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Abstract

The thesis proposes an alternate way of solving challenging problems of computational biology
like protein secondary structure prediction, protein fold recognition, protein fold signatures and
contact map overlap problem by exploiting the idea that proteins belonging to the same protein fold
have ‘similar’ contact maps. Pattern mining of contact maps is conducted to derive features from
clusters of contacts rather than clusters of nodes that are in contact. Using the work in the literature
that predicts contact maps from the primary amino acid sequence, we propose that using pattern
features from predicted contact maps would lead to an ab-initio method.

An algorithm called Extract _SSP based on heuristics that extract configurational statistics of sec-
ondary structure elements(SSE) of helices and beta strands from contact maps is proposed. Protein
secondary structure prediction is achieved with an accuracy of 76% with a good accuracy obtained
for helix prediction at 91% on par with the best results in the literature. Further, we propose an al-
gorithm ExtractPatterns that extracts (non)rectangular 2D clusters of contacts from the off-diagonal
region in linear time. A feature vector of length 11 is formed using this study constituting diagonal
and off-diagonal statistical features.

Proteins can be classified among the four structural classes of All-Alpha, All-Beta, Alpha+Beta
and Alpha/Beta which are further subdivided into 27 folds. Protein fold classification problem is
cited in the literature as a challenging unbalanced classification problem with the accuracy results
being as low as 51.1% on the bench mark data set of Ding et al. and highest accuracy at 60.5% using
100 features. We represent the proteins as 11-length feature vectors and adopt Synthetic Minority
Over-sampling Technique(SMOTE) based boosting approach to balance the data to address the 27-
way fold classification problem. C4.5 decision tree classifier is built which in combination with
SMOTE boosting algorithm using the novel contact map features showed an enhanced prediction
accuracy of 65.25%. An additional advantage of our approach is the reduced dimensionality of the
feature vector which is 11 whereas literature uses more than 100 features on average.

‘Signature’ rules are derived for each protein fold using class based association rule mining
algorithm. These rules give important insights into the significant 3D substructures that may be
crucial for a protein to assume a specific fold conformation. Further, we demonstrate correspon-
dence between the 2D-patterns in the contact map of a fold to the specific 3D-motifs located within
the tertiary structure and its functional importance. We validate these ideas further by using the

2D-patterns as features and carry out the challenging fold recognition problem. Using class based

vi



association rule mining algorithm these signatures achieve the highest accuracy of 71.55% on the
27-way fold classification problem.

Protein structure comparison is modeled in the literature as Contact map overlap(CMO) problem
which is an important NP-Hard problem in this area. We propose a divide and conquer approach to
CMO by dividing the whole contact map into smaller contact maps using ExtractPatterns algorithm.
Using Approximate 2D-Pattern Matching algorithm and dynamic programming approach, we find
matching between the smaller contact maps. We choose a CMO algorithm called Multistart Variable
Neighborhood Search(MSVNS) to align these smaller contact maps and the results are ‘merged’ to
obtain global alignment. The CMO is computed on a bench mark data set called Skolnick and an
average overlap of 84% of MSVNS is obtained. On certain folds, the proposed algorithm obtained
better results compared to MSVNS. Our implementations show that, on average, our algorithm takes
less than one minute whereas global alignment takes more than 5 minutes to compute maximum
overlap between a pair of proteins.

This work validates the hypothesis that contact maps contain useful information that can be
utilized by machine learning approaches to address protein fold classification and other related

problems quite effectively.
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Chapter 1

Introduction

Primary structure of a protein is considered as simply a string on a 20-symbol alphabet
of aminoacid residues. Anfinsen’s famous experiment showing the automatic folding of
a protein primary sequence invivo without any external stimulus [13] lead the researchers
to believe that the entire structure information is embedded within the primary sequence
of the protein. Protein structure prediction ab-initio, that is from the knowledge of its
constituent amino acids, is considered as one of the main challenges for researchers in the
bioinformatics community.

Protein contact map is a 2-dimensional matrix representation of the protein 3D struc-
ture. A protein contact map is a binary adjacency matrix A of order n x n where n is the
number of amino acids in the protein, with A(i, 7) = 1if d(7, j) < t and O otherwise, with
‘d’ being euclidean distance and ¢ conventionally being chosen between 6 and 10 Angstrom
units [84]. Figure [I.1]shows 3D structure of protein 2IGD of length 61, cartoon topology
and the corresponding contact map.

Protein structure prediction that uses contact maps as intermediaires is conducted gen-
erally in two steps: firstly, predict the contact map from the primary sequence and secondly,
predict the 3D-structure from the predicted contact maps. Many machine-learning methods
have been developed for the first step that of protein contact map prediction [82} 32,153, (16]]
which uses amino acid features and classifiers like Support vector machines and Neural
networks for predicting the presence or absence of a contact. The second step of predict-
ing the protein structure from the contact map, that is recovering a set of 3D coordinates
consistent with the given contact map is equivalent to unit-disk-graph realization problem
which has been proved to be NP-Hard [18]. Many heurisitc algorithms have been proposed
for protein structure reconstruction [81} 84]].

Our work addresses the second problem in an indirect fashion. We do not retrieve the
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Figure 1.1: 3D Structure and cartoon topology for Protein 2IGD [14]]

3D coordinates but solve a sub-problem of protein structure prediction, namely protein
fold classification problem. It is believed that all the possible structures of a protein may
fall in among approximately 1000 fold classes [2]. Hence it is an interesting problem to
predict the structural class and the fold of a protein. Structural Classification of Proteins
(SCOP) [2] identifies four major structural classes for protein structures, viz All-Alpha,
All-Beta, Alpha/Beta and Alpha+Beta. Proteins within a class are further grouped into
‘folds’, those containing a specific combination of major secondary structural elements
connected in a similar topological configuration.

Since protein contact maps can be predicted ab-initio, why can’t we use 2D-pattern
features from the predicted contact map in a purely computational way and use machine
learning methods to solve the challenging problems like protein fold recognition and pro-
tein structure comparison. This would provide an alternate ‘ab-initio’ method which is
purely computational, without resorting to domain biological knowledge, and that solves

the structure classification problems.

1.1 Motivation

Somdatta et al. were the first to indicate that contact map analysis could be directly used for
fold discrimination [14]. They demonstrate in a few examples that proteins belonging to the
same fold have ‘similar’ looking contact maps. Visually, a few distinguishing patterns are
visible for each fold. We work on building automated procedures that derive these patterns

corresponding to each fold. Hence if a protein sequence with unknown structure is given,



we obtain the contact map of the protein using the prediction tools available [3], and then
using our automated system predict the structural class and fold that the protein belongs to.

Our work mainly focuses on proposing an alternate route to solve classical problems of
computational biology like protein secondary structure prediction, protein fold recognition,
protein fold signatures and contact map overlap problem by mining contact maps and using

machine learning approaches.

1.2 Contributions

* We propose a completely novel approach to solve the protein fold recognition prob-

lem using data mining of contact maps.

* We propose 2D-pattern extraction algorithms that are effective for sparse binary ma-

trices.

* Satisfactory results have been obtained for protein secondary structure prediction

using simple heuristics.

» Using association rule mining, we derive ‘signature’ rule for a protein fold. This
approach gives immense insights into the significant 3D substructures that may be

crucial for a protein to assume a specific fold conformation.

* We propose a novel algorithm to address the NP-Hard problem of contact map over-
lap problem using the insights gained. The proposed algorithm is a parallel algorithm
and hence reduces the computation time. Moreover, the alignment is built based on

sub-structure alignment and hence more structurally meaningful.

1.3 Thesis Organization

Chapter 1 gives a brief introduction to the problems addressed and also the outlay of the
chapters.

Chapter 2 discusses the preliminaries from bioinformatics that are required for a com-
puter science reader.

Chapter 3 onwards carries the main body of the work focussing on feature extraction
from the contact maps. Contact map is a sparse binary matrix with contacts depicted as 1°s.
Majority of the contacts in the matrix are present in the diagonal region representing short-

range interactions between the secondary structures and one can see islands of contacts in



the off-diagonal region corresponding to long-range interactions between the amino acid
residues. In Chapter 3, we propose algorithms that extract features from the diagonal
region as well as the off-diagonal region of the contact map. Using simple heursitics,
protein secondary structures are extracted successfully from the diagonal information. We
compare the results obtained by our algorithm to the existing algorithms on the bench-
mark data set RS126. Further, in order to validate the approach, the algorithm is tested on
predicted contact maps. In addition, connected regions of contacts are extracted from the
off-diagonal region using ExtractPatterns algorithm. As part of a typical machine learning
approach, features from the diagonal region as well as off-diagonal region are composed to
form a feature vector.

Chapter 4 addresses the protein fold classification problem which is a multi-class clas-
sification problem with bench-mark data sets available being highly unbalanced. A protein
is represented as a 11-length feature vector constituting secondary structure features and
pattern features that have been derived in the previous chapter. Very few researchers ap-
plied boosting techniques to solve this classification problem. We adopt SMOTE based
boosting approach and apply J48 decision tree classifier [4] and show that a significant in-
crease in accuracy is achieved for this challenging classification problem in comparison to
the current algorithms available in the literature.

In Chapter 5, ‘Protein fold signatures’ are extracted using class-based association
rule mining algorithm for the folds. Turcotte et al. [80] propose rules for fold predic-
tion based on Inductive Logic Programming (ILP) using features pertaining to the protein
3D-structure. We derive a non-redundant set of conserved patterns from the protein contact
map using Sig_Pattern algorithm. We show that the patterns thus found correspond to sig-
nificant 3D motifs of a protein fold. Using Frequent item set mining [41] and Class-based
association rule-mining algorithm [54], rules are obtained for each fold of a protein struc-
tural class. Then these rules are tested on empirically predicted contact maps to identify
folds.

Based on these insights, as a culmination of our ideas, in Chapter 6, we propose a
divide and conquer approach to address Contact Map Overlap(CMO) problem which is
a well-known NP-Hard problem in this area. A scoring matrix is computed between the
different regions of the two contact maps using Approx-2D-Pattern matching algorithm.
Then by applying Dynamic programming algorithm, pairs of smaller matching contact
maps are obtained. Between each pair of aligned regions an existing CMO algorithm like
MSVNS [60]] or Bimal [[19], is applied to compute the alignment at the residue level. These

local alignments are ‘merged’ in order to obtain a global alignment.



The divide and conquer approach facilitates parallel implementation and hence the time
taken for the alignment is effectively equal to the maximum time taken by the local align-
ments. Our implementations show that, on average, this takes about 50 seconds whereas

global alignment takes more than 5 minutes between a pair of proteins.



Chapter 2

Preliminaries of Protein Contact

Networks

Protein structure prediction, a challenging problem in bioinformatics, is to predict the 3D
structure of a protein from its primary structure, which is simply a finite string of amino
acid residues. The famous Anfinsen’s hypothesis claims that protein structure (folding)
information fully resides in the corresponding primary structure of the protein and hence

theoretically prediction is possible.

2.1 Protein structure

2.1.1 Primary sequence

Primary structure of a protein refers to the linear sequence of amino acids that make up the
polypeptide chain. Adjacent amino acid residues are connected by a peptide bond which

forms the backbone of a protein.

2.1.2 Secondary structure elements (SSE)

Repetition of a regular pattern of ‘twists’, ‘turns’ and ‘coils’ of the polypeptide chain leads
to the formation of substructures within the chain which are referred to as the secondary
structures of protein molecule. We consider mainly three types of secondary structures
namely, alpha helix, beta sheet and turn/coil depicted in Figure2.1] Hence at the secondary

structure level, the protein structure can be viewed as an annotation of primary sequence
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Figure 2.1: Secondary structure elements(SSE)

with secondary structure elements(SSE), such as a-helices(H), (5-sheets(E), and turns(T)
which together constitute the overall three-dimensional configuration of the protein chain.

Table 2.1: Primary sequence with secondary structure annotation

Primarysequence | E | D| P| E|V|L|F|K| N|K|G|C|V|A|C H|A]|I
SSE annotation H HHHH HH GIG|G|E|E|E|E|E|H H|H|H

2.1.3 Tertiary structure

Tertiary structure refers to the three dimensional globular structure formed by bending and
twisting of the secondary structural elements. The protein structure can be considered as
a folding of secondary structure elements, such as a-helices and (-sheets, which together
constitute the overall three-dimensional configuration of the protein chain. Protein Data
Bank(PDB) gives entire information relating to the structure from primary, secondary to
tertiary structures of a protein. Figure[2.2]shows an example of the different rules of struc-
tures of a protein.

Structural classification of proteins database(SCOP) is largely a manual classification
of protein structural domains based on similarities of their structures and amino acid se-
quences. Proteins having same shape and similarity of sequence and/or function are placed
in “families”, and are assumed to have a closer common ancestor, whereas proteins with
the same shape but having little sequence or functional similarity are placed in different

“superfamilies”, and are assumed to have only a very distant common ancestor.

2.2 Structural classification of proteins (SCOP) database

One of main sources for protein structures is the Protein Data Bank [S)]. The unit of clas-

sification of structures in SCOP is a protein domain, and the shapes of domains are called

7



beta sheet
s

alpha hell

Amino Acids

N

local conformation
primarily stabilized by
hydrogen bonding

Primary protein structure
is sequence of amino acids

Secondary protein structure

Tertiary protein structure
three dimensional conformation

Quaternary protein structure

Cornbination of multiple
polypeptide chains

Figure 2.2: Protein hierarchical structure [/1]]

“folds”. The SCOP [2] classification identifies four major structural classes for protein
structures, viz All-Alpha, All-Beta, Alpha/Beta and Alpha+Beta. Proteins are considered
to have a common fold if they contain a specific combination of major secondary structural
elements having the same topological connections. A snapshot of the Fold data base is

given in Table Fold recognition or prediction, from the knowledge of its constituent

amino acids, is an active area of inquiry in computational biology.

Table 2.2: SCOP classification

Class Number of folds | Number of Superfamilies
All-Alpha proteins 126 175
All-Beta proteins 81 147
Alpha/Beta proteins (a/b) 87 135
Alpha+Beta proteins (a+b) 151 214

2.3 Protein contact networks(PCN)

Contact maps provide a reduced representation of a protein structure. The three dimen-

sional structure of a protein can be described by a graph made from its constituent amino
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Figure 2.3: Aminoacid residues joined by a peptide bond forming the backbone

acid residues with the C, atoms of the residues as the ‘nodes’, and their inter-residue in-
teractions (covalent and non-covalent) as ‘links’ among the nodes. Protein contact map
describes the pairwise spatial relationship of residues in a protein. Generally, only the
backbone atoms included in the peptide bond are considered for the protein structure. The
structure data is available as 3D coordinates of all constituent atoms of a protein in Pro-
tein Data Bank (PDB) [3]. Protein distance maps are generated from the structural data
available by computing pairwise distances of all the C,, atoms. The distance map is a 2D
symmetric, square matrix where the entry (i, j) represents the euclidean distance between
the nodes 7 and j in the 3D structure. The corresponding protein contact network (PCN)
of the protein of sequence length /V is a boolean matrix (adjacency matrix) A of order
N x N, whose elements are A(i, j), where A(i,j) = 1 if the central atoms (C,,) of the
amino acid residues ¢ and j in the protein structure are within a threshold distance, and

otherwise A(i, j) = 0.

2.3.1 Constructing contact maps

Figure [2.3] shows the backbone of a protein, the central part indicating C'o carbon atoms.
Figure shows the protein structure available as 3D coordinates of all its constituent
atoms in the general format of pdb file. We extract the 3D-coordinates of the C'a carbon
atoms and compute the euclidean distance between all the pairs of C'a atoms in order to
obtain the distance matrix of the protein. Contact map of A is constructed with A(z,y) = 1
if d(z,y) < t and 0 otherwise by setting ¢t = 7A°.

The Figure 2.5 shows the contact map of the protein 1SW8 which is constructed from
the structural coordinates taken from PDB and applying threshold distance of 7A°. The ad-

vantage of this representation is that contact maps are invariant to rotations and translations
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Figure 2.4: General format of PDB structure of protein ISW8

and can be predicted by machine learning methods [97]. It has also been shown that under
certain circumstances it is possible to reconstruct the 3D coordinates of a protein using its

contact map [84].

2.4 Predicted contact maps

There is immense work in the literature on prediction of protein contact map from the
primary sequence of a protein. Predicting contact map using sequence information has
been an active research topic in recent years since contact maps have been found to be
useful for protein 3D structure prediction [S9, 81}, 183, 91, [100]. Protein contact map has
also been used to study protein structure alignment [20), 89, 94].

Many machine-learning methods have been developed for protein contact map predic-
tion [32, 138} 158, 162, 182, [87].SVMSEQ [92], SVMcon [24]], use Support Vector Machines
with features derived from sequence homologs; NNcon [76l]], CMAPpro [33], PSICOV [45]
and Evfold [57] that predict contacts by using only amino acid sequence features derived
from the primary sequence.

Distill, a software developed by Bau et al. [3]] provides different servers relating to pro-
tein structure prediction problem which are all available for public use. Of these, XXStout
is a server that predicts protein contact maps from the primary sequence. The underlying
algorithms use a 2D recursive neural network [16] and provide improved versions that work

in the cases when only remote homologue information is present [56]]. This software has
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Figure 2.5: Contact map of protein 1SW8

proved to be very useful for us in building data sets of predicted contact maps.

Hence instead of extracting features from the primary amino acid sequence, we propose
to extract pattern features from the predicted protein contact maps. The overall goal of the
thesis is to extract as much information as possible from the predicted contact maps in
order to propose alternate solutions to challenging problems like protein fold recognition
and protein structure comparison. To the best of our knowledge, this kind of framework
with knowledge discovery from protein contact maps to solve classification problems has
not been carried out.

The overall plan of work that is carried out and being presented in the thesis is given in

Figure [2.6]
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Chapter 3

Feature Extraction of Protein Contact

Matrices

3.1 Introduction

Protein contact map is a 2-dimensional representation of the protein tertiary structure. Pre-
diction of protein contact map from the primary sequence of a protein has been addressed
in the literature and software is available now to predict contact maps [3]. Hence instead
of extracting features from the primary amino acid sequence, we propose to extract pattern
features from the protein contact maps. We demonstrate the fact that analysis of contact
maps can yield important insights for protein structure prediction. It is well known that
the secondary structure elements of a protein are transparently laid out in the contact map,

though no one framed rules to extract them from the contact map.

3.2 Literature

The protein secondary structure prediction problem is a well known problem in bio-informatics
community for last few decades. Several machine learning methods have been used for
protein secondary structure prediction including neural networks (NN), support vector ma-
chines (SVM), hidden markov models (HMM) and cascading models. A common under-
lying approach for all the secondary structure prediction methods is to extract statistical
properties of amino acid distribution, physico-chemical properties of the residues of the
protein sequences and then build models for classification. Initially Chou-Fasman and oth-

ers [26, 64, 36]] utilized neural networks and by using single amino acid sequence features

13



Figure 3.1: Diagonal and off-diagonal regions

achieved an accuracy of 50-63%. Jones et al. [45] consider multiple sequence features from
the evolutionary information in the form of Position Specific Scoring Matrices(PSSM) gen-
erated by PSI-BLAST using PSIPRED algorithm to achieve an accuracy of 70%. Rost et
al. [63] consider the Profile network from HeiDelberg (PHD) and by using a two-layer
neural network with evolutionary information increased the accuracy by 1%. Karypis et
al. [47] used cascaded Support Vector Machine (SVM) based predictor using PSI-BLAST
profiles and proposed YASSPP algorithm. To summarize, average accuracy of secondary
strucutre prediction has been in the range 71-80% so far.

In this chapter, we propose to extract features from both the diagonal region as well
as the off-diagonal region of the contact map. Instead of using the standard clustering
algorithms from literature, as contact maps are very sparse matrices, we propose to use
heuristics on the diagonal and a naive algorithm to extract rectangular/ non-rectangular

regions of connected pieces of contacts from the off-diagonal region.

3.3 Feature extraction along the diagonal region

A contact map can be divided into two regions: Diagonal region and the region obtained

by masking the diagonal region referred to as the off-diagonal region in Figure 3.1}

14



(b)

Figure 3.2: Protein ISW8 of EF-Hand like Fold: (a) 3D structure, (b) topological cartoon,
and (c) contact map of the PCN, where the black dots indicate interaction between the
corresponding amino acid residues

3.3.1 Secondary structure prediction

Many researchers including Zaki et al. [97]] and Hu et al. [42] emphasize that thick bands
along the diagonal denote helices, and those that are away from the diagonal correspond to
beta sheets. But actual extraction of these SSE from the contact maps has not been reported
in the literature.

The 3D structure and the corresponding contact map of protein ISW8 of EF-hand fold
are shown in Figure[3.2] The thick bands along the diagonal corresponding to the four heli-
cal regions of the protein are clearly seen along the diagonal. The secondary structures are
visible along the diagonal in the contact map and also the interactions between secondary

structures are seen to be nicely embedded within the contact map.

3.3.2 Extract_SSP Algorithm

The idea underlying prediction of specific secondary structures of helix, beta and coils/turns
is to extract, bands of width W and length [ along the diagonal in the upper/lower triangular

matrix of the contact map with parameters tuned to different secondary structure elements.

3.3.2.1 Fixing parameters

Typically since one turn of the helical structure is made up of 3.6 residues, the minimum

predicted length for an a-helix should be three or four residues. Consecutive C'ac atoms

15



Algorithm 1 Extract SSP(A)

Input: Contact Map A[r X c]

Output:Secondary structure positions of A

Input parameters: row_width parameters: a,b,0 < b < a

Variables: Helix_Length, Beta_Length, Coil_ Length, Number of helices: NH,
Number of betas: NB, Number of turns/coils:NC all initialized to zero.

1: for: «<— Otor —1do
2:  row_width = 0;

33 forj«—0toc—1do

4: if (Afi][j] == 1) then

5: row_width++;

6: Ali][j] == 0;

7: end if

8:  end for

9:  while (row_width > a) do
10: Helix_Length++;

11: break; (go to next row)

12:  end while
13:  if (row_width < a) && (Helixz_Length > 3) then

14: Print Helix Found;

15: NH++;

16: Reset Helix_Length=0;

17:  endif

18:  while (b < row_width < a) do
19: Beta Length++;

20: break; (go to next row)

21:  end while
22:  if (row_width < b) && (Beta_Length > 3) then

23: Print Beta Found,;

24: NB++;

25: Reset Beta_Length=0;

26:  end if

27:  while (0 < row_width < b) do
28: Coil Length++;

20: break; (go to next row)

30:  end while
31:  if (Coil_Length > 0) then

32: Print Coil Found,;

33: NC++;

34: Reset Coil Length=0;
35:  end if

36: end for
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Protein | Original helices Predicted helices
W=3 w=4 W=5
ISW8 | 4 20 1160 4 18] 4|9
28 39 64 | 77 || 28 | 37 || 10 | 18
44 56 44 | 53 || 28 | 35
65 79 64 | 76 || 48 | 52
64 | 75

Table 3.1: 1SW8 protein has 4 helices, with original locations given in columns 2 and 3.
Predicted helices for widths 3, 4, 5 show that only two helices are predicted for width = 3.

are farthest apart since, in a [3-strand relatively few residues cross the protein core with a
strand. Therefore, the number of residues in a 3-strand is usually limited to two or three
amino-acids [[74}[97]].

We conducted an initial scan of the data set for fixing the parameters on 10% of the data
set, by fixing minimum helix length as 3 and varying helix width between the values 3, 4
and 5, potential helix regions have been extracted from the contact maps. For W = 3 we
obtained many false positives with residues annotated as H, and for W = 5 in the overall
protein, lesser number of helices were obtained. A sample result can be seen in Table
Hence we decided to fix the helix-width parameter as 4. Similarly, width of beta is set to 3
and minimum beta length as 3 using inputs from the literature 74} 97]]

We propose Extract_SSP algorithm, in which we set the parameters of row_width a as
4 and minimum helix_length as 3. The beta strand prediction is also carried out by setting
row_width b to be 3 and minimum beta_length as 3. All the remaining contacts are labeled
as belonging to coil/turn.

In order to validate the algorithm we run Extract_SSP(A) on bench mark data set used
in secondary structure prediction literature and compare the results with those obtained by

some of the latest algorithms in the literature.

3.4 Experimentation on bench mark data set

We consider the gold standard data set RS126 of Rost [63]], given in Table which has
been designed for the secondary structure prediction. This protein data set contains proteins
that maintain pair-wise sequence similarity of less than 25%,

We use the standard evaluation measures like ()3 and SOVyg (segment overlap) [98] for

performance evaluation, the details of which are given below.
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Table 3.2: Secondary structure prediction data set [63]]

Class Number of Proteins
All-Alpha 21
All-Beta 44
Alpha+ Beta 15
Alpha/ Beta 28
Small Proteins 13

3.4.1 Evaluation measures

Two kinds of performance measures have been frequently used in protein secondary struc-
ture prediction, viz (3 or accuracy (3 for the three types of secondary structures) and SOV
Segment OVerlap based measure [98, 63]. ()3 is a residue based measure which calculates
the overall percentage of correctly classified residues for all the three structures, and is
computed as follows:

Hpre + Epre + Cpre

= 3.1
QS Ntotal )

where Ny,tq 15 the total number of predicted residues, H,,. is the number of correctly
predicted residues for helix, E,,. for sheet, and C),. for coil.

SOV measures the average length of helix-beta-coil segment overlap between predicted
and actual sequences as shown in equation below. SOV differs from ()3 during prediction
since SOV penalizes wrong predictions, e.g., a single helix predicted as a multiply split
helix gets lesser value with SOV.

, 1
SOV (i) =100 x | <~ >

“ (i)

minov; (s1, s2) + 0; (s1, $2)

x len (s1) (3.2)
mazov; (s1, $2)

where s; and s, denote segments of secondary structure ¢ € (H, E or C) [V, is a nor-
malization value, minouv;(sy, s2) is the length of actual overlap of structure ¢ between s,
and s9; mazxov;(sy, s2) is the length of total extent of 7 for s; and sy and §(s;, s2) can be

represented as formula shown below.

len(sy) intlen(SQ)
’ 2
(3.3)

(81, 82) = min {mawovi (81, 82) — minov; (81, S2) , minov; (s1, S9) ,int

Let us consider an example of
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ag ad
— ——l—
Observed sequence : HHH CCCCCCHHHHHH

1 2
ap ap

. —— ~ =
Predicted sequence: CCCCCHHHHH CCC HH

Accuracy calculation:
Hye =3, Cpre =2, Total original residues =15
Q=%

Accuracy (3 = 33.3%

Segment OVerlap measure calculation: In the observed sequence the first helix af,
does not produce any overlapping pair, the second helix (len(s;) = 6) produces two of
them: (a3, a}) and (o, a%). The value of SOV (H) is calculated as follows:

for (o), ab): 0 (s1,52) = 1, minov = 1, mazov = 10,

for (a3, a%): 0 (s1,82) = 2, minov = 2, marov = 6 and

N; = % = 0.066.

SOV =100 x (0.066 * 0.86 * 6)

Segment OVerlap SOV= 34.056%

3.4.2 Results and discussion

Extract_SSP is run on the data set RS126. The class wise secondary structure prediction test
set results are given in Table [3.3] It can be observed that highest performance is achieved
for alpha+beta class with (03 as 88% and SOV as 89%. It can be seen that helix prediction
is seen to be much higher in all the classes with respect to both measures of ()5 and SOV,
whereas turn/coil prediction seems to be working reasonably only for All-Alpha class. The
features do not seem work well at all for turn/coil prediction.

We compare the results obtained by our algorithm to the existing algorithms in which
the results have been reported for the data set RS126. We can see from Table that our
algorithm is performing on par with the other algorithms with prediction for helix Hgoy
being much higher than the results reported and ()3 and SOV being on par with the results.
The algorithm is seen to perform very poorly for turn/coil prediction. In protein structures
one finds very long coils which are referred to as loops. A loop connects two secondary
structural elements. We observe that many turns/coils have been misclassified as beta in

our test.

19



Table 3.3: Performance of secondary structure prediction algorithm on each structural class
of proteins

Class Measure | Over All | H | E | C
All-Alpha Q3 83 88 | - |77
SOV 85 94 | - | 82
All-Beta Qs 67 74 | 71 | 35
SOV 68 80 | 79 | 26
Alpha+Beta Qs 88 91 | 74 | 31
SOV 89 93 | 75| 32
Alpha/Beta Q3 67 89 | 67 | 34
SOV 62 96 | 58 | 38
Small Proteins Qs 76 87 |74 | 46
SOV 76 91 | 73 | 46

Table 3.4: Comparison between proposed and other methods
Methods Q3 SOV;M Hsov Esov Csov
PHD [63]] 71 74 72 66 72
SVMfreq [43] | 71 75 73 58 73
SVMpsi [48] | 76 80 80 72 73
YASSPP [90] | 77 71 71 63 55

| Proposed (76 | 79 | 91 | 73 | 56 |

3.5 Results for predicted contact maps

In our thesis, instead of deriving features from amino acid sequences, we assumed that
the contact maps can be predicted from the amino acid sequences. Hence we propose a
new methodology by deriving features only from protein contact maps in order to predict
secondary structures. So far, we considered contact maps that have been derived from the
3D structures available at PDB [3]. For the work to be meaningful, we have to repeat
the prediction by testing on the contact maps that have been predicted from the primary
sequence. It was not easy to obtain predicted contact maps from researchers. Only recently,
we found a server namely Distill, made available by Bau et al. at University College Dublin
which we have used to construct a small data set of predicted contact maps.

We choose 15% of proteins randomly from each of the five classes to construct a data
set of size 18 proteins. As it was a time consuming exercise to obtain predict contact maps,
we limited our experimentation to 18 proteins from the RS126 [63]. Each of these protein
sequences is submitted to Distill [3] software to obtain the contact matrices. These contact

maps are then submitted to our Extract_SSP algorithm for secondary structure prediction.
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These results are tabulated in Table

The secondary structure prediction test set results for proteins of each structural class
are given in Table [3.5] It can be observed that satisfactory result of an overall accuracy of
76% is obtained with highest performance achieved for All-Alpha and Alpha+Beta classes
with Q3 as 83% and SOV as 89%. It can be seen that helix prediction is seen to be much
higher in all the classes with respect to both measures of ()3 and SOV,

Table 3.5: Performance of Secondary structure prediction algorithm on Predicted contact
maps [63]

Class Measure | Over All | H | E | C
All-Alpha Qs 83 8 | - |77
SOV 89 94| - | 82
All-Beta Qs 67 74 | 71 | 35
SOV 68 80 | 79 | 26
Alpha+Beta Q3 83 91 | 74 | 31
SOV 89 93 | 75 | 32
Alpha/Beta Qs 67 89 | 67 | 34
SOV 62 96 | 58 | 38
Small Proteins Qs 76 87 |74 | 46
SOV 76 91 | 73 | 46

Hence, secondary structure elements can be extracted from the diagonal region whose

statistics are intended to be used as features.

3.6 Feature extraction along off-diagonal region

The clusters of 1’s seen away from the diagonal represent interactions between different
secondary structures due to the folding of the protein chain. Hu et al. [42] mine contact
maps and show that the off-diagonal interactions can be annotated as being o — o, « — 3 and
(8 — (3 interactions among the secondary structure elements (SSE). Shi et al. [71] proposed
region based approach in the literature and perform the structural class classification. We
consider the lower triangle region of off-diagonal interactions as region of interest (ROI)
to show that there are significant differences among these regions for proteins of different
folds. Suppose we divide the triangle into four equal triangles namely Left(L), Right(R),
Top(T) and Middle(M). Figure shows the contact maps of 1SW8 protein on the left
and Cytochrome -C protein 451C on right. Clearly the T and R triangles in the contact
map of Cytochrome -C fold show distinct looking patterns. As an initial experiment, we
tabulate the density of patterns for both these folds in Tables and There is a
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Figure 3.3: The contact maps of (a) protein 1SW8 of EF-hand fold showing majority of
interactions in the triangles T, M, R and (b) protein 451C of Cytochrome -C fold showing
off-diagonal patterns in the triangles T, L, R. The circled patterns indicate interactions
between a pair of helices significant to the respective fold.

striking difference seen between the two folds even at this superficial level with T, M and

R dominating in EF-hand fold where as T, L and R dominating for Cytochrome -C fold.

There is a need for deeper investigation into the densities and shapes of the patterns in the

off-diagonal region.

Table 3.6: The density of interactions in the off-diagonal region ( =T, M and R sub-
triangles) in proteins of EF-hand like fold.

PID LEFT

1S6j 32 8 16 31
IClm | 91 0 4 94
1Sw8 | 33 1 23 51
1R2u | 33 6 21 39
10gp | 38 7 17 40
1Mxe | 89 3 5 94
1Cdm | 85 1 6 99
INOy | 42 2 14 52
1Ggz | 91 0 4 103
IR6p | 33 6 23 38

We extract continuous regions of contacts from the off-diagonal region of the contact

maps using a simple and computationally inexpensive algorithm called ExtractPatterns.

We believe that these regions hold significant information with respect to the structural

class and fold information of the protein.
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Table 3.7: The density of interactions in the off-diagonal region ( =T, L and R sub-triangles)
in proteins of Cytochrome -C fold.

PID MIDDLE
IGDV | 43 20 4 53
1S91 53 22 8 55
ICCR | 48 39 24 53
1CO6 | 52 37 26 47
1ICOT | 66 35 31 63

451C | 50 14 3 51
1CC5 | 43 35 8 46
1CTJ | 46 26 4 53
4
8

1CYJ | 51 23 54
ILS9 | 53 22 55

3.6.1 Pattern extraction algorithm

Once the secondary structure prediction is completed, the diagonal of the contact map is

masked by placing zeros along a band of width 4.

Algorithm 2 ExtractPatterns(A)

Input: Two dimensional masked contact matrix A[f][j] : 0 <i<r—-1,0<j<c—1
Output: Pattern Database DB, Number-of-patterns in A: np(A), density(Pattern)
Input parameters: d: Minimum density

1: fori <— 0Otor —1do

2. forj<—0toc—1do

3 if (A[i][j] == 1) AND (i < j) then
4: Set nc(A) <« 0 /* Pattern Counting*/
5: Pattern(i, j);

6: if density(Pattern(i,j)) > d then
7: DB = DBU PatternArray][i,j]

8: np++;

9: end if

10: end if

11:  end for

12: end for

The ExtractPatterns algorithm finds patterns of 1’s in the contact map as follows: If
bit position is ‘1’ then mask the corresponding bit and read the neighboring pixel. This
process is repeated for the Moore-neighborhood of the bit, until a whole continuous pattern

is extracted from Figure Clearly, this algorithm does not split any pattern cluster.
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Algorithm 3 Pattern (z, y)

1: Plz][y] — 1
2:d—d+1;
3: Alz|[y] < 0/* (x,y) is read and hence disabled.*/
4: for each((u,v)=non-zero moore-neighbor(x,y)) do
5. Pattern(u,v);
6: end for
00000
000000
00000
000000
00000
0000

=111l — ] —]

i1l 1
i1l 1
i1l 1

Figure 3.4: Extract whole continuous pattern

Further the number of 1’s in a pattern denotes density of pattern, the algorithm ensures that
only patterns with a minimum density d are stored.

A few examples of patterns extracted from the protein sequences of the bench-mark
data set are shown here. We can see that patterns extracted are rectangular/non-rectangular

continuous regions of 1’s.

1 11 1
1 11 11
1 11 1 1
11 11 11
Patternl = b b
11111111
1 11 1 11
1 11 11
1 1 11 1
11111 1
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1 1
11
Pattern2 = 11
11
1
1
1
Pattern3d = 1
11
1 11

1
Patternd = .

3.6.1.1 Pattern features

Three features are extracted from each protein, namely the number of patterns, minimum

pattern density and maximum pattern density using ExtractPatterns algorithm.

3.6.1.2 Directional features

The figure on the left in Figure shows the Moore-neighborhood of the eight directional
bit positions. The co-variance of each pattern in the contact map is computed in order to
predict the direction of the pattern as to whether the pattern is parallel or orthogonal to the
diagonal. If the co-variance value is negative, the pattern is labeled as anti-parallel sheet.
If the co-variance value is positive, the pattern is identified as parallel sheet. If it is zero
the pattern can be either parallel or anti-parallel. Figure [3.5]shows the contact map of the
protein 2IGD. The blue color patterns represent the anti-parallel sheets, red color pattern
represents the parallel sheet and the green color dots represent the helix information along

the diagonal.

3.7 Conclusion

This work validates the hypothesis that contact maps contain useful information that can be
utilized to understand the problem of protein fold prediction. Secondary structure elements

of helices and beta strands have been successfully extracted using the pattern information
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Figure 3.5: Eight directional bit positions and protein 2IGD diagonal masked contact map

10

in the contact map. On the other hand, coils could not be extracted well. Hence we do not
use the statistics of coil/turn in our work. This issue needs to be looked into further.

TSM method shows that the off-diagonal region contains significant information to be
exploited for further analysis. We have extracted (non)rectangular patterns from the off-
diagonal region using ExtractPatterns algorithm. Several useful features relating to both
secondary structures viz. number of helices, minimum helix length, maximum helix length,
number of beta sheets, minimum beta sheet and maximum beta sheet; as well as pattern fea-
tures like number of patterns, minimum and maximum density as well directional features
have been extracted. These are going to be used as features for the fold prediction problem

in the subsequent chapters.
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Chapter 4

Multi-class Classification: Protein Fold

Recognition

4.1 Introduction

Multi-class classification problem with imbalanced data is a challenging problem. This
chapter addresses the problem of protein fold recognition which is a multiclass classifica-
tion problem having unbalanced classes. Imbalanced data distribution involves a few of
the classes of data having very few training samples compared to other classes. Support
Vector Machines are believed to be less prone to the class imbalance problem than other
classification learning algorithms, since boundaries between classes are calculated with re-
spect to only a few support vectors and the class sizes may not affect the class boundary too
much [44]. Decision tree classifiers have also been explored for imbalanced problems [23]]
in which boosting technique has been suggested. The basic idea of boosting is to repeatedly
apply a weak learner to modified versions of the training data, and then take a weighted sum
of the results of weak classifiers.

Most of the state-of-the-art research for protein fold recognition problem has focused
on developing novel features based on amino acid composition [70] and other sequence
features and use classifiers such as Support Vector Machines [69, 23], Decision trees [S0]
and Neural Networks [29]. We propose a novel way of solving this classification problem.
Using the premise that contact maps can be predicted from the primary sequence of a
protein, we carried out feature extraction from the contact maps in the last chapter. We
use these pattern-features extracted from the diagonal region and the off-diagonal region

of the contact map instead of using any chemical knowledge of amino acid residues, and
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use boosting algorithms which have not been explored much for this problem in order to

improve performance for protein fold recognition problem.

4.2 Literature

4.2.1 General approaches

One of the standard bench-mark data sets for the problem of protein fold recognition is con-
structed by Ding et al. [29]. They formulate the problem as a 27-way classification problem
and use several multi-class methods like one-vs-all, all-vs-all classifiers. Ding et al. [29]
extract six types of feature sets from protein sequences. They show that using these multi-
ple feature sets and applying majority voting scheme can achieve a prediction accuracy of
about 51.1%. Shamim et al. [69] consider both sequence and secondary structural features
like frequencies of amino acids and amino acid pairs, secondary structural state and solvent
accessibility state, to compose a feature vector of size 100 and obtain on accuracy of 60.5%
on average on the data set of Ding et al. and 71% on an extended data set. Clearly data
set of Ding et al. issues a challenge for classification algorithms. Improving the predic-
tion accuracy for this problem has proved quite hard. Shamim et al. considered protein
sequence features involving amino acid composition(C), hydrophobicity(H), polarity(P),
predicted secondary structure(S), Vander Waals(V) volume and polarizability(Z). Further,
they consider composition of dipeptide features which amount to 400 features. Combina-
tions of these features go up from 20 to 4,900. Results are reported for these different sets
of features. Best results are obtained for a feature set containing 100 features. Krisnaraj et
al.[50] consider the feature sets of Ding et al. which vary in sizes between 41 to 125.

In comparison, we consider only 11 features involving count, length and densities of

2D-patterns that are extracted from the contact map.

4.2.2 Approaches with Boosting

Boosting is a very popular technique for improving the accuracy of classification problems
with imbalanced data. Freund and Schapire [65] proposed a prize-winning boosting algo-
rithm called AdaBoost. Another popular boosting algorithm is that of Chawla et al. [21]]
who introduced a novel oversampling technique named Synthetic Minority Over-sampling
Technique (SMOTE) which is specifically designed for learning from imbalanced data sets.
Literature reports that AdaBoost and SMOTE algorithms have been successfully applied to

most popular classifiers [30, 35,166, 67]. Many enhancements have been carried out which
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include AdaCost [31], CSB1 and CSB2 [77/]], and RareBoost [46]; and SMOTEBoost [40],
and DataBoost-IM [40]. AdaBoost and SMOTE are both stated to be capable of bias and
variance reduction [22].

Krishnaraj [S0] et al. are the first researchers to consider applying boosting techniques
for improving the accuracy of protein fold recognition problem. They use the decision tree
classifier of J48 and using boosting algorithm of AdaBoost, obtain on accuracy of 59%, and
60.3% using LogiBoost algorithm. Dehzangi et al. [27]] use the bagging technique to in-
crease accuracy and achieve 64.5% using an ensemble classifier with majority voting. Very
recently Sharma et al. [70] throw attention back on amino acid physio-chemical attributes
and use successive features selection method, but do not show any increase in the overall
accuracy.

We consider novel features extracted from the contact maps, and then using C4.5 deci-
sion tree classifier with SMOTE boosting algorithm, a combination strongly suggested by
Chawla et al. [21]], perform protein fold classification. All the experimentation is carried
out on the bench-mark data set of Ding et al. for facility of comparison, the details of which
are given below.

Useful features are to be computed for these proteins. In the literature, amino acid
composition, physico-chemical properties and secondary structural properties have been
considered as features for classification. We derive secondary structure related features

from the diagonal and the off-diagonal region of the contact maps.

4.3 Feature set

In the previous chapter [3.3.1, many features relating to secondary structure information
have been derived along the diagonal. Further, off-diagonal features relating to patterns
of contacts have also been extracted. The ExtractPatterns algorithm is run on the protein
fold data set given in Table to extract pattern features with different density thresholds
varied between 2 to 5. With lower thresholds, too many patterns are obtained and with
d = 5, too few hence we set the minimum density threshold as d = 4. A pattern data base
(DB) containing 512 patterns is obtained with d = 4.

We constitute the feature set using this information in order to carry out fold recogni-

tion.
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Table 4.1: Data set of Ding et al. [29] representing the four structural classes of proteins

Structural Class | Number of Folds | Training set | Test set | Total Proteins
All-Alpha 6 68 48 116
All-Beta 9 109 91 200
Alpha/Beta 9 115 109 224
Alpha+Beta 3 38 62 100
Total 27 330 310 640

* Diagonal features(6):
Secondary structural features from the diagonal region of the contact map: number
of helices, minimum and maximum helix length, number of betas, minimum and

maximum beta length .

» Off-diagonal features(5):
Number of patterns, minimum pattern density, maximum pattern density, number of

parallel and anti-parallel sheets .

* Feature set : Diagonal + Off-diagonal(11) Number of helices, minimum and maxi-
mum helix length, number of betas, minimum and maximum beta length, number of
patterns, minimum pattern density, maximum pattern density, number of parallel and

number of anti-parallel sheets .

4.4 Classification and results

Ding et al. discuss the several multi-class methods like one-against-one, one-against-others
and all-versus-all methods for classification [29]]. These methods are not enough to improve
prediction accuracy because of inadequacy of instances among classes in data set. We
apply SMOTE based technique as a boosting technique to address the imbalance in the
data. The SMOTE algorithm re-balances the inadequate classes. Firstly, the minority class
is over sampled by taking samples from the minority class and then introducing synthetic
examples along the nearest neighbors of the minority class. Secondly, the majority class
is under sampled by randomly removing samples from majority class until the minority
class grows unto a specified percentage of the majority class. Thus a combination of under-
sampling and over-sampling leads to the initial bias of the learner towards the majority

(negative) class being reversed in favor of the minority (positive) class.
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SMOTE is applied to the training data set containing 330 instances and the data after
boosting increased to 617 instances. Now J48 classifier is trained on this data set with
all-versus-all classification using 10-fold cross-validation. That is, the data set is divided
randomly into 10 equal parts out of which the model is trained on 9 parts and tested on the
remaining part. This experiment is repeated 10 times so that the model learns to generalize
and over-fitting is avoided. The test set of Ding et al. is used for testing the classifier that

was trained on the boosted data and the results are discussed in the next section.

4.4.1 Evaluation measures

The evaluation measures are the standard measures of Precision, Recall and F-measure
which are based on the confusion matrix. TP and TN denote the number of positive and
negative instances which are classified correctly; FN and FP represent the number of mis-
classified instances of positive and negative classes respectively. Recall gives the proportion

of positives out of the total instances predicted as positive and is calculated as

TP

Recall(R) = m—m

Precision is the percentage of positive predictions that are correct. It is calculated as

TP

P?"ecision(P) = m—m

Finally F-measure is calculated by using the formula

2+« R+ P

F_ -
measure R i P

Two special measures called Geometric Mean(GM) and Area under the Curve(AUC)
have been proposed by Kubat et al. [51] in the context of imbalanced data. GM(1) defined
as VTP x P and GM(2) as VTP x TN turn out to be useful to evaluate a classifier in the
case of unbalanced classification problems.

Area under ROC curve (AUC) is often used as a measure of quality of the classification
models. A random classifier has an area under curve as 0.5, while AUC for a perfect
classifier is equal to 1. In practice, most of the classification models have an AUC between
0.5 and 1. It measures the discriminating ability of a binary classification model. The AUC
measure is useful for data sets with unbalanced target distribution in which one target class

dominates the other.
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4.4.2 Results and discussion

The classification results with Diagonal+Off-diagonal features are presented in this section.

The classification results are shown in Table The results show that highest recall
of 75% and GM of 68.2% are obtained for All alpha class and lowest recall of 54% for
Alpha/Beta. As seen in Sec[3.3.1] since beta sheets have not been detected well on par with
alpha-helices, and this may be limiting the prediction accuracy results in this case. Though
AUC shows good values, the measures of Recall Geometric Mean show the true picture

regarding the proportion of true positives which needs to be improved.

Table 4.2: Classification results using Diagonal + Off-diagonal features

Class Precision % | Recall % | F-Measure | AUC% | Geometric Mean(GM)
All-Alpha 85 74.8 79.33 89.4 68.2
All-Beta 76 69.4 71.16 78.5 60.1
Alpha/Beta 76 53.5 62.58 78.8 46.2
Alpha+Beta 92.33 63.3 74.15 82.6 60.4
Average 82.33 65.25 71.80 82.32 58.7

Table carries a comparison of performance with existing literature among which
the method of Krishnaraj [S0] et al. alone used boosting technique. We compare the accu-
racy (Recall) values of all the algorithms to get an idea of how much boosting technique
helps in improving the performance of the classifier. The other methods in literature report
performance values for Recall and Krishnaraj et al. do not give class-wise results and hence

only the results that are available are given in the comparison table.

Table 4.3: Classification results of Recall obtained on 4-major structural classes for the
proposed method as well as results from literature

Class Shamim [69] | Ding [29] | Krishnaraj [SO] | Proposed Method
No. of features 100 62 104 11
Average Recall 60.5 51.1 60.3 65.25

The boosting technique along with the novel features boosts up the accuracy of the
classifier to 65.25% using only 11 features. Details of results within each class are given in
Table |4.4| giving the 27-way classification results for each protein fold.

Note that All-Alpha class shows highest recall of 87% for globin like fold and low-
est recall of 64% for Cytochrome-C fold. All-Beta class shows a recall of above 80% in
cupredoxins fold, viral coat and capsid proteins, and sh3-like barrel folds. The number of
proteins in these classes is less so more synthetic samples must have been generated. So,

true positive rate is high thus increasing the classification accuracy. Lowest recall is 20% in
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Immunoglobin-like beta-sandwich fold in which both true positive rate and false positive

rates are very low. Alpha/Beta class shows the highest recall of 66% for Thioredoxin-like
and 61% for FAD binding motif folds. Alpha+Beta class shows a highest recall of 75% for

Ferredoxin-like fold and a lowest recall of 42% in small inhibitors fold.

Table 4.4: 27-way classification results

All-Alpha Class

Fold | Fold Name Precision Recall F-Measure
1 | Globin-like 87 87 87
3 | Cytochrome-C 86 64 73.38
4 | DNA/RNA binding 3-helical bundle 88 85 84.47
7 | Four helical up-and-down bundle 77 66 71.07
9 | Four helical cytokines 80 75 7741
11 | EF-Hand 92 72 80.70

All-Beta Class
20 | Immunoglobulin-like 3-sandwich 23 20 22
23 | Cupredoxins 80 83 81
26 | Viral coat and capsid proteins 84 81 83
30 | ConA-like lectins/glucanases 88 70 77.97
31 | SH3-like barrel 91 87 89
32 | OB-fold 86 86 86
33 | Trefoil 86 57 68.5
35 | Trypsin-like serine proteases 57 66 61
39 | Lipocalins 89 75 72
Alpha/Beta Class
46 | (TIM)-barrel 20 19 19
47 | FAD (also NAD)-binding motif 88 61 72.05
48 | Flavodoxin-like 79 60 68.20
51 | NAD(P)-binding Rossmann-fold 89 59 70.95
54 | P-loop containing nucleotide 90 50 64
57 | Thioredoxin-like 76 66 71
58 | Ribonuclease H-like motif 88 62 72.74
62 | Hydrolases 88 60 71.35
69 | Periplasmic binding protein-like 69 45 54
Alpha+Beta Class

72 | B-grasp 90 73 80.61
87 | Ferredoxin-like 97 75 84.59
110 | Small inhibitors, toxins, lectins 90 42 57.27

Average 82.33 65.25 71.80

33




When we analyzed the low recall results, we make a general observation among all
these classes. The classifier seems to be performing better with respect to the classes having
more synthetic samples, since, the synthetically generated samples may be similar to the
other data in the sample. On the other hand, the folds 20, 32 and 46 each have more number
of original sequences and hence cannot take advantage of boosting and hence report less
accuracy.

Now we test the classifier on the data set of predicted contact maps.

4.5 Results for predicted contact maps

We consider the test set data set of All-Alpha class sequences from Ding et al. [29]]. This
data set contains 48 sequences in All-Alpha class. We submitted these to Distill [3] soft-
ware for obtaining the predicted contact matrices. Extract_SSP algorithms and ExtractPat-
terns have been applied to these predicted contact maps to compute the secondary structure
and pattern features. By using J48 decision tree model that has been already trained, we
test the performance on this set. The accuracy results are tabulated in Table 4.5 High-
est accuracy of 90% is seen for EF-Hand like fold. Globin like and Cytochrome -C folds
achieve the same accuracy of 87%. Four helical up and down bundle got less accuracy

because false positives are high. The results for predicted contact maps do not deviate from

Table 4.5: Test performance on predicted contact maps from All-Alpha class

Fold index | Fold name Precision | Recall | F-Measure
1 Globin-like 87 87 87
3 Cytochrome C 87 87 87
4 DNA-binding 3-helical bundle 66 81 73
7 4-helical up-and-down bundle 77 58 71
9 4-helical cytokines 60 65 67
11 EF-hand 79 90 84
Average 76 78 78

the overall results seen in Table 4.5 which validates our whole approach and ideas. In fact
in most cases, the test results on the predicted contact maps turn out be much better than

the contact maps constructed directly from the structure.
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4.6 Conclusion

In order to address the multi-class classification problem, we experimented with several
techniques like one-against-one, one-against-others and all-versus-all methods given in the
literature. We found that these methods are not adequate to improve prediction accuracy
because of imbalanced data present among the classes. We decided to use boosting ap-
proaches to this problem. In the literature, we found that only one paper reported results
with boosting for protein fold recognition problem. The literature on this problem also used
a number of features derived from amino acid composition and secondary structure related
features ranging between 100 to 4900 features. The best results reported by Shamim et al.
used around 100 features in order to obtain an accuracy of 60.5% on the bench-mark data
set of Ding et al. and obtain 71% on an extended data set using combination of features
adding upto 4900 features [69].

We claim that contact map features proved to be useful for classification since with
62 amino acid features along with boosting, Krishnaraj et al. obtained 60.3% on average
whereas our method achieves an increased accuracy of 65.25% for this challenging prob-
lem of protein fold recognition. We do not experiment with highly improved versions of
boosting algorithms that are available now [22] which may improve the results even further.
Our emphasis is more on features derived from contact maps rather than on using state-of-
art classifiers. Obviously there is so much scope for improvement. We had experimented
with only diagonal features and we found to our surprise that on Alpha/Beta class, the clas-
sifier gives an average accuracy of 92% which fell down to 54% when off-diagonal features
were included. This issue certainly needs to be looked into carefully. We conduct a deeper
investigation into the off-diagonal pattern features in the next chapter. in much lesser time
when compared to the training of state-of-the-art models such as Support Vector Machines

or Neural Networks.
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Chapter 5

Association Rule Mining for Protein

Fold Signatures

5.1 Introduction

The aim of this study is to extract ‘signature’ of a protein fold using only 2D-pattern fea-
tures extracted from contact matrices. In the previous chapter, we built a model in a typical
‘black-box’ machine learning approach. In this work, we would like to open up the black-
box and extract rules that are inherently guiding the fold identification.

Barah et al. were the first to indicate that contact map analysis could be used for fold
recognition [[14]]. They demonstrate how the conserved contact patterns within proteins of a
fold look similar visually and emphasize the hypothesis that proteins belonging to the same
fold, have similar contact maps. Figure shows two different proteins of Cytochrome C
fold having distinct looking patterns which are similar in both the contact matrices. Can we
generalize these ideas and extract rules involving conserved patterns specific to a particular
fold? Clearly a closer study of contact maps may help in deriving rules that pertain to fold
information.

Turcotte et al. [80]] propose rules for fold prediction based on Inductive Logic Program-
ming (ILP) using features pertaining to the protein 3D-structure. We follow a similar ap-
proach and intend to eventually derive rules that correspond to each fold of a protein struc-
tural class. Then these rules can be tested on empirically predicted contact maps [85, 99]]
to identify folds. These ideas lead to a new approach to protein fold classification using

association rule mining of protein contact maps.
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Figure 5.1: Cytochrome -C proteins of 351C and 451C

5.2 Literature

5.2.1 Graph similarity approaches

Graph similarity is a problem that has been addressed by many researchers. Graphs GG; and
GG, can be assessed for similarity through graph isomorphism or sub-graph isomorphism
approaches. Maximum common sub graphs can also be used for computing similarity.
These formulations are not useful as most of these are NP-Hard problems. In this context,
work on approximate graph matching based on vertex similarity assumes importance [49,
17,195, 168]. Other popular approaches are eigen-vector based methods [72].

We propose that adjacency matrices corresponding to protein contact maps need not
be treated with these time-consuming methods. These matrices are very sparse and their
matrix representation shows small distinct looking clusters in the off-diagonal region as
shown in chapter [3.6] which can be considered separately rather than taking the graph as
a whole. Graph-theoretic approaches have been applied to protein graphs for addressing
protein structure comparison problem. Node clusters of interest, for example correspond-
ing to active sites of proteins, have been retrieved using clustering algorithms [86]]. In this
thesis instead of considering clusters of nodes as a query, we consider clusters of edges 1.e
contacts which we refer to as 2D-patterns for identifying protein folds. With this approach
algorithms turn out to be linear as compared to the conventional approaches in which re-
trieval of nodes of interest becomes equivalent to sub-graph isomorphism problem which
is NP-hard. It is surprising to see that the non-trivial 2D-patterns extracted capture the

conserved interactions within a fold leading to fold recognition.
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5.2.2 Sparse matrix approaches

Hu et al. [42] suggest mining of protein contact maps to extract the 2D sub matrices. Zaki
et al. [97] evolve novel graph based methods for discovering protein folding pathway and
indicate that it should be possible to formulate rules to identify secondary structures in con-
tact maps [97]. Zaki [96] uses contact maps to discover an extensive set of dense patterns.
They extract 2D sub-matrices of a fixed-size, say, w, from a contact matrix of size n. These
patterns are clustered based on their similarity and clustering quality. They propose a fast
hashing scheme for indexing and redundancy removal while storing the pattern in the data
base [96]].

Fraser et al. [33,134] conducted a study to identify specific regions within contact maps.
The authors choose contacts corresponding to alpha-alpha interactions in 171 proteins and
demonstrate that these exhibit high similarity with the help of Jacquard and cosine metrics.
They study o — « interactions in depth and typify them further as corner, edge and central.

On the one hand, Zaki’s scheme gives patterns of fixed size, and on the other, it is
a time-consuming step of order 3((n — w) x (n — w)), and further, may not retrieve a
structural pattern as a whole. We propose that incorporating redundancy removal in our
ExtractPatterns algorithm, we can build a much smaller pattern database very efficiently

and which contains patterns having atleast 33% dissimilarity.

5.3 Building pattern database

We construct a data base containing all the ‘significantly different’ patterns that occur in
the off-diagonal region of the protein contact maps from the bench mark data set of Ding
et al. Each protein is going to be represented as a feature vector using these patterns as
features, with presence of a pattern denoted as 1 and absence by 0. Thus this step of pattern

extraction is a crucial step to the entire process.

5.3.1 Data set

The data set created by Ding et al. [29] has been introduced in Table The data set
contains 27 folds with 640 proteins belonging to the four structural classes All-Alpha, All-
Beta, Alpha/Beta and Alpha+Beta. These protein structures have been downloaded from
the protein data bank [5]] for which the contact matrices are computed.

Continuous 2D-patterns are extracted from the contact maps using ExtractPatterns al-

gorithm as given in Section [3.6.1| which are further pruned by removing similar patterns.
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5.3.2 Extract significant patterns

We refine the ExtractPatterns algorithm by not storing a pattern P’ if the database already
contains P of same size as P’ and having hamming distance less than a threshold value t.

This procedure is given in Sig_Pattern Algorithm.

5.3.3 Algorithm

Algorithm 4 Sig_Pattern
1: for each protein A € Dataset do
2:  C « ExtractPatterns(A);

3:  /*Set C contains patterns P extracted from A*/
4:  Store a pattern P of C'in Pattern_DB

5. /*Check for redundancy of the pattern*/

6:  for each pattern P’ € Pattern_DB do

7: for each pattern P in C' do

8: if | P |#| P’ | then

9: Store P in Pattern_DB
10: else

11: if Ham-dist(P’, P) > t then

12: Store P in Pattern_D B/* Found significantly different pattern */
13: end if

14: end if

15: end for

16:  end for

17: end for

18: RETURN Paitern_DB

We run the Sig_Pattern algorithm on the entire Data set[4.1] with a choice of ¢ = 33%
to build the pattern database Pattern_DB. In Table[5.1| we present a few large patterns

extracted using the algorithm.

5.4 Significance of the extracted patterns: A few case stud-
ies

We study some of the conserved patterns obtained by the Sig_Pattern algorithm for their
structural significance. We present details of the protein contact maps belonging to the

major structural class of All-Alpha (given in Table[5.2).
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Table 5.1: A few large patterns found in the off-diagonal region of contact maps of All-
Alpha class

Name of the Fold Pattern Structural signifi-
cance
Cytochrome -C 00000000000000111 Beta-Beta-
00000000000011100 Interaction
00000000000111000
00000000011110000
00000000011100000
00000001111000000
00000001110000000
00000011100000000
00000111000000000
00011110000000000
11111100000000000
00110000000000000
DNA/RNA binding 3-helical bundle | 0000000000000010 Helix-Helix inter-
0000000001111111 action
0000000001100110
0000000011100000
0000000111000000
0000011110000000
000111100000000
0001111000000000
0111100000000000
0111000000000000
1110000000000000
1100000000000000
Four-helical Cytokines 0000000010 Coil-Sheet inter-
0000001111 action
0000001111
0000111100
0001100000
0011100000
0111000000
1110000000
1100000000

A few significant patterns from the data base Pattern_DB are presented here along with
the corresponding 3D structural motifs. PyMol [6] software is used to find out the corre-
sponding 3D substructures. Further, we studied the literature to understand the biological
significance of the structural pattern and present the same here quoting the relevant refer-

ences.
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Table 5.2: The distribution of proteins among the six folds in All-Alpha class

Fold Name Fold Index | Training Instances | Testing Instances
Globin-like 1 11 8
Cytochrome -C 3 11 5
DNA-binding 3-helical bundle 4 18 10
4-helical up-and-down bundle 7 8 7
4-helical cytokines 9 12 10
EF-hand 11 8 8

Total 68 48

Figure 5.2: The typical orthogonal pair of helices is seen attached by a short parallel beta
sheet. The region connecting the helices gives rise to a pattern significant to EF-Hand fold.

5.4.1 EF-Hand fold

The EF-hand motif contains a helix-loop-helix topology, in which the Ca2+ ions are coor-
dinated by ligands within the loop [37]. It consists of two alpha helices positioned roughly
perpendicular to one another and linked by a short loop region (usually about 12 amino
acids) that usually binds calcium ions. The interactions between the short anti-parallel
beta sheets are circled in the Figure[5.2] and the corresponding 2D pattern is shown in the
Figure[5.3] We quote [37], “... the EF-hand consists of a nine-residue entering helix, a nine-
residue loop and an 11-residue exiting helix. An additional secondary-structural element
is observed in the pair as a small 3-sheet formed between residues in the latter part of the
loops, through which passes the pseudo-2-fold axis of symmetry that relates the EF-hand
pair, in most cases the functional unit of Ca2+ binding (PDB code 1EXR)”. Clearly it is

quite exciting to retrieve a significant pattern through the pattern mining algorithm.
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Figure 5.3: 10SA: EF-Hand-Fold Specific Pattern

Figure 5.4: 351C: Cytochrome -C Fold 3D structure and 2D Contactmap

5.4.2 Cytochrome-C fold

Two significant patterns of Cytochrome -C fold are shown in the Figures 5.4} 5.5 We
find that the *C’-like pattern in Pattern 27 corresponds to the well-known Cytochrome -C
heme group which is an organic molecule, arranged in a circle, with an iron atom in the
middle [88], 28, [78, [7]]. The iron atom in collaboration with the rest of the heme molecule
is said to induce oxygen attracting properties in the entire molecule. Pattern number 6

corresponds to interactions within a long loop region which is again specific to this fold.

5.4.3 Four helical up and down bundle

The four helix bundle is a common structural motif among natural proteins. In this mo-

tif four helices pack is arranged roughly lengthwise. Structurally, the four helix bundle
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Figure 5.6: Beta hair pin found in 1CGO protein of Four helical up and down bundle

can occur as an isolated fold or as part of a larger protein. Four helix bundles have been
observed in numerous medically important proteins such as human growth hormone [79].
The pattern shown in the Figure [5.6] corresponds to the beta hairpin structure in this fold.
In Table [5.3] we summarize generic and specific nature of a few of these patterns. For
example, pattern 42 is seen only in 4-Helical up and down bundle whereas pattern 4 (P;)

is present in many of the folds in All-Alpha class.

5.4.4 Four helical cytokines

The Four-helix bundle takes an up-up-down-down fold, which forms two-layer packing
of anti parallel helix pairs. Figure [5.7] shows the four helical cytokines structure in this
fold. The patternl1 is present in the contact maps of four helical cytokines but not in four
helical up and down bundle as seen in Table [5.3] This fold consists of four anti parallel
alpha helices, termed A, B, C, and D, that are connected by two long crossover links, AB
and CD, as well as a short loop, CD, arranged in a left handed twisted helical. Leptin
consists of a four-helix bundle similar to the long chain helical cytokines family. Long-
chain helical cytokines include granulocyte colony-stimulating factor (G-CSF), leukemia
inhibitory factor (LIF), ciliary neurotrophic factor (CNF), and human growth factor (hGF).

In Table[5.3|rows represent frequency of patterns P in a fold. Column gives frequency

43



Pattern Number 11
000111
000111
000111
111000
111000
111000

Figure 5.7: Four helical cytokines

44



Table 5.3: The frequency of occurrence of specific patterns in the proteins of test data set
in order to show the specificity the patterns for a fold

Fold Name P2 P3 P4 P6 PS PH P27 P42
Globin(8) - 5 - | - - - -
Cytochrome-C(5) - 5 - - 4 -
DNA/RNA binding 3-helical bundle(10) | - - - - - -
Four helical up-and-down bundle(7) - -
Four helical cytokines(10) -] -
EF-hand(8) 8 | -

| W 1
1

Al A
<
|9}
(OS]
|
|

of the particular pattern among different folds. A combination of patterns Ps3,FP; and Ps;
are present in all the proteins of Cytochrome -C fold. It can be seen that pattern P, is
specific to EF-Hand fold and similarly P57 is specific Cytochrome -C fold. Finally the
generic patternFy is present in globin like, four helical up and down bundle, four helical
cytokines and EF-hand folds in All-Alpha class. Clearly, it seems that a few patterns are
highly frequent for a particular fold and the approach of frequent-item set mining seems

very appropriate.

5.5 Protein structural class and fold recognition

It is clear that these 2D patterns may turn out to be useful features in order to distinguish
the different folds of proteins. Protein fold classification is a challenging problem with the
best average accuracy reported in the literature being approximately 60.5% [69] on the data

set of Ding et al.

5.5.1 Feature vector representation

Every protein contact map is represented as (n + 6) feature vector, where n is the total
number of significantly dissimilar patterns obtained from ExtractPatterns algorithm and
additionally six features that correspond to the secondary structure information lying along

the diagonal.

1. Diagonal features: Secondary structural features from the diagonal region of the
contact map are extracted using the algorithm Extract_SSP given in chapter [3f num-
ber of helices, minimum and maximum helix length, number of beta strands, mini-

mum and maximum beta length.
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2. Significant patterns: The off-diagonal interactions which are extracted as 2D pat-
terns using the Sig-Pattern algorithm are taken as features. We work with the 126

significantly different 2D-pattern features obtained from the proteins.

3. Feature set: We combine diagonal and pattern features to constitute the feature set.
A snapshot of the feature vector table is given in Tabld5.4]

Table 5.4: Feature Vector Table

ProteinID | P1 | P2 | --- | P, | No. of | min max | No. of | min max
helices | helix | helix | beta beta | beta
length | length | strands | length | length
351C 110 1 |10 3 19 5 3 9
1SW8 01 119 3 8 3 3 10
10SA 01 0|8 3 10 5 3 12
1BBH 00 015 3 6 2 3 5
1CGO 010 1 (3 3 4 3 7
3MDD 1 1 013 3 10 3 3 7

Since our aim is to obtain ‘signature’ of each fold, we adopt the framework of class
based association rule-mining developed by Liu et al. [54]. CBA-rule generator(CBA-RG)
generates frequent rule items. By setting the thresholds for support and confidence, class

association rules are generated which are used for fold classification.

5.5.2 Classification algorithm

We use the standard parameters of confidence and support for rule generation. Support of

arule A — B is the number of instances for which the rule is satisfied and confidence of
therule A — B = %&W

We use the well-studied Class Based Association (CBA) Rule Mining algorithm in or-
der to extract rules for classification [8]]. Frequent pattern mining is a core procedure within
the CBA algorithm.
Step 1: Prepare the pattern vector table for the entire data set.
Step 2: Divide the table into training set and test set in the ratio of 80:20.
Step 3: Apply Apriori algorithm on the training set of feature vectors given in Table [5.4]to
generate frequent item sets.
Step 4: Generate the item-set rules which satisfy confidence of 30% and having a minimum

support of 2 in the training set.
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5.5.2.1 Frequent item-sets

We present here an intermediate result of Apriori algorithm which generates frequent item
sets. We list the frequent 3-item-sets that are obtained by the algorithm in Table [5.5]

Table 5.5: Frequent 3-item-sets obtained in All-Alpha class

All-Alpha Class 3-Item-sets

Globin Pno71=1,Pno3=0,Pno4=1
Pno8=0,Pno5=0,Pnol=1

Cytochrome C Pno6=1,Pno40=0,Pnol=1

Pno27=1,Pno6=1,Pno4=0
Pno42=0,Pno3=1,Pno2=0
DNA/RNA binding || Pno32=0,Pno14=1,Pno7=0
3-helical bundle Pno74=1,Pno40=0,Pno3=0
Pno46=1,Pno27=0,Pno4=0
4-helical  up-and- || Pno30=1,Pno8=0,Pno5=0
down-bundle Pno6=0,Pno4=1,Pno1=0
Pno42=1,Pno7=0,Pno5=0
4-helical cytokines Pno40=1,Pno30=0,Pno2=0
Pno6=1,Pno4=1,Pno3=0
Pnol1=1,Pno8=1,Pno4=1
EF-Hand Pno74=0,Pno40=0,Pno2=1
Generic Pno6=1,Pno4=1,Pno3=0

A few of the 3-item-sets that correspond to the patterns discussed in the earlier section
are highlighted in Table [5.5] Cytochrome-C fold contains patterns Pno27 and Pno6 as
shown in[5.5|that got extracted as a frequent item set for this fold. Beta hair pin represented
as Pno42 in Figure[5.6]is found to be a conserved substructure in Four helical up and down
bundle. A pattern that is conserved as a whole among the proteins correspond to generic

patterns like the loop structure as given in[5.5|represented as Pno6.

5.5.2.2 Rule mining

The association rule mining algorithm CBA generates rules with predicate of features on
the left hand side and class label on the right hand side Minimum helix (beta) length and
maximum helix (beta) length are denoted in the rules as min_helix (beta) and max_helix
(beta) respectively. Number of helices and beta strands are denoted as no_of_helices (betas)

respectively. For example, a rule is of the form

min_beta=3, no_of_helices =9 — class= 1.
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The globin fold is found in its namesake proteins hemoglobin and myoglobin as well as
in phycocyanin proteins. As per Turcotte et al.[80] the maximum number of helices that a
globin fold has 8. In our classification system we obtain a similar rule as minimum beta as
3 and number of helices is 9. Globin fold is a bundle of 8-helices linked by relatively short
connecting loops. As per literature [15] this fold typically consists of eight alpha helices
but, some proteins may also have additional helix extensions at their termini.

Turcotte et al. derive the number of helices in ILP rule as (3 =< A =< 3) for
DNA/RNA binding 3-helical bundle our classification rule predicts the number of helices
as (number of helices = 3 || number of helices =4). The four helices may be arranged in a
simple up-and-down topology. Additionally the number of betas is predicted to be with 3
the maximum beta length as 5.

Now the model of rule-miner is trained and the rules are applied to the test set of Ding
et al. [29]. The rules are evaluated for their classification performance on all the 27 folds

and for each of the four structural classes.

5.6 Results of fold classification

The top association mining rules satisfying the confidence and support thresholds are ap-
plied for classification and the performance is evaluated with the standard measures of
Precision, Recall and F-Measure whose definitions are given in Section We compare
the performance of this classifier with those of Shamim et al. [69]] and Ding et al. [29] who
report classification on the data set of Ding et al. During comparison, we give only results
for Recall as only these are available for the classification results given by Ding et al.

The classification results obtained are tabulated in Tables and for structural
class and fold prediction. Clearly, better classification accuracy is achieved by using the
feature set which uses both the diagonal SSE’s and the off-diagonal pattern features as
shown in Table Also, note that the results for Recall obtained are better in most cases
when compared to the best in the literature, those of Ding et al. [29]] and Shamim et al. [69]
who use high dimensional feature vectors composed of both structural features and the

sequence amino acid composition features.

5.6.1 Fold ‘signatures’: A sample

e Rulel: no_of_betas = 1,Pno2=1 — class =11

* Rule2: max_beta_length = 7, no_of_helices = 10 — class = 11
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Table 5.6: Some significant rules in All-Alpha class

All-Alpha | Significant Rule
Class
Globin Rulel: min_beta=3, no_of_helices=9 — class=1
Rule2: min_helix=5 — class =1
Rule3: Pno3 =0, max_helix =19 — class =1
Rule4: max_beta =4, no_of_betas =3 — class =1
Rule5: Pnoll =0, no_of_helices =8 — class =1
Cytochrome | Rulel: Pno6 =1, Pno27 =1 — class =3
-C Rule2: Pnol =0, no_of_betas = 13 — class =3
Rule3: Pno2 =0, Pno94 =1 — class =3
Rule4: Pno9 =1, Pno30=1 — class =3
Rule5: Pnol =1, Pno2 = 0 — class=3
Rule6: no_of_helices = 5, max_helix = 14 — class =3
Rule7: Pno47 =0, Pnol0 =1 — class =3
Rule&: min_helix = 3, no_of_helices =5 — class = 3
DNA/RNA | Rulel:Pno27 =0, Pno2 =0, no_of_helices = 3—class =4
binding Rule2:Pno8 = 1, max_beta = 10 —class =4
3-helical Rule3:Pnol7 =1, Pno37 =1— class =4
bundle Rule4:Pno7 =0, Pno87 =1 — class =4
Rule5:Pno71 =0, Pnoll =0, no_of_helices =4 — class =4
Rule6:max_helix = 16 —class =4
Rule7:Pno8 =0, Pnol7 =1 — class =4
4-helical Rulel:Pnod42 =1, no_of helices = 6 — class =7
up&down- | Rule2:no_of_helices = 5, no_of_betas = 3 —class =7
bundle Rule3:Pnoll =0, max_beta=5 — class =7
4-helical Rulel:Pno43 =0, Pno97 = 1—class=9
cytokines Rule2:no_of betas=7, no_of_helices=7—-class =9
Rule3:Pnoll = 1, no_of_helices = 6—class =9
Rule4:no_of_helices = 5, max_helix = 24—class =9
Rule5:Pnoll = 1, max_helix = 24—class =9
EF-Hand Rulel:no_of_betas = 1, Pno2=1—class = 11
Rule2:max_helix = 11, no_of_helices = 8 —class = 11
Rule3:max_beta = 7, no_of_helices = 10—class = 11
Rule4:min_helix = 3, max_beta = 7—class = 11

e Rule3:Pno42 = 1,no_of_helices = 6 — class =7
¢ Rule4: Pno6 = 1,Pno27 =1 — class =3

¢ Rule5: min_beta=3, no_of_helices=9 — class=1

In Figure [5.8] we show the classification results obtained within the All-Alpha class.
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Table 5.7: Structural classification of a protein into the four structural classes (Diagonal

features)
Class Precision % | Recall % | F-Measure
All-Alpha 83 70 75.9
All-Beta 80 80 80
Alpha/Beta 75 90 81.8
Alpha+Beta 81 43 56.1
Average 79.75 70.75 74.45

Table 5.8: Structural classification of a protein into the four structural classes (Pattern

features)
Class Precision % | Recall % | F-Measure
All-Alpha 55 83 66
All-Beta 76 83 79
Alpha/Beta 86 77 81
Alpha+Beta 100 26 41
Average 79.25 67.25 66.75

Table 5.9: Comparison of accuracy for structural classification with other methods using

(Diagonal+Pattern) features

Class Precision % | Recall % | F-Measure | Shamim% [69] | Ding[29]%
(Accuracy) (Accuracy) Accuracy

All Alpha 78 86.5 82.03 - -

All Beta 90 71.4 79.62 - -

Alpha/Beta 76 78.26 76.12 - -

Alpha+Beta 80 49.9 61.46 - -

Average 81 71.55 74.8 60.5 511

It is clear that our algorithm performs quite well on all the folds except on Globin fold.
Clearly the pattern features of Cytochrome -C and EF-Hand as discussed in Section
seem to be useful in distinguishing the specific fold as well as to differentiate among the
many folds within All-Alpha class.

The total data set of Ding et al. is given in Table [A.1]in the Appendix and the 27-way
Fold classification results using feature set which uses both the diagonal SSE’s and the oft-
diagonal pattern features are shown in Table [A.2] The specific fold of globin like fold of
All-Alpha class is not classified well when compared to the existing literature. In globin
like fold, according to the literature, majority of helices are present and hence we have only

diagonal patterns and no off- diagonal patterns which may be reducing the accuracy. Our
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Figure 5.8: Classification within All-Alpha class using diagonal+pattern features and com-
paring accuracy with existing methods

study shows that some folds are consistently recognized well with high prediction accuracy
in All-Alpha class: folds of Cytochrome -C, Four helical up and down bundle and EF-hand
as depicted in Figure [5.8 Further in our experimentation we found that in the All-Beta
class, both the folds of Viral coat and OB fold are recognized well and in Alpha/Beta class
except one fold, all the remaining folds are recognized with high accuracy. Alpha+Beta
class has only three folds and among these, the fold of small inhibitors is classified with
high accuracy, but performed poorly on the rest making the accuracy a very low value of
43%.

Further, we find that three folds, namely, cuperedoxins fold, ribonuclear H-like motif
and beta-grasp fold belonging to All beta, Alpha+Beta and Alpha/Beta classes respectively
are not at all recognized. These folds are known to contain very small beta sheets and the
diagonal features may be mis-representing these sheets as turns which in turn is affecting
the accuracy. We need to conduct a deeper study regarding the pattern features within these
folds and analyze the poor performance.

Now we test the classifier on the predicted contact maps of the test set of All-Alpha
class in order to validate our whole approach as an ab-initio method. We present the results
in Table
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Table 5.10: Accuracy results on predicted contact maps obtained for All-Alpha fold classi-
fication

Fold Name Shamim[69] % | Ding[29]% | Proposed method
Globin-like 90 83 75
Cytochrome -C 90 67 100
DNA/RNA-binding 3-helical bundle 64 47 80
4-helical up and down bundle 74 63 86
4-helical cytokines 100 100 80
EF-Hand 48 56 88
Average 77.66 69.33 84.8

5.7 Results on predicted contact maps

The CBA rule classifier has been trained using contact maps built using 3D structural in-
formation of the proteins. This classifier is supplied with the test set of predicted contact
maps. The test data set of All-Alpha class containing 48 sequences is submitted to Distill
software to obtain the contact maps. We recall that these contact maps have been predicted
from the amino acid sequence and do not use 3D structural information. In order to validate
our approach as as ab-initio method, we test the classifier on the set of predicted contact
maps. Firstly, note that the accuracy on All-Alpha class with the original contact maps is
86.5%(see Table [5.9) which is very close to the result of 84.8% on predicted contact maps.
The results in Table [5.10| clearly show that the rule based classifier is performing in most

cases superior to the existing classifiers.

5.8 Conclusion

Novel features have been obtained by mining protein contact maps using a simple and ef-
fective pattern extraction algorithm. We extend the ExtractPatterns algorithm by ensuring
retrieval of patterns with minimum dissimilarilty. Sig_Pattern algorithm is shown to be
quite effective in extracting patterns that are significant for a fold. Further, we demonstrate
correspondence of these patterns to specific locations in the tertiary structure whose impor-
tance is then collated with literature related to protein structure and presented here. The
effectiveness of these features is tested by using these to carry out fold recognition which is
a challenging multiclass classification problem. We show that using class based association
rule mining algorithm, a ‘signature’ can be composed for each class. The details regarding
the accuracy of signatures for folds in the All-Alpha structural class are given and shown

to predict with an accuracy of nearly 90%. The same process is carried out for all the four
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structural classes and the results of performance are given for the 27-way fold classifica-
tion. Further the classifier is tested on the set of predicted contact maps and is shown to
perform with higher accuracy than the existing methods. Overall accuracy for the 27-way
fold classification with this approach came out to be 71.55% much better than even that
obtained by boosting technique in the previous chapter. Alpha+Beta structural class poses

challenge which needs to be investigated further.
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Chapter 6

Application: Contact Map Overlap

Problem

6.1 Introduction

Protein structure comparison is one of the most challenging problems in bioinformatics.
This problem is modeled as a contact map overlap problem in which the similarity of the
two proteins being compared is measured by the amount of ‘overlap’ between their corre-
sponding protein contact maps. To find a maximum overlap is proved to be an NP-Hard
problem [60]]. There are several solutions proposed including integer programming tech-

niques [20], approximate (39, [11] and heuristic algorithms [20, 60, [19]].

6.2 Literature

The first exact algorithm for the maximum contact map overlap(Max-CMQO) problem,
based on integer programming(IP), was developed Lancia [52] et al. and improved by
Caprara in [20] et al. Later, several other methods based on the same approach were pro-
posed [12, 75, 193]. Agarwal et al. [11] improved the approximation ratio of Goldman et
al. [39] modeling similarity of two polygon chains as a graph-theoretic problem. Recently
a polynomial approximation scheme for the contact map alignment problem has been de-
veloped [94]. Several of the recent approaches adopt alignment of eigen vectors to solve
the contact map overlap problem [61} 72, [73]].

Many heuristics have been proposed for contact map overlap(CMO) problem which

achieve excellent performance on bench-mark data sets. Pelta et al. [60] propose a variable
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neighborhood search meta heuristics algorithm for solving Max-CMO. An algorithm called
Bimal [[19] has been proposed which uses local weight functions as heuristics to construct
a weighted bipartite graph. They use a procedure called Maximum Non Crossing Matching
(MNCM) of Malucelli et al. [55] to compute the alignment which gives the overlap.

We propose to build a divide and conquer approach to addresss contact map overlap
problem. We extract the region of contacts, which may themselves be treated as small
contact maps. Using Approximate 2D-Pattern Matching algorithm we find a matching
region in the other contact map, then use one of the heuristics internally between each pair
of matched regions to construct an alignment. Finally use MNCM to merge the region-wise
alignments. An obvious advantage of this algorithm is that it facilitates parallelization. To
the best of our knowledge, this kind of approach to CMOP has not been proposed in the

literature.

6.3 Motivation

The last few chapters have shown that we can extract 2D-patterns from the off-diagonal re-
gion of the contact map. As depicted in Figure if two proteins are similar, can we align
the corresponding 2D-clusters such that the contact map overlap problem be addressed on

the basis of these ‘matching’ clusters?

ot

Figure 6.1: Can we find an alignment that maximizes the matching of the circled patterns
of same colour in the two proteins

6.4 Problem definition

A, B be two proteins whose contact graphs are A = (V3, Fy) and B = (V4, Ey) where

Vi ={i1 < iy <i3z<---<1,}is an ordered set of vertices and
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Ey CA{(ig,4),1 < k,l <n} of edges and
Vo={j1 <Jj2<js<- <jm}and Ey C {(ji, 1), 1 < k,l <m}.

* To find alignment mapping function f : V; — V5,5 fis 1 — 1 and having non

crossing matching property. ir, < 4 = f(ix) < f(4;)-

* Overlap of f consists of common edges (i, i,) € E1, (jr, js) € Eo where

f(ip) =Jr f(iq) = Js-

The problem is to find an alignment mapping f that maximizes the overlap between the

two proteins.

Figure 6.2: Representation of two protein graphs depicting CMO

In Figure [6.2] on the left, two proteins A and B are depicted as graphs and their cor-
responding 3D structures are given on the right. A consists of 55 residues with 43 con-
tacts(edges) and B consists of 58 residues with 53 contacts. The Figure [6.2] shows black

color arcs representing an overlap of 31 overlap edges.

6.5 Methodology

We extract patterns using ExtractPatterns algorithm from the contact maps of two proteins
A and B. A matching score is computed between all pairs of patterns of the two con-

tact maps using an Approximate 2D-Pattern Matching algorithm. Pairs of matched patterns
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with optimal score are obtained by using dynamic programming approach. These are them-
selves pairs of small contact maps. Thus we have evolved a divide and conquer strategy in
which a pair of large contact maps have been divided into pairs of small contact maps. We
apply MSVNS heuristic algorithm to the small contact maps and obtain alignments. Finally
the results so obtained are ‘merged’ using maximum non-crossing matching technique to

compute the overall alignment. This alignment is used to obtain the final overlap.

6.5.1 Divide and conquer procedure

Step 1 ExtractPatterns(A)
/* Returns patterns PA; of A, 0 < i < np(A) */
ExtractPatterns(B)
/* Returns patterns PB; of B, 0 < j < np(B) */

Step 2 Foreach PA;in A, i=1---np(A)
Foreach PB;in B, j=1---np(B)
Approximate 2D-Pattern Matching(PA;, PB;)

Return normalized match score (P A;,PB))

Step 3 Apply dynamic programming alignment algorithm between
Return maximally matched pairs (PAg, PB)) 1 < k <np(A) and 1 <[ < np(B)

Step 4 MSVNS (PA,, PB))

/* It returns alignment between P A, and P B, along with overlap */

Step 5 Merge the local alignments to get a global alignment between A and B.

The flow of the algorithm is given in Figure[6.3] To understand the algorithm consider
the Figure [6.4| that depicts contact maps of the proteins 1B00(122) and 4TMYA(118) both
of which belong to Flavodoxin-like fold according to SCOP classification. In Figure [6.4]
regions circled represent the patterns. The contact map on the left has seven regions and
marked with different colored circles and the right contact map also has the same num-

ber of colored circles. Instead of aligning the two contact maps globally, we plan to align
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Figure 6.3: Representation of flow
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Figure 6.4: Two proteins of Flavodoxin-like fold with similar pattern configurations seen
in their corresponding contact maps
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these regions using Approximate 2D-Pattern Matching algorithm and dynamic program-
ming method. Since protein structure alignment should correspond to common/similar
protein substructures being aligned, we would like to utilize the alignment between clus-

ters thus obtained for the overall contact map alignment problem.

6.6 Algorithm and implementation details

Implementation of the procedure is carried out on the bench mark data set due to Skolnick
et al. [9)]. Many authors of CMO evaluate the performance of their algorithms on this data
set [60, 19, [72]].

6.6.1 Data set

The bench-mark data set of Skolnick et al. is given in Table [6.1] It contains 40 small and
medium size proteins having number of residues between 97 and 255 distributed among
five SCOP families.

Table 6.1: Skolnick data set

Name of Fold Number of proteins | Name of the proteins

Flavodoxin-like 11 1b00, 1dbw, Inat, Intr, 3chy, Igmp(A,B,C,D),4tmy(A,B)
Cupredoxin-like 9 1baw,1byo(A,B),1kdi, 1nin, 1pla, 2b3i, 2pcy, 1plt

Tim beta/alpha-barrel 11 lamk, law2, 1b9b, 1btm, 1hti, 1thm, 1tre, 1tri, 1ydv, 3ypi, 8tim
Ferritin-like 6 1b71, 1bcf, 1dps, 1fha, lier, 1rcd

Microbial ribonuclease 3 1rn1(A,B,C)

6.6.2 Extraction of patterns

ExtractPatterns algorithm is run by setting the parameter of density d = 4 on Skolnick data
set. The number of contacts in a pattern denotes the density of the pattern. Table 6.2 gives
the details with a total of 517 patterns being obtained with a minimum density of 4 and

maximum density being 414.

6.6.3 Approximate 2D-pattern matching

Consider two protein contact maps A and B. Let the set of patterns obtained from first
protein contact map A be A = {PA;, PAs, PAs,--- PA,,} and those from B be B =
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Algorithm 5 Approximate 2D-Pattern Matching

Input:Text[M][N], Pattern[m][n]
Output:Return maximum pattern count value
Input parameters: density, match, threshold
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density«— 0
fori < O0to M-1do
for j — O to N-1do
if Text(i,j) == 1 then
density = density +1
end if
end for
end for
threshold < density * 0.66
MC « ()

: fori«< 0toM-1do

for j — Oto N-1 do
match < 0
forr — O tom-1 do
for s < Oton-1do
if Text(i +r, j + s) == 1 then
if Pattern(r, s) == 1) then
match = match+1
end if
end if
end for
end for
if match >= threshold then
X«—1+r-1
y—j+s-1
MC — {MC}U{(x,y,match)}
end if
end for
end for
Return maximum match value from MC
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Table 6.2: Extraction of patterns

Fold Name No.Patterns | Min density | Max density
Flavodoxin-like 116 5 108
Cupredoxin-like 132 5 59

Tim beta/alpha-barrel 216 5 225
Ferritin-like 26 4 414
Microbial ribonuclease 27 5 81

{PB,,PB,,PBs,--- PB,}.
Approximate 2D-Pattern Matching algorithm is applied to all pairs of patterns (PA;, PB;),

which gives the scoring matrix (sv; ;) : 1 <i<m,1 <j<n

6.6.4 Construction of normalized scoring matrix

It is important to normalize the scoring values since raw scores may be high for larger
matrices and does not truly reflect the amount of matching. The normalization of the score
is done using the window size of the smaller pattern. If score value between two patterns
obtained is sv and smaller of the patterns is of dimension m X n,k = min(m,n) then,

normalized score is calculated as sv/k.

6.6.5 Dynamic programming

Dynamic programming technique is a standard approach to align pairs of patterns given a
scoring matrix. In general, there are many possible alignments between any two patterns
that it would be terribly inefficient to search through all of them for the best one. We
carry out the traditional alignment procedure using dynamic programming approach which
simply computes the current maximum by making the decision between considering the
new entry or take the previous score which would introduce a gap in the alignment. This
procedure fills in the table row by row, and left to right within each row using the recurrence
relation given here. Each entry takes constant time to fill in, so the overall running time is

just the size of the table, O(mn).
. S(,0)=0,i >0

* 5(0,j)=0,j=0
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6.6.6 Tracing of the approach on an example

A few patterns that have been extracted when ExtractPatterns algorithm is run on two

proteins 1BO0 and 4TMYA are shown below.
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The matching is computed using the Approximate 2D-Pattern Matching algorithm be-
tween (PA;, PB;) and the matching score is calculated by computing the Hamming dis-
tance between the matched patterns S(PA;, PB;) and is denoted as sv(i, j). That is, this
score gives the maximum number of common contacts between the patterns. Implementa-
tion of computation of the scoring matrix between all pairs of patterns obtained from two
proteins 1B00 and 4TMYA is given as an example here in Table [6.5]

Table 6.3: Scoring matrix of two proteins

Protein Pair PB1 | PB2 | PB3 | PB4 | PB5 | PB6 | PB7 | PBS | PB9
1BOO_4TMYA

PA1 56 0 0 0 0 0 0 0 0
PA2 0 23 0 0 0 0 0 0 0
PA3 0 0 16 0 0 0 0 0 0
PA4 0 0 7 0 0 0 0 0 0
PAS 0 0 0 19 0 0 0 0 0
PA6 0 0 7 0 0 1 0 0 0
PA7 0 0 0 0 7 0 0 0 0
PAS 0 0 0 0 0 24 0 0 0
PA9 0 0 0 0 0 12 0 0 0
PA10 0 0 0 0 0 0 19 0 0
PA11 0 0 0 0 0 29 0 0 0
PA12 0 0 0 0 0 0 0 15 0
PA13 0 0 0 0 0 0 0 0 33

6.6.7 Region-wise alignment using DP method

The numbers colored blue in Table [6.5] show the mapping path using backtracking tech-
nique. Here the path calculation starts from the bottom right to the top left corner, when
reading out the scores from scoring matrix. If the scores in PA; and PB; are equal, they
are part of the scores, and we go both up and left. If not, we go up or left, depending on
which cell has a highest score. This corresponds to either taking the highest scores between
S(i,j — 1) and S(i — 1, 7). The Table[6.5shows the backtracking method. Based on these

scores we identify the pairwise alignment of patterns from the proteins.
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Table 6.4: Normalized scores of proteins given in Table6.3

Protein Pair PB1 PB2 | PB3 | PB4 | PB5 | PB6 PB7 | PB8 | PB9
1BOO_4TMYA
PA1 15.954 0 0 0 0 0 0 0 0
PA2 0 82.14 0 0 0 0 0 0 0
PA3 0 0 57.14 0 0 0 0 0 0
PA4 0 0 46.66 0 0 0 0 0 0
PAS 0 0 0 90.47 0 0 0 0 0
PA6 0 0 19.4 0 0 2.717 0 0 0
PA7 0 0 0 0 100 0 0 0 0
PA8 0 0 0 0 0 43.63 0 0 0
PA9 0 0 0 0 0 21.81 0 0 0
PA10 0 0 0 0 0 0 90.47 0 0
PA11 0 0 0 0 0 21.323 0 0 0
PA12 0 0 0 0 0 0 0 71.42 0
PA13 0 0 0 0 0 0 0 0 91.66

Table 6.5: S(i,j) computed between P1 and P2 using dynamic programming method

Protein Pair Initial_Value | PB1 | PB2 | PB3 | PB4 | PB5 | PB6 | PB7 | PB8 | PB9
1BOO_4TMYA
Initial_Value 0 0 0 0 0 0 0 0 0 0
PA1 0 16 16 16 16 16 16 16 16 16
PA2 0 16 98 98 98 98 98 98 98 98
PA3 0 16 98 155 | 155 | 155 | 155 | 155 | 155 | 155
PA4 0 16 98 155 | 155 | 155 | 155 | 155 | 155 | 155
PA5S 0 16 98 155 | 245 | 245 | 245 | 245 | 245 | 245
PA6 0 16 98 155 | 245 | 245 | 248 | 248 | 248 | 248
PA7 0 16 98 155 | 245 | 345 | 345 | 345 | 345 | 345
PAS 0 16 98 155 | 245 | 345 | 389 | 389 | 389 | 389
PA9 0 16 98 155 | 245 | 345 | 389 | 389 | 389 | 389
PA10 0 16 98 155 | 245 | 345 | 389 | 479 | 479 | 479
PA11 0 16 98 155 | 245 | 345 | 389 | 479 | 479 | 479
PA12 0 16 98 155 | 245 | 345 | 389 | 479 | 550 | 550
PA13 0 16 98 155 | 245 | 345 | 389 | 479 | 550 | 642

We show an example of the optimal alignment in Table obtained using Dynamic
programming method on patterns extracted from the two proteins 1BOO and 4TMYA.
Table [6.6] shows the pairs of regions from protein A and protein B.

When this algorithm is run on each fold of Skolnick data set, the total number of pairs
of patterns that have been obtained is summarized in Table
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Table 6.6: Alignment between regions of protein contact maps A and B

PA, PB;
PA, PB,
PA, PB;
PAs PB,
PA; PB;
PAsg PBg
PAjo PB;
PAs PBg
PAjs PBy

Table 6.7: Pattern pairs from Skolnick dataset

Fold name Number of pairs of
aligned patterns

Flavodoxin-like 503

Cupredoxin-like 359

Tim beta/alpha-barrel 754

Ferritin-like 29

Microbial and ribonuclease 27

6.6.8 Alignment of smaller contact maps residues using MSVNS algo-
rithm

We choose the heuristic algorithm of Pelta et al. [60] for carrying out the local alignment
between each pair of smaller contact maps in order to obtain alignment at the residue level.
Pelta et al. proposed three versions of Multistart VNS(MSVNS), corresponding to different
parameter settings on the neighborhood structures. Among these three versions, MSVNS3
proves to be the best choice for our experimentation and we choose MSVNS3 with setting
the parameter of window size to 10%.

Each pair of regions (patterns) obtained from the dynamic programming algorithm
actually corresponds to two small contact maps from within the original contact maps.
These pairs of smaller contact maps are submitted to Multistart Variable Neighborhood
Search(MSVNS) algorithm which finds out the maximum overlapping at the residue level.
An example is shown in Table[6.§]

6.6.9 Merge Algorithm

Clearly the different alignments given by MSVNS on all the pairs of regions lead to con-
flicts. We simply take the union of all these local alignments to obtain a bipartite graph

between residues of proteins A and B. We apply the well-known Maximum Non-Crossing
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Table 6.8: MSVNS aligned residues

PA_1 PB_1
1 2’
2 4
3 5
4 6’
5 7
6 8
7 9

Figure 6.5: MSVNS gives a residue level alignment between a pair of patterns which is
depicted here. The amount of common overlap for this alignment is 6.

Matching (MNCM) algorithm of Malucelli et al. [S3] on the bipartite graph in order to
remove ‘crossing’ edges to get a one-one mapping that gives the maximum matching pos-

sible. For completion sake, the algorithm of MNCM is given in Algorithm [6]

6.6.10 Computing the overlap

Overlap of f consists of common edges (i,, ;) € E1, (Jr, js) € Es wheref(iy) = j, f(iy) =
Js-

For a given alignment mapping f : V4 — V5, of the residues of proteins A and B
respectively, the overlap is calculated by simply counting the number of cycles of length
four. That is, suppose f(a;) = by and f(ay) = by with both edges (a1, as) € E; and
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Algorithm 6 NonCrossingMatching(NCM)

Input: Bipartite Graph
Output: Non crossing matching edges
Input parameters: Vertices 1}, Vertices V5, Edges E

1: for each node j € V5 do

2:  lable(j) < O

3: end for

4: for i— 1to|V;|do

5: N« neighbors of 7 in ascending order

6: for each node j € N do

7: e« (1,])

8: edgelabel(e) «— 1 +max{ label(k), k < j}
9:  end for

10:  for each node j € N do

11: e« (1,])

12: label(j) < max{ edgelabel(e), label(j) }
13:  end for

14: end for

15: NCE « 0

16: k «— max{ edgelabel(e), ecE }

17: e « argmax{ edgelabel(e), e€E }
18: NCE « NCE U {e;}

19: k— k-1

20: while £ > 0 do

21:  Nj < edges with label &

22:  for eachedgee € N, do

23: if Crossededges (e, e ) == FALSE then
24 ep < €

25: NCE «— NCE U {ey}

26: break

27: end if

28:  end for

29: k+—k-1

30: end while
31: Return NCE
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(b1,be) € E5, then the cycle is composed of (a1, by), (b1, bs), (b2, az), (az,a;). Note that

the edges are undirected and hence (a2, a;) = (a1, as) etc.

Algorithm 7 Procedure for overlap
Input: Contact maps of A = (V4, Ey) and B = (V3, Ey); Alignment f : V; — V5
Output: overlap(A, B)
overlap =0
for each edge (a;,a;) € E; do
if f(a;) = by and f(a;) = b, then
if (bk, bl) € F5 then
overlap = overlap + 1
end if
end if
end for

MSVNS algorithm constructs a correspondence between residues of pattern PA_1 of the
contact map of protein A to residues of pattern PB_1 of contact map of B, which is given in
Figure @ Residues 1, 2, 3, 4, 5, 6 and 7 in the upper protein (A) are paired with residues
2,4°,5,6°,7 ,8 and 9’ in the lower one (B). The alignment is represented by dotted lines
while the protein contacts are shown with solid ones. In the example we can find 6 cycles.
Some of the cycles are one composed by the arcs (1, 3), (3,5), (5, 2'), (2, 1); second cycle
has the following four arcs (2,4), (4,6'), (6,4'), (4, 2); third cycle (3, 5), (5,7), (7'5'), (5, 3)
All the cycles are given in Figure The number of aligned residues is 7 the total overlap

works out to be 6.

6.7 Results

The entire procedure that calculates the overlap between contact maps of two proteins is
implemented for the bench mark data set. The local alignment algorithm is chosen to be
MSVNS as it is made publicly available by Pelta et al. [10] It should be noted that any fast
algorithm can be plugged in as the local alignment algorithm in our approach. We consider
all the pairs of proteins that are chosen by Pelta et al. [60] to facilitate comparison. The
authors take a total of 161 pairs by choosing all pairs of proteins from within each fold
except different chains of same proteins.

In the literature, the results are given in terms of total number of aligned residues and
the total resultant overlap. Table carries the result of the proposed algorithm for each
fold. The paper [60] gives an overall result of overlap obtained to be 47,093 whereas the
proposed algorithm obtained nearly 84% of the result by obtaining an overlap of 36,706.
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These results are tabulated in Table[6.10} A further analysis is conducted into the results to

understand the degradation of performance.

Table 6.9: Number of aligned values in Skolnick data set

Fold No. of Aligned Residues | Maximum Overlap
Flavodoxin-like 5004 16120
Cupredoxin-like 3021 6102

Tim beta/alpha-barrel 8120 12140
Ferritin-like 550 2000
Microbial and ribonuclease 200 344

Table 6.10: Comparing results with MSVNS
Method Protein Pairs | Total Aligned residues | Total overlap
Proposed 161 16895 36706
MSVNS [60] 161 15823 47093

6.7.1 Discussion

We analyzed our results and see that up to the Dynamic programming step of alignment

of regions between proteins, our algorithm is on par with the heuristic algorithm. That is,
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the regions that are obtained as aligned are also aligned by MSVNS. But the conflicts in
alignment and removal of conflicting edges by MNCM algorithm, is leading to decrease
in overlap eventually. For example, in Cupredoxin fold which has 11 proteins, due to
many conflicts in the alignment of residues, the overlap obtained is 6102 as compared to
8150 by MSVNS. On the other hand, the approach is validated if we consider the fold of
Tim beta/alpha-barrel fold which has 11 proteins. The contact maps of these proteins are
seen to have very large clusters and the conflicts in regions is minimized apparently. The
overall value of overlap obtained for this fold is 12140 which is better than 12127 that is
obtained by MSVNS as reported in Table[6.11] Clearly the method is novel and works well
in specific cases. When the protein contact maps have many small clusters, they are seen
to lead to conflicts. Hence on lines of Bimal [19], we may have to apply a weighted non-
crossing matching scheme which may help in retaining edges that will eventually maximize

the overlap.

Table 6.11: Number of aligned and overlap values in Tim beta/alpha-barrel

Algorithm Fold No. of Aligned Residues | Maximum Overlap

Proposed Tim beta/ 8120 12140
alpha-barrel

MSVNS 8110 12127

Proposed | Cupredoxin-like 3021 6102

MSVNS 3231 8150

We now record the time taken for the whole exercise. Since each of the pairs of the
smaller contact maps obtained from the dynamic programming approach can be submitted
to MSVNS in parallel, it reduces the overall computation time in a considerable manner.
We find that the preprocessing step takes about 30 minutes of time that includes extraction
and matching all patterns extracted using Approx_2D Pattern Matching algorithm on Skol-
nick data set. The time taken by MSVNS to run on the entire data set is 5 hours 44 minutes,
and the time taken on the smaller contact maps is almost 1/5-th time of about 1 hour 32
minutes as shown in the Table If this step were parallelized, the time taken would

have been almost negligible.

Table 6.12: Timing analysis for Skolnick dataset
MSVNS | Proposed Method
Shr. 44m. 2hr.
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6.8 Conclusions

A novel approach to CMOP has been proposed using the two dimensional clusters of con-
tact map. The general approach is to find matching clusters in both the contact maps which
are pairs of small contact maps. These are submitted to an existing fast nearly optimal
algorithm. The approach facilitates parallelization at this level since all the pairs of contact
maps can be submitted to the algorithm in parallel. Then a merge algorithm is used in order
to obtain the overall alignment. As a proof of concept we have chosen a tool called MSVNS
for the nearly optimal alignment algorithm since it is publicly available for use. We obtain
an overall result 47,093 overlapping edges whereas the proposed algorithm obtained nearly
84% of the result by obtaining an overlap of 36,706. On Tim beta/alpha-barrel fold, whose
contact maps are seen to have very large patterns, our algorithm obtains a better overlap
value of 12140 compared to 12127 of MSVNS. We can conclude that our method shows
promise. In order to improve the merge procedure, following the ideas of the algorithm of
Bimal [19], we may have to apply a weighted scheme which may help in retaining edges
that will eventually maximize the overlap. The approach gives a parallelizable algorithm
and hence should be of interest for online situations. The divide and conquer approach
facilitates parallel implementation and hence the time taken for the alignment is effectively
equal to the maximum time taken by the local alignments. Our implementations show that,
on average, alignment on smaller contact maps takes less than one minute whereas existing

alignment algorithms take more than 5 minutes between a pair of proteins.
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Chapter 7

Conclusions and Future work

In this thesis we conduct a detailed analysis of contact maps in order to derive features that
pertain to fold information. The main focus of this work is in proposing an alternate route to
solve open problems of computational biology like protein secondary structure prediction,
protein fold recognition, protein fold signatures and contact map overlap problem by min-
ing contact maps. Somdatta et al. were the first to indicate that contact map analysis could
be directly used for fold prediction problem [14]. They demonstrate in a few examples that
proteins belonging to the same fold have similar contact maps.

Using the work in the literature that predicts contact maps from the primary amino
acid sequence, we propose that using pattern features from contact maps would also be an
ab-initio method. Hence feature extraction from the contact maps is the main stay of the

thesis.

7.1 Conclusions

In chapter 3, we show how simple heuristics can extract statistics of secondary structure
elements of helices and beta strands. The predictions have been tested using standard
measures like Precision, Segment Overlap and on the predicted contact maps of the bench
mark proteins the performance results are compared with those of the existing literature.
Protein secondary structure prediction is achieved with an accuracy of 76% with a good
accuracy obtained for helix prediction at 91% on par with the best results in the literature.

Further, we propose an ExtractPatterns algorithm which extracts clusters from the oft-
diagonal region in linear time. The number of non-trivial clusters are stored along with
their statistics. A feature vector is constituted using both secondary structure related fea-

tures viz. , number of helices, minimum helix length, maximum helix length, number
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of beta sheets, minimum beta sheet and maximum beta sheet; as well as cluster features
like number of clusters, minimum and maximum density as well directional features. We
apply the standard data mining techniques to solve the protein fold recognition problem.
Protein folds constitute a well-known unbalanced classification, a 27-class problem, which
has been addressed using well-known one-against-one, one-against-others and all-versus-
all methods using SVM’s. There is just one work due to Krishnaraj et al. which shows an
accuracy of 60.3% by using boosting approaches. We adopt a similar approach but with
totally novel features extracted from the contact maps and use SMOTE based approach to
balance the data. In chapter 4, we present this work on the imbalanced classification of
protein fold recognition. SMOTE proves to be useful for the 27-way classification problem
of protein fold prediction. Our emphasis is more on features derived from contact maps
rather than on using state-of-art classifiers. Hence we do not experiment with highly im-
proved versions of boosting algorithms that are available now [22] which may improve the
results even further. With a standard model of combining SMOTE with C4.5 decision tree,
the contact map features enhance the prediction accuracy to 65.25%. On the data set of
predicted contact maps of All-Alpha Class, this approach resulted in an accuracy of 78%
whereas the best in literature shows 78%. An additional advantage of our approach has
been the reduced dimensionality of our feature vector which is 11 whereas literature uses
more than 100 features on average.

We carry on the investigation to delve deeper in order to see if 2D-patterns have any
correspondence with substructures within a fold. Are there specific patterns that correspond
to a particular folding structure? This analysis turned out to be very fruitful. We use 2D-
pattern matching algorithms to distinguish significant patterns.

We derive ‘signature’ rules for each protein fold using class based association rule min-
ing algorithm. These rules give important insights into the significant 3D substructures that
may be crucial for a protein to assume a specific fold conformation. Further, we demon-
strate correspondence between the frequency of a 2D-pattern in a fold to the specific nature
of substructure located within the tertiary structure and its functional importance. We val-
idate these ideas further by using the presence or absence of these patterns as features and
carry out the challenging fold recognition problem. Using class based association rule min-
ing algorithm these signatures achieve the highest accuracy of 71.55% on the 27-way fold
classification problem. On predicted contact maps of All-Alpha class, the prediction ac-
curacy soared up to 85%. Alpha+Beta structural class poses challenge which needs to be
investigated further.

In Chapter 6, we take up the challenge of the important NP-Hard problem in this area,
namely the Contact map overlap problem. The 2D-pattern analysis carried so far gives
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us a kind of a direct matching of regions between any two given protein contact maps.
Firstly, we need to establish if these ideas do give a region-level matching and further, if
this matching helps us in computing an alignment that maximizes the overlap between two
proteins. This kind of investigation is new and hence promises a new way of approach-
ing the well-studied CMO problem. We represent each protein as a set of the non-trivial
clusters of contacts extracted from its contact map. We propose an approximate 2D-pattern
matching algorithm using which a scoring matrix is constructed between all the pairs of
clusters. Then use dynamic programming algorithm, to find a region level alignment.

Then we use an existing fast nearly optimal CMO algorithm to find alignment within
the smaller contact maps. The results are merged in order to arrive at the overall alignment
and thus the overlap is computed. This approach facilitates parallelization since all the
pairs of regions can be submitted to the algorithm in parallel. Then a merge algorithm is
used in order to obtain the overall alignment. As a proof of concept we have chosen a tool
called MSVNS for the local alignment algorithm since it is made available for use. The
result is not satisfactory since the average overlap obtained is 84% that of MSVNS. But
there are best cases in which the algorithm exceeded the overlap obtained by MSVNS.

We can conclude that the method shows promise. It needs to be certainly further refined.
The proposed algorithm is a parallel algorithm and hence reduces the computation time.
Moreover, the alignment is in fact built based on sub-structure alignment and hence more

structurally meaningful.

7.2 On Predicted Contact Maps

It is surprising for us that, through the stated prediction accuracy for contact maps is less
than 30% [63]] our algorithms seem to perform satisfactorily on predicted contact maps. We
have shown that secondary structure prediction is successful with an accuracy of 76.8% on
a sample test set. Further on the predicted contact maps of All-Alpha Class, the rule mining

algorithm resulted in an accuracy of 85% whereas the best in literature shows 78%.

7.2.1 Sensitivity analysis

We show that our results are robust by doing the following experiment. We introduce 1%
noise in the protein contact maps and implemented rule mining algorithm experiments. We
find that the results do not suffer much due to the noise. We achieved highest accuracy of

85% on predicted contact maps of All-Alpha class.
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7.2.2 Other contact maps

Current approaches construct protein contact maps using Cg atoms as nodes. We have also
retrieved contact maps considering C atoms and we found that no significant variation
is seen in the contact maps. It is a different issue altogether to consider interactions be-
tween side chains and not only the protein backbone. We do not know of any work that
considers protein contact maps using side chain interactions. This issue needs to be further

investigated.

7.3 Future directions

Clusters of contacts have been extracted using Sig_Pattern algorithm that are found to be
significant for a fold. We need to investigate if, instead of using presence/absence of a
pattern, the actual frequency of occurrence of pattern improves the performance of the
classifier. Clearly there is immense scope for improvement to the solution for CMO. The
merging algorithm is failing and we may have to intelligently merge so that necessary align-
ment edges are not removed. This is one direction which needs to be certainly investigated.
Further, we feel that this solution can be better lifted up to the structure comparison in 3D
directly. Our initial analysis shows that up to region level alignment, the proteins are being
matched as 3D-structures and their mutual proximites very well. Hence instead of pro-
jecting these results onto one dimensions if we can lift them up to 3D we may gain better
advantage and address the problem of structural alignment in known structures.

Zaki et al. initiated ideas in which the contact map clusters have been analyzed in order
to predict the protein folding pathway, a grand challenge problem in this area. It is enticing
to think that computational analysis of contact maps carried out in this thesis may help

further these ideas!
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Appendix A

The entire Data set given by Ding et al. containing proteins belonging to the four major
structural classes in 27 protein folds is given in Table

Table A.1: The distribution of proteins among the 27-folds

Fold Name Fold Index | Training Instances | Testing Instances
All-Alpha 68 48
Globin-like 1 11 8
Cytochrome -C 3 11 5
DNA-binding 3-helical bundle 4 18 10
4-helical up-and-down bundle 7 8 7
4-helical cytokines 9 12 10
EF-hand 11 8 8
All-Beta 109 91
Immunoglobulin-like 3-sandwich 20 30 18
Cupredoxins 23 9 12
Viral coat and capsid proteins 26 16 13
ConA-like lectins/glucanases 30 7 6
SH3-like barrel 31 8 8
OB-fold 32 13 19
Trefoil 33 8 4
Trypsin-like serine proteases 35 9 4
Lipocalins 39 9 7
Alpha/Beta 115 109
(TIM)-barrel 46 29 24
FAD (also NAD)-binding motif 47 11 12
Flavodoxin-like 48 11 13
NAD(P)-binding Rossmann-fold 51 13 12
P-loop containing nucleotide 54 10 15
Thioredoxin-like 57 9 8
Ribonuclease H-like motif 59 10 14
Hydrolases 62 11 7
Periplasmic binding protein-like 69 11 4
Alpha+Beta 38 62
0 grasp 72 13 8
Ferredoxin-like 87 13 27
Small inhibitors, toxins, lectins 110 12 27
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The 27-way classification results obtained by the CBA classifier are given in Table [A.2)

Table A.2: 27- way classification

Class Proposed Accuracy
1 85
3 100
4 96
7 60
9 78
11 100
20 100
23 65
26 100
30 75
31 63
32 100
33 70
35 0
39 70
46 100
47 93.3
48 81.2
51 92.8
54 73.6
57 66.6
59 80
62 40
69 76.9
72 0
87 80.7
110 69.2
Average 71.55%
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