose the most
important contacts.

Zysm <2 Vr s.t(|lbegs — end,|>2 A lens > 3)
S.SEF (16)
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Equation 17 limits the total number of strand contacts allowed for a protein. In the absence
of such a constraint, the model might select a S-barrel like topology where each strand
makes two contacts with the neighboring strands (one on each side) thereby satisfying
Equation 16. Equation 17 prohibits this kind of topology by requiring the total number of
strand contacts being less than or equal to the right hand side of Equation 17. The first term
on the right hand side is the sum of all strands that have two or more hydrophobic residues.
All such strands are allowed to make contacts and they are included in the first term. The
second term includes contacts for long strands (length > 3) with only one hydrophobic
residues. If a protein has zero or one strand (that qualifies this criterion) then the maximum
limit is set to one (as given in Equation 17) for both the terms. In the following equation, N
umHP (r) is a parameter denoting the total number of hydrophobic residues in strand s;.

Z Zys,‘_s < max|( Z 1) — 1, 1]+max[( Z 1) -1,1]

rosyr<s riNumHP(r)>2 len,23:NumHP(r)=1 an

The strand to strand contacts are further constrained based on the number of hydrophaobic
residues in the contacting strands. If a strand has “adequate” number of hydrophobic
residues then it should make at least one strand to strand contact. A strand is said to have
adequate hydrophaobic residues if the length of the strand is at least two residues and it has
two or more hydrophobic residues or the length of the strand is at least three residues if it
has only one hydrophobic residue (Equation 18). On the other hand, if a strand *“does not
have adequate” number of hydrophobic residues then it should not contact any other strand.
Strands of length two or less residues with only one hydrophaobic residue or strands with no
hydrophaobic residues are restricted to not make any strand to strand contacts. This constraint
is included using Equation 19. In the following two equations len,, is a parameter that
denotes the length of strand s;.

Z .\YS".J Z 1
SirES
Y(r|[NumHP(r) > 2 A len,>2] or [NumHP(r)=1 A len,>3]) (18)
Z .\.Sr.s:O
Sr#ES
Y(r|[ NumHP(r)=1 A len, < 2] or [ NumHP(r)=0]) (19)

Another constraint (Equation 20) is included to limit strand to strand contact between small
strands and big strands. Equation 20 states that strands of length two residues should not
contact long strands (length > 3). This equation should be seen in tandem with Equation 17,
which puts a limit on the maximum number of strand contacts for a protein. Equation 20
ensures that the contact between a small strand and big strands is not chosen over contacts
between big strands that might result in a lower energy configuration. However, it was
observed that strands of length two residues contact each other. To account for this
observation, Equation 20 is not applied for strands of length two residues.

vs, =0 V (r|len, < 2)
sir#s;leng>3 (20)
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The binary variables, ysP, s and ysAP, s, are related to the strand contact variable ys; ¢
through Equations 21-23. Equation 23 requires that two strands s, and ss can only contact in
either a parallel or an anti-parallel fashion. Thus only one of these two variables are
activated.

VP, s<=ys,  V(r<s) 1)
_VSAP,_X<:.VS,.‘S V(I’<S) (22)
VSAP, +ysP, ;=ys, ; Y(r<s) (23)

2.6 General Constraints

As mentioned earlier, a high accuracy is good but it is equally important to have a small
number of false predictions. Equations 24-25 are added in the model to restrict the total
number of predictions. It has been observed that the predicted contacts are usually less
accurate for long proteins. This is due to the increased combinatorial complexity because of
the long length. This equation is included in the model to restrict total number of predicted
contacts for long proteins. For proteins that are less than 150 residues in length are allowed
to make N res number of non-local contacts. However, proteins with length higher than 150
residues are only allowed to make 0.75 * N res number of non-local contacts. Here, N res is
the length of the protein under consideration.

ZZ'VC"J < Nres ¥ (i, jli+6 < j;Nres<150)
i ji<j (24)

3
ZZyCiJ < 2 * Nres ¥ (i, jli+6 < j;Nres>150)
i jii<j (25)

Equations 26-27 are very similar to Equations 8-9. If a residue pair (i, j | abs(i — j) = 2)
makes a “very close” contact (in bin 2 or bin 3) then both neighbors (on each side) of strand
residue i and j should make a contact. A coefficient of 2 is multiplied on the left hand side of
the following equations to activate both binary variables on the right hand side when i and j
make a contact.

3

2% Zwi,j,b < Z Wi j1p+Wijs16) ¥ (0 jlabs(i— j) =2 2)
b=2 bib<9 (26)

Proteins. Author manuscript; available in PMC 2011 June 1.



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Rajgaria et al.

Page 14

3

25 Y wijp < D (it jptwis p) Y G, flabs(i = j) > 2)
b=2 b:b<9 (27)

Equations 28 and 29 require that no three consecutive contacts should take place in the same
bin. This equation is motivated from the observation that it is not very common to find three
consecutive residues forming contacts with a common residue at approximately same
distance. Although, it is possible to find such uncommon occurrences, this model aims at
predicting typical (common) contacts using a mathematically rigorous framework.

Wi jbtWij—1bFWij+1b < 2 V(i<j<Nres;b #9) (28)

“Vix,",b"'wi—1,j,b+“"i+l.j,h <2 V(l<],1<l.b E = 9) (29)

2.6.1 Helix Contact Constraints—A set of constraints corresponding to contacts
between a-helical residues, loop residues, and Cysteine residues are also included in the
model. These constraints were part of the formulation presented in Rajgaria et al. (2009).
Equations 4-22 of this publication are also part of this model. These equations are not
presented in this article to avoid repetition. Readers are referred to the original work for
detailed information (Rajgaria et al., 2009).

2.6.2 Integer Cut Constraints—This optimization based formulation offers the ability to
generate a rank-ordered list of solutions. A single optimal solution obtained using this
formulation corresponds to the one with the lowest objective function value. However, it is
possible to generate a rank-ordered list of solutions by using the following integer cut
constraint (Equation 30). The addition of this constraint allows the user to generate a
specified number of contact results in increasing order of optimal value (the objective
function is being minimized). Sometimes, the objective function value of these solutions is
very close to the objective function value of the optimal solution. This ability to generate a
rank ordered list of results in a mathematically rigorous way adds to the algorithmic
advantage of the model. The use of Equation 30 excludes the previous solution from the
feasible solution space for every subsequent iteration and a unique solution is obtained for
each of the iterations.

Z VS, — Z VS, o+ Z Yhpg — Z Yhpg < card(A) — 1

(r,5)eA (r.s)el (p.g)EA (p.g)el (30)

Set A in Equation 30 represents the set of all active ysy s and yhp g (i.€., ysys = 1; Yhp g = 1)
variables. The cardinality of set A, card(A), is the total number of elements in set A. |
represents the set of inactive variables.

2.7 Preprocessing

It has been observed that the distance between intra-strand residues si and si + 3 is always
more than 9 A. This observation can be used to restrict binary variables that denote a contact
between an intra-strand pair (si,si + 3) and beyond at less than 9 A. Equation 31 is included
in the model to fix such binary variables.
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8
Zws,-.sk,bzo Y(si, sk) A (si < sk+3) A (si, sk € s,)
b=1 (31)

Similarly, a set of preprocessing steps are included to fix contacts between a-helical residues
and loop residues. These preprocessing steps can be found in Equations 24-37 of Rajgaria et
al. (2009).

3 Results and Discussion

An integer linear optimization based contact prediction method has been presented. This
method can be used to predict residue contacts for all structural classes of a protein. It not
only offers the advantage of finding the contacts corresponding to the global minima, but it
can also produce a rank-ordered list of residue contacts. It also offers the flexibility of
incorporating additional constraints where a user can add unique and problem specific
constraints to the model. The complete model forms an ILP problem that can be solved to
optimality using commercial solvers (e.g. CPLEX (ILOG, 2003)).

The effectiveness of a contact prediction can be measured by calculating its accuracy.
Accuracy is defined as the ratio of correct predictions to total predictions. Accuracy can also
be written in terms of true positives (TP) and false positives (FP) as shown in Equation 32.
A higher value of accuracy means a better contact prediction model.

Correct Predictions TP
Total Predictions ~ TP+FP (32)

Accuracy=

Another useful criterion to evaluate contact prediction effectiveness is the average distance
of true positives (avgTPdis) and false positives (avgFPdis). This criterion aims to estimate
the usefulness of predicted contacts in protein structure generation. As mentioned earlier,
these contacts can be used as search/guiding criteria to limit the protein conformational
search space. While TP contacts will guide the search towards the actual structure of a
protein, FP contacts corresponding to large unrealistic distances in the native structure might
misguide the search. Thus, a good contact prediction scheme should not only have a high
accuracy value but the number of false positives as well as the avgFPdis should be small.

Some of the local contacts (within the secondary structure of a protein) can be determined a
priori because of the geometry of the secondary structure elements. However, the goal is to
predict non-local contacts that can not be determined a priori. For these reasons, accuracy
corresponding to contacts that are separated by less than 6 residues are not reported. Instead,
accuracy corresponding to residue separation of 6, 12, and 24 is reported to demonstrate the
efficacy of the method for residue pairs that are far-off in the sequence space.

This method has been tested on proteins from three independent test sets. The test proteins
were further divided into smaller sets depending on the structural class. Three to five
predictions were obtained for every test protein. In most of the cases, the best prediction was
in the top three predictions. Prediction results on these test sets are presented in the
following subsections.
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3.1 Protein Test Set 1

The first test set was taken from the work of Cheng and Baldi (2007). In this work, the
authors developed a residue contact prediction method (SVMcon) using Support Vector
Machines. They incorporated a set of five residue information based input features to predict
contact between a pair of residues. This method was trained on a set of 485 proteins while
accounting for the unbalanced nature of the problem (with far more examples of non-
contacts than contacts). They used a 8 A criterion to define a contact between C* atoms of
two residues. SVMcon was tested on a set of 48 proteins covering all SCOP (Murzin et al.,
1995) structural classes and the accuracy results were reported for non-local contacts that
were 6, 12, and 18 residues apart. SVMcon was found to perform best for the contacts that
are 12 residues apart. The proposed method was tested on 5, a/f3, and « + S proteins of this
test set. The test results on a-helical proteins have been reported elsewhere (Rajgaria et al.,
2009). In the remainder of this document, this set of test proteins will be referred as test set
1.

3.1.1 B Proteins—There are 8 single domain S proteins in this test set with length ranging
from 98 to 170 residues. Table 1 of the supplementary material presents the performance of
our method on these 8 £ proteins for residue separation of 6, 12 and 24 residues. The third
column of this table reports the accuracy for contacts that are 6 residues apart. The number
of true positive contacts (TP) and total contacts (TP+FP) are also listed in the same column.
The accuracy for separation of 12 and 24 residues is given in the next two columns. The
average accuracy on this test set is 0.563, 0.532, and 0.612 for separation of 6, 12, and 24
residues.

Protein 1HE7 is a 107 residue protein with seven S-strands and one 31g-helix. The S-strands
contact each other to make two S-sheets of 3 strands each [sheet 1: $1-85, f4-fs; sheet 2: fo-
Be, Be-B7]- P3 is a two residue strand that does not participate in -sheet formation. The
contact prediction model correctly predicted the contacts of -sheet 2 [contact between £,
Be and Bg, S7]. For S-sheet 1, contact between S, S5 was also predicted. One wrong contact
was predicted between 1, B4 instead of 4, f5. An accuracy of 0.636 was obtained for this
protein with 68 correct predictions. Since, most of the predicted contacts between S-strands
are correct, a small avgFPdis of 13.5 A is obtained for this protein.

The highest accuracy is obtained for proteins 1QJP (0.810). Protein 1QJP has a g-barrel like
structure. It is interesting to observe that a high value of accuracy is obtained for this protein
because the presented formulation has a constraint (Equation 17) that prohibit a g-barrel like
structure. Because of this constraint, the correct topology is not predicted by the proposed
model. However, correct anti-parallel sheet topology is predicted for some pairs of £ strands
producing a high value of accuracy of 0.810 for separation of 6 residues.

For all of these proteins, the average distance of true positives (avgTPdis) and false positives
(avgF-Pdis) was calculated from the native structure. These values are reported in column
four and five of Table 1 of the supplementary materials. The average value of avgTPdis for
single domain proteins is 7.7 A and the average value of avgFPdis is 16.9 A. As mentioned
earlier, protein 1QJP has a S-barrel like structure and this model can not predict correct
contacts for this kind of topology. Thus, some incorrect S-strand contacts are predicted
which are far-off in the three dimensional structure of the protein. These incorrect
predictions result in a high value of avgFPdis value of 21.1 for protein 1QJP.

3.1.2 a+ B and a/B Proteins—This test set consists of 21 o + # and o/ proteins. All of

these proteins are single domain proteins ranging from 76 to 198 residues in length. The test
results on this test set is presented in Table 2 of the supplementary materials. The average
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accuracy on this test set is 0.602, 0.581, and 0.536 for separation of 6, 12, and 24 residues.
The average true positive distance and false positive distance for this test is 7.6 and 16.4 A.

One of the highest accuracies is obtained for protein 1DZO. It is a 120 residue « + S protein
with 6 £ strands and 2 a-helices (Figure 6). Strand 1 and 2 contact each other in a parallel
fashion and rest of the strands make a $-sheet by contacting in an anti-parallel fashion. The
a-helices do not make non-local contacts. Instead, helix 2 extends in the same direction as
helix 1 thereby not making a parallel or an anti-parallel contact. Our method predicted 74
non-local contacts for this protein and 64 of these contacts are correct, producing an
accuracy of 0.865 for separation of 6 residues. Figure 6 shows all predicted contacts for
protein 1DZO. The correct contacts are shown in black bold lines and the incorrect contacts
are shown in red dotted lines.

Protein 1G2R is another a + S protein of this test set. It is a 94 residue protein with 3 strands
and 3 a-helices. Strand 1, 2, and 3 make a -sheet with strand 1 (in the middle) making anti-
parallel contacts with strand 2 and 3. Similarly, helix 2 contacts helix 3 in an anti-parallel
fashion. Our method correctly predicts a contact between strand 1-2 and strand 1-3
producing an accuracy of 0.763. However, it identifies the contact between 1-3 as parallel
instead of anti-parallel. The contact between strand 1-2 is correctly predicted as an anti-
parallel contact.

Protein 1XER is an example from this test set where this method did not produce a good
accuracy. This protein is 103 residue o + § protein with 7 strands and 4 a-helices. Our
method did not predict the correct topology thereby predicting incorrect contacts. Overall
the method has produced good accuracy for these test proteins. Accuracy is higher than 50%
for 16 out of the 21 test proteins. On an average, the accuracy on o + § proteins is more than
olp proteins.

3.2 Protein Test Set 2

Test set 2 was taken from the work of Vicatos et al. (2005). This test set was used by them
to test their correlation mutations analysis based residue contact prediction method. They
applied CMA using a set of descriptors based on the physio-chemical properties of residues.
Principal Component Analysis was performed on a large set of descriptors to reduce this to a
small set of descriptors that accounted for most of the variations. They found that the use of
new descriptors resulted in more accurate predictions compared to other CMA methods.
They used a 6 A cutoff distance to define a contact. Also, only non-local contacts that were
separated by 8 or more residues were considered. We test our method on 54 §, o + 8, and o/
proteins of their test set. Proteins with more than 250 residues were not included in our test
set. The remainder of this document will refer to this as test set 2. This set has been further
divided into two test sets based on the structural classification of test proteins. The test
results on 25 a-helical proteins have been reported elsewhere (Rajgaria et al., 2009) and the
results on rest of the proteins are presented below.

3.2.1 B Proteins—Table 3 of the supplementary materials presents the testing results of
our method on 25 f proteins of test set 2. An additional column reporting accuracy values
for contacts separated by 8 or more residues is also included in this table (as published in
Vicatos et al. (2005)). The average accuracy for residues separation of 6 is 0.579. This
accuracy is in the same range of accuracy obtained for § proteins of test set 1. The accuracy
for residue separation of 8, 12, and 24 is 0.564, 0.525, and 0.449 respectively.

High accuracy is obtained for protein 1AUU, 1BBZ, 1CDQ and 1JPC. Protein 1AUU is a
small protein of 55 residues. It has 4 strands (S1(2-3), S2(11-15), S3(20-24), S4(45-48))
with only one hydrophobic residue in strand 1. These strands contact each other in an
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alternating fashion to make a $-sheet. One of the model constraint disallows contacts for a
stand of length 2 with only one hydrophobic residues. Thus, no contacts are predicted for
this strand. For other strands, the correct anti-parallel topology is predicted.

Protein 1JPC (108 residues, 11 strands) has three S-sheets making a three-dimensional
triangular structure (with each sheet as a side of a triangle). The strands contact in anti-
parallel fashion to make each of these -sheets. This is a difficult topology to predict.
Although, our method did not correctly predict the topology of all three S-sheets, it predicted
most of the correct contacts resulting in an accuracy of 0.861 (93 correct contacts out of 108
predicted contacts). This protein also has a disulfide bridge between residue 29 and residue
52. This model successfully identified the disulfide bridge between these two Cysteine
residues.

The lowest accuracy on this test set is obtained for protein 1F3Z. It is a 150 residue protein
with 5 a-helices and 16 g-strands. Although the length of protein 1F3Z is smaller compared
to other proteins of this test set, the number of secondary structure elements is large. This
increases the combinatorial complexity of the problem. The number of possible strand
contacts is large for this protein and our method did not identify the correct topology for this
protein, resulting in a very low accuracy and high average false positive distance. The
average false positive distance for this test set is 15.3 A which is less than the average false
positive distance found on g proteins of test set 1.

3.2.2 a + B and a/B Proteins—This test set consists of 29 a + f, and a/f proteins ranging
from 45 to 249 residues in length. The testing results on this set are given in Table 4 of the
supplementary materials. The average accuracy on this test is 0.643 for residue separation of
6 or more. This is the highest average accuracy among all test sets. The average false
positive distance is 15.8 A for this test set. The average accuracy for separation 8, 12, and,
24 is 0.646, 0.641, and 0.604 respectively.

The highest accuracy is achieved for protein 1DIV. It is a small protein of 55 residues. Our
method correctly identifies the topology and all the contacts are predicted correctly. The
proposed method has also been modeled to identify disulfide bridges (if any) between
Cysteine residues of a protein. Protein 1F5M is a 176 residue protein with 6 a-helices and 6
[S-strands. There is a disulfide bridge between residue 88 and residue 122 of this protein. Our
method correctly identifies this disulfide bridge.

The highest avgFPdis is obtained for protein 1BP1. It is a 217 residue long o/f protein. The
three dimensional structure of this protein has a cylindrical shape (like a g barrel) with a a-
helix in between. The model predicted a $-sheet between 1 and f3 which are far off in the

native structure. This incorrect prediction caused the avgFPdis to be so high. Although, the
contact prediction model failed (either low accuracy or high avgFPdis) for some of the test

cases, 22 out of 29 test proteins have accuracy higher than 0.500.

3.3 Protein Test Set 3

The third test set was taken from the work of Wu and Zhang (2008). In this work, the
authors have compared different machine learning methods (sequence based and template-
based) for residue contact prediction. They tested different contact prediction methods on a
test set of 554 non-homologous proteins with a pair-wise sequence identity less than 25%.
The length of these proteins varies from 50 to 300 residues. They classified these proteins
into “Easy” (220 proteins), “Medium” (98 proteins), “Hard” (220 proteins) and “Very Hard”
(16 proteins) targets based on the threading significance score [refer Wu and Zhang (2008)
for a complete description of their method].
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This test set was created from the set of “Hard” and “Very Hard” proteins of Wu and Zhang
(2008) test set. There were 144 S, o + f5, and a/f proteins in a set of 236 proteins. Out of
these 144 proteins, 100 proteins were randomly selected as our test set. The test results are
shown in Tables 6-8 of the supplementary materials. The average accuracy on this test is
0.646 for residue separation of 6 and the average false positive distance is 15.0 A. The
average accuracy for separation 12, and, 24 is 0.603, and 0.675 respectively.

The summary of all test results is presented in Table 6. The average accuracy of all three
tests is 0.607 for residue separation of 6. It can be seen from this table that our method
consistently produces an accuracy value of ~ 60% across all test sets. Similarly, the average
false positive distance is 15.88 A, which is also approximately the same for all test sets.

3.4 Predictions Without Knowledge of Secondary Structure

3.4.1 a+ B and a/B Proteins of Test Set 2—As described earlier, secondary structure
information of a protein is input to the model. For all the previous results, secondary
structure information was derived using DSSP which in turn uses the tertiary structure of a
protein. For any “blind” test, the tertiary structure will not be available. In such a scenario,
DSSP can not be used to determine the location of secondary structure elements. For all new
proteins, one will have to rely on secondary structure prediction techniques that only use the
sequence information. An analysis was carried out to estimate the sensitivity of the proposed
model with respect to the accuracy of secondary structure information. PSIPRED (Jones,
1999), a very successful method for secondary structure prediction, is a multi-stage neural
network based approach that uses profile information derived from position specific scoring
matrices. It was used to generate the secondary structure information for 29 mixed a/f
proteins of test set 2. The accuracy results calculated using the predicted secondary structure
information is given in Table 5 of the supplementary materials. An average accuracy of
0.605, 0.589, and 0.570 was obtained for residue separation of 6, 12, and 24.

The accuracy of a secondary structure prediction can be evaluated using Q3 and Segment
Overlap Accuracy (SOV) measures. The Q3 accuracy is calculated by taking the average of
prediction accuracy at individual residue positions. On the other hand, SOV score is
calculated using the average overlap between the actual and predicted segments instead of
average accuracy calculated using individual residues (Rost et al., 1994). This is a more
meaningful assessment metric compared to Q3 as it also accounts for the type and position
of secondary structure segment.

For most of the 29 test cases, the change in accuracy is small. However, there are cases such
as protein 1DBD where the accuracy decreases from 0.962 to 0.650 when secondary
structure information from PSIPRED is used. The native structure of this protein has 3 a-
helices and 4 g-strands. However, PSIPRED prediction for this protein consists of only 1 a-
helix and 6 g-strands. The Q3 accuracy and SOV measure for this prediction is 74.10% and
54.0% respectively. This prediction accuracy is very low compared to an average secondary
structure prediction accuracy of ~80%. The location of a-helices and g-strands plays an
important role in constraints of the contact prediction model. Thus, the difference in
secondary structure prediction for protein 1DBD is quite significant and a decrease in the
accuracy of predicted contacts can be attributed to it. Similarly, a low SOV accuracy is
obtained for proteins 2HGF, 10NE, 1APY, 1DEF, 1GLU, and 1BP1. The poor secondary
structure prediction accuracy results in a decreased contact prediction accuracy and
increased average false positive distance (avgFPdis). Overall, the accuracy of predicted
contacts did not change by more than ~6%.

3.4.2 Residue Contact Prediction of CASP8 Proteins—A major test of contact
prediction methods is done through a biennial world wide competition, Critical Assessment
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of Techniques for Protein Structure Prediction (CASP). The contact prediction accuracies
for L/5 contacts, L/10 contacts, and best 5 contacts (according to the confidence score) are
calculated and used for comparison between different groups. It is concluded that the contact
prediction accuracy improves as the number of contacts decreases, meaning the accuracy for
L/10 is higher than that of L/5 contacts, and the accuracy for the best 5 contacts is the
highest. Across all the groups the best contact prediction accuracy for the best 5 contacts is
less than 45% (Gréna et al., 2008).

In order to evaluate our contact prediction methods, 20 single domain proteins from CASP8
are selected. Since our method requires secondary structure information, PSIPRED is used
to provide the secondary structures for these 20 proteins. The contact prediction results for
the CASP8 proteins are shown in Table 9 of the supplementary materials. The average
prediction accuracies of the CASP8 proteins are 51.8%, 51.0%, 48.6% and 38.9 % for
residue separations of 6, 8, 12 and 24, respectively. This compares favorably with the
highest accuracy of less than 45% which is based on the top 5 predictions in CASPS8.

Helical proteins are also included in the 20 proteins, which allows us to have a
comprehensive assessment of our prediction method. The highest contact prediction
accuracy, 90%, is obtained for T469. The two proteins that have the lowest accuracies are
TA476 of 16.7% and T480 of 15.2%. T476 is a mixed a/f protein with 4 helices and 2 strands.
The Q3 value is 62.5% and SOV value is 40.0% for helix; while the Q3 value and SOV
values for strand are 50%, 50% respectively. These relatively small values of Q3 and SOV
from PSIPRED prediction is one of the reasons for the low prediction accuracy of T476.
Similarly for T480, a pure g protein, the Q3 and SOV values for strand prediction are only
20% and 30%.

4 Protein Tertiary Structure Prediction Using ASTRO-FOLD with Residue
Contact Prediction

The main goal behind the development of a residue contact prediction model is to aid
protein structure prediction by providing a set of accurate distance bounds which reduces the
conformational search space. The residue contact prediction model is incorporated into our
ab initio protein tertiary structure prediction method, ASTRO-FOLD (Klepeis and Floudas,
2002b, 2003c,b; Klepeis et al., 2003a,b). The goal of this section is to examine the
usefulness of the proposed residue contact prediction model in protein tertiary structure
prediction.

4.1 ASTRO-FOLD for Protein Tertiary Structure Prediction

The ASTRO-FOLD approach is an ab initio method for the tertiary structure predictions of
proteins from their primary amino acid sequences. It consists of several steps which are
discussed in the following paragraphs. The overall flowchart of most recent version of
ASTRO-FOLD is dipicted in Figure 7.

The first stage of ASTRO-FOLD method is the identification of a-helical regions and f-
strand regions of a protein (Klepeis and Floudas, 2002a, 2003a). The prediction method of
a-helices divides the amino acid sequence into a series of overlapping oligopeptides and
then atomistic level modeling is performed to calculate the helical propensity for every
oligopeptide sequence. A semi-empirical force field ECEPP/3 (Empirical Conformational
Energy Program for Peptides) is used for the atomistic level modeling (Némethy et al.,
1992). The identification of the native peptide conformation translates into a problem of
global optimization where the goal is to identify the conformation with the lowest free
energy (Klepeis and Floudas, 1999, 2002a). After a-helices are determined, the remaining
residues are analyzed for the location of s-strands (Klepeis and Floudas, 2003a).
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Hydrophobic collapse is used as the main driving force for the prediction of S-sheets. An
integer linear optimization method is developed to maximize the sum of the hydrophobic
contributions for both residue-residue contacts as well as strand-to-strand contacts.

Recently, a new secondary structure prediction method, HELIOS, has been developed in our
group and this has been incorporated into ASTRO-FOLD (Subramani and Floudas, 2009a).
HELIOS predicts a-helical region of a protein by maximizing the hydrogen bonding
propensity. The model also includes hydrophobicity effects and the effect of hydrogen
bonding between the side chain and main chain atoms. In another work, Subramani and
Floudas (2009b) developed a method, BEST-PRED, that uses naive Bayesian and first order
Markov models for the prediction of g-strand locations. The first order Markov model is
used to calculate pairwise occurrence of alternate amino acids in S-strands. On the other
hand, a naive Bayesian model, assuming independence of neighboring residues, is used to
calculate the probability that a particular residue is in a g-strand. An integer linear
programming formulation that maximizes the strand probability for the entire protein is used
to predict the location of g-strands.

The second stage of ASTRO-FOLD is to derive a set of dihedral and distance constraints in
order to reduce the conformational search space of a protein. Restraints are derived from the
predicted protein secondary structures. The secondary structures of proteins have special
geometry that can be used to derive bounds on dihedral angles and C*-C* distances.
Restraints for the loop region are derived through dihedral angle sampling and a novel
clustering approach (Monnigmann and Floudas, 2005).

Additional and tighter constraints can be derived for a protein. The residue contact
prediction model proposed in this paper is used to derive the residue contact constraints.
This proposed method can predict inter-residue contacts for a, 8, a + 5, and a/f proteins. In
another work, McAllister and Floudas (2009) developed enhanced bounding techniques to
reduce the protein conformational search space. The bounds on dihedral angles, ¢ and v,
were developed using the predicted secondary structure and allowed ¢/ space. Another
distance bounding technique is developed in this work for S-sheet topology.

The final step of ASTRO-FOLD approach involves the prediction of the tertiary structure of
the full protein sequence. ASTRO-FOLD combines a deterministically based BB global
optimization algorithm, conformational space annealing (a stochastic global optimization),
molecular dynamics in torsion-angle space, and rotamer optimization to solve a non-convex
constrained problem. The information predicted from the first two states are used as the
input to the final stage. The use of the deterministic global optimization algorithm, aBB,
guarantees convergence to the global minimum solution by a convergence of upper and
lower bounds on the potential energy minimum (Adjiman et al., 1996, 1997, 1998a,b; An-
droulakis et al., 1995; Floudas, 2000; Floudas and Pardalos, 1995). This method converges
to the global minima by developing a converging sequences of upper and lower bounds.
Upper bounds are obtained by the local minimization of the original non-convex problem.
Whereas, a convex lower bounding function is obtained by augmenting the objective and
constraint function with a quadratic term. With these bounding functions, the problem is
iteratively solved using the branch and bound technique where a region is fathomed if the
lower bound rises above the best upper bound.

Applying torsion angle dynamics (TAD) as an initialization step and a stochastic global
optimization method such as conformation space annealing (CSA)(Lee et al., 1997, 1998,
2000; Lee and Scheraga, 1999; Ripoll et al., 1998) leads into the quick determination of low
energy conformations. ASTRO-FOLD is such a hybrid approach, and by using this hybrid
method, the search for the native state becomes much efficient, while still retaining the
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deterministic guarantees of convergence (Klepeis and Floudas, 2002b, 2003c,b; Klepeis et
al., 2003a,b).

The latest improvement of ASTRO-FOLD focus on efficient local minimization strategy.
This strategy combines torsional angle dynamics and rotamer optimization for identifying
and improving the quality of the conformations. It ensures that the steric clashes between
protein side chains are removed thus providing a better starting point (McAllister and
Floudas, 2009b).

4.2 Evaluation of Protein Tertiary Structure Prediction

A variety of metrics exist to evaluate the quality of predicted protein tertiary structures. The
most commonly used metric to estimate the similarity between two protein structures is the
root mean square deviation (RMSD) between two sets of atoms that represent the protein
structure. The RMSD between two protein structures can be calculated using all atoms, all
heavy atoms or C* atoms of the protein. For this study, RMSD based only on the C* atoms
of the protein was used. The RMSD is a widely used metric to evaluate the quality of a
protein structure. However, a high RMSD value can be obtained because of incorrect
prediction of a small number of atoms, possibly in the loop or coil region of the protein. For
such cases, where only a small number of atoms are not aligned, the RMSD is not an
effective descriptor of the quality of the conformer.

Another measure, GDT(Global Distance Test), calculates the similarity between two
structures by iteratively maximizing the number of C* atoms (not necessarily continuous)
that are within a specified distance d (Zemla et al., 1999; Zemla, 2003). The template
modeling (TM) score is another metric to evaluate the quality of a protein tertiary structure
(zhang and Skolnick, 2004). This scoring method removes the need to have distance
dependent cutoff values (as in GDT TS score) and protein length dependence. For this
analysis, RMSD, GDT TS score, TM-score will be used to evaluate the quality of protein
structures.

4.3 Results and Discussion of Protein Tertiary Structure Prediction

The effectiveness and usefulness of the residue contact prediction method is tested using 10
proteins including some “blind” targets (T473 and T499) from recently concluded CASP8
experiments. The testing results are reported in Table 7 where Columns 3-6 correspond to
the quality of ensemble of protein structures generated using residue contacts. Similarly,
Columns 7-10 correspond to structures generated without using any residue contacts. It can
be seen from this table that the quality of the best structure (in terms of RMSD, TM-score,
GDT score) is much better when residue contacts are used in ASTRO-FOLD. On an
average, the RMSD of the best structure is 1.65 A less when residue contacts are used
during structure prediction. Similarly, the average TM and GDT score improvement is 7%
and 8% respectively. In order to simplify the description, the WITHSET is used to represent
the structures generated by using the predicted contacts and the WITHOUTSET is used to
represent the structures generated by without using the predicted contacts in the article.

ASTRO-FOLD identifies the near-native structures by using a travelling-salesman-problem
based clustering approach, ICON(Subramani et al., 2009). The predicted 3D structures from
both the WITH-SET and the WITHOUTSET are subject to this clustering method. The top
five structures which are closest to the top five cluster centroids are selected. The
corresponding best RMSD structures of the top five structures are presented in Columns 4
and 8 of Table 7. Overall the ICON clustering method selects better structures in terms of
RMSD values for the WITHSET protein structures than the WITH-OUTSET structures, as
indicated by the smaller RMSD values in Column 4 than the RMSD values in Column 8 of
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Table 7. This shows that the predicted residue contacts improve the protein tertiary structure
prediction in ASTRO-FOLD. In the parentheses of the Columns 4 and 8 shows the RMSD
rankings of the best structures from the clustering method. The ranking is calculated as the
relative position of the RMSD value of the selected structure among the corresponding
structure ensemble. 1% indicates that the selected structure has a RMSD within top 1% of
all the structures, thus the smaller the ranking value, the better the clustering method does.
In most cases, the clustering method is able to pick a top 5% structure. On average, a 4.54%
ranking is obtained for the WITHSET structures, and an average ranking of 5.96% is
obtained for the WITHOUTSET structures. The better ranking for the WITHSET structures
indicates that the structures generated are more concentrated.

The distributions of the RMSD values, TM and GDT scores of the predicted 3D structures
show how good the conformational sampling is in the protein tertiary structure prediction
framework. By comparing the distributions of RMSD, TM and GDT values between the
WITHSET structures and the WITHOUTSET structures, the effect of the residue contact
prediction on the protein tertiary structure predictions can be easily shown. The distributions
are shown in Table 10 of the supplementary materials. In this table, Columns 2—4 show the
RMSD, TM and GDT distributions for the WITHSET structures, and Columns 5-7 show the
corresponding distributions for the WITHOUTSET structures. The best RMSD structures,
TM structures and GDT structures for the WITHSET are consistently better than those of
the WITHOUTSET. Even the worst structures in terms of RMSD, GDT and TM scores of
the WITHSET structures are better than those of the WITHOUTSET, indicating the
improvement in the structure quality by using the predicted residue contacts. For example,
the best RMSD structures of the WITHSET are on average 1.65 A better than the
WITHOUTSET.

The improvement in the structure quality can also be seen from the comparison between the
numbers of meaningful structures generated in the WITHSET and the WITHOUTSET.
Table 11 of the supplementary materials shows this comparison. A structure in this article is
considered as meaningful if its RMSD value is less than 6 A, or if its TM score is greater
than 0.4, or if its GDT score is greater than 0.4. As shown in Table 11 of the supplementary
materials, the WITHSET structures have more meaningful structures than the WITHOUSET
for most of the proteins.

The best prediction over all the proteins is obtained for protein 1ROP. It is a 56 amino acid
protein with a simple 2 helical bundle topology. For this topology, ASTRO-FOLD is able to
determine a structure within 1 A using predicted residue contacts. And the clustering method
selects a 1.42 A structure with a ranking of 0.3%. For all other proteins, the best predicted
structures have RMSD values ranging from 2.98 A to 5.26 A. In the sequel, a mixed a/f
protein 1J75 is taken as an example to analyze the tertiary structure predictions and the
effect of residue contact prediction on tertiary structure prediction.

Protein 1J75 is the Zap|  domain of protein DLM-1 that binds to left-handed Z-DNA (one
of the various possible double helical structures of DNA). It is a 57 residue protein with an
olp architecture. There are three a-helices [H1: 2-13, H2: 19-26, H3: 30-42] and three -
strands [B1: 17-18, B2: 46-50, B3: 53-56] in this protein. In the native structure of protein
1J75, the three helices are packed against three anti-parallel g-strands. Helix 1 is connected
to Helix 2 by 4. 81,83 and f3,,53 contact each other to make a 3 strand anti-parallel s-sheet.
The overall sequence of secondary structures for protein 1J75 is a1 8100038283. The residue
contact prediction model correctly predicted an anti-parallel sheet formed by contacts
between 1,53 and S,83. The model also correctly identified contacts between Helix 1-2 and
Helix 2-3. The prediction accuracy on this protein is 0.885 with 23 correct and 3 incorrect
predictions.
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A comparison of the quality of tertiary structures between the WITHSET and the
WITHOUTSET is shown in Table 8. It can be seen from this table that the use of predicted
residue contacts increases the quality of predicted tertiary structures, as well as the quality of
the structure ensemble. The RMSD of the best structure in the WITHOUTSET s 5.06 A.
Whereas, the RMSD of the best structure of the WITHSET is only 2.98 A. In terms of the
quality of the ensemble, the WITHSET has 14262 structures with RMSD < 6 A, whereas the
WITHOUTSET has only 383 structures with RMSD < 6 A. The predicted structures of the
WITHSET also have a higher TM-score and a higher GDT_TS score compared to structures
from the WITHOUTSET. Protein structures with TM-score of 0.4 and above are considered
meaningful predictions (Zhang and Skolnick, 2004). There are 5999 structures in the
WITHSET with a TM-score more than 0.4 whereas, there are only 18 such structures in the
WITHOUTSET. Similarly, there are 25361 structures in the WITHSET with a GDT_TS
score more than 0.4 whereas, there are only 13742 structure in the WITHOUTSET with a
GDT_TS score more than 0.4.

Figure 8 shows the native structure of protein 1J75 along with the lowest RMSD structures
from the WITHSET and the WITHOUTSET. The top part of Figure 8 shows the native
structure (gray) along with the lowest RMSD structure (color) from the WITHOUTSET.
The overall topology of the predicted structure is close to the native structure of the protein.
However, 3, of the predicted structure is not aligned with the corresponding strand of the
native structure. Similarly, helix 2 is also not well aligned with the native structure.

The bottom part of Figure 8 shows the native structure (gray) along with the lowest RMSD
structure (color) from the WITHSET. 3, of the best structure of the WITHSET has almost a
perfect alignment with the corresponding strand of the native structure. Similarly, helix 2 is
also in structural agreement with the native structure. The presence of distance bounds for
pairs of residues between S, and 3 requires the ASTRO-FOLD approach to produce
structures with contacts between S, and 3. Apart from minor shifts in the a-helical and loop
regions, the best structure of the WITHSET aligns very well with the native structure of
protein 1J75. From these comparisons it is clear that the quality of protein structures and the
quality of the ensemble improved when the predicted residue contacts are used in protein
structure prediction.

5 Conclusions

An optimization based residue contact prediction method has been presented. It is an integer
linear programming based method that can be used to predict residue contacts for g, a + S,
and a/p proteins. The contact prediction problem is solved by optimizing an objective
function which is a combination of energetic contribution corresponding to every residue
pair contact and a hydrophobic contribution for contacts between g-strand residues. The
optimal solution is obtained while satisfying a set of constraints. These constraints are
included in the model to produce physically realistic contacts. A new hydrophobicity based
method has been presented to find optimal alignments of S-strands in g-sheets. The
alignments are used to allow/disallow contacts between certain residues from a pairs of j-
strands. Integer cut constraints have been included in the model to produce a rank-ordered
list of most optimal contacts. This formulation also offers the flexibility of incorporating
additional constraints where a user can add unique and problem specific constraints to the
model. The presented method was tested on three different test sets consisting of g, a + 3,
and a/p proteins and produced an average accuracy of 0.607 for single domain proteins.

This proposed residue prediction model has been incorporated into our ab initio protein
tertiary structure prediction algorithm, ASTRO-FOLD. The usefulness of the residue contact
prediction model was further illustrated by comparing the quality of two ensembles of
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protein structures that were generated with and without using the predicted contacts for a
test set of 10 proteins. The ICON clustering method is applied to these two ensembles of
structures as in a blind prediction and the average clustering rankings of 4.54% and 5.96%
were obtained for the clustering process. The quality of the ensemble, as well as the quality
of individual protein structures was better when predicted residue contacts were used as
distance bounds during the structure prediction. These results along with the test results on
20 CASP8 proteins are very encouraging and suggested that these predicted contacts can be
used as explicit restraints in protein structure prediction methods to produce better quality
structures.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

A cartoon illustrating the residue contact prediction problem. The residues of these two -
strands are far-off in the primary structure of the protein. However, they are very close to
each other in the three dimensional structure.
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Figure 2.

Cartoon depicting contact between two strands in a) a parallel fashion and b) an anti-parallel
fashion. If the strands form a parallel s-sheet and residue si contacts sj and residue si + 2
contacts sj + 2 then residue si + 1 should also contact residue sj + 1. Similarly, residue si + 1
should contact residue sj — 1 if the two strands form an anti-parallel s-sheet.
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Figure 3.

Possible anti-parallel alignments of a hypothetical protein segment with two g-strands.
Alignments (a—e€) are generated by right-shifting the lower strand while keeping the upper
strand fixed. Whereas, alignments (f-h) are generated by left-shifting the lower strand while
keeping the upper strand fixed. The dotted green lines between two strands denote a contact
between the two residues.
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Figure 4.
Three dimensional structure of the native structure of protein LAUU.

Proteins. Author manuscript; available in PMC 2011 June 1.

Page 33



duasnuely Joyiny vVd-HIN 1duosnuey JoyIny vd-HIN

duasnuely Joyiny vd-HIN

Rajgaria et al. Page 34

Figure 5.

Cartoon depicting an anti-parallel (Pivots: 22,48) and a parallel (Pivots: 21,45) contact
between strand 3 and strand 4 of protein LAUU. These alignments can be used to infer a set
of allowed and disallowed contacts. The vertical contacts (bold red lines) and £1 slant
contacts (dashed blue lines) are allowed contacts. Contacts that are 3 or more residues apart
(not shown in this figure) from the pivots are not allowed.
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Figure 6.
The three-dimensional structure of protein 1DZOA. The black bold lines denote a correctly
predicted contact whereas the red dotted lines denote an incorrect contact.
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Figure 7.
Overall schematic of the enhanced ASTRO FOLD approach for tertiary structure prediction

of proteins.
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Figure 8.

Best RMSD predicted structure of protein 1J75(color) versus native 1J75(gray). The
structure on the top is generated without using any residue contacts. The structure on the
bottom is generated using predicted residue contacts.
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Table 1

Distance dependent contact definition based on predicted bin.

Bin ID

Predicted C#-C* Contact Distance Range [A]

1

3.0-8.0

3.0-9.0

3.0-10.0

3.0-11.0

4.0-12.0

4.0-12.0

4.0-12.0

2
3
4
5
6
7
8

4.0-12.0
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Table 3

Secondary structure information of protein 1AUU

No | Location | Length | Residue Composition
P 2-3 2 Kl

B | 11-15 5 AIVVK

B | 20-24 5 EKILL

N 45-48 4 KTFI
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Table 4

Twelve possible strand pair combinations corresponding to four S-strands of protein LAUU.

Parallel Contact

No | Strand Pair Pivots Total HP | Overlap
1 Br-P2 P1=2; P2=12 11.17 2
2 B1-Pa P1=2; P2=23 13.05 2
3 Br-Bs P1=2; P2=47 10.94 2
4 BrPa P1=11;P2=21 | 27.38 4
5 BaPa P1=11;P2=45 | 18.60 4
6 Pa-Ba P1=21; P2=45 | 17.32 4

Anti-Parallel Contact

No | Strand Pair Pivots Total HP | Overlap
1 PP P1=2; P2=13 11.17 2
2 Pr-Ps P1=2; P2=24 13.05 2
3 P1-Pa P1=2; P2=48 10.94 2
4 PP P1=12;P2=24 | 24.12 4
5 PoPa P1=11; P2=48 18.60 4
6 P3-Pa P1=22; P2=48 23.40 3
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A list of allowed and disallowed contacts when f3 and S, of protein LAUU contact each other.

Table 5

Parallel Contact Likely Contacts Disallowed

No Pivots Vertical +1 residues Contacts

1 P1=21; P2=45 21-45 20-45; 21-46; 22-45 24-45

2 P1=22; P2=46 22-46 22-47; 23-46 20-48

3 P1=23; P2=47 23-47 23-48 20-47

4 P1=24; P2=48 24-48 24-47 21-48
Anti-parallel Contact Likely Contacts Disallowed
No Pivots Vertical +1 residues Contacts

1 P1=22; P2=48 22-48 22-47; 21-48; 23-48 | 20-45; 21-45; 22-45

2 P1=23; P2=47 23-47 23-46 20-47

3 P1=24; P2=46 24-46 24-45; 24-47 20-46; 21-46
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A comparison of predicted tertiary structures of protein 1J75 generated 1) using predicted residue contacts and
2) without using predicted contacts.

Evaluation Metric With Contacts | Without Contacts
RMSD Range of Conformers 2.98-12.15 5.06-22.56
Best RMSD (A) 2.98 5.06

Best TM-score 0.573 0.522

Best GDT_TS score 0.667 0.605
Conformers with RMSD <6.0A 14262 383
Conformers with TM-score > 0.4 5999 18
Conformers with GDT_TS score > 0.4 25361 13742
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