A COMPUTATIONAL APPROACH TO PREDICT CONTACT POTENTIAL AND
DISULFIDE BOND OF PROTEINS

by
ELANUR SIiRELI

Submitted to the Graduate School of Engineering and Natural Sciences
in partial fulfillment of
the requirements for the degree of

Master of Science

Sabanci University

July 2004



A COMPUTATIONAL APPROACH TO PREDICT CONTACT POTENTIAL AND
DISULFIDE BOND OF PROTEINS

APPROVED BY:

Asst. Prof. O. Ugur Sezerman e
(Thesis Supervisor)

Asst. Prof. BerrinYanikoglu

Prof. Aytil Er¢il

DATE OF APPROVAL: ...



© Elanur Sireli 2004

ALL RIGHTS RESERVED



ABSTRACT

Contact map and disulfide bond information of a protein give crucial clues about
3-dimensional structure and function of a protein. In this study, we represent a
computational approach to predict both contact maps and disulfide bonds of the residues
inside of a protein and these studies are two of the essential steps of protein folding

problem.

In the first study, we predicted contacting residues of proteins using physical
(ordering, length and volume), chemical (hydrophobicity), evolutionary (neighboring)
and structural (secondary structure) information by implementing classification
techniques, Neural Networks (NNs) and Support Vector Machines (SVMs). As a result,
our method predicts 14% of the contacting residues with 0.6% false positive ratio and it

performs 9 times better than a random predictor.

In the second study, using the same parameters we predicted cysteine residues
forming. In this study, we used SVMs, we obtained 63.76% accuracy in disulfide bond

prediction.



OZET

Bir proteinin temas eden amino asit ve ikili-siilfat bagi bilgileri proteinin 3
boyutlu yapis1 ve fonksiyonu ile ilgili onemli ipuclari vermektedir. Bu c¢alismada,
bilgilerin tahmini {izerine islemsel yaklasim sunulmaktadir ve bu ¢alismalarin her ikisi

de protein katlanmasi probleminin énemli adimlarini olusturmaktadir.

[k ¢alismada, proteinlerin temas matrikslerinin tahmini iizerine calistik. Tahmin
islemi icin, Sinir Aglar1 ve Destek Vektor Makinalar tekniklerini uygulayarak,
proteinlerin fiziksel (siralanma, hacim 6lgiileri), kimyasal, evrimsel (komsu bilgileri) ve
yapisal (ikincil yap1) bilgileri kullanildi. Calismanin sonunda, %0.6’lik temas dis1 hata
orani ile temas oOrneklerinin %14’tinii  tahmin edebildik ve bu tahmin, raslantisal

tahminden 9 kat daha 1yidir.

Ikinci calismada, ayni parametreleri kullanarak, sistin amino asitlerinin baglanip
ikili siilfat bag1 olusturabilirligini tahmin ettik. Bu ¢alismada SVM kullandik ve ikili-
siilfat bagi tahmininde %63.76 dogruluga ulastik.
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ABSTRACT

Contact map and disulfide bond information of a protein give crucial clues about
3-dimensional structure and function of a protein. In this study, we represent a
computational approach to predict both contact maps and disulfide bonds of the residues
inside of a protein and these studies are two of the essential steps of protein folding

problem.

In the first study, we predicted contacting residues of proteins using physical
(ordering, length and volume), chemical (hydrophobicity), evolutionary (neighboring)
and structural (secondary structure) information by implementing classification
techniques, Neural Networks (NNs) and Support Vector Machines (SVMs). As a result,
our method predicts 14% of the contacting residues with 0.6% false positive ratio and it

performs 9 times better than a random predictor.

In the second study, using the same parameters we predicted cysteine residues
forming. In this study, we used SVMs, we obtained 63.76% accuracy in disulfide bond

prediction.



OZET

Bir proteinin temas eden amino asit ve ikili-siilfat bagi bilgileri proteinin 3
boyutlu yapis1 ve fonksiyonu ile ilgili onemli ipuclari vermektedir. Bu c¢alismada,
bilgilerin tahmini {izerine islemsel yaklasim sunulmaktadir ve bu ¢alismalarin her ikisi

de protein katlanmasi probleminin énemli adimlarini olusturmaktadir.

[k ¢alismada, proteinlerin temas matrikslerinin tahmini iizerine calistik. Tahmin
islemi icin, Sinir Aglar1 ve Destek Vektor Makinalar tekniklerini uygulayarak,
proteinlerin fiziksel (siralanma, hacim 6lgiileri), kimyasal, evrimsel (komsu bilgileri) ve
yapisal (ikincil yap1) bilgileri kullanildi. Calismanin sonunda, %0.6’lik temas dis1 hata
orani ile temas oOrneklerinin %14’tinii  tahmin edebildik ve bu tahmin, raslantisal

tahminden 9 kat daha 1yidir.

Ikinci calismada, ayni parametreleri kullanarak, sistin amino asitlerinin baglanip
ikili siilfat bag1 olusturabilirligini tahmin ettik. Bu ¢alismada SVM kullandik ve ikili-
siilfat bagi tahmininde %63.76 dogruluga ulastik.
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1 INTRODUCTION

Proteins are the biochemical molecules that make up cells, organs and organisms
so they are the building stones of living organisms. Each protein has its own fold and as
a result of this fold it has its own function and three-dimensional structure. This fold
occurs to provide the native conformation of lowest available free energy in given
environmental conditions. To predict the native fold of a protein from the primary

sequence of residues is referred to as the protein-folding problem [1].

Finding the fold of a protein is important, because the structure determines the
function of proteins in organisms and their impact on biological reactions, task in cell
and role in diseases such as cancer. In addition, if we discover why and how a protein
achieves its fold, it is possible to design drug and artificial proteins to perform some

desired functions.

By the genome project, millions of proteins have been identified from different
organisms [2]. However, their folded structures and their functions are still mostly
unknown. Thus, prediction of the structure and function of proteins, based on their

residue sequences, is the major challenge in computational biology [3].

The three-dimensional structure of the protein molecule can be represented in a
convenient way as a two dimensional map of the contacts, called contact map, between
residues [4]. In the first part of the study we represent a computational approach to
generate contact map of any given protein sequence. As a fundamental intermediary
step, the contact map of a protein gives crucial hints about three-dimensional structure
of this protein. There are many approaches developed to predict contact map such as

finding correlated inter changes in multiple sequence alignment [5]; likelihood matrix



methods [6]; and training NNs with encodings of multiple sequence alignments [7, 8, 9,

10].

In our approach, we divide the primary sequence of a protein into N-size windows
and analyze it by using some pattern recognition techniques (Neural Networks (NNs)
and Support Vector Machines (SVMs)). Thus, we may theoretically find contacting
residues, which would help us determine the fold of proteins by computational methods

without a great deal of experimentation and in a more robust way.

In training, we used some chemical and physical characteristics of contacting
residues and, in addition to these, we used some characteristics of neighbors such as

hydrophobicity, secondary structure patterns, volume etc.

In the second part of the study, we have predicted disulfide bond, which is formed
by side chain sulfide atoms of cysteine residues. This bond is crucial for protein folding
problem because it is the strongest bond in protein structure and introduces extra
stability to the structure. Hence, disulfide bond makes a major contribution to three-

dimensional structure of protein.

Because of the importance of finding disulfide bonds, many researchers have tried
to predict the characteristics of disulfide bond formation in proteins using statistical

studies [11], NNs studies [12, 13] etc.

Disulfide bond prediction is similar to contact map prediction by nature. In this
case, we tried to predict contacts between cysteine residues only rather than any two
residues. Therefore, we used similar information, physical (ordering, length, volume)
and chemical characteristics (hydrophobicity scales) of cysteine residues and
neighboring residues. Same as the previous study, the window approach is used in this
phase of the study. However, in this study, only one pattern recognition technique,

SVM, is used.



2 OVERVIEW

2.1 Biological Background

2.1.1 Amino Acids

Amino acid is an organic compound containing an amino group (-NH2), a
carboxyl group (-COOH) and a side chain that distinguish one amino acid from another.

[14]

side chain

c:l\
H

b

amine  group carboxyl group

Figure 2.1 Atomic Structure of Amino Acid [15]

Amino acids fall into several naturally occurring groups. However, usually they
are grouped into three different classes with using their side chains [16]. Those classes

are as follows:



Hydrophobic amino acids do not want to interact with water. They tend to
cluster on the inside of the molecule. Thus, core of the protein structure, stabilized by
numerous van der Waals interactions, which is a non-covalent force that result from the
attraction of one atoms nucleus for the electrons of another atom in a non-covalent form
[16], is composed of hydrophobic residues. Hydrophobicity gives them an important
role to play in determining the three-dimensional structure of proteins. This class
comprises those Alanine, Proline (they are weakly hydrophobic and have small,
nonpolar side chains), Valine, Leucine, Isoleucine, Phenylalanine and Methionine (they

are strongly hydrophobic and have larger side chains) [14].

Charged amino acids are normally found on the surface of the protein where
they interact with water and with other biological molecules. Thus, these amino acids
are important in the determining of oppositely charged groups on molecules that interact
with proteins. The acids of this class are Aspartic acid, Glutamic acid (they have
carboxyl groups on their side chains so they are naturally charged), Lysine and Arginine

(they have side chains with amino groups so they are positively charged) [14].

Polar amino acids exist both interior as well as on the surface of the protein.
They form hydrogen bonds with water or with other polar residues. This class
comprises those with polar side chains Serine, Threonine (they have hydroxyl groups on
their side chains and extraordinarily important in the regulation of the activity of
different proteins), Asparagine, Glutamine (they cannot be ionized and therefore, they
are uncharged), Histidine (it is either uncharged or positively charged, depending on
local environment. These states make it important, in the catalytic mechanism of
enzymes and explain why it is often found in the active site.), Tyrosine (it is weakly
acidic and can be chemically modified by combining with a peptide chain), Tryptophan
(it tends to be found buried inside of protein structure), Glycine (it has a single
hydrogen atom as its side chain and it is the simplest amino acid) and Cysteine (it can
provide a bond with another cysteine via the sulfur atoms to form a covalent disulfide
bridge. This bond is important in determining the three-dimensional structure of many

proteins) [14].



2.1.2 Volume

Volume is a size measure to define the space that residue occupy. It is an
important property to determine contact tendency of residues, because the residue
substitution probability is inversely related with the difference of residue sizes. This
feature is also important for contact potentials. Big residues would have higher
probability to contact another big residue if surrounded by small residues. This
probability would decrease if big residues surround them. Also big residues by nature

would make contact easily.

In the experiments, we used the volume scales, which are taken from an

implementation study of the method Lee and Richards [17, 18] and Baysal et al. study.

2.1.3 Hydrophobicity

Hydrophobicity is a non-covalent bond and has a central role in determining the
shape of a protein. In order to minimize the deteriorating effect on the hydrogen-bonded
network of water molecules, hydrophobic molecules tend to be forced together in an
aqueous environment. Therefore, an important factor controlling the folding of protein
is the distribution of its polar and nonpolar residues. The hydrophobic side chains tend
to cluster in the inside of the molecule core. This provides them to avoid making contact
with the water molecules that surround them inside of a cell. On the contrary, polar side
chains want to take place near the surface of the molecule, where they form hydrogen
bonds with water or with other polar or charged residue. When polar residues are
embedded within the protein, generally, they make hydrogen bond with other polar
residues or with the polyprotein backbone. This explains how hydrophobic effect is
important as one of the contacting forces inside of a protein [16]. Therefore, we use

hydrophobic values of a window of residues in our experiments.

Hydrophobic value of a residue has been measured experimentally in different
ways such as using the free residues, residues with the amino and carboxyl groups

blocked and side-chain analogues with the backbone replaced by a hydrogen atom. In



contact potential experiments, we have just use ROSEF’s hydrophobicity scale [19, 20].
In disulfide-bond experiments, we have used three of hydrophobicity scales, ROSEF,
Eisenberg and Hopp-Woods [21].

Residue Type | Volume Hydrophobicity
ROSEF | Eisenberg | Hopp-Woods
Alanine 107.95 0.50 0.25 -0.5
Arginine 238.76 -2.01 -1.8 3
Asparagine 143.94 -2.26 -0.64 0.2
Aspartic acid 140.39 -2.51 -0.72 3
Cysteine 134.28 4.717 0.04 -1
Glutamine 178.50 -2.51 -0.69 0.2
Glutamic Acid | 172.25 -2.51 -0.62 3
Glycine 80.10 0 0.16 0
Histidine 182.88 1.51 -0.4 -0.5
Isoleucine 175.12 4.02 0.73 -1.8
Leucine 178.63 3.27 0.53 -1.8
Lysine 200.81 -5.03 -1.1 3
Methionine 194.15 3.27 0.26 -1.3
Phenylalanine 199.48 4.02 0.61 -2.5
Proline 136.13 -2.01 -0.07 0
Serine 116.50 -1.51 -0.26 0.3
Threonine 139.27 -0.5 -0.18 -0.4
Tryptophan 249.36 3.27 0.37 -3.4
Tyrosine 212.76 1.01 0.02 -2.3
Valine 151.44 3.52 0.54 -1.5

Table 2.1 Volume and Hydrophobicity Scales of Residues



2.1.4 Contact Definition

A residue is any molecule that contains amino and carboxylic acid functional
groups and a side chain as illustrated in Figure 2.1. In side chain region, there is a 3
carbon atom. When two residues’ B carbon (a carbon for gylcine) are closer than 7A,
that means, these residues are in contact. There are other methods which use different

contact definitions, but we use just C, atoms (C, for glycine) to determine the contact

relation between two residues.

?ﬁ EE /54/@) Alpha Carbon

Beta Carbon

Amine Group . Carboxyl Group
Side Chain

Figure 2.2 Common Atomic Structure of Residues

2.1.5 Disulfide Bond

It is a single covalent bond between the sulfur atoms in cysteine residues. By
forming these covalent bonds, very distant fragments of a protein sequence may be
forced to make bond. Thus, the location of these bonds is a very informative constraint
on understanding some characteristics of the protein such as the folding, structure and

function of proteins [22].

By existing such bonds, the conformational stability of the protein is increased
both by lowering the entropy of the folded state and by forming stabilizing interaction
in the native state. However, the disulfide bonds can be considered as part of the
primary structure of a protein. In addition, they are very important in determining the
tertiary structure of proteins and the quaternary structure of some proteins by having

function to stabilize the tertiary and/or quaternary structures of proteins [23].



2.1.6 The Peptide Bond

When amino acids are joined together, peptide bonds are generated. The carboxyl
group of the first amino acid is attached to the amino group of the next amino acid to

eliminate water then they form peptide bond.

end F | i N |
H—N—c—¢—| G — N —C — G —OH +2(H,0)
| F B |l

H O H O Carboxyl
¥ e Y end
aa, T aa, T aa,
Peptide Peptide
bond bond

Figure 2.3 Peptide Bond [24]

2.1.7 Proteins

Proteins have a crucial role in living organisms by executing nearly all the
functions in the cell. Without proteins, growth or development is not possible. They are
made of 20 different building blocks, called residues or amino acids, which give distant

structure backbone side chain. Each protein has a unique residue sequence.

2.1.8 Protein Folding

Proteins cannot be described exactly by just using their residue sequence. Even
though, they can be denatured by high temperature or pH as soon as the natural
conditions are introduced, they fold into their nature form. Three-dimensional structures
are determined by its sequence. Each protein has its own robust fold and this event is
not coincidental. It is robust. The final folded structure is generally the one in which the

free energy is minimized.



Many different weak non-covalent bonds, between different chains, force the
folding of a protein chain [25]. Although these bonds are 30-300 times weaker than the
typical covalent bonds that create biological molecules. Many weak bonds are able to
act together to hold two different regions of a protein chain together. Therefore, the
merged force of large numbers of these non-covalent bonds help to determine the
stability of a structure. Because of all these interaction forces, each protein has a

particular three-dimensional structure.

2.1.9 Levels of Protein Structure

There are four levels in the protein structure organization [26]; Primary structure
is the first level of this organization. The amino acid sequence by connected peptide

bonds is called the primary structure of a protein.

Secondary structure is the conformation of residues in localized regions of a
polypeptide. By stabilizing folding patterns, hydrogen bonds play an important role in
secondary structure. The two main and the most stable secondary structures are the
alpha helix and the beta sheet. Both types are characterized by having the main chain

amino and carboxyl groups participating in hydrogen bonds to each other.

Alpha helix has a clockwise spiral form in which each peptide bond is in the trans
conformation. There are 3.6 residues in an alpha helix turn. The amino group places
generally upward and parallel to the axis of the helix; inversely, the carboxyl group

places downward as illustrated in Figure 2.4.
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Figure 2.4 Forming of an Alpha Helix [27]

The beta sheet is the second major pattern in secondary structure, which consists
of extended polypeptide chains with neighboring chains. It is stabilized by hydrogen
bonds between the amino groups of one chain and the carboxyl groups of neighboring
chain. The two strands, which form a beta sheet, can be either parallel (Figure 2.4 (a)),
when successive strands have same biochemical direction, or anti-parallel (Figure 2.4

(b)), in the case of having opposite biochemical direction.

Antiparallel Parallel

Figure 2.5 Beta Sheet Structure [28]
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These patterns generate strict chains in proteins and this chain structure provides
energy integrity. Each residue, which is in a helix or B sheet, is affected by this energy
integrity, because neighbors and their properties, chemically, have effects on it. Thus, it
may behave according to this evolutionary information, which is provided by neighbors
[29, 39]. In order to use this evolutionary information, we have used a helix, 3 sheet or
coil (neither o helix nor B sheet) information in our study. Secondary structure

information of all the residues within the window are given as input.

Tertiary structure is the three-dimensional arrangement of the atoms within a
single polypeptide chain. It is usually formed by disulfide bonds. When a polypeptide
includes a single folding pattern (i.e. an alpha helix), the secondary and tertiary
structure will be same. Similarly, when a protein is consisted single polypeptide

molecule, tertiary structure and quaternary structure can be considered as the same.

Quaternary structure describes protein, which is composed of multiple
polypeptides. Hydrophobic force is the main stabilizing force in this structure. When a
single monomer folds into a three-dimensional shape to expose its polar side chains to
an aqueous environment and to shield its nonpolar side chains, there are still some
hydrophobic sections on the exposed surface. Two or more monomers will assemble so

that their exposed hydrophobic sections are in contact.

2.1.10 Classification of Protein Structures

During evolution, a protein had evolved by folding up into a stable structure
with useful properties, so its conformation could be mutated to make it possible for
performing new functions. Genetic mechanisms have accelerated this process by
producing duplicated copies of genes and by allowing one gene copy to evolve

independently to perform a new function.

Such evolutions have occurred frequently in the past and because of this process,
many of today’s proteins can be clustered into subgroups. Member of each subgroup
has a sequence and a three-dimensional conformation that shows similarity with the

members of the same subgroup. There are some kind of standards to group proteins

11



such that CATH [30], SCOP [31] (Structural Classification of Proteins). In our study,
we used SCOP database. SCOP clusters proteins into family, superfamily and fold

subclusters. Similarity rises from folds through family.

12



2.2 Prediction of Contact Map and Disulfide Bond

2.2.1 Role of Contact Map and Disulfide Bond

A fundamental problem in molecular biology is the prediction of the three-
dimensional structure of a protein from its sequence because of complexity of the task
of searching possible conformations. Unfortunately, the experimental prediction of
protein structure is time consuming and expensive. By using simple physical laws,
machine-learning techniques have proven to be very useful for prediction of protein
secondary structure from the amino acid sequence. They cannot manage to predict exact
fold of a protein so far, but they achieve limited success. In order to improve structure
prediction, some preliminary information such as contact map and disulfide map be

used.

The contact map is a matrix, which has a binary format. Instead of the exact
distances between residues, the contact map only contains ones for contacting
interactions and zeroes for non-contacting interactions, respectively. Disulfide bond
information includes the bond information of cysteine residues in protein sequence.
Similar to contact map matrix, it has either zero (for non-contacting interactions) or one

(for contacting interactions).

Secondary structure

..\ ¢ o
ol 5
o

% o v

Primary sequence

Protein 3D structure

Contacts

Disulfide Bonds

Figure 2.6 Steps of 3D Structure Prediction [32]
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Proteins have very similar three-dimensional structure when they have
homologous sequences or similar conserved regions. Therefore, a new sequence can be
predicted by comparing known sequences. There are around 37 million reported protein
sequences [33]. By comparing or using pattern recognition techniques, it is possible to
predict unknown structures. In order to compare known and unknown structures, we use
secondary structure, contact map and disulfide bond. So, as an intermediate step,
contact map prediction and disulfide bond prediction are essential steps in the way of
prediction of protein structure. For example, when contact map of an unknown protein
would be predicted, its structure could be determined by using i.e. graph-matching
algorithm [34]. Therefore, contact potential and disulfide bond of a protein is crucial for

deriving constraints useful in modeling protein structure and protein folding.

2.2.2 Contact Map Prediction in Literature

Ying, Z. and Karypis, G. [35] present a contact-map prediction algorithm, which
combine a set of features such as sequence profiles and conservation, physicochemical
properties (i.e. hydrophobicity scale) and secondary structure (alpha helix and beta
sheet), by using SVMs. They used three data set which is extracted from different
families of CATH. Their predictor achieved a correctly predicted contact samples

accuracy of 0.2238 by improving a random predictor of a factor 11.7.

In Akan, P. and Sezerman, U. [36] study, they tried to predict contact potentials of
proteins with using NN. They used physical (volume), chemical (hydrophobicity,
charge) and structural (secondary structure) characteristics of residues with the same
sliding window approach of ours. In this study, a dataset, which was used by Casadio et
al. [37], composed of 608 proteins is used. They correctly predict 11% of the contacting
residues with a false positive ratio of 2%. This predictor performs 7 times better than a

random predictor.

In Casadio et al. [37] study, they also tried to improve contact map prediction
problem by implementing NN. In this study several numbers of network architecture is

examined by using many different input vectors. As a result of these experiments, they

14



saw that hydrophobicity and evolutionary information are the most useful
characteristics of residues for this problem. The sliding window approach was also used
in this study and presented as a useful technique for prediction performance. HSSP files
[38] are used for sequence alignment encoding. The predictor is 6 times better than a

random predictor.

2.2.3 Disulfide Bond Prediction in Literature

Martelli et al. [39] have published the best accuracy in disulfide prediction. They
implement a new hybrid system that combines a NN and a hidden Markov model
(HMM) by using 4136 containing cysteine residues, which extracted from 969 cysteine
rich proteins. They have advantage both of local and global characteristics of the protein
chains. A feed-forward NN captures local characteristics of protein chains with a sliding
window. Output of the first stage is used in a four-state HMM as emission probabilities
by defining global rules. By applying 20-fold cross-validation, obtained accuracies are
88% for cysteine basis study and 84% for protein basis study, respectively. These
results are the best among previously described methods for prediction of disulfide bond

task.
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2.3 Methods

2.3.1 Neural Networks

Unlike traditional computing models, NN is a system modeled by the way
biological nervous system, which has a structure and operation that resembles that of

the mammal brain.

NN are composed by a series of interconnected neurons that operate in parallel.
These elements are called neurons. Similar to biological neurons, each neuron is linked
to another neuron with connectivity weights that represent how strength this connection
is. These links determine the flow of information between neurons. In Figure 2.2, the

similarity between biological neuron and NN neuron is illustrated.

l
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Figure 2.7 Structure of a Biological Neuron and NN Neuron.

Each neuron has an activation function, which is a simplistic representation and
causes the signal integration and threshold firing behavior of it by means of

mathematical equations [40].

Simply, the behavior of a single neuron can be determined as follows: First, the

neuron collects the received signals from other interconnected neurons in the network
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by taking into account weight of each link. This signal is transmitted through a weighted
connection, which is typically described as being analogous to a synapse. Second, it
applies its activation function over this total signal to compute output signal. Third, it

sends this output signal to other interconnected neurons in the network.

2.3.2 Neural Network Topology

The network is constructed using layers. The network requires at least two layers,
an input layer and an output layer and possibly, it has one or more hidden layers. An

example of a typical network is as follows:

N

| I | [l |
Input Layer Hidden Layer Qutput Layer

Figure 2.8 Topology of NN

2.3.3 Training

In biological systems, training involves adjustments to the synaptic connections
that exist between the neurons. It is generated by adjusting these weights to reach the

appropriate results for overall network.

NNs, like a human brain, learn by given examples. First, a network has been

structured for a particular application, which is varying according to applications such
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as pattern recognition or data classification. Before this process, the weights are

initialized randomly. Then, the training begins.

While training process, a set of samples, train set, is presented to the network. At
the beginning of the training process, the network predicts the output for each example.
However, as training goes on, the network updates strength of the connections between
neurons, by using the following formula, until it reaches a stable stage at which
prediction performance reaches a satisfactory level by taking into consideration the

difference between actual and produced outputs, namely error criteria.

: oE
Aw! =—a. 2% W)
ow/
w/" = w! + Aw!

1

where « is learning rate.

2.3.4 Testing

At the testing process, the network receives an input signal and produces an
output signal. If the network trained correctly, generalization should be done. For this
purpose, network can produce similar output with actual one, which is almost as good

as the ones produced in the training stage for similar inputs.

2.3.5 Global and Local Minima of Energy Function

Mostly, training of an NN is based on numerical optimization of a usually
nonlinear function. There is not the unique and the best method for nonlinear
optimization for all cases. It is necessary to choose a method based on the
characteristics of the problem, in hand. These methods find local optima in error surface

such as in Figure 2.4.
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Figure 2.9 Local Minima of Error Function Surface

2.3.6 Error Function and Back-Propagated Value

The difference between the produced output and the desired output is determines
error of the prediction. By the error function, this raw error is transformed to match
particular network architecture. This error is used directly but other paradigms are used

to modify this raw error to fit topologies’ specific purposes.
E=—2% (f(x.w)=y,)
NS

The error is propagated backwards to a previous layer. In order to update weights
of connections before the next training cycle, back-propagated value is multiplied

against each of the incoming connection weights.

2.3.7 Summation Function

The first step of the training process is to compute the weighted sum of all of the

received inputs. When input vector is (A,,A,,...,A,) and weight vector is

(W, W, ,...,w, ), summation of the inner product of these two vector will be ;

iwiin+6’j

i=1
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where 6@ ; is bais for connection.

By multiplying each component of the A vector by the corresponding component
of the w vector and then adding up all the products, we compute weighted sum of

inputs.

In addition to this method, the summation function can be depending on different
algorithms such as the minimum, maximum, majority, product, or several normalizing
algorithms. In this way, the input and weighting coefficients can be combined in many
different ways before passing on to the transfer function. We pick a specific algorithm

to combine inputs by considering the chosen network architecture.

2.3.8 Transfer Function

The result of the summation function is received by the neuron and inside of each
neuron, there is a transfer function to transform the signal to a working output through
an algorithmic process known as the transfer function or activation function. If fis the

transfer function, A; is the computed output for current neuron and the formula is as in

the following,

A= f[iwiin+9j}

i=1

This function is used to compare summation total with some threshold to generate
output signal. If the sum is greater than the specified threshold value, a signal is

generated. Otherwise, no signal is generated.

There are several different kinds of transfer functions, see Table 2.2 for sample
transfer functions. The transfer function is generally non-linear. However, linear

functions are limited, the output depends to the input. As investigated in the former

20



researches [41], linear transformation functions are so strict that they are not very

useful.
Transfer Function x-y Graph Formula
Hard Limiter ") x<0,y=-1
x20,y=1
+1
X
-1
Ramping Function y x<0,y=0
0<x<Ly=x
+1
>Ly=1
X o Y
+1
Sigmoid Function 1 Y x20,y=1-1/(0+x)
x<0,y==1+1/(1-x)
+1
X
-1
Sigmoid Function 2 y y=1/(1+e™)
+1
L
Pl X

Table 2.2 Sample Transfer Functions
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The transfer function defines summation function either positive/one/one or
negative/zero/minus one, respectively. "Hard limiter" transfer function can be used for

such a desired response.

Another type of transfer function has a curve within a given range and still act as a
hard limiter outside that range. However, outside of the range, it behaves as a linear
function, inside of the range, as a non-linear function. That curve approaches a

minimum and maximum value at the asymptotes.

Sigmoid is the most used transfer function between non-linear ones, because
curve derivatives of sigmoid function are continuous. Thus, it works fairly well and is
often preferable as transfer function. If it has a curve, it ranges between 0 and 1. When

it ranges between -1 and 1, it has a hyperbolic tangent, respectively.

2.3.9 Output Function

Each neuron has inputs and produces an output. Generally, this output is produced
by the transfer function. However, in some network topologies, neurons are allowed to
compete with other neurons. In this purpose, the output is modified to include
competition among interconnected neurons. This process may appear in two levels. In
the first level, competition is used to determine the neuron, which will provide an
output. In the second level, competitive inputs determine the neuron, which will

participate in the training among all interconnected neurons.

2.3.10 A NNs Tool, EasyNN

In our experiments, we used EasyNN plus 4.0 tool to build NN by Stephen
Wolstenholme. The release version of EasyNN can be downloaded from the following

web site: http://www.easynn.com/.

22



2.4 Support Vector Machines

The Support Vector Machine (SVM) is a supervised training technique purposed
by Vladimir Vapnik in 1979. It is designed for efficient multidimensional function
approximation and for creating functions from a labeled training data. It nonlinearly
maps N dimensional input space into a high dimensional feature space. In this high

dimensional feature space, a linear classifier is constructed.

SVM is based on a training algorithm, which has some simple ideas and provides
a clear intuition of what training from examples is about. It provides high performance
in practical application with constructing models that are complex enough. It can be
shown to correspond to a linear method in a high-dimensional feature space nonlinearly

related to input space. However, it is easy to be analyzed mathematically.

SVM operates by finding a hypersurface in the space of possible inputs. This
hypersurface divides input space into two or more subspace (depending to number of
classes). The split will be chosen to have the largest distance from the hypersurface to
the nearest of the positive and negative examples as illustrated in the Figure 2.5.
Intuitively, this makes the classification correct for testing data that is near, but not
identical to the training data. Thus, it prevents memorizing by maintaining

generalization idea.

separating hyperplane
Hy

class +1

‘ margin

Figure 2.10 SVM Classification by Separating Hyperplane
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2.4.1 SVM Hyperplane

For m-dimensional input vector x= [x1 yeees X, ]T € X € R™, a one-dimensional
output y € {11} and label the training data {xi, yi} wherei =1,...,n, suppose we have a

hyperplane, which separates the positive from the negative examples. The hyperplane is

designed performing a linear separation of the training data is described by
wix+b=0 (D

where w = [wl yees W ]T ,we W c R". wis the normal to the hyperplane. In order to find

a vector w and scalar b such that the points in each class are correctly classified and the

following inequalities are satisfied:

w.x+b >0 , forallisuch that y, =1
w.x+b <0 , for all i such that y, =—1 (2)

The distance d between x; and the hyperplane is

lw'x, +b|

d(w,b;x;) = 3)

IFwll

2.4.2 SVM Training Rule

In SVM training, w,,b, (2) is minimized. For such a problem Langrange

multipliers is well suited for nonlinear constraints such as in (2). Thus, the Lagrangian

is implemented

L(w,b,a'):%ll w2 —Zn:ai(yi [W'x +b]-1) (4)

i=1
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where ¢, are the Lagrange multipliers and e, > 0.

Here, (w,.b,) parameters specify the properties of the optimal hyperplane. From

the given Lagrange multipliers, we can calculate the weight vector directly in terms of

the training vectors. The training vectors are called support vectors.

2.4.3 Linear SVMs

2.4.3.1 Classification of Linearly Separable Data

A SVM can be defined as
f(x) :sgn{wa+b} 5

where w,b are found from the training set. Hence, (5) may be written as

f(x)= sgn{z &,y (x! x) +b0} (6)
icS
where b, is found as

b, Z%(ng;r +wgx;) (7

where x;” and x; are any input training vector examples from two different classes.
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2.4.3.2 Classification of Nonlinearly Separable Data

Here, the data is nonlinearly separable and we can extend the above approach to
find a hyperplane, which minimizes the number of errors on the training set. For this

purpose, we try to get
yiw'x +bl21-¢ (8)

where &, >0, i=1,....n.

2.4.4 Nonlinear SVMs

In most case, linear separation in input space is a too restrictive hypothesis to be
of practical use. Fortunately, the theory can be extended to nonlinear separating surfaces
by mapping the input points into feature points. The classifier is obtained by x;'x where
i c S. However, it is not necessary to use the input data to form the classifier. Instead,
all that is needed is to use these inner products between the support vectors and the

vectors of the feature space.

That is, by defining the kernel
K(x;,x)= x,.Tx )

the non-linear classifier can be obtained as

f(x)= sgn{z a,v.K(x,,x) +b0} (10)

icS
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There are number of kernels that can be used in SVM models. Some of them is as

Kernel Function Type | K(x,,x;)
Linear x! X;
Polynomial (y<x;,x;>+b)"

. . )
Radial Basis exp(—yﬂ X, - XjH )
Sigmoid tanh(y < x;,x; >+b)

Table 2.3 Kernel Functions

24.5 A SVM Tool BSVM

In order to implement SVM algorithm we used BSVM 2.05 by Chih-Wei Hsu and

Chih-Jen Lin (2002). This is a freeware software for academic use and freely

downloadable from the web site: http://www.csie.ntu.edu.tw/~cjlin/bsvm/. It is

essentially used to solve binary classification problems.

The explanations of parameters in BSVM, which we optimized in our

experiments, are in the following table.

-C cost

Set the parameter C of SVM (default 1)

-g gamma

Set gamma in kernel function (default 1/k)

-t kernel type

Set type of kernel function (default 2)
0 -- for linear kernel function

1 -- for polynomial kernel function

2 -- for radial basis kernel function

3 -- for sigmoid kernel function

Table 2.4 Used BSVM Parameters
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2.4.6 Performance Evaluation Metrics

In prediction of contact map experiments, many different sets of information have
been used. It is not possible to compare results and find the better one or more
preferable one. Thus, a measurement is found to show how good the prediction is. By
this method, it is possible to compare different results of different studies. While there

are N-number of non-contacts, false positive (FP) ratio will be

_N/
FP=""/,

where N_ is the number of non-contact predicted as contact.Accuracy of the contact

prediction is;

_C/
A="%c

The number of residue pairs (N, ) is
N, =(L-4%*(L-3)/2
By using N, , we can calculate testing performance by the following formula.

A =C
r NP

Finally, improvement over a random predictor is

—A
R= A

2.4.7 Source of Data

In both phases of the study, we used Protein Data Bank (PDB) [42]. PDB is an
archive of experimentally determined three-dimensional structures of proteins, serving a

global biology community of researchers, educators and students.
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3 RESULTS AND DISCUSSIONS

3.1 Contact Map Prediction Study

In nature, proteins tend to have about 5 non-contacts for 1 contact. Thus, in the
beginning, we collect data set by picking 5 non-contacts for 1 contact among whole
residue interactions in a protein and we tried to respect this ratio in our experiments.
However, for some experiments, we used different combinations for this ratio (i.e. 1 to
3) to be able to predict more contact samples. This approach will be called “contact /

non-contact ratio” in the following parts.

In training, we used some chemical, physical and structural properties of not only
contacting residues but also residues, which are neighbors of contacting residues.
Therefore, information of both contacting residue and its environment will be captured.
For this purpose, we generated a sliding window approach which slides on protein

backbone. The contacting residues are located in the center of the windows.

According to some chemical and physical characteristics of residues such as
polarity, charge and volume properties, 20 residues were clustered into 11 groups as
shown in Table 3.1. However, if we used 20 residues one by one, training will be too
specific. As a generalization and performance point of view, it is better to use smaller
and compact feature set as much as possible. In addition, these clusters would make
system learn how similar or different these residues are, which are from the same

cluster.
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Cluster # | Residue(s)
1 VAL,ILE,LEU,MET
2 TYR,PHE
3 GLN,ASN
4 GLU,ASP
5 TRP
6 CYS
7 SER,THR
8 ALA
9 GLY
10 LYS,HIS, ARG
11 PRO

Table 3.1 Cluster Information of Residues

As machine learning algorithm, two most popular and powerful method is used,
SVM and NN. At the beginning, we built a feed-forward NN architecture, which uses
sigmoid kernel function because it effectively finds the most stable structure given all
the competing interactions within a protein of residues. It had three layers and 5 to 20
hidden nodes. As a binary classifier, SVM was used as well. According to the settings,

SVM used either sigmoid or radial basis function as kernel function.

3.1.1 Experiment 1

In this experiment, we started with 7 residue wide-sliding window. The cluster
information of contacting residue, which are located in the center of this window
structure, was added to the feature set by using 11-digit vectors. Hydrophobicity of each
residue in the window and average volume of three residues in the middle of the
window were used in feature set as well. PDB codes of the proteins that we used in this
experiment are lbhg, 1dfx, livt, 1141, lobs and 2mcm. Data set was generated by
picking 5 non-contact samples for 1 contact sample then we randomly selected two sets
for both training and testing. In training set, there are around 12,400 residue interactions

by including 10,000 non-contacting residue interactions and 2,400 contacting residue
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interactions. In test set, there are 1,200 residue interactions, which comprise 1,000 non-
contacting residue interactions and 200 contacting residue interactions. We choose 10%

of the train set as validation set.

In this experiment, we implemented NN Algorithm to predict contact potential of
proteins. There were 20 hidden nodes in NN architecture. Learning rate (o) was 0.2 and
momentum constant was 0.9. Learning rate and momentum values were optimized
during training by the tool (EasyNN). At the end of the training, learning rate was 0.6
and momentum was 0.8. Sigmoid kernel function was picked as the transfer function of
neurons in the network. Stopping criteria of training was either “Stop when the average
error is less than 0.005” or “Stop when error for validation set starts to increase”. If the
output of the network is greater than 0.5, it is classified as contact, otherwise it is
classified as non-contact, respectively. Therefore, decision threshold was 0.5. The result

of this experiment is given in the Table 3.2.

CC NN
# of Occurrence 22 937
Accuracy 11% | 93.7%
Overall Accuracy 79.91%

Table 3.2 Results for Experiment 1

where C. is the accuracy of correctly predicted contacting residue interactions and N,

is the accuracy of correctly predicted non-contacting residue interactions.

As discussion of this result, we may say either “good” or “bad”. They are both

true for some aspects which are explained in the following part.

The result of the experiment may look like poor and unsuccessful. However, this
problem is not easy to solve. Generally, predictors tend to classify all contacting residue
interactions as non-contacting because it is a big issue to learn contacting residue
pattern. For such problems, it is fare enough to make a better prediction than a random
predictor does. For this purpose, we tried to improve performance then compared it with

a random predictor.
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For such a hard problem, predicting 79.91% of test data seems to be successful.
Nevertheless, the main contribution of this problem is to have a false positive accuracy,
which must approximate to zero. This is the desired case and if predictor fails in non-
contact prediction, this error will give more damage to 3D structure prediction than any
error in contact prediction. Therefore, our primary goal is to have minimum false

positive, then maximum correctly predicted contact accuracy.

3.1.2 Experiment 2

The result of the previous experiment showed us that with using the data set and
architecture that are explained in the above part, we could not reach a good false
positive ratio. There is too much error in non-contact prediction. That may because of
trying to predict all of the residues together. Therefore, to generate less specific feature
vector, we tried to predict contacting interaction of residues from Clusterl. The rest of
the feature vector was the same with the feature vector in previous experiment. The
same NN architecture with the experiment 1 was used. The training and testing sets
were same as well, but we just took contacting interactions of residues from Clusterl.

After processing, we got a prediction distribution in Figure 3.1.

#Z of occurence

N

autput

Figure 3.1 Distribution of the Prediction in Experiment 2

Our aim was to have a distribution as shown in the Figure 3.2 where red curve
represents graph of non-contact class and blue curve represents contact class. When we

compare the distribution of two classes, it is necessary to have divergent regions on both
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sides of these curves to be able to correctly classify some of contacting interactions. If
we would have such a distribution in Figure 3.2, by looking at the produced output,
which were on the left corner of graph, we could say that sample of this output were in
the non-contact class. Respectively, if the produced output was in the right corner, the
sample of this output was classified as contact. This was the ideal case but the result of
this experiment was faraway than this shape (Figure 3.1). There is no divergent region
on the curves to determine a classification threshold. Thus, we could not predict any of

the contacting residue interactions.

# of occurence

autput

Figure 3.2 Desired Prediction Distribution

By comparing this experiment with the previous one, we can say that clustering
information is an important feature in classification and it affects the classification
performance by positively. By getting cluster information out, we lost advantage of
using it. This indicates that cluster information is important to learn behavior of residues
as a group, their similarity and their tendency to make a connection with a residue for

example from the same cluster (or vice versa).

3.1.3 Experiment 3

In this experiment, we added the cluster information again to have advantage of
hints that cluster information carries. In previous experiments, we mainly focused on
environmental features such as using hydrophobicity of each residue in the windows.

However, after that, we decided to use more information about contacting residues. Of
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course, neighboring information would be used as well, but it would be in a more
compact manner. In order to use combination of hydrophobicity, we took average
hydrophobicity of the three residues, which are located the center of the sliding
windows. Cluster information of contacting residues, their hydrophobicity and volume,
average hydrophobicity and average volume of three residues in the middle of the
window were used in feature vector. The network architecture and data sets were same

with the experiment 1.

In this study, all contacting interactions were predicted as non-contact because
there was not any reasonable threshold in output distribution to separate contacting

residues from non-contacting residues.

These unsuccessful results may depend on either feature vector, or classification
technique or both. In this experiment, we might loose the advantage of using
hydrophobicity of the residues by using its combination. Hydrophobicity scale of
residues may be more useful when they are used individually. Namely, using average
of the hydrophobicity may be not as effective as using hydrophobicity of neighboring
residues. In addition, we may not need to use volume of the contacting residue when we
take average of three middle residues. Therefore, in the next experiment, this feature is
extracted from feature set. By this way, we may decrease the dimension of feature

vector.

As another reason of these unsuccessful results, we gave too many non-contact
samples that may cause just learning non-contact class instead of learning both contact
and non-contact classes. Another reason may be that the classification technique or used

kernel function may not be suitable for our problem.

3.1.4 Experiment 4

After previous two unsuccessful experiments, we changed the classification

technique and feature set. First, instead of using NN algorithm, we applied SVM
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algorithm by using BSVM tool. This is an acceptable solution, because, in some cases,
some algorithms can be more suitable than other ones. They use different techniques in
training and according to our problem; these techniques can either be suitable or not.
However, as kernel function, we still used sigmoid kernel function. The parameters of

BSVM were set; gamma was 40 and cost was 100.

In this experiment, to decrease feature vector dimension, we used smaller sliding
window by changing its size from 7 to 5. Cluster information was taken out from
feature vector. Because we wanted to obtain a useful threshold to classify contact
samples as well as non-contact samples and we tried to find more compact and more

useful features. Therefore, we eliminate some of the features.

The normalized sequential distance between contacting residues was inserted to
feature vector as a physical property. This feature is an important measure to give
information about long or short distance contacting residues. In this way, predictor may
learn long distance and short distance contact interactions and their properties

separately.

Another difference from previous studies, as evolutionary information, secondary
structures of contacting residues was added to the feature vector. This feature will give
us a chance to evaluate each residue by its own structure. For example, predictor will be
able to catch similar behaviors of residues, which are in alpha helix structure. By this
way, predictor may extract secondary structure-specific properties. There is, of course, a
relation between forces, which drive contact interactions and structural properties of
proteins. Residues, which are in a more compact structure such as an alpha helix, will
act together and combine their forces. Therefore, secondary structure will play a big role

in contact interactions.

Nevertheless, some parts of feature vector were still kept the same such as
hydrophobicity scale of contacting residues and the average volume of the contacting

residues together with their first order neighbors.

35



In addition to 1:5 contact/non-contact ratio, 1:1 ratio were also used, because, in
1:5 ratio, there were too many non-contact residue interactions and contacting residue
interactions cannot be analyzed and then classified correctly. By taking into

consideration of those, we generated 5 different data sets;

1. 100 interactions from each protein with having 1:1 ratio
2.200 interactions from each protein with having 1:1 ratio
3.100 interactions from each protein with having 1:5 ratio
4.200 interactions from each protein with having 1:5 ratio

5.All of the interactions from each protein with having 1:1 ratio.

10% of whole data set was used in testing. Result of this experiment is given the

following table.
Data Set | TestSize | C. % | N, % %
Set 1 60 20% 46% 33.3%
Set 2 120 55% 63% 59%
Set 3 72 9% 95% 48%
Set 4 36 17% 86% 75%
Set 5 232 57% 60% 58%

Table 3.3 Results for Experiment 4

By considering result of this experiment, we can say that, when we use bigger
data sets in training, we achieve better prediction accuracies. That is why the
performance of prediction in Set5 is better than the performance in Setl. Thus, it is
better to use bigger train sets. Even contacting residue interactions were separated from
non-contacting residue interactions, we got lower accuracies than the accuracy in

experiment 1.

This experiment was also a test to see whether we could overcome threshold
problem or not. We saw that, some of the contact interactions might be correctly predict
by using SVM. Although, results are not sufficient, this experiment shows us that SVM
can be more suitable than NN for this problem. Therefore, we started to use SVM

technique.
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3.1.5 Experiment 5

In order to get further improvement, we generated bigger train set with using
different contacting/non-contacting ratios. Four different data sets were produced with
1:1, 1:2, 1:3 and 1:4 contact/non-contact ratios. Even though, there is a reasonable
connection between this ratio and contact prediction performance, these ratios were

generated to control the dependency to contact/non-contact ratio of prediction.

For each occurring N-M contact, we added 5 N-M non-contacts to the data set to
allow the SVM to learn under what conditions N-M forms a contact and under what
conditions they do not contact each other. For example, for Glutamine residue
interactions of 23rd Alanine residue with 1:5 ratio, we picked 5 non-contacts and 1
contact information among 23rd Alanine and Glutamine residue interactions. The main
point is; all the interactions were selected by using the same protein backbone. By this
approach, predictor will catch any relation between a particular residue and a residue set
from a particular type within the same protein backbone. This relation can be local as
protein specific, or global as a general interaction behavior between these two residue-

types. The schematic explanation of this approach is shown Figure 3.3.
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Figure 3.3 Representation of New Approach
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After finding a better training algorithm, in order to see their effects on
performance for current platform, we used some of previously used features, such as
hydrophobicity scale of each residue, secondary structure information and volume
scales of contacting residues and the normalized sequential distance between two
contacting residues. The parameters of SVM were; Kernel function was sigmoid.
Gamma coefficient was 40. Cost of train was 100. The result for this experiment is as

following.

Ratio | Testsize | C.% | N, % %

I1:1 1390 32% 51% 41.29%
1:2 1800 26% 53% 43.77%
1:3 2095 25% 56% 48.83%
1:4 2233 30% 82% 71.65%

Table 3.4 Results for Experiment 5

These results indicate that when we pick more non-contacts per one contact,
predictor is getting better and starting to correctly predict more non-contact samples.
Namely, false positive ratio reduces. By this aspect, 1:4 data set gave the best result for
this experiment. Although this result is not perfect, in this step, we can use 1:4 data set
to optimize parameters. This optimization makes us surer about the appropriateness of
the parameters that we used in training. By this way, we may continue with using

parameters that are more preferable.

3.1.6 Experiment 6

In this experiment, parameter optimization was done by just changing kernel
function type, gamma constant and training cost parameters of BSVM. 1:4 data set
taken from the previous experiment was used in optimization. Optimization results are

as in the following Table 3.5.
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Kernel (t) Gamma (g) | Cost(c) | Accuracy
Sigmoid 400 100 70.8912%
Sigmoid 40 100 71.6525%
Sigmoid 4 100 71.2494%
Sigmoid 400 1 71.0255%
Sigmoid 40 10 71.7421%
Sigmoid 80 1 72.0555%
Sigmoid 70 1 72.1003%
Sigmoid 50 1 71.6525%
Sigmoid 40 1 72.0107%
Sigmoid 30 1 71.7868%
Sigmoid 4 1 71.4734%
Sigmoid 1 1 70.8464%

Radial Basis 0.1 100 76.8025%
Radial Basis 0.3 10 78.7730%
Radial Basis 0.2 10 79.0864%
Radial Basis 70 1 79.8925%
Radial Basis 0.9 1 80.8330%
Radial Basis 0.1 10 82.4451%
Radial Basis 0.1 1 81.5495%

Table 3.5 Results for Optimization Process

In these results, there is an important point; when we change kernel function type
from sigmoid to radial basis, we got considerable improvement in prediction
performance. When we used NN in our experiments, the kernel function was sigmoid
and results of these experiments were unsuccessful. As we told before, some machine
learning techniques are more suitable than some others. Likewise the above case, the
most useful kernel function is changing according to the data set. In our case, data set

has a semi positive defined matrix form. Sigmoid kernel function does not work

properly for such matrices as experienced in our study and as known.
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The combination of radial basis kernel function, 0.1 (gamma coefficient) and 10
(cost) gave the best accuracy for this set. Therefore, in next experiments, we used this

parameters in training.

3.1.7 Experiment 7

By using the parameters that we find in previous experiment, we repeat the
process for the data sets in experiment 5. A new data set with 1:5 ratio is used in this

analysis as well. The result of the experiment is shown in the Table 3.6.

Ratio | Test Size | N, % C.% %

1:1 1390 70.64% | 65.18% 67.9137%
1:2 1800 89.58% | 49% 76.0556%
1:3 2095 88.65% | 39.92% 76.42%
1:4 2233 95.51% | 26.28% 81.5943 %
1:5 2314 100% 0.389864% | 77.9361%

Table 3.6 Results for Experiment 7

As you see, by using new parameters, we got big improvements in the prediction
performance of 1:1, 1:2 and 1:3 data sets. Still the best accuracy among all results is
obtained from the analysis of 1:4 data set. Predicting of 26.28% of contacting

interactions is sufficient but false positive value (95.51%) is still high then desired.

3.1.8 Experiment 8

Before that, we generated test and train data by using whole proteins. After this
point, some proteins were used only for testing and others were used only in training.
Therefore, test data would be completely separate from train data. This approach was

more appropriate for the case in real life. However, while predicting contact map of a
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protein, we would not know any of the contacting residues in this protein. For this

purpose, among 16 proteins, we used 14 proteins in training and 2 proteins in testing.

In this experiment, we picked the proteins that are from the same superfamily, but
from the different families. Furthermore, we would deduce bias of being in the same
family. In this way, we would see how successfully we could predict contact potential
of a protein, whose superfamily is known. For this purpose, we select 16 proteins from
"Winged helix DNA-binding domain” SCOP superfamily. The PDB codes of these
proteins are; 1bia, 1jhf, laoy, lcgp, lilg, Ismt, Imkm, 1lnw, 1ku9, 1Thwl, 1bm9, lixc,
1b9m, lils, 1hkq, 1in4. Obtained results are shown in the Table 3.7.

Ratio | Test Size N, % C.% %
1:1 982 72.5051% 72.35% 72.4033%
1:2 1473 88.9002% | 55.6911% | 77.8004%
1:3 1965 97.0808% | 35.1626% | 81.6191%
1:4 2456 98.2688% | 29.6748% | 84.5621%
1:5 2946 99.2671% | 24.4399% | 86.7957 %

Table 3.7 Results for Experiment 8

Our aim was to predict as many contacts as possible while keeping false positive
value near to zero. For 1:5 data set, we got almost excellent performance. Because false
positive is too low and correct contact ratio is high enough. Thus, we can say that we
could successfully predict contact map of any protein from "Winged helix DNA-binding
domain” SCOP superfamily. However, the point is which ratio will be more useful in a
general manner. For this experiment, 1:5 ratio gave the best accuracy but to select more
reliable and general ratio, we repeated this experiment for another SCOP superfamily in

the next experiment.

3.1.9 Experiment 9

In this experiment, we used proteins from another SCOP superfamily class,

“ARM repeat”. 12 proteins were picked from this superfamily (10 proteins for training,

41



2 proteins for testing). The PDB codes of these proteins are; 1jdh, 1gw5, 1b3u, 1oxj,
1h19, 1b89, 1c9l, 1lrv, 1e8z, Im8z, 1ho8&, In8v.

Feature set was the same with previous experiment and it was the combination of
hydrophobicity scale of the residues in windows, secondary structure and volume scales

of the contacting residues and the normalized sequential distance between two

contacting residues. Results for this experiment are as in the Table 3.8.

Ratio | Test Size N, % C.% %
1:1 3767 85.6081% | 81.6879% | 83.6431%
1:2 5651 83.4616% | 42.9708% | 83.7049%
1:3 7536 93.7887% | 40.9019% | 85.3769%
1:4 9419 94.8507% | 18.4615% | 85.9236%
1:5 11298 | 99.9469% | 6.47902% | 84.3689 %

Table 3.8 Results for Experiment 9

As shown in the Table 3.8, 1:5 ratio, again, gave the best accuracy among all
ratios. It gave a small false positive error, which is closest to zero for non-contact
samples and a sufficient accuracy in contact prediction. Therefore, after that, we
decided to collect data by using 1:5 ratio instead of other ratios. As we explained before,

in nature, proteins tend to have an approximate 1:5 contact/non-contact ratio.

3.1.10 Experiment 10

In addition to the data sets in experiment 8 and 9, we repeated same study for 8
different kinds of SCOP superfamilies, which include 1 all alpha, 5 all beta and 2
alpha/beta superfamily (All alpha class proteins have alpha helix more than 15% and
beta sheet less than 10%. All beta class proteins have alpha helix less than 15% and beta
sheet more than 10%. Alpha & Beta class proteins have alpha helix more than 15% and
beta sheet more than 10%), by using 1:5 ratio. Some of proteins were used only for
testing and remaining part is used in training as written in Table 3.9. Detailed

information about these super families is written in the following table.
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Code | Class Superfamily Name #of protein
Al All alpha "Winged helix" DNA-binding domain 16 (2 for test)
A2 All alpha ARM repeat 12 (2 for test)
A3 All alpha EF-hand 9 (2 for test)
Bl All beta E set domains 16 (2 for test)
B2 All beta Galactose-binding domain-like 17 (2 for test)
B3 All beta (barrel) Nucleic acid-binding proteins 10 (2 for test)
B4 All beta (barrel) PH domain-like 6 (1 for test)
B5 All beta (barrel) Composite domain of metallo-dependent hydrolases 7 (2 for test)
AB1 Alpha & Beta Metallo-dependent hydrolases 13 (2 for test)
AB2 | Alpha & Beta P-loop containing nucleotide triphosphate hydrolases | 20 (4 for test)

Table 3.9 Superfamily Information

In order to see whether results are good enough or not, we should compare results

with random predictor by using random evaluation metrics.

Superfamily | Test Size C% N% A% FP R
Al 2947 24.43% | 99.26% | 86.79% | 0.0073 | 8.7496
A2 11299 | 6.479% | 99.94% | 84.36% | 0.0005 | 4.3096
A3 2719 20.97% | 99.24% | 86.20% | 0.0075 | 8.6667
B1 9007 0.066% | 100% | 83.34% | 0 0.0473
B2 7951 0.075% | 100% | 83.34% | O 0.0445
B3 11599 | 9.415% | 99.48% | 84.47% | 0.0052 | 8.8996
B4 217 2777% | 100% | 83.79% | 0 4.0532
BS 4567 18.00% | 98.66% | 85.21% | 0.0134 | 20.8154

ABI 6559 19.48% | 99.14% | 85.86% | 0.0086 | 10.0944
AB2 617 18.64% | 98.67% | 85.33% | 0.0133 | 3.1756
Overall 5748.2 | 12.03% | 99.44% | 84.86% | 0.0058 6.88

Table 3.10 Results for Experiment 10

By comparing our predictor with a random predictor, we have a chance to

measure our prediction performance and the improvement that we provide for contact

map prediction.
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As shown in the Table 3.10, some of accuracies are good enough but some of
them are not such as B1 and B2 data sets. These are all beta—class proteins and the long
distance contacts of this class are difficult to predict, because, unlike all alpha or other
classes, the distant fragments of the protein backbone make up these patterns. On the
other hand, for example for B5 set, our predictor achieves 20 times better prediction
than a random predictor. Having a better prediction than a random predictor is a
considerable improvement, because this problem is hard to solve and has many possible
solutions. Therefore, even small difference between our predictor and a random

predictor indicates big improvement in prediction performance.

3.1.11 Experiment 11

In order to have further improvement, we tried to add useful information into
feature set by using our experiences from previous experiments and our knowledge.
Secondary structure caused improvement in performance because after adding
secondary structure information to the feature vector, we got better accuracies.
Therefore, in order to give more secondary structure information, we added secondary

structure information of the residues in whole window to the feature vector.

Superfamily | Test Size C% N% A% FP R
Al 2947 | 28.30% | 98.81% | 87.06% | 0.0118 | 10.1349
A2 11299 | 0.11% | 100% 83.35% | 0 0.0706
A3 2719 | 19.20% | 99.33% | 85.98% | 0.0066 | 7.9369
B1 9007 | 3.80% |99.50% | 83.55% | 0.0049 |2.6942
B2 7951 | 091% |99.92% | 83.42% | 0.0008 | 0.5346
B3 11599 | 22.14% | 96.96% | 84.49% | 0.0303 | 20.9287
B4 217 2.78% | 100% 83.79% | 0 4.0532
BS 4567 | 24.68% | 97.70% | 85.53% | 0.0184 | 29.1719

ABI 6559 | 23.14% | 98.70% | 86.10% | 0.013 | 11.99
AB2 617 36.14% | 97.83% | 87.55% | 0.0217 | 6.1579
Overall 5748.2 | 16.12% | 98.875% | 85.08% | 0.0175 | 9.363

Table 3.11 Results for Experiment 11
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R determines how many times better performance we get than a random predictor
does. For some superfamilies, we got sufficient performance (i.e. 29 times better
prediction than a random predictor for BB3 superfamily set). Yet, for some
superfamilies, we get insufficient prediction accuracy (i.e. B4 superfamily). However,
for overall performance, adding secondary structure information of each residue in the

windows makes performance better.

3.1.12 Experiment 12

In order to use more environmental information such as secondary structure, we
increased window size to 7 and repeated process by using the same superfamilies and

settings in experiment 11.

Superfamily | Test Size C% N% A% FP R
Al 2947 26.48% | 26.48% | 86.64% | 0.0134 | 9.4787
A2 11299 | 0.05% |0.05% | 83.35% 0 0.0353
A3 2719 22.52% | 22.52% | 86.42% | 0.0079 | 9.3054
B1 9007 240% |2.40% |83.48% | 0.0031 | 1.7016
B2 7951 0.60% | 0.60% | 83.40% | 0.0005 | 0.3564
B3 11599 | 21.31% | 21.31% | 84.25% | 0.0317 | 20.1463
B4 217 2.78% | 2.78% | 83.80% 0 4.0532
B5 4567 22.22% | 22.22% | 85.29% | 0.0209 | 25.2627

AB1 6559 23.88% | 23.88% | 86.37% | 0.0113 | 12.3691
AB2 617 34.85% | 34.85% | 87.32% | 0.022 5.937
Overall 5748.2 | 15.71% | 98.89% | 85.03% | 0.011 8.86

Table 3.12 Results for Experiment 12

When we compare these results with results in experiment 10, as expected, we
improved the performance (i.e. for Bl and B3 sets) as shown in the Table 3.14.
Nevertheless, the improvement is not as big as the improvement that we got in previous
experiment. This indicates that when a protein has many helix and sheet inside of the

sequence, it can be predicted more accurate. However, when we started to use 7-residue
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wide sliding window, normally, dimension of the feature vector is increased and this

may cause a confusion and noise in training.
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3.2 Disulfide Bond Prediction Study

In this phase of the study, we tried to predict disulfide bond interactions. This
study has not finished yet. However, the results and discussions about completed parts

will be presented in this section.

As described before, disulfide bond is a kind of contact interaction between
cysteine residues. Therefore, we used same cysteine rich proteins in [43] study. The list
of the proteins and their chain information are written in Appendix. In this data set,
there were 737 proteins with 624 cysteines forming disulfide bridges. PDB were used to
extract secondary structure information, protein sequence and disulfide bond

information.

The contact definition of disulfide bond is different from the residue contacting
interaction definition that we used in the previous phase. Disulfide bond is a type of the
bond, which is formed by sulfide atoms in cysteine residues. In more chemical point of
view, cysteine atoms has the particular side chain which includes the thiol group (-SH)
and oxidation of the thiol group yields a disulfide (S-S) bond. This is the reason of that
disulfide bond is called also “SS bond”. These bonds are found experimentally and the

SS bond information was taken from PDB files.

In training, we used cross validation by applying 5-fold cross validation because
number of contacting interactions in train set was small. In addition to ROSEF
hydrophobicity scales, we used two different hydrophobicity scales as well, Hopp-

Woods and Eisenberg.

3.2.1 Experiment 13

As a starting point, we used simple features. Although, we know the important

features; what they are and how they affect. However, the important issue is to find the
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most useful combination of them. For the purpose, as the first feature vector, we used

only hydrophobicity and volume scales of the residues in windows. Window size was 5.

For this study, of course, contacting residues are always cysteine residues. Thus,
we did not use the connecting cysteine residues’ hydrophobicity and volume because
they are always same. BSVM parameters are defined; gamma as 40, cost as1000, kernel
type as sigmoid, validation fold as 5. For the set with ROSEF hydrophobicity, we

obtained the results as follows;

Ratio Nvg, | Ceq | o

11 57.28% | 39.04%  48.16%
12 99.84% | 2.56% | 67.41%
13 99.84% | 2.88% | 75.6%

Table 3.13 Results for Experiment 13

For the other two hydrophobicity scales, we got exactly same results. That means
this classification is not meaningful. The error probably occurs because of using the

sigmoid kernel function in training.

3.2.2 Experiment 14

After failure in the previous experiment, we changed kernel function to radial
basis kernel function and repeated the same analysis in experiment 13. Results are as in

the following table.

Ratio Hydrophobicity Type Ny % Ce % %

1:1 Eisenberg 53.6% | 47.68% | 50.64%
1:2 Eisenberg 77.47% | 35.68% | 62.06%
1:3 Eisenberg 74.24% | 29.28% | 63.00%
1:1 Hopp-Woods 51.84% | 50.56% | 51.2%
1:2 Hopp-Woods 66.00% | 34.24% | 55.41%
1:3 Hopp-Woods 75.36% | 24.44% | 62.88%
1:1 ROSEF 50.56% | 49.92% | 50.24%
1:2 ROSEF 65.36% | 33.44% | 54.72%
1:3 ROSEF 75.68% | 28.00% | 63.76 %

Table 3.14 Results for Experiment 14
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This time we get reliable results than previous results. Therefore, we fixed kernel
function to radial basis. If we compare results, the set, which includes the ROSEF

hydrophobicity and has 1:3 ratio, gives the best result among all data sets.

3.2.3 Experiment 15

The results of previous experiment were the starting point of this study, so we
should try to find more useful information to improve the performance. For this purpose
and using more environmental information, we increased the window size by setting it
to 9. Feature vector was same by including volume and hydrophobicity scales of the

neighboring residues of contacting residues.

Ratio | Hydrophobicity Type Ny % Ce % %

1:1 Eisenberg 50.08% | 46.08% | 48.08%
1:2 Eisenberg 65.2% | 22.56% | 50.98%
1:3 Eisenberg 74.77% | 19.2% | 60.88%
1:1 Hopp-Woods 47.84% | 49.6% | 48.72%
1:2 Hopp-Woods 68.4% | 32.48% | 56.42%
1:3 Hopp-Woods 77.33% | 21.12% | 63.28%
1:1 ROSEF 50.08% | 50.24% | 50.16%
1:2 ROSEF 68.56% | 30.24% | 55.78%
1:3 ROSEF 76.69% | 20.16% | 62.56%

Table 3.15 Results for Experiment 15

This time, the data set including Hopp-Woods hydrophobicity scale and 1:3 ratio
was predicted with the best accuracy among all data sets. Nevertheless, very similar

results were obtained with experiment 2. Moreover, there is a decrease in performance.

3.2.4 Experiment 16

As we know, secondary structure information gives important clues about
combined forces of residues. Therefore, in addition to volume and hydrophobicity

scales, the secondary structure information of the neighboring residues was used in to
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feature vector. Window size was redefined as 5 because using bigger window caused a

recession in performance.

Ratio | Hydrophobicity Type Ny 9% Ce 9% 9o

1:1 Eisenberg 512% | 45.92% | 48.56%
1:2 Eisenberg 63.04% | 39.52% | 55.2%
1:3 Eisenberg 70.02% | 27.84% | 59.48%
1:1 Hopp-Woods 49.12% | 45.76% | 47.44%
1:2 Hopp-Woods 62.72% | 34.08% | 53.17%
1:3 Hopp-Woods 69.92% | 27.36% | 59.28%
1:1 ROSEF 51.36% | 46.56% | 48.96%
1:2 ROSEF 63.28% | 36.32% | 54.29%
1:3 ROSEF 69.38% | 28.16% | 59.08%

Table 3.16 Results for Experiment 16

This time, performance reduced. This might cause using small window because
secondary structure gives a chance to use environmental information about residue
contact interactions. Thus, in order to use more environmental information, window size

was increased in the next experiment.

3.2.5 Experiment 17

Experiment 16 was repeated for 9-residue wide sliding window to have more

neighboring residue information in training to use more environmental information.

Ratio | Hydrophobicity Type Ny % Ce % Y

1:1 Eisenberg 512% | 55.84% | 53.52%
1:2 Eisenberg 64.56% | 36.8% | 55.30%
1:3 Eisenberg 70.50% | 31.84% | 60.84%
1:1 Hopp-Woods 51.68% | 52.48% | 52.08%
1:2 Hopp-Woods 61.28% | 38.24% | 53.6%
1:3 Hopp-Woods 70.08% | 25.28% | 58.88%
1:1 ROSEF 49.12% | 56.16% | 52.64%
1:2 ROSEF 61.68% | 37.76% | 53.70%
1:3 ROSEF 73.06% | 30.4% | 62.45%

Table 3.17 Results for Experiment 17
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Again overall accuracy was similar with the best results in experiment 2. While
false positive accuracy was increasing, we got remarkable improvement in correct
contact accuracy. This indicates that secondary structure information is not useful in

disulfide bond prediction.

These results are as successful as the other studies in literature [13]. Because of

the time constraint, we stopped here.
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4 CONCLUSION

The main contribution of this study is the obligation of having small (even ~zero)
false positive by predicting almost all of the non-contact samples correctly because the
any error in non-contact prediction causes fatal error in 3D structure of protein. While
keeping this balance, our secondary aim is to predict contact samples as well. The error
in prediction of contact samples is harmless because it can be repaired by some methods
such as graph matching. For this purpose, results are evaluated primarily false positive
and then correct contact predictions. In order to overcome this difficulty, we followed
an optimization strategy by changing all parameters with considering results of the
experiments. First, we used feed-forward NN architecture in training. Although, NN is
widely used and a powerful classification technique for most of the problems in
bioinformation, in our case, the feed-forward NN was not good enough. This may occur
because of using raw architecture of NN. After this phase, we started to use SVM in
training. SVM is very powerful and the one of the most efficient method in many real-
world applications and we may expect that SVM to become a standard tool for
bioinformaticians. Results of our experiment showed us that SVM is a more useful

classification technique than NN by transforming data into a high dimensional space.

As well as picking the right classification technique, choosing the most useful
kernel function is an important issue for training performance. In our experiments, we
always started with using sigmoid function as a kernel function. Nevertheless, we saw
that any of the data set that we generated was not suitable to use in sigmoid kernel
function. For such a complex and big feature vectors radial basis give more reliable and
better results. When feed-forward NN structure was implemented, sigmoid kernel
function was used. The problem in the experiment 1,2 and 3 most probably occurs
because of using sigmoid function in feed-forward NN structure. As a future work,
radial basis based NN structure may be used by using the same data sets in the

successfully resulted experiments.
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Another difficulty in this study is to find the best combination of features. In
literature, there are many of the important properties of residues used. However, we
have to know how we use to get better performance. Even if all the important features
are added into the feature vector this may cause confusion in learning. Therefore,
feature vector should be compact and it should carry useful information as much as
possible. In order to find the best combination of features, we used our knowledge and
experiences of the experiments in hand. Different features of a window of residue were
considered in analysis such as hydrophobicity, volume, ordering distance and secondary

structure information.

Our study showed that secondary structure information plays an important role in,
especially, contact map prediction. Combined forces within a secondary structure
pattern determine how a residue, which is in this pattern, is willing to make a contact
with another residue. However, this is not true for disulfide bond prediction. Because
disulfide bridge structure is different from a contact definition and as a covalent bond,
disulfide bond probably is not too much affected by the environmental forces.
Nevertheless, this is not true for disulfide bond prediction. These two problems,
prediction of contact potential and prediction of disulfide bridge, are different from each

other.

Contact potential prediction studies also suggest that predictor learned separately
for different protein fold superfamilies may achieve better performance than a unified
predictor. Thus, the contact potential of proteins having unknown fold based on known
superfamily can be easily predict. We probably catch important structural properties by
using the proteins from same superfamily in training and this gave important

improvement in training performance.

For future improvements in contact map prediction, new classifier architectures
can be built (such as presented in Pollastri et al. study [7]) by having same feature sets
in the successful experiments of this study. In this way, we will use architecture that is
more complex and after this step, we may change feature vector for further
improvement. Some of the important features were not used in this study such as charge

scale. These can be considered to use in feature set. In addition, in the first experiments,
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we used cluster information and these experiments showed that the cluster information
causes improvement and it is useful information in prediction. Therefore, we may add

cluster information of residues.

Our prediction of disulfide bridge study has not finished yet. For this problem, we
need to find better feature set, which carries information about the driving forces for
building SS Bridge because it is a chemical bond and this problem is different from a
normal contact between residues. As a future work, these features may be explored
more deeply. In addition, the dataset, in hand, may be growth. In this way, predictor

may learn more information from more samples.
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APPENDIX

PDBC | C | PDBC | C | PDBC | C | PDBC | C | PDBC | C | PDBC | C  PDBC | C | PDBC | C
10mh | A | lag0 A | lbgv A | Ic7n A | 1dOn A | 1ds0 A | lejf A | 1f2] D
1531 _ | lagb _ | 1bhe _ | 1c&d A | 1d0q A | 1dsb A | lejj A | 1f2n C
lal2 A | larb _ | 1bhg A | 1c8k A | 1dlz A | 1dtw B | lekj G | If2y A
1a28 B | laru _ | 1bhh A | lcc8 A | 1d2k A | 1du3 G | lekv A | 137 B
la2w A | laso A | 1bhs _ | lccz A | 1d2r A | 1dug A | lel4 A | 1f39 A
la2z _ | lad A | 1bht A | lcdh _ | 1d2v C | 1dyj A | len7 A | 1152 A
lad4 _ | laul A | 1bhu _ | ledg | 1d3s A | 1duw A | lenw A | 1f5Sm B
ladi B | laua _ | 1bj7 _ | lcem _ | 1d4b A | 1dwm | A | 1eo9 B | 1f5s A
ladu A | laui B | 1bkS A | Icew |I | 1d4o A | 1dys A | lepO B | If5v A
labd A | lauz _ | Ibkp B | 1cf2 0 | 1d6b A | 1dz3 A | lep3 B | 1f5x A
la7g E | lavk _ | 1bm0O | A | 1cfb _ | 1d7c A | 1dz4 B | lep9 A | 1f5y A
la8e _ | lavp _ | 1bn6 A | Icfe _ | 1d71 A | 1dz7 A | lepf B | 1f6k A
1a8h _ | law8 1boe A | lcfr _ | 1d7q A | 1dzf A | lept C | 1f7s A
1a81 | lawe _ | 1bou B | Ichc _ | 1dbf A | lela A | legf A | 1182 A
1a8p _ | laxn _ | 1bov A | 1chd _ | 1dbs _ | le2t A | leqr B | 1f8m A
1a8q _ | lay2 _ | 1boy _ | 1chm A | 1dce B | 1e3u B | lerd _ | 118v A
1a99 A | layf A | 1bpo B | Icid _ | 1dci A | ledm | M | lerz A | Ifaz A
laa7 A | layo A | 1bgv _ | Icjc A | 1ddb A | ledu A | lesc _ | Ifbr _
laaz A | laz9 _ | 1br9 _ | 1cku A | 1ddl A | le5d A | lesg B | 1fbx A
lad6 _ | 1bOp A | 1bsO A | 1cl7 L | 1ddz A | 1e5l1 A | lesl _ | 1fc9 A
lade A | 1b10 A | 1bs2 A | Icle A | 1de3 A | leSm | A | lete A | lfcd A
ladn _ | 1bla _ | 1bsl B | 1cli A | 1deo A | leSw A | letp A | 1fce _
lado A | 1b2p A | 1btn _ | Iecmi A | ldev A | lebu A | leua A | 1fd7 D
laew _ | 1b35 A | 1bu7 A | Icmk E | 1dfx _ | lebv A | leuc A | Iffy A
laf7 _ | Ib3a A | 1buo A | lenz A | ldgn A | leby E | leuh A | 1fgj A
lafr A | 1b3r A | lbvp 1 | lco4 A | ldgs A | le8u B | leun _ | Ifgp _
lafw B | 1b3u A | lbvz A | Icp2 A | 1dii A | leaj A | levx A | 1fgu A
lahj A | 1b4b A | 1bw3 | _ | Icpn _ | 1dj0 A | lecf B | lewd | A | Ifi2 A
lahk _ | IbSe A | 1byl A | Icpo _ | Idjn A | lecs A | lewi A | 1fig B
lahl _ | 1b5q A | 1by4 B | lcpg _ | 1dk8 A | lecy _ | leww | A | Ifj2 A
lahs A | 1b71 A | lbya _ | Icq3 A | 1dl6 A | ledl A | lexl A | Ujr A
1 aij H | 1b74 A | 1byf B | lcgx A | 1dli A | led8 A | lex2 A | 1112 A
lair _ | 1b8p A | 1bzh A | lcqz B | 1dmr _ | ledg _ | lexg | 1flk A
lajy A | 1b8t A | lbzy A | lcsb A | Idor A | ledq A | lexk A | 1fn9 A
lajz _ | 1b9h A | 1c01 A | lcss _ | ldov A | leeb A | lext A | Ifnc _
lako _ | 19w | A | Iclk A | lcuo A | 1dp0 A | lee8 A | leyq A | 1fol B
lalv A | 1b%y A | lclz A | levr A | 1dp4 C | legj A | leys C | 1fo5 A
lamm | _ | 1bbi _ | 1c3q A | lew5S | A | 1dq3 A | lefv A | lezg A | 1foa A
lamp | _ | lbea _ | Lc3y A | Iewv | A | 1dgb A | leg7 A | lezw | A | Ifod 1

lamy | _ | lbeb A | Ic4z A | Icxl A | ldge A | leg9 A | 1100 I | 1fp0 A
laoc A | lbet _ | 1c52 _ | lczl A | 1dqg A | lehk B | 1f08 A | 1fp2 A
lapj _ | 1bf2 _ | IcSm | D | lczf A | 1dqq A | lei9 A | 1f16 A | 1fp3 A
lapq _ | Ibfd _ | Ic75 A | lczp A | ldqt A | leix C | 1f2d A | Ips _
lapy A | 1bfs _ | 1c7k A | Iczt A | 1dr9 A | lej2 A | 1f2h A | Ifro A

Table A. Cysteine Rich Proteins (1)

* PDBC: PDB code, C: Chain type
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PDBC | C | PDBC | C | PDBC C | PDBC | C PDBC | C PDBC C | PDBC | C | PDBC | C
1fs7 A | Igat A | 1i0d A | llam _ | lpmp | A | 1gr2 A | lthv _ | 2bnh _
1fsz _ | lgcb _ | 1i0r B | llbe A | lpnb B | 1qrj B | ltib _ | 2bpa 1
1ftl A | lgcu A | 1il7 A | lleh A | lpng _ | Igsa A | 1tii D | 2emd | _
1ft5 A | 1gd0 A | lili P | 11ki _ | 1poa _ | Igst A | 1tki A | 2cpl _
1ftr A | 1gd5 A | 1i39 A | 1llmk | A | lpoi A | 1gsv A | 1df A | 2ctb _
1fua _ | lgen _ | 13§ A | 1lrv _ | 1ppn _ | 1qtr A | 1tlk _ | 2dkb _
1fui A | 1ggb B | 1i50 C | Imhl C | lprt B | Iqts A | 1tpf A | 2dIn _
1fup A | 1gh9 A | 1i5p A | Imho | _ | Ipsr B | Igtw A | Itpm _ | 2eia A
1fva B | Igia _ | 171 A | Imka | A | Iptq _ | Iqul F | 1tk A | 2ezm | _
1fvl _ | lgnc _ | li7q B | Imkn | A | lpud _ | Iqu5 A | lttq B | 2fcb A
1fwl A | lgnd _ | liab | Imla _ | lpvc 1 | 1qué6 A | Ttul _ | 2fcp A
1fwq A | lgof _ | liat A | Imml lqaz A | Iquu A | 1tvs _ | 2fdn _
1fxj A | Igpc _ | 1ib2 A | Imsk | _ | Igb0 A | Iqvb A | 1tyf A | 2gfl _
1fxr A | Igpe A | lice _ | Imty D | Igba _ | Irbl A | ludh _ | 2gmf | A
1fyb A | 1h2r L | lig A | Ilmug | A | Igcc A | lrcb _ | luok _ | 2hgs A
1fzc B | 1h5q A | 1ig0 B | Imuy | A | Iqck A | lrgf A | luro A | 2hpa A
1fzd A | 1h7w | D | lig8 A | Imwp | A | Iqcx A | Irkm | _ | lvca A | 2hrv A
1fzq A | 1Th8u A | lilr 2 | Inba A | 1qdl B | Irla A | 1vhh | 2hvm _
1g0h A | 1h8v A | 1im3 A | Infa _ | 1qdp _ | Irmd | 1vhi A | 2ilb _
1gl2 A | 1hbk A | liml _ | Ingl A | Igex A | Irmg _ | Ivhr A | 2ifl _
1glb A | lhez _ | linl A | Ingr _ | 1gfs A | lrpl _ | lvid _ | 2jhb A
1g40 A | 1he7 A | 1ig3 A | Inkr _ | Iqgft A | 1rpx A | lvmo | A | 2kau C
1g5b B | lhet A | lisu A | Inmt A | 1qg3 B | Irth A | lvpn B | 2mem | _
1g5c¢ A | 1hf8 A | lixx A | Inse A | 1qgi A | Irtm 1 | lvsg A | 2mhr | _
1g5t A | lhfe L | 1jb0 F | Insf _ | 1qgj A | Irzl _ | Lvsr A | 2min B
1g5v A | lhth _ | 1jb3 A | lobw | A | Iggk A | lsac Al lwab | _ | 2mnr _
1g61 A | lhgf A | 1jc5 B | lonr A | lqgo A | 1sft A | 1waj _ | 2ms2 | A
1g63 B | 1hh7 C | 1jdb F | lopm | A | Iqh4 A | Iskf _ | Iwdc | C | 2mss A
1g66 A | Thhs A | 1jdw | lorb _ | 1gh5 A | 1sll | lwer _ | 2nac A
1g6e A | 1hi7 A | 159 A | lord A | 1qhd A |lsmd | _ | lwjb A | 2paw | _
1gbn B | 1hjc A | 1jfr A | loro A | lqhv A | Isml A | 1Ixik B | 2pfl A
1gbs A | lhjr A | 1jhb _ | loun A | Ighw | A | Isqc _ | Ixpa _ | 2pgd _
1g71 A | 1hp4 A | 152 2 | lpam | A | 1qi9 A | lsra _ | Ixva A | 2pia _
1g72 A | 1hr6 A | 1jkm B | Ipbn _ | 1qd A | lsry A | Ixwl _ | 2pol A
1g73 D | lhre _ | 1jly A | Ipbv _ | 1qgjv A | Istm A | lyac A | 2psp A
1g70 A | lhsb A | ljoe A | Ipbw | A | 1qk8 A | Isvb _ | lyge _ | 2pva A
1g8k B | lhsk A | 1jvr _ | lpce _ | 1qks A | ltap | 1zin | 2rel _
1g8l A | lhtr A | 1kjs _ | Ipen _ | 1ql0 A | ltbc _ | Izpd A | 2rgf _
1g8q A | Thul _ | 1klo _ | Ipcz A | Igmu A | 1tbd _ | 2a39 A | 2rn2 _
1g93 A | Thux A | 1koe _ | Iphn A | Ignf _ | Itca _ | 2aai B | 2scu B
1296 A | Thw7 | A | 1kp6 A | 1phr _ | Ignr A | Iter B | 2alc A | 2sil _
1g99 A | lhyj A | lkpf _ | Ipkm | _ | Ignx A | 1tf4 A | 2baa _ | 2sn3 _
1ga3 A | lhyn Q | lksa A | 1plq _ | 1qqf A | 1tfe _ | 2bbk L | 2tgi _
1gak A | lhzt A | lkve A | 1pmi _ | 1qqj A | 1tfi _ | 2bid A | 2tnf A

Table B. Cysteine Rich Proteins (2)

* PDBC: PDB code, C: Chain type
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PDBC
2tpt
2trx
2utg
2vpf
2vsg
3cyr
3daa
3ebx
3ezm
3grs
3hsc
31zm
3mdd
3msp
3pah
3pmg
3pte
3rub
3ssi
4fef
41zt
4sbv
4wbc
Seat
Spti
6atl
6taa
7fd1
Trsa _
Tyas A

Table C. Cysteine Rich Proteins (3)
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* PDBC: PDB code, C: Chain type
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