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Abstract

Proteins are considered to be one of the most important biological macromolecules and

play a wide range of vital roles in most of the biological interactions. Therefore, deter-

mining how they function is an important task in biology and biomedical science. Protein

Fold Recognition (PFR) is an important step towards protein function prediction. Protein

fold recognition is defined as assigning a given protein to a fold (among a finite number

of folds) that represents its functionality as well as its major tertiary structure. In pat-

tern recognition terminology, the protein fold recognition problem is defined as solving

a multi-class classification task in which its performance crucially relies on the features

and classification techniques being used. Despite all the efforts made over the last two

decades, finding an effective computational approach to solve this problem still remains

challenging for computational biology and bioinformatics.

It has been shown in previous studies that finding features that provide effective local

and global discriminatory information is the most important factor in solving this problem.

Generally, features extracted for this task can be categorized into four groups namely, se-

quential, physicochemical, evolutionary, and structural-based features. Sequential-based

features were the first group used for protein fold recognition. However, due to their poor

performance, they soon gave their place to physicochemical-based features. Despite the

importance of physicochemical-based futures in providing effective information about the

relationship between physicochemical attributes of the amino acids and the folding pro-

cess of proteins, they have not been adequately explored in the literature. Also, the feature

extraction techniques used were not able to explore their potential local discriminatory in-

formation. In addition, there has not been a comprehensive study to investigate the use of a

wide range of these attributes and their combinations for feature extraction. Recent studies

have shifted their focus to extract evolutionary and structural-based information to tackle

this problem. Despite the significant enhancements achieved by using these features, most

of the previous studies have tried to extract these features using the entire protein sequence.

Hence, the extraction of evolutionary and structural-based features from smaller segments

of the proteins has not been studied adequately.

In this study we address these drawbacks in the following steps. We first propose

two feature extraction techniques namely overlapped segmented distribution and over-

lapped segmented autocorrelation to extract local discriminatory information based on the

physicochemical attributes of the amino acids. We investigate the effectiveness of our pro-

posed techniques using 15 of the most promising physicochemical attributes of the amino

acids. We select these 15 attributes among 117 physicochemical attributes of the amino
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acids. Applying a Support Vector Machine (SVM) to our extracted features, we outperform

similar studies that have used physicochemical-based features for the protein fold recog-

nition problem. Therefore, we not only propose a novel feature extraction technique to

explore discriminatory information of the physicochemical-based features for protein fold

recognition, we also conduct a comprehensive study on the impact of the physicochemical

attributes of the amino acids for this problem. However, our achieved results in this step

still have been far lower than the best result reported for protein fold recognition.

In the next step, we propose a technique to explore evolutionary and physicochem-

ical information, simultaneously. To do this, we first transform the protein sequence us-

ing evolutionary information and then extract physicochemical-based features from these

transformed sequences. We extract physicochemical-based features using the overlapped

segmented distribution and overlapped segmented autocorrelation techniques. Our results

show that by incorporating evolutionary and physicochemical information simultaneously,

we are able to significantly enhance the protein fold prediction accuracy compared to sim-

ilar studies that have used physicochemical-based features for this task. In the next step,

we develop a non-overlapping feature extraction scheme to reduce the number of extracted

features to be able to combine features extracted from a wide range of physicochemical

attributes instead of using a single attribute. We first transform the protein sequences

using evolutionary information and then extract physicochemical based features using

segmented density and segmented distribution techniques. By applying an SVM to our

extracted features, we again significantly improve the protein fold prediction accuracy

compared to the similar studies that have used physicochemical-based features for this

task. However, we still have not been able to enhance the protein fold prediction accuracy

better than the best result reported for this task.

Finally, to enhance the protein fold prediction accuracy, we employ evolutionary and

structural information for feature extraction. Based on our previously proposed feature

extraction techniques to extract physicochemical-based features, we develop segmented

distribution and segmented auto-covariance feature extraction methods to extract local

evolutionary and structural information. We also employ the occurrence feature group to

extract global features. By applying an SVM to our extracted features we enhance the pro-

tein fold prediction accuracy up to 7.4% better than the best results found in the literature.

In conclusion, we develop several segmentation-based feature extraction techniques that

enable us to extract local discriminatory information for protein fold recognition better

than previously proposed approaches to achieve this goal.
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1
Introduction

This Thesis presents a pattern recognition-based system to solve Protein Fold Recognition

(PFR). In this chapter, we provide an introduction to the protein fold recognition prob-

lem, its biological implications, and existing methods used to solve this problem. We

also express the motivation behind the research on this problem. Then we illustrate the

methodologies, the aims, and the achievements of this research in terms of the scientific

contributions to solve the protein fold recognition problem. Finally, we outline the orga-

nization of the thesis.

1.1 Protein

Proteins are considered to be one of the most important biological macromolecules. They

perform a wide range of vital roles in most of the biological interactions such as: defending

the body from antigens as antibodies, facilitating biochemical interactions as enzymes,

transferring messages in the body to coordinate and synchronize biological activities as

hormones, carrying other molecules to different places in the body as transporters, and

many other critical functions [1, 2].

A protein consists of a sequence of amino acids which bind together through peptide

bonds called polypeptide. The length of proteins can vary from a few to several thousands

of amino acid residues. Amino acids are the building blocks of proteins. They consist

of oxygen, nitrogen, carbon, and hydrogen which construct three main building blocks

namely, amine group, carboxyl group, and R (also called side chain) group [1]. The first

two building groups are common in all amino acids whereas the R group differs among the

amino acids, and at the same time define different attributes of them (physical, chemical,

and physicochemical attributes). The general structure of an amino acid is shown in Figure

1.1. There are mainly 20 different amino acids that contribute in the building block of the

proteins. The names, three letter symbols, and one letter symbols of all 20 amino acids

1
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are shown in Table 1.1 [2, 3].

Figure 1.1: The Structure of an Amino Acid

The amino acid sequence of a protein does not remain a long straight chain but folds

together locally and globally in three-dimensional (3D) space. This 3D structure of pro-

teins outline their function. Based on the local and global process of folding, proteins can

be described in terms of four different levels of complexities as follows:

• Primary structure is the alphabetic sequence of the amino acids that describes their

order along the protein.

• Secondary structure is defined as the regular patterns which repeatedly occur locally

in the three-dimensional structure of the proteins (Figure 1.2). These pattern are

namely, alpha-helices, beta-strands, and beta-turns (also referred as coils in some

studies [4, 5, 6]).

• Tertiary structure is constructed based on the interaction of the secondary structures

along the amino acid sequence to build the complex, coherent, and general three

dimensional structure of the proteins (Figure 1.3).

• Quaternary structure refers to the three-dimensional structure of the complex pro-

teins that consist of more than one polypeptide bond or main side chain of the amino

acids.

1.2 Protein Structure Prediction Problem (PSP)

The early study of Anfinsen and Heber showed that a protein folds to a unique tertiary

structure [7]. In fact, to play its roles and to be able to function in biological interactions,

a protein needs to be folded properly to its own specific and stable tertiary structure (also

Protein Fold Recognition Using Segmentation-based Features 2
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Amino Acids Three-Letter Symbol One-Letter Symbol

Alanine Ala A

Arginine Arg R

Asparagine Asn N

Aspartic Asp D

Cysteine Cys C

Glutamine Gln Q

Glutamic Glu E

Glysine Gly G

Histidine His H

Isoleucine Ile I

Leucine Leu L

Lysine Lys K

Methionine Met M

Phenylalanine Phe F

Proline Pro P

Serine Ser S

Threonine Thr T

Tryptophan Trp W

Tyrosine Tyr V

Valine Val Y

Table 1.1: Names, three-letter symbols, and one-letter symbols of amino acids

known as the native structure). In other words, the function of a protein is not specified by

solely assessing its primary structure. It is defined based on the protein’s tertiary structure

and how it folds in three-dimensional space (for complex proteins with more than one

backbone side chain, it depends on their quaternary structures) [8].

In 1973, Anfinsen showed that if we unfold a protein under extreme conditions, it

again, under environmental (normal) conditions, tends to fold to its unique, native struc-

ture [9]. It is known as Anfinsen’s dogma. The native structure is a stable 3D structure

with the lowest level of kinetic energy [8]. By this experiment (unfolding the proteins)

Anfinsen also showed that the required information for the folding process is embedded

in the protein sequence. Hence, the tertiary structure of a protein can be predicted based

on its primary structure.

The prediction of the tertiary structure of a protein from its primary structure is called

protein structure prediction and it still remains an unsolved problem in bioinformatics and

biological science. In 2005, the magazine Science listed the protein structure prediction

problem as one of the 125 most compelling puzzles and unsolved issues in science [10].

Protein Fold Recognition Using Segmentation-based Features 3
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Figure 1.2: Secondary structures of proteins (taken from the PDB)

1.3 Protein Structure Prediction Techniques

In nature, a protein almost Instantaneously folds to its native structure. However, even

by using the fastest computational resources, finding the native structure of even a short

length protein takes a long time. The situation for long proteins is even worse as the time

complexity for predicting the tertiary structure of these proteins exponentially increase.

The number of tertiary structures that can be built based on a primary structure of a pro-

tein is very large. The main reason for this phenomena is that the physical origin of the

structural stability of the proteins is not fully understood, yet [11, 12]. For example, a sim-

ple proteins with 100 amino acids has 99 peptide bonds and 198 different dihedral angles.

If we alow only 3 possible configurations for these angles, the number of configurations

will become 3198 which is a exponential complexity with respect to the length of protein

sequence (over O(3n) where n is the protein length) [8]. During the past few decades, a

wide range of experimental and computational-based approaches have been proposed to

solve the protein structure prediction problem.

1.3.1 Experimental Approaches to Solve the Protein Structure Prediction

Problem

The two main and well-known experimental approaches to determine the protein structure

are X-ray crystallography and Nuclear Magnetic Resonance (NMR) spectroscopy [1]. In

the X-ray crystallography, determination of the proteins’ structure is done by studying the

feedback and reflection of a beam of X-ray that has been stricken to the crystal of a protein.

To apply X-ray crystallography, depending on the protein, at least a minimum amount of

protein (which varies for different proteins) is required to produce an appropriate crystal

Protein Fold Recognition Using Segmentation-based Features 4
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Figure 1.3: Tertiary structure of proteins (taken from the PDB)

to study. However, providing this amount sometimes is hard. Furthermore, the process

of X-ray crystallography is complex and time consuming. At the same time, some pro-

teins are hard to be crystallized which makes X-ray crystallography almost impossible for

determining their tertiary structure [11].

NMR spectroscopy is the other popular experimental approach for finding tertiary

structure of proteins. It is based on the identification of distances between nuclei. In this

method, in order to predict the tertiary structure of a protein, it must be oscillated rapidly in

an aqua environment. Then the frequency of changes in the protein’s magnetic field in its

atomic nuclei during its oscillation is calculated. Despite determining the protein structure

using the NMR spectroscopy is faster than the X-ray crystallography, the process is still

time consuming and costly. Furthermore, the complexity of this task limits this method

to just being able to determine the structure of short length proteins [11]. The significant

time consumption and cost of protein structure determination using the X-ray crystallog-

raphy and NMR spectroscopy methods do not satisfy a rising demand for a fast structure

prediction approach to address the exponential growth of protein sequence generation.

Recent achievements in Genomic research area regarding unravelling different ge-

nomic coding generate an enormous numbers of protein sequences to be added to protein

databases. At the time of this research 80 million protein sequences comprising 25 billion

amino acids have been deposited to the UniProtKB/TrEMBL database 1. This number

has been growing exponentially since 1998 [13]. Despite tremendous efforts dedicated to

1http://www.ebi.ac.uk/uniprot/TrEMBLstats/

Protein Fold Recognition Using Segmentation-based Features 5
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protein structure prediction using experimental methods (X-ray crystallography and NMR

spectroscopy), only slightly more than 95,000 protein structures have been determined

and deposited in the Protein Data Bank (PDB) 2 [14]. This highlights the need for faster

approaches to determine protein structure. Therefore, recently, computational approaches

have attracted tremendous attention to find faster and more economical (and in some cases

more reliable) methods to determine protein structure.

1.3.2 Computational Approaches to Solve the Protein Structure Prediction

Problem

The shortcomings of experimental approaches mentioned in the previous section and on

the other hand the recent advances of computational resources brought a tremendous at-

tention to use of computational based approaches to tackle protein fold recognition. Gen-

erally, computational approaches proposed to solve this problem can be categorized into

three main groups namely, homology, Ab-initio, and threading approaches [11].

1.3.2.1 Homology Approach

This method is mainly based on the idea that proteins with high sequential similarities

tend to have similar tertiary structures. To determine the structure of a new protein, its

sequence is compared to proteins with known structures in the protein data banks. If a

protein with high sequential similarity is found, we can expect that the structure of the

new protein will be similar to this protein’s structure [2]. This method and others which

use proteins with known tertiary structures are categorized and known as template-based

approaches.

It was shown that proteins with low sequential similarities (as low as 15%) also tend

to have similar tertiary structures [15]. For these cases which are the focus of this study as

well, homology-based approaches are not able to provide any useful information [2, 16].

Note that, the sequential similarity rate between 15% to 40% is considered to be low

sequential similarity rate and is called twilight zone [17].

1.3.2.2 Ab-Initio (De Novo) Approach

This approach is based on Levinthal’s paradox which states that a protein’s native struc-

ture occurs at the lowest level of kinetic energy [8]. In Ab-Initio method the aim is to

search between a large number of possible structures to find the native structure using

different search algorithms. This is done by calculating the energy of each structure and

trying to find a configuration with the lowest level of energy. In contrast to template-based

2http://www.rcsb.org/pdb/home/home.do
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approaches, Ab-initio based approaches have the advantage of being able to determine the

structure of proteins directly by finding the lowest level of free energy of conformation,

without relying on the currently determined structures (template independence). However,

due to a large search space to find the lowest level of energy, even for small proteins, this

method is considered to be a computationally expensive method. This situation is even

worse for high resolution models as well as large proteins [1, 11].

1.3.2.3 Threading Approach

Treading approaches are categorized into two groups. The first group is similar to ho-

mology based approaches. It aims at predicting protein structure based on the available,

already determined structures. It is called the template-based threading and aims at mod-

elling the interactions of the amino acids along proteins in their 3D structure [11, 18].

However, instead of using sequential similarity to determine new structures, they consider

other properties of the amino acids and proteins (such as physical, chemical, and physico-

chemical attributes of the amino acids). This enables template-based threading approaches

to work for proteins with even low sequential similarities.

The second approach is called fold recognition and is the focus of this research. In

this approach, instead of directly predicting the native structure of the proteins, we aim at

determining the protein folds using computational-based approaches (specifically pattern

recognition, and machine learning). This method is mainly based on the hypothesis that

proteins can be hierarchically categorized into several levels of complexities such as struc-

tural class, and fold [19]. In pattern recognition terminology, these problems are generally

defined as classification of the proteins in different classes [15]. In both template-based

threading and fold recognition methods the aim is to determine the remote connection be-

tween sequence and structure without relying solely on sequential similarity information

[20].

1.4 Protein Fold and Structural Class Prediction Problems

In this section, protein fold recognition and its challenges are explained in more details

[11, 21].

1.4.1 Protein Structural Class Prediction Problem

In 1976, Levitt and Chothia investigated the proteins with known tertiary structures. In re-

sult of their observations, they categorized the proteins based on their secondary structures

and general conformations into four groups as follows [22]:

Protein Fold Recognition Using Segmentation-based Features 7
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• All-alpha structural class which consists of proteins with a large number of alpha-

helices (over 80% helix) in their native structure.

• All-beta structural class which consists of proteins with a large number of beta-

strands (over 80% strands) in their native structure.

• Alpha+beta structural class which consists of proteins with both helices and strands

in their structures where most of the beta-strands are anti-parallel

• Alpha/beta structural class which consists of proteins with both helices and strands

but most of the beta-strands are parallel [22]

In 1995, three new structural groups namely, multi-domain proteins, membrane and

cell surface proteins, and small proteins were added to the original classes by Murzin et

al., to construct the Structural Classification of Proteins (SCOP) [23] and to provide bet-

ter knowledge of structural similarities between proteins. However, most of the general

protein data banks still follow the original four structural class categorization. A sample

of proteins from each group (the original four classes and three additional classes in the

SCOP) are shown in Figure 1.4. Determining proteins in each structural class actively con-

tributes to reduce the search space of structure prediction as well as revealing the general

structural properties of proteins [1, 11, 21].

Figure 1.4: Structural classes of the proteins (Taken from the PDB)

Protein Fold Recognition Using Segmentation-based Features 8
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1.4.2 Protein Fold Recognition (PFR)

In 1990, Chothia [24] proposed that proteins could be categorized into discrete groups

named Folds (which is different from the folding process). Note that the folding process

that was referred earlier is the process that amino acids chains of the proteins are folded

to their native three dimensional structures, while fold is the name of discrete mutually

exclusive groups of proteins based on their general conformation in 3D space. Proteins

are considered to be in the same fold if they have the same major secondary structure,

and the same topological and functional connections [15]. Proteins that share the same

fold tend to perform similar functions in biological reactions [25]. Therefore, protein fold

recognition not only reduces the search space of the protein structure prediction but also

has a significant impact on the protein function prediction problem [11].

The number of folds in nature is not infinite. In the early study conducted by Chothia,

the number of folds was estimated to be less than 1000 [26]. Later, varieties of studies

were conducted to estimate the number of folds more accurately [27, 28, 29]. The most

recent studies estimated the number of folds to be less than 1400. This estimate seems

more accurate than previous ones based on increment of the number of folds compared to

increment of the number of determined structures [19, 29].

Recent advancements in the Pattern Recognition (PR) field brought tremendous at-

tention to address protein fold recognition. Varieties of definitions have been proposed for

pattern recognition. In general, pattern recognition can be defined as training a classifier

(learning method) using available training data to predict unseen data. Properties of the

protein fold recognition problem (samples that belong to different classes, having avail-

able data for training, large number of unseen data to predit) makes this as a well defined

problem for pattern recognition [30, 31].

In pattern recognition terminology, we can define PFR as solving a multi class clas-

sification task which can be solved by using feature selection, feature extraction, and clas-

sification approaches. To employe a pattern recognition technique, we first need to extract

a benchmark consisting of proteins. Here, the target is to build a benchmark consisting

of proteins with less than certain sequential similarity rate (proteins with less than 40%

sequential similarity (at most)) belonging to finite number of folds. To be able to have a

method that would be applicable for large frameworks, we need to either have proteins

belonging to large number of folds or use folds that represent most of proteins (folds with

highest population of proteins [20]).

We then need to preprocess the protein sequence and turn it to numerical feature

vector. To have the best representative of the protein sequences, we need to extract features

that capture as much information from the protein sequence as possible. In other words,

we need to build a feature vector to present the protein sequence in the best way in a

numerical format. By better feature, we refer to features that provide more information

Protein Fold Recognition Using Segmentation-based Features 9
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about the interaction of the amino acids and contain more discriminatory information to

distinguish one protein sequence from another and also contain the information about its

relation with similar proteins. To transform the alphabetical protein sequence to numerical

feature vector, statistical and commotional approach are being used. These methods are

used to extract information about the correlation and how related neighboring amino acids

are along the protein sequence. Finally, we need to use a classification technique that

works consistently with the extracted features. The combination of preprocessing, feature

extraction, and classification steps towards solving protein fold recognition problem is

defined as configuration of a pattern recognition system to solve this problem [15]. These

points are introduced and explained more in detail with respect to the PFR problem in the

Problem Statement section (Section 1.5.1).

1.5 Research Aims

In this section, we present the problem statement and motivating factors that encouraged

us to conduct this research; the aims and the goals we set for this research; the methods

of dealing with the research aims to achieve our goals; and our achievements towards the

goals and the contributions to the area of research.

1.5.1 Problem Statement

The protein fold recognition problem can be expressed as solving a multi-class classifi-

cation task using attribute selection, feature extraction, and employing classifiers for the

classification task in the pattern recognition field. All of the three aspects in the given

definition can impact on the performance of a pattern recognition system to solve this

problem [32]. In continuation, these three criteria, their specific importance, issues, and

their impact on the performance of a pattern recognition approach to address the protein

fold recognition problem will be explored.

1.5.1.1 Attribute Selection (Sources for Feature Extraction)

As it was mentioned in Section 1.1, a protein consists of a sequence of amino acids which

are chained through polypeptide bonds and folded in three-Dimensional (3D) space. The

way that the amino acids along the protein sequence fold together is crucially dependent

on the physical, chemical, and physicochemical attributes of the amino acids. Features

extracted from the amino acids and proteins are generally categorized into four groups

namely, physicochemical, sequential, evolutionary, and structural-based features.

The first group of attributes is based on physical, chemical, and physicochemical

attributes of the amino acids (e.g. size, polarity, and flexibility). The second group of
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attributes considers the occurrence of the amino acids along the protein sequence and is

referred to as sequential-based features. The third group is extracted based on the substi-

tution probabilities of the amino acids with each other through evolution and is referred as

evolutionary information of the amino acids. The forth group is called structural-features

and are extracted based on the secondary structure of the proteins. However, it still remains

a challenging issue to select an appropriate set of features extracted from these four groups

of attributes to provide effective information about the folding process. In other words, we

need to extract more effective discriminatory information to determine the proteins’ fold

using the pattern recognition-based approaches.

1.5.1.2 Feature Extraction

Primarily, the folding process crucially depends on the local interaction of the amino acids

with the neighboring amino acids along the protein sequence since these local structure

work as the building blocks of its global, native structure. Therefore, in addition to the

attributes being used, employing a method to extract local and global information of the

amino acids along the protein sequence plays the key role in addressing protein fold recog-

nition using pattern recognition.

During the last two decades, a wide range of feature extraction approaches (as well

as feature reduction methods [17]) have been proposed and used to provide more discrim-

inatory information to solve protein fold recognition [33, 34]. Despite all the efforts that

have been made so far, enhancing the protein fold prediction accuracy by extracting novel

features has still remained limited [17, 35, 36]. Most of the effective feature extraction

techniques that have been proposed in previous studies and enhanced the protein fold pre-

diction accuracy generated too many features (e.g. bi-gram, tri-gram, cross-covariance

[37, 38, 39, 40]). However, due to the computational complexity of the protein fold recog-

nition problem because of large size of the protein data banks, the number of extracted

features should be kept limited. By keeping the number of extracted features small, pat-

tern recognition techniques can be applied for large problems and databases without dra-

matically increasing the time and space complexity of protein fold recognition. Also,

having large number of features, when the number of samples are limited (current known

structures compared to the sequenced proteins) can cause Curse of Dimensionality. The

curse of dimensionality refers to a phenomenon that occurs when the dimensionality of the

space is high. It arises when there is large number of features and the number of samples

are limited. Having large number of features increases the dimensionality and our limited

number of data becomes sparse in the space [30, 31]. In this cases, it will become difficult

to investigate the statistical significance of the proposed technique. Therefore, reducing

the number of features is important for both when the number of data is huge and we need

to reduce the computational complexity and also when there is limited number of data and
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we want to avoid curse of dimensionality.

In most of the cases, feature reduction methods have been used to reduce the number

of extracted features. However, using feature reduction method to discard features may

cause losing the connection between the protein folding process and the features being

used [19, 30, 41]. Therefore, there is a limitation on using feature reduction techniques to

reduce the number of extracted features as well.

1.5.1.3 Employed Classification Technique

Choosing attributes which provide better insight into the proteins is an important step in

solving protein fold recognition. Also, extracting features which provide critical local and

global information of the arrangement of amino acids is another important factor to solve

this problem. In addition to these two factors, choosing an appropriate classifier is equally

important to solve the protein fold recognition problem using pattern recognition-based

approaches. The main issue when choosing an effective classifier to address protein fold

recognition is to find one that would have the best consistency and compatibility to the

nature of this problem (a complex, multi-class classification task with a significantly low

level of similarities between different classes). Furthermore, it should be time and memory

efficient to be able to be used for general cases (large number of folds for large protein

data banks). Therefore, it can be inferred that the effectiveness of a classifier in addressing

protein fold recognition crucially relies on its compatibility with the employed features as

well as its time and memory consumption.

Despite all the efforts that have been dedicated and the enhancements that have been

achieved by proposing novel and complicated classifiers during the past two decades,

protein fold prediction performance still remains limited and a wide range of pattern

recognition-based methods have not yet been employed to address this problem.

1.5.2 Research Methodology

Previous studies found in the literature have shown that the best way to enhance the protein

fold prediction accuracy using a pattern recognition-based approach is to address attribute

selection, feature extraction, and to choose a compatible classifier with the extracted fea-

tures, simultaneously. However there has not been a comprehensive study to explore the

impact of each issue individually and then assess the impact of combining them together

(using different combinational methods). In this study, we tackle all three main critical

issues to enhance the protein fold prediction accuracy by:

• Conducting a general study to assess the discriminatory information of a wide range

of physicochemical attributes which have not been explored properly for protein
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fold recognition.

• Proposing novel feature extraction methods that maintain effective local and global

discriminatory information and at the same time reduce the number of redundant

features compared to existing methods.

• Investigating the impact of different classification techniques and using or proposing

a classifier that attains the best results using our extracted features for protein fold

recognition.

• Investigating other sources for feature extraction such as structural and evolutionary

information using our proposed feature extraction techniques and the state of the art

classification techniques that have been explored in previous steps to enhance the

protein fold prediction accuracy.

• Applying our proposed methods to similar studies such as the protein structural class

prediction and the protein subcellular localization prediction problems to investigate

their generality for similar studies in the protein science.

1.5.2.1 Conducting General Study to Improve Attribute Selection Methods

In first step of our study, we conduct a comprehensive study on the impact of a wide range

of physical, chemical and physicochemical attributes of the amino acids that have not been

explored adequately for protein fold recognition. Despite the critical impact of different

physical and physicochemical attributes on the folding process, only a few sets of limited

attributes which are deemed more effective on the folding process have been used to tackle

this problem [33, 37, 40, 42, 43, 44, 45]. In this study, we investigate 117 physicochemical

attributes for protein fold recognition using six different feature extraction and five clas-

sification techniques. Among these 117 attributes, there are attributes that have not been

explored adequately or have not been used at all for the protein fold recognition problem

in the previous studies.

For a given physicochemical attribute, we extract six different feature vectors using

overlapped segmentation-based approaches which are also proposed in this study. Over-

lapped segmentation-based feature extraction methods are proposed to capture potential

local and global discriminatory information embedded in the physicochemical attributes

of the amino acids for protein fold recognition. We also use five best off the shelf classi-

fication techniques namely, Naive Bayes, Multi-Class Adaptive Boosting (AdaBoost.M1),

K-Nearest Neighbor (KNN), Random Forest, and Support Vector Machine (SVM) to in-

vestigate the effectiveness of the explored physicochemical attributes with respect to our

proposed overlapped segmentation-based feature extraction techniques.

Protein Fold Recognition Using Segmentation-based Features 13



Chapter: 1 1.5. Research Aims

1.5.2.2 Proposing Novel Feature Extraction Methods

Despite all the efforts that have been dedicated to propose novel feature extraction tech-

niques to explore potential local and global discriminatory information embedded in pro-

tein sequences, it still remains a critical issue in tackling protein fold recognition. Most

of the promising results towards solving this problem produce a large number of features

which makes these features practically infeasible to be used for large protein data banks

(due to their time and memory consumptions).

In this study, we propose several novel feature extraction techniques based on the

segmentation, distribution, density and auto-covariance properties in three steps. First

we propose six different feature extraction techniques based on the concept of segmen-

tation in an overlapping manner. We extract density, distribution, and autocorrelation

features using an overlapped segmentation-based approach to capture potential local dis-

criminatory information embedded in protein sequences based on the physicochemical

attributes of the amino acids. Second, we propose four segmentation-based feature extrac-

tion techniques in a non-overlapping manner. We investigate their effectiveness compared

to overlapping-based approaches in capturing local discriminatory information from the

physicochemical attributes of the amino acids. Finally, we extend the concept of non-

overlapping segmentation-based feature extraction techniques to explore potential local

and global structural and evolutionary-based discriminatory information for the protein

fold recognition problem.

1.5.2.3 Proposing an Ensemble of Classification Technique or Using a Classifier that

Attains the Best Results with Respect to Our Proposed Features

The third step toward solving the protein fold prediction problem with the application of

pattern recognition-based methods (the first and second steps are attribute selection and

feature extraction techniques) is the application of a proper classification technique. The

application of a classifier with high discriminative power as well as low time and memory

consumption a critical step towards solving current problems (as well as other problem

that pattern recognition approaches can be applied to).

Previous studies found in the literature showed the promising performance of the

Random Forest, AdaBoost.M1, KNN, SVM, and the ensemble classifiers to tackle this

problem [46, 47]. In brief, ensemble methods are defined as the application of more than

one classifier, instead of individual classifiers [31, 48]. However, most of the proposed

ensemble classifiers used to tackle this problem were based on a limited number of clas-

sifiers. a wide range of classifiers as well as ensemble methods have not been studied to

address protein fold recognition. Recently Meta classifiers (e.g. AdaBoost.M1 and Ran-

dom Forest) have been applied to tackle this problem and have attained promising results.
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Meta classifier is a method which uses a weak learner (a classifier which performs at least

slightly better than random selection) and boost its performance by applying varieties of

methods [49, 50]. In addition, different variation of the SVM and the KNN classifiers

have also been used for protein fold recognition with promising results. To the best of our

knowledge, the best result for this task has been achieved by using the SVM as an individ-

ual classifier better than other classifiers that have been used for this task [37, 38, 39, 51].

In this study, we aim at investigating the performance of different variations of SVM,

Meta classifiers (with a focus on Random Forest and AdaBoost.M1), as well as ensembles

of different classifiers to enhance the protein fold prediction accuracy. We first study

the impact of a wide range of classifiers with respect to our proposed feature extraction

techniques, and then select the best method.

1.5.3 Contributions

We have made several contributions in the areas that we have investigated to address the

protein fold prediction problem as well as the other problems in protein science.

1. Comprehensive study of a wide range of physicochemical attributes of the amino

acids: We conduct a comprehensive study on a wide range of physicochemical

attributes of the amino acids (117 attributes) which to the best of our knowledge

has never been done on this scale. This investigation reveals the impact of several

physicochemical attributes that have not been explored adequately or have not been

explored at all for protein fold recognition. We also show the most effective source

for the attributes that have been generated in more than one reference in the litera-

ture (e.g. hydrophobicity values for the amino acids which have been extracted by

several studies and have been given different values based on different aspects). This

investigation is done using several classification techniques. Also, several feature

groups are extracted based on each attribute. This enables us to provide a reliable,

comprehensive , and coherent study to explore the physicochemical attributes of the

amino acids in detail.

2. Exploring potential discriminatory information embedded in the physicochem-

ical attributes of the amino acids: By proposing an overlapped segmentation-

based feature extraction technique, we are able to provide more discriminatory in-

formation based on the physicochemical attributes of the amino acids better than

previous studies found in the literature. We consequently achieve better results than

these studies. We do this by extracting several overlapped segmentation-based fea-

ture groups from a single physicochemical attribute instead of the use of several

physicochemical attributes combined for feature extraction as it was done in the

previous studies.
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3. Proposing a non-overlapped segmentation-based feature extraction technique:

By proposing a non-overlapped segmentation-based feature extraction technique,

we are able to reduce the number of features in comparison with using an overlap-

ping segmentation-based technique. We will also show our proposed non-overlapped

segmentation-based feature extraction technique is able to maintain the local physic-

ochemical discriminatory information as good as using overlapping segmentation-

based technique.

4. Proposing a mixture of physicochemical and evolutionary-based features: We

also propose a method to extract physicochemical-based features from the trans-

formed protein sequences using evolutionary information. In this way, we signifi-

cantly enhance the protein fold prediction accuracy compared to similar studies that

have used physicochemical-based features individually to solve this problem.

5. Extracting local evolutionary-based features better than previous studies: By

using our proposed segmentation-based feature extraction technique with Position

Specific Scoring Matrix (PSSM), we are able to explore potential evolutionary infor-

mation embedded in the PSSM better than previous studies found in the literature

and outperform their results.

6. Enhancing protein fold prediction accuracy: In the final step in addressing pro-

tein fold recognition, by combining the structural information extracted from the

SPINE-X with the evolutionary information extracted from the PSSM, we are able

to enhance the protein fold prediction accuracy better than previously reported re-

sults found in the literature for this task.

7. Exploring our proposed methods for the protein structural class and protein

subcellular localization prediction problems: Using our extracted mixture of

physicochemical and evolutionary-based features for the protein structural class and

protein subcellular localization (Gram-positive and Gram-negative bacterial pro-

teins subcellular localizations) prediction problems, we outperform similar studies

found in the literature. The results for these experiments have been published in

[52, 53]. Also, using segmentation techniques to extract evolutionary and struc-

tural local discriminatory information, we outperform previous studies found in the

literature for both the protein structural class and the protein subcellular localiza-

tion prediction problems. The results for these experiments have been published in

[54, 55].

During my Ph.D candidature, I have also conducted several studies with different

groups to tackle similar problems such as protein function prediction, protein secondary

structure, and protein local structure prediction problems. These results are published

in [56, 57, 58, 59, 60]. Note that, in [56], I was involved in technical discussion, brain
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storming, experimentation, and writing and revision of the article. In [57, 58, 59, 60]

I was involved in technical discussion, revision, and conducting the project. Also, in

several collaborative studies, we have tried to investigate the impact of using bi-gram and

tri-gram feature extraction techniques to explore evolutionary and structural information

for protein fold recognition. These results have been published in [61, 62, 63, 64, 65].

Note that in these studies, I was involved in technical discussion, brain storming, giving

the ideas, and writing and revision of the article. For the readers’ convenience and to

maintain the consistency and coherency of this thesis, we avoid the inclusion of them here

and just mention the published research and provide their citations.

1.6 Organization of this Thesis

The rest of this thesis is organized as follows. In the second chapter, a critical survey on

the literature, state of the art methods that have been proposed to tackle the protein fold

prediction problem, their merits, and their shortcomings is presented and conducted.

In Chapter three we present our comprehensive study of a wide range of physico-

chemical attributes, using five different classification techniques and six overlapped seg-

mentation based feature extraction techniques. We also introduce the classifiers that have

been used in this study as well as the overlapped segmentation-based feature extraction

techniques in detail.

In the forth chapter, we present our proposed mixture of physicochemical and evolu-

tionary based feature extraction techniques and their results for protein fold recognition.

We also investigate the impact of evolutionary information compared to physicochemical

based features for this task.

In Chapter five, we present our proposed non-overlapping segmentation-based fea-

ture extraction technique. We also present their performances when they are used with

the mixture of evolutionary and physicochemical information for a wide range of physic-

ochemical attributes. We introduce all four non-overlapping segmentation-based feature

extraction techniques proposed in this study and investigate their effectiveness compared

to each other to explore the potential discriminatory information embedded in the protein

sequence.

In Chapter six, we present the application of the segmentation-based feature extrac-

tion technique to extract structural and evolutionary-based features. We show the effec-

tiveness of using these two group of features together and how they are able to enhance

the protein fold prediction accuracy compared to previously reported results found in the

literature.

Finally, in Chapter seven, we finish this thesis by presenting conclusions of our re-
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search, the impact of our proposed approaches for similar studies, related researches that I

have conducted during my PhD candidature and their outputs, and potential future research

direction.

Note that the results achieved by applying our methods to similar problems (the pro-

tein structural class and protein subcellular localization prediction problems); collabora-

tive studies to address different problems in protein science (protein function prediction,

protein secondary structure prediction, and protein local structure prediction problems);

and collaborative studies to address the protein fold recognition problem have not been in-

cluded in this thesis to maintain the consistency and coherency of the thesis with its title.

These studies have been cited here and also were mentioned in the list of publications.
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Related work

During the past three decades a wide range of approaches have been proposed to solve the

protein fold recognition problem [24, 66]. Among these approaches, pattern recognition-

based techniques have attained promising results for this problem. From the pattern recog-

nition perspective, protein fold recognition can be express as solving a multi-class classi-

fication task where its performance relies on the selected attributes, extracted features and

the classification techniques being used [15, 30, 31, 34]. In this chapter, we will review

different studies that have been conducted to address the protein fold recognition problem

and highlight their advantages and disadvantages.

2.1 Introduction

Using computational-based approaches to solve the protein fold recognition problem at-

tracted tremendous attention after a ground breaking study conducted by Jones in 1992

[66]. However, due to the small number of proteins deposited in the protein data banks

and the lack of standard reference of protein fold categorizations, the progress was very

slow at the beginning. By the introduction of Structural Classification of Proteins (SCOP)

data bank which categorizes the proteins deposited in the Protein Data Bank (PDB) based

on their fold categorizations, the problem of a standard format for fold classification was

addressed [14, 23].

Later on, other protein data banks based on fold categorization were also proposed

(e.g. hierarchical domain classification of protein structures (CATH) [67]). By increasing

the number of proteins deposited in the protein data banks, protein fold recognition has

also attracted more attentions. The pivotal study by Ding and Dubchak in 2001 was the

first study to bring the application of pattern recognition to address protein fold recognition

[20]. In the last decade, solving protein fold recognition using pattern recognition has

become a hot research topic.
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A wide range of studies have been conducted in the literature using pattern recogni-

tion based approaches to address the protein fold recognition problem. These studies are

generally categorized into three main groups.

• The first group consists of studies that have tried to solve protein fold recognition

by extracting sequential, physicochemical, evolutionary, or structural features. Most

of these studies have also applied statistical and mathematical techniques to extract

effective features to solve this problem.

• The second group consists of studies that have tried to address this problem mainly

by proposing novel classifiers or using state of the art classifiers to enhance the

protein fold prediction accuracy while using existing features.

• The third group of studies have tried to address this problem by using both of the

first and second approaches (feature extraction and classification techniques), simul-

taneously [15].

In this chapter, these studies will be explained and analyzed in detail. A review of the

studies that are categorized in the third group will be covered during the introduction of

the first two groups. This will be done mainly during the study of the second group which

enables us to explore the impact of the features and classifiers being used on the achieved

results with respect to each other.

2.2 Attribute Selection and Feature Extraction

Features extracted to solve the protein fold prediction problem can be categorized into four

groups namely, sequential, physicochemical, evolutionary, and structural-based features.

Here, studies that have tried to extract features based on each source will be reviewed.

Most of the features that were proposed in the early studies to address protein fold

recognition were based on the Amin Acid Occurrence (AAO) and Amino Acid Composition

(AAC). The occurrence feature group (AAO) consists of the number of occurrence of each

amino acid along the protein sequence. Therefore, it contains precisely 20 features [68].

The main advantages of this feature groups is that it maintains the impact of the length of

the proteins [69]. However, it has been shown that proteins with different lengths can be

categorized into the same fold [69, 70].

To reduce the impact of the length feature on protein fold recognition, a feature group

based on the composition of the amino acids was extracted [42]. Instead of directly using

the occurrence of the amino acids, the composition feature group uses the percentage

of the occurrence of each amino acid divided by the total number of amino acids along
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the protein sequence. In this way, it discards the impact of the length of the proteins.

However, as it was mentioned earlier, in many cases proteins with different lengths can be

categorized into the same fold [69, 70]. In fact proteins with a relatively small difference

in their length can belong to the same fold (e.g. 400 and 200 residues) while proteins with

larger differences in length most probably do not share the same fold (e.g. 30 and 400

residues). This phenomenon highlights the relative impact of the length factor on protein

fold recognition which should not be fully disregarded.

The limitations of the amino acid occurrence and amino acid composition features

raised the need for proposing other features which contain more discriminatory informa-

tion to address this task. In the last two decades, a wide range of features have been ex-

tracted to address these shortcomings. As it was mentioned earlier, the extracted features

to solve this problem can be categorized into four main groups as follows:

• Sequential-based features

• Physical, Chemical, and physicochemical-based features [34, 42, 71, 72]

• Structural-based features [73, 74]

• Evolutionary-based features [75, 76]

In the following sections, studies that used each group of features to solve the protein

fold recognition problem will be analyzed in detail.

2.2.1 Sequential-Based Features

These features were among the first features (occurrence and composition of the amino

acids) proposed and used to solve protein fold recognition. After the early works which

mainly focused on the composition and the occurrence of the amino acids, the Bi-gram

(Bi), and Tri-gram (Tri) concept was used to extract a new generation of sequential-based

features [73, 74, 77]. In these methods, the numbers of pairs of the amino acids (triples

in tri-gram) are counted and stored as a 400-dimensional (8000-dimensional for tri-gram)

feature vector [74]. Later studies applied further modifications to this methods to extract

features from a larger number of neighboring amino acids (e.g. every other two neighbor-

ing amino acids, every other three amino acids or other distance neighboring amino acids

[37, 40, 78]).

The bi-gram concept was firstly used by Huang et al., to tackle this problem [74]. In

addition to formal bi-gram (Bi) feature group, they used interleaving (every other) neigh-

bor of each amino acids (Bi-1). They also added an extra letter (X) to the 20 amino

acids for the case that unknown amino acids in the sequence are detected. Therefore, they

extracted 882 features for their bi-gram features (441 for Bi and 441 for Bi-1) in total.
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Using a combination of these features with other physicochemical features (1007 features

in total), they significantly outperformed their previous studies [79].

The proposed feature group in [74] was used by later studies as an effective descrip-

tor of the local aspects of proteins [37, 38, 40, 73, 80, 81]. However, their achieved

enhancement was obtained by increasing the number of features dramatically which not

only masked the impact of other features, but made these features infeasible to be used

for large protein data banks. To address this issue, later studies have shifted their focus

to extract local information using pseudo amino acid composition and more generally,

autocorrelation methods for feature extraction.

2.2.1.1 Autocorrelation-Based Features

Autocorrelation-based features (AC) are the descriptors of relative distribution of the

amino acids along the protein sequence. They provide information about the interac-

tions of several pairs of the amino acids (mainly two pairs with different distances used

for this task) based on a specific attribute of the amino acids. Therefore, they provide ef-

fective information about local interactions of the amino acids along the protein sequence.

Autocorrelation-based features have shown their effectiveness in a variety of related stud-

ies (e.g. protein structural class prediction, protein subcellular localization prediction, and

protein membrane prediction problems) and have been successfully applied to protein fold

recognition as well [76, 81, 82, 83].

Varieties of features based on the autocorrelation concept have been proposed to

tackle the PFR. The most important features based on this concept was proposed by [72].

They used the concept of Pseudo Amino Acid Composition (PseAAC) introduced by Chou

[84, 85]. This method is proposed to maintain more local information for the classification

task than other autocorrelation-based methods. Due to the importance of this approach,

a brief introduction to how these features are extracted is given below. Assume a protein

sequence with L residues (O1,O2, ...,OL). The amino acids along the protein sequence are

replaced with their equivalent numerical values (R1,R2, ...,RL) based on a specific property

of the amino acids (Hydrophobicity value [86] and Hydrophilicity [87] were used in their

study). In the second step accumulative autocorrelation of the amino acids with different

distance factors (λ ) are calculated as follows:

T1 =
1

L−1

L−1

∑
i=1

H1
i,i+1

T2 =
1

L−1

L−1

∑
i=1

H2
i,i+1
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T3 =
1

L−2

L−2

∑
i=1

H1
i,i+2

T4 =
1

L−2

L−2

∑
i=1

H2
i,i+2 (2.1)
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T2λ−1 =
1

L−λ

L−λ

∑
i=1

H1
i,i+λ

T2λ =
1

L−λ

L−λ

∑
i=1
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i,i+λ

where H2
i, j and H1

i, j are the Hydrophobicity and Hydrophilicity correlation given by:

H1
i, j = h1(Ri).h

1(R j) (2.2)

H2
i, j = h2(Ri).h

2(R j)

where h1 and h2 are normalized values of Hydrophobicity and Hydrophilicity for

residue Oi, respectively. Then, based on each value of λ (a distance factor) a feature

vector calculated containing 20+2λ features as follows:

PseAAC =
AAOk

∑20
i=1 AAOi + v∑2λ

i=1 Tj

(1 ≤ k ≤ 20) (2.3)

PseAAC =
vTj

∑20
i=1 AAOi + v∑2λ

i=1 Tj

(20+1 ≤ k ≤ 20+2λ ) (2.4)

Where AAO j ( j = 1,2, ,20) is the normalized occurrence frequency of the amino

acids. Based on the formula, the first 20 features represent the classic amino acid compo-

sition feature group. In their study the λ was set to 1, 4, 14, and 40 to extract, 2, 8, 28, and

80 features, respectively [72]. They successfully applied their presented features to the

protein subcellular localization prediction and protein membrane prediction problems and

attained encouraging results [88]. Their proposed feature group has been widely used for

protein fold recognition as an effective feature group based on the autocorrelation of the

amino acids to maintain local discriminatory information [89, 90, 91]. Their method have
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also been successfully employed to the physicochemical attributes of the amino acids as

well to produce a feature group that captures sequential and physicochemical information,

simultaneously [89].

Despite the immediate popularity of the pseudo amino acid composition [80, 92, 93],

later on three main questions have been raised about this method. First, whether this

method is capable of enhancing the discriminatory information better than using ordinary

autocorrelation method or not? Second, does it provide local sequential information or

instead it is more focused on the physicochemical information? Finally, are there other at-

tributes that this method can be applied to provide more information rather than only using

Hydrophobicity and Hydrophilicity (e.g. normalized frequency of the secondary structure

elements which has been shown to be a more effective attribute than hydrophobicity on

protein fold recognition [37])?

Recent studies have focused more on autocorrelation-based features and other sources

for feature extraction such as evolutionary and structural information to provide more ef-

fective features. It was shown that these new features can not only provide more dis-

criminatory information but also produce simpler descriptors of the amino acids [33, 94].

Hence, later studies have shifted their focus to other autocorrelation-based features rather

than the pseudo amino acid composition [94, 95, 96]. Currently these feature extraction

techniques (autocorrelation-based techniques used to extract evolutionary and structural

features) are the most effective and popular techniques used in the literature. There-

fore, the impact of the pseudo amino acid composition (modified or enhanced) has not

been explored adequately as a physicochemical-based feature extraction method instead

of sequential-based method [81, 82]. Also, it has not been used to extract features from

other physicochemical attributes other than Hydrophobicity, Hydrophilicity, and solvent

accessibility.

2.2.2 Physical, Chemical, and Physicochemical-Based Features

The second group of features that has been widely used in the literature is based on the

physical, chemical, and physicochemical attributes of the amino acids. In this group of

features, different attributes of the amino acids are used to extract new features. The

pivotal study of Dubchak et al., showed the importance of these features to address the

protein fold recognition problem [42, 97].

In this study, Dubchak et al., used five attributes of the amino acids namely, nor-

malized frequency of alpha-helix, polarity, polarizability, Van Der Waals volume, and

hydrophobicity [42, 97]. These five attributes are believed to have significant impact

on protein fold recognition. They also used the composition of the amino acids as the

sequential-based representatives of the proteins. For the convenience of the readers, this

feature vector (combination of all six feature groups) will be called Dubchak’s Feature
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Vector (DFV) for the rest of this study.

Table 2.1: Dubchak et al., categorization of the amino acids into three different groups

based on five physicochemical attributes.

Property Group1 Group2 Group3

Hydrophobicity Polar Neutral Hydrophobic
[98] R,K,E,D,Q,N G,A,S,T,P,H,Y C,V,L,I,M,F,W
Normalized Van Der Waals 0 - 2.78 2.95 - 4.0 4.43 - 8.08
[99] G,A,S,C,T,P,D N,V,E,Q,I,L M,H,K,F,R,Y,W
Polarity 4.9 - 6.2 8.0 - 9.2 10.4 - 13
[100] L,I,F,W,C,M,V,Y P,A,T,G,S H,Q,R,K,N,E,D
Polarizability 0 - 0.108 0.128 - 0.186 0.219 - 0.409
[101] G,A,S,D,T C,P,N,V,E,Q,A,L K,M,H,F,R,Y,W
Normalized Frequency of alpha 0.57 - 0.83 0.98 - 1.08 1.11 - 1.51
-helix [4] G,P,N,Y,C,S,T R,H,D,V,W,I Q,F,K,L,A,M,E

In their proposed feature extraction technique they categorized the amino acids into

three different groups based on each physicochemical attribute of the amino acids [97].

They replaced the amino acids along the protein sequence with the number of group that

each amino acid belongs to (Table 2.1). Then, they extracted 21 features based on the

composition, transition, and distribution properties. They extracted three features based

on the composition of each group along the protein sequence, three features based on the

transition between groups (group one to two and vice versa, group one to three and vice

versa, and group two to three and vice versa), and 15 features based on the distribution of

the amino acids in each group along the protein sequence (3+ 3+ 15 = 21 features). To

extract distribution-based features, they set the distribution factor to 25% and extracted five

features for each groups. To do this, they began from one end of the protein and returned

the index (with respect to the length) of the first residue, 25%, 50%, 75% constituents,

and 100% residue. In this way they extracted 15 features in total for all three groups

(3× 5 = 15). In total, they extracted 125 features in total (20+ 21× 5) to tackle protein

fold recognition.

The DFV feature vector was used in later studies for other problems such as the pro-

tein structural class prediction problem and attained promising results. The effectiveness

of their features have made them one the most popular feature sets and have been widely

used in their later studies [81, 102, 103]. However, their feature extraction technique had

four main shortcomings as follows:

• They used just five physicochemical attributes of the amino acids while there are a

wide range of attributes that can be used for feature extraction.

• The importance of the secondary structure elements of the proteins other than alpha-

helices (beta-sheets and beta-turns) was not explored, adequately [104].

• Their feature extraction approach (especially distribution-based features) failed to

provide adequate local discriminatory information for long proteins.
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• Their feature extraction technique produces several redundant features. In their

technique, to extract distribution features, the values for the first and last residues do

not provide any informative features. The distribution for the first residue is almost

always equal or very near to zero since the first residue for each group is usually

found at the beginning of the protein sequence. Also, the distribution for the last

residue is almost always equal or very near to 100% as the last residue for each

group is almost always found at the end of the protein sequence.

Later on, [34] extended their feature extraction method by modifying the distribu-

tion factor as well as applying a new strategy to discard the redundant features [34, 104].

They also use other physicochemical attributes of the amino acids for feature extraction

(size of the side chain of the amino acids, normalized frequency of beta-strands, and nor-

malized frequency of beta-turns [34]). They also showed that by making these changes,

they can provide more discriminatory information and enhance the protein fold predic-

tion accuracy [34]. This study highlighted the need for a comprehensive study of a wider

range of physicochemical attributes of the amino acids to explore their potentials for pro-

tein fold recognition. It also highlighted the need for introducing novel feature extrac-

tion techniques to capture potential local and global discriminatory information based on

physicochemical attributes of the amino acids.

Besides the feature extraction method suggested by Dubchak et al., varieties of other

features based on other physical, chemical, and physicochemical attributes of the amino

acids such as, solvent accessibility [45], flexibility [105, 106], short, medium, and long

range non-bounded energy per atom [107, 108], bulkiness [109], first and second order

entropy [51, 82, 110], and size of the side chain of the amino acids [34] have been applied

to tackle the protein fold recognition problem. Each of these properties combined with

other features such as structural, sequential, and evolutionary-based features have shown

their effectiveness to enhance the protein fold prediction accuracy [17, 34, 38, 47, 75].

However, the use of a wide range of the physicochemical attributes of the amino acids

has not been properly explored. Varieties of the physicochemical attributes of the amino

acids are available that might impact on the folding process. For example, there are 242 of

these attributes and their references are collected in APDbase database 1 [111] while even

a larger list can be find in AAindex 2 [112].

The largest set of attributes for protein fold recognition was used in [43]. In this

study, a combination of 49 different physicochemical attributes of the amino acids (G49 3)

is used for protein fold recognition [44]. Their proposed feature set have been used in later

studies and have shown the promising performance of the application of a large number

of physicochemical attributes of the amino acids [17, 35, 44, 113]. To extract features,

1http://www.rfdn.org/bioinfo/APDbase/
2http://www.genome.jp/aaindex/
3http://www.cbrc.jp/˜gromiha/fold_rate/property.html
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they used the general density of each attribute as the representative of each property. The

general density for a given attribute is the summation of all the residues along a protein

sequence divided by its length. However, general density completely discards the local

impact of each attribute on the folding process. While as it was mentioned in Chapter

1, Section 1.5.1.2, this process first occurs locally and then these locally folded parts

construct the global structure (secondary structures, and other semi-local structures such as

domains and motifs). Therefore, they could not efficiently explore the local discriminatory

information of the physicochemical attributes that they used in their study [44].

The extracted features based on the physicochemical attributes of amino acids have

also been used in later studies. However, studying the local discriminatory information of

a wide range of physicochemical attributes of the amino acids has not been done in the lit-

erature. Recent studies have shifted their focus to extract features from other sources such

as structural and evolutionary information to solve the protein fold recognition problem.

2.2.3 Evolutionary-Based Features

Despite all the efforts that have been made to solve the protein fold recognition prob-

lem using sequential and physicochemical-based features, its prediction accuracy remains

limited. Therefore, there was an indication that new sources for feature extraction are

required. To address this issue, evolutionary-based features have been introduced. These

features are extracted based on the substitutions of the amino acids along the proteins

through evolution. To extract these features, early studies used BLOcks SUbstitution Ma-

trix (BLOSUM) or Point Accepted Mutation (PAM) substitution matrices [114]. These two

matrices describe the static substitution probabilities of the amino acids in the protein se-

quences (regardless of their positions) with other amino acids through evolution and the

process of natural selection. BLOSUM and PAM are both symmetric matrices.

These two matrices have been used for feature extraction in different manners. For

example, to enhance the discriminatory information of bi-gram features, instead of sim-

ply counting the number of pairs (with different distance factors) the BLOSUM and PAM

matrices were used in [115] to provide more information for protein fold recognition (Bi-

BLOSUM and Bi-PAM, respectively). These features were used in later studies and at-

tained better results compared to use of traditional bi-gram [95]. However, similar to the

bi-gram, it increases the number of features, dramatically.

To explore the evolutionary information even further, [116] used Position Specific

Scoring Matrix (PSSM) as an effective descriptor of the amino acids in the sequence

(PSSM-BF). Similar to the BLOSUM and PAM, the PSSM is also a matrix that captures

the substitution probabilities of the amino acids along the proteins. However, unlike the

BLOSUM and PAM, substitution probabilities in the PSSM are dependent on the position

of the amino acids in the protein sequence. Given an amino acid, the PSSM produces its
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substitution probability rate with respect to its position in the protein sequence. Hence,

it produces a dynamic substitution probability while the BLOSUM or PAM provides a

position-independent static scores for the substitution probabilities of the amino acids

[114]. For a given protein, the PSSM is calculated by running Position-Specific Itera-

tive Basic Local Alignment Search Tool (PSI-BLAST) on the Non redundant (NR) or any

other protein data bank [114].

It was shown that the features extracted from the PSSM can capture more discrimina-

tory information for protein fold recognition than sequential and physicochemical-based

features [36, 117, 118, 119]. For example, the composition feature group that was ex-

tracted from this matrix (PSSM-AAC) provided significant evolutionary information to be

used (as a replacement for traditional composition feature group) for protein fold recogni-

tion [17, 95, 120, 121]. Most of the other studies in the protein science have also widely

used the PSSM for feature extraction [122]. As a matter of fact, the highest results for

protein fold recognition achieved by using the evolutionary-based features extracted from

the PSSM [39, 51]).

However, using the PSSM has its own drawbacks. The PSSM is generated as one of

the outputs of the PSI-BLAST which is a local alignment search tool and is considered

to be a homology-based method for the protein structure prediction probelm. Similar

to other homology-based methods, its performance decreases as the sequential similarity

rate decrease. Since our data has a very low sequential similarity rate (we tackle protein

fold recognition for the case where sequential similarity rate is limited (twilight zone)), the

performance of the PSI-BLAST also dramatically reduces. Therefore the generated PSSM

inherits the insufficiencies of the PSI-BLAST especially for distance homology detection.

Furthermore, calculation of the PSSM is computationally expensive especially for large

data sets because it needs to search a large protein data banks (e.g. NR protein data bank)

for homology detection for each protein.

The other drawback of using the PSSM is that despite significant improvements

achieved using this matrix, it does not provide any information about the impact of physic-

ochemical attributes of the amino acids on the folding process. Therefore, relying solely

on the PSSM for feature extraction might not be enough to solve the protein fold recogni-

tion problem.

2.2.4 Structural-Based Features

Other important features that have been used to solve protein fold recognition are called

structural-based features. Fold categorization of a protein is mainly based on the general

conformation of its local secondary structure elements. Therefore, secondary structure-

based features are believed to have a crucial impact on protein fold recognition and attract

tremendous attention. As it was mentioned earlier, Dubchak et al., used the normalized
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frequency of alpha-helix to tackle this problem [42].

To extract this feature group, [42] used Chou and Fasman categorization of the amino

acids tendency to contribute in building secondary structure elements (alpha helix, beta

strands and beta turns (also called coils)) [4]. However, the limited accuracy in the cat-

egorization of the amino acids based on their tendency to contribute to the building of

a specific secondary structure, caused removal of this feature group in a few number of

later studies [73, 78, 81]. However, the attributes calculated in [42] are generated statis-

tically and then used for secondary structure prediction instead of being the result of the

secondary structure prediction process which this point have not been considered in those

studies [4].

Later on, Huang and Tian used the normalized frequency of the secondary structure

elements of the proteins [5] to extract three feature groups namely, rigidity, dislike for

regular secondary structure and foldability to tackle protein fold recognition [109]. In both

cases, despite the impact of their extracted features, their contribution remains limited due

to a lack of attention to local interaction of the amino acids along the protein sequence.

Furthermore, the difference between the sources of data that they used raised the question

of which categorization should be used to provide better understanding of the nature of

the secondary structure [4, 5, 6].

Recently, PSI-BLAST based secondary structure prediction (PSIPRED) [123] has

been widely used to extract structural-based features to solve protein fold recognition

[123]. The PSIPRED takes a protein sequence and produces its predicted secondary struc-

ture based on alpha-helix, beta-strand, and coil. As its output, it replaces the amino acids

along the proteins with H (helix), S (strand), and C (coil). Coil is defined as an uncoded

region of protein or the loop connector of coded regions (alpha helices and beta strands)

of proteins. Based on the result of the PSIPRED, the density of each residue (alpha he-

lix, beta strand, and coil) as well as other important properties such as different motifs

are computed [5, 6]. In our context, motifs are referred to as meaningful local structures

of proteins based on their secondary structure and are mainly defined as the alpha-alpha,

alpha-beta, alpha-coil-beta, and beta-coil-alpha [17]. However, there is not a fixed defini-

tion of motifs or how long they can be (their lengths changes with respect to the length

and properties of a given protein) [124].

In 2007, [38] used structural information from the PSIPRED to extract a feature group

based on finding a pair of similar secondary structure elements (helix-helix, strand-strand,

and coil-coil) [38]. They extracted over 1200 dimensional feature vector and combined

it with other compositional based features and attained promising results for protein fold

recognition (PSIPRED-Bi feature set).

Later on the PSIPRED has been also used in different studies. [125] used it to extract

new feature groups in iFC2 protein fold predictor, [75] used it to extract PFRES protein
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fold predictor, and [17] used it to extract varieties of secondary structure-based features

such as, occurrence of segments, motifs, and composition of each secondary structure

element. These proposed structural-based features [17, 75, 125] along with the other

evolutionary-based features showed the impact of these two sources for feature extrac-

tion on enhancing protein fold recognition when compared with previously used features

[37].

The predicted secondary structure using the PSIPRED has been widely used by other

studies and has played an important role in enhancing the protein fold prediction accuracy

[117, 124, 126]. In contrast to previous approaches which used the normalized frequency

of the secondary structure elements computed experimentally, later studies used the re-

sults of the PSIPRED which is the predicted secondary structure. The PSIPRED achieves

up to 80% prediction accuracy for secondary structure determination. This consequently

impacts on the performance of protein fold recognition. Therefore, it introduces error to

the protein fold recognition problem. Hence, despite the enhancements achieved by using

this feature, it also limits further prediction enhancement due to its limited accuracy. Note

that using a feature with some inaccuracy such as predicted secondary structure using the

PSIPRED is common in other studies (e.g. speech recognition) due to different source

of errors. The 80% prediction accuracy achieved by PSIPRED to predict a single amino

acid’s secondary structure while we calculate the protein fold prediction accuracy for a

given protein which can include few to several thousands amino acids. In general, the sig-

nificant enhancement achieved for the protein fold recognition problem using structural-

based features showed the potential discriminatory information of this attribute. However,

more investigation is required to adequately explore its potential better than previous stud-

ies found in the literature.

2.3 Proposing Novel Classifier

During the past two decades, a wide range of classification techniques, such as: Artificial

Neural Network (ANN) [37, 40, 46, 74, 79, 127, 128], Support Vector Machine (SVM)

[75, 94, 115, 120, 124, 129, 130, 131], Bayesian-based classifiers [46, 132, 133, 134, 135,

136] K-Nearest Neighbor (KNN) [47, 72, 81, 119, 137, 138, 139, 140], Hidden Markov

Model (HMM) [124, 141, 142, 143, 144, 145], Meta classifiers [146, 147, 148, 149, 150,

151, 152], and ensemble classifiers [40, 46, 47, 75, 81, 95, 136, 148, 153] have been

implemented and applied for protein fold recognition. Among these classifiers, the most

significant results found in the literature reported using the SVM-based classifiers, ANN-

based classifiers, Meta Classifiers, and an ensemble of different classifiers to solve this

problem. In the following sections, we will review the studies that have relied on these

classifiers to solve protein fold recognition.
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2.3.1 SVM-Based Classifiers

The pivotal study conducted by Ding and Dubchak, is considered to be the beginning of

the era of extensively using pattern recognition-based approaches to tackle protein fold

recognition [20]. They proposed SVM using the polynomial kernel function and applied

One-versus-One (OvO) and One-versus-All (OvA) strategies for the SVM to solve protein

fold recognition as a multi-class classification task.

In general, the SVM classifier introduced by Vapnik [154], aims at minimizing the

classification error by finding the maximum margin discriminatory hyperplane based on

the support vector theory [155]. To achieve this goal, SVM detects the marginal points

called support vectors and selects the one which enables the classifier to derive the dis-

criminatory hyperplane with the largest margin. The SVM is a binary class classification

task but several strategies have been proposed to extend this classifier to tackle multi-class

classification task. Among them, OvO and OvA are the two most popular strategies for

this task.

During the last decade, varieties of SVM-based classifiers have been used to tackle

protein fold recognition such as, SVM using Radial Basis Function (RBF) kernel function

[156, 157], SVM using Bio-kernels [158], and ensemble of the SVM classifiers using

a hierarchical configuration [74]. For a given protein, hierarchical configuration of the

SVM predicts its fold in two steps. It first classifies a given protein into its structural class

and then predicts its folds in each structural subgroup [74]. However, in most of these

studies, the main enhancement has been achieved due to their proposed features while

SVM has attained the best results with respect to these new features compared to other

classifiers that they have explored [39, 93]. For instance, [38] used OvO-SVM using the

RBF kernel. In this study, a large number of features (over 2500 features) was used. They

extracted sequential-based features (using bi-gram and interleaving bi-gram), structural-

based features (using the predicted secondary structure from the PSIPRED and bi-gram

method), and solvent accessibility attribute of the amino acids (again using adjacent and

interleaving bi-gram methods) for feature extraction.

To the best of our knowledge, the best result reported in the literature for the protein

fold recognition problem achieved by using an SVM classifier to two sets of evolutionary

based features. In 2009, Dong et al., achieved the highest protein fold prediction accuracy

using an SVM with the RBF kernel to the evolutionary-based auto-covariance and cross

covariance feature groups extracted from the PSSM [39].

In other studies, remarkable results have also been achieved by using the SVM (RBF

kernel) as the classification technique with extracted evolutionary and structural-based fea-

tures for protein fold recognition [17, 36, 51, 94, 95]. This highlights the effectiveness of

this classifier using features extracted from these two sources for protein fold recognition

(evolutionary and structural information). SVM-based classifiers have shown the highest
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consistency with the most recent extracted features and outperformed other methods found

in the literature. However, using the sequential and physicochemical-based features, SVM

was not the most successful classifier for protein fold recognition [117, 146, 148].

2.3.2 ANN-Based Classifiers

Similar to the SVM classifier, a wider range of neural networks have been used to solve

protein fold recognition (e.g. Multi-Layer Perceptron (MLP)) and in most cases, using the

same set of features, they have outperformed SVM-based classifiers [40, 74, 77, 127, 159].

In 2003, Bologna and Appel implemented an ensemble of Descretized Interpretable Mul-

tilayer Perceptron (DIMLP) for protein fold recognition. DIMLP is a neural network with

two hidden layers which uses step function as its activation function in the first layer and

two sigmoid activation functions for its second and output layers. [79] also used Bagging

approach to train a group of DIMLP classifiers to build their ensemble method. Despite

DIMLP was time consuming, by using this classifier they were achieved promising results

for protein fold recognition [79].

Later on, an ensemble of Probabilistic Neural Networks (PNN) proposed by Chen et

al., which has remained unbeaten for a long period of time for the physicochemical-based

features (DFV) as extracted in [97] for protein fold recognition [127]. PNN is a multi-layer

neural network consisting of four layers and using Bayesian techniques that estimates the

Probability Density Function (PDF) using parzen window estimation technique as the

activation function. They also used Particle Swarm Optimization (PSO) techniques for

optimizing the parameters of the PNN and the Bagging approach to build an ensemble

classifier. Despite outperforming previous studies, their result were still low for protein

fold recognition.

One of the most outstanding result achieved using neural networks was reported by

Huang et al., by implementing a hierarchical classifier using Radial Basis Neural Network

(RBNN) [74]. In this method, a new sample was first categorized into its structural class

and in the second step, its fold was predicted. The structure of this hierarchical classifier

is shown in figure 2.1. Despite, their results using the DFV feature group was poor, by

adding sequential based features (using bi-gram for feature extraction) they achieved very

good results for protein fold recognition. Later on, the same structure with flat ensemble

classifier in each level of hierarchy (applying RBNN to each feature group separately

and combining the result using majority voting) was introduced in [40]. They enhanced

the performance even further and achieved comparable results with the best achieved for

protein fold recognition yet [38, 117]. However, in all these cases (DIMLP, PNN, and

RBNN), the complexity of the classifier as well as the large number of features made

these methods infeasible for large protein benchmarks. Furthermore, later study by Zimek

et al., showed that the flat ensemble classifiers perform even better than the hierarchical

Protein Fold Recognition Using Segmentation-based Features 32



Chapter: 2 2.3. Proposing Novel Classifier

configurations for protein fold recognition [129]. Despite the remarkable performance of

neural network-based classifiers for low dimensionality feature vectors, due to their time

consumption, they have not been successful for the cases when a large number of features

being used.

Figure 2.1: The hierarchical structure of the protein fold recognition predictor imple-

mented by Huang et al. Here L refers to the number of folds that was investigated in their

employed benchmark.

2.3.3 Meta Classifiers

Meta classifiers are considered to be one of the most popular approaches to build ensemble

methods. In general, a Meta classifier is a classifier which uses a base learner iteratively to

tune it to work better based on several most common approaches. Two main approaches

used widely in Meta learners are called Boosting [160] and Bagging [50]. In the Boosting

approach, a base learner is sequentially applied to bootstrap sample of data and adjusts the

weight of input data in each step for the next iteration. Finally, the result of each step is

combined using weighted majority voting based on the number of iterations. Similar to

Boosting-based approaches, a Bagging-based method applies a base learner to bootstrap

sample of input data, but instead of a sequential approach it has a parallel structure. In the

Bagging-based approach, each classifier is applied to a bootstrap sample of data. Then the

result of each classifier is combined with the other classifiers using unweighed majority

voting [161].

Recently, Meta classifiers have been widely applied for different benchmarks and

attained promising results in a number of applications. In 2006, Adaptive Boosting (Ad-

aBoost) [49], one the most popular Meta classifiers was for the first time used in [162] to

tackle the protein structural class prediction problem [49, 162, 163]. They used the KNN

(with k set to 1) as its base learner and set the number of iterations in the AdaBoost to 10.
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They compared their results with the application of the SVM and ANN and showed the po-

tential of the Adaboost to tackle the protein fold and structural prediction problems [164].

Later on, [146] applied two novel Meta classifiers namely, Multi-class Adaptive Boosting

(AdaBoost.M1) which is considered to be the state of the art Meta classifier and Logistic

Regression Boosting (LogitBoost) [165] to tackle protein fold recognition. For the Ad-

aboost.M1, C4.5 decision tree (a decision tree that uses gain ratio for dividing its feature

space [166]) was used as its base learner and the number of iterations was set to 100. A

base learner which is also called weak learner for the Boosting and Bagging techniques is

defined as a classifier which performs at least slightly better than a random guess. For the

Logitboost, decision stump was used as the weak learner (a simple decision tree with the

depth of one [167]) and the number of iterations was set to 100. Both classifiers applied

to the DFV features [97]. They reported promising results for both the AdaBoost.M1 and

the Logitboost with a dramatically lower time consumption when compared to the other

best off the shelf classifiers used for protein fold recognition.

Later on, [168] used Random Forest, a novel Meta classifier introduced by [169]

based on the Bagging algorithm with 10 iterations to solve protein fold recognition [151,

168, 169]. Random Forest applies its weak learner to different bootstrap sample of data,

but instead of using all of the features in the feature set, it uses a randomly selected set

of features to train each weak learner. In the final step it combines the results for all of

its weak learners using majority voting. The Random Forest outperformed other state

of the art Meta classifiers as well as other classifiers (e.g. MLP, DIMLP, and RBNN).

However, the impact of number of base learners on the performance of the Random Forest

was not explored adequately in this study. They simply used 10 base learners while the

main strength of the Meta classifiers is to enhance the diversity by using weak learners in

a iterative scheme and should have been investigated in more detail [170, 171].

Inspired by [168], [150] conducted an empirical study on the performance of the

Random Forest using different numbers of iterations (between 30 and 600) [150]. They

used Gini index decision tree as the weak learner [30]. [150] showed that by using Random

Forest classifier with 100 (80 for the specific benchmark that used in that study) iterations,

they achieved the best results for this classifier and significantly outperformed other Meta

classifiers such as the AdaBoost.M1 and the LogitBoost for protein fold recognition.

Late on [149] also implemented another novel Meta classifier namely, Rotation Forest

(introduced by [172]) and applied to solve the protein fold recognition problem. Similar to

the Random Forest, it is based on the Bagging algorithm and uses bootstrap sample of data

to train each of its weak learners. However, instead of using a randomly selected subset

of features for each classifier, it divides its feature set randomly to M subset and then

apply Principle Component Analysis (PCA) to transform its features. Finally, it combines

the M groups together and uses the new feature vector to train its base learners [30]. By

applying the Rotation Forest to the DFV feature vector, [149] achieved comparable results
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with those achieved when using the Random Forest. The achieved results using the Meta

classifiers showed their promising potentials to be used for the protein fold recognition

problem [149].

2.3.4 Ensemble Classifiers

An ensemble classifier is a classifier built by combining other classifiers together and is

aimed at performing better than using an individual classifier. Ensemble classifiers are be-

lieved to be the future extension of the pattern recognition field instead of trying to intro-

duce new individual classifiers [48]. Ensemble classifiers are able to employ the benefits

of different classifiers by combining their hypothesis space to improve the classification

task [41, 170].

As it was mentioned earlier, varieties of ensemble classifiers, mainly based on in-

dividual classifiers, have been implemented and used to solve protein fold recognition

[46, 47, 79, 116, 125, 136, 153]. Recently, the Meta classifiers, as another group of en-

semble classifier generators have also been widely explored to address this problem. They

have successfully outperformed individual classifiers to tackle this problem [78, 79, 102,

130, 133, 135]. However, the best results to address the protein fold recognition problem

using ensemble classifiers was achieved using ensemble of different classifiers than using

the Meta classifiers.

To the best of our knowledge, the first ensemble of different classifiers was proposed

by [75] to implement PFRES method. In this method, three heterogeneous classifiers

namely, the SVM, Kstar (a kind of instance base learner [173]), and the Random Forest

were used to tackle protein fold prediction. They used the average of the probabilities as

the combinational policy (algebraic combiner) to combine these classifiers. As the em-

ployed feature vector, they extracted several structural-based features using the PSIPRED

as well as evolutionary-based features using the PSSM. By applying the PFRES (which

was dramatically simpler than the state of art classifiers used at that time) they outper-

formed their previous studies for protein fold recognition [79, 127, 134].

The application of the ensemble of different classifier (also called fusion of hetero-

geneous classifiers) continued in [37]. They proposed an ensemble of three classifiers

namely, SVM, MLP and RBNN [37]. As the input features, they used the DFV feature

vector, and sequential-based features using bi-gram and tri-gram to extract adjacent and

interleaving features (Bi, Bi-1, Tri, and Tri-1). In their method, instead of combining these

five feature groups, they separately trained each classifier with each feature group and fi-

nally combined the results using majority voting. They reported comparable results with

the best results reported for protein fold recognition [38, 47, 75].

Inspired by [75] and [37], [46] proposed an Ensemble of Different Classifiers (EDC).
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They combined five different classifiers namely, Naive Bayes, AdaBoost.M1 (100 itera-

tions and C4.5 as the weak learner), LogitBoost (100 iterations and decision stump as the

weak learner), SVM (using a polynomial kernel function and Sequential Minimal Opti-

mization (SMO) [174])), and MLP [136]. They selected their employed classifiers based

on their previous comparison study [135] as well as the results reported by [146] on the

performance of the AdaBoost.M1 and LogitBoost. They also studied the impact of five

linear algebraic combiners namely, product of the probabilities, average of the probabili-

ties, minimum of the probabilities, maximum of the probability and the majority voting.

By using their method combined with majority voting they outperformed their previous

studies using the DFV feature vector for protein fold recognition [46, 127].

Later on, [153] also proposed another ensemble of different classifiers using three

Meta classifiers namely, LogitBoost (100 iterations and decision stump as weak learner),

Random Forest (80 iterations and Gini index-based tree as weak learner), and Rotation

Forest (100 iterations and C4.5 as the weak learner), combined using majority voting

(employed classifiers were selected based on their previous studies [46, 135, 136, 149,

150]). The structure of their proposed method is showed in Figure 2.2.

Figure 2.2: Ensemble of different classifiers that were trained independently and fused

using five different algebraic combiners

Using the DFV feature vector, they achieved comparable results with the result re-

ported in [46]. This is considered to be the (to the best of our knowledge) the highest

results achieved by solely relying on the classifier being used and not the feature selection

or feature extraction factor (based on the results achieved by previous studies using a sim-

ilar feature vector (the DFV)). The results in [46] and [148] showed the promising impact

of using ensemble classifiers to tackle protein fold recognition and especially the applica-

tion of Meta classifiers as a part of the ensemble methods which has not been adequately

explored in the literature.

Another promising result for protein fold recognition was also reported using ensem-

ble of different classifiers by [81]. In this study, a fusion of three heterogeneous classifiers,
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namely, SVM, Adaptive Local Hyperplane (ALH), and ALHK (modified model of AHL)

which were combined using majority voting to tackle protein fold recognition [81]. ALH

is considered an instance base learner. It functions somehow similarly to Hyperplane K-

Nearest Neighbor (HKNN) classifier which was also used to tackle protein fold recognition

[78, 140]. The basic concept of ALH is to use the local hyperplane of each class criterion

to the weighted KNN classifier to enhance its performance [175]. ALH also outperformed

the other instance-based learners applied to protein fold recognition, such as HKNN [139]

and Optimized Evidence Theoretic K-Nearest Neighbor (OET-KNN) [72]. They applied

their proposed classifier to the combination of features proposed in [37]. They achieved

comparable results to the best results reported for the protein fold recognition problem

[37, 38].

Remarkable results achieved using ensembles of different classifiers showed the im-

portance of this approach to reach further enhancement in tackling protein fold recognition

[46, 75, 81, 148]. However, the impacts of different (heterogeneous) classifiers, weighted

algebraic combiners, and distributed ensemble of different classifiers (the application of

classifiers for different feature groups which are then mixed using an effective weighting

system) has not been explored properly for this task.

Despite the promising performance of ensemble-based classifiers, they fail to perform

effectively for the evolutionary and structural-based features [38, 39, 47, 51, 75, 95, 121,

176]. Among all the classifiers used for this task, the SVM attained the best results. As it

was mentioned in Section 2.3.1, to the best of our knowledge, still the best results achieved

for the protein fold recognition problem is achieved by using the SVM with RBF kernel

and evolutionary-based features extracted from the PSSM [39].

2.4 Conclusion

In this chapter, a wide range of methods that have been proposed to tackle the protein

fold recognition problem were critically assessed and their merits and shortcomings high-

lighted. In the first part, the impact of a wide range of attribute selection and feature

extraction approaches were studied and analyzed. It was shown that despite the significant

enhancement achieved by proposing novel attribute selection and feature extraction ap-

proaches, several potentially important approaches have not been adequately investigated

for this problem.

Despite the importance and effectiveness of the physical, chemical and physicochem-

ical properties of the amino acids for protein fold recognition especially for low homology

detection cases, they have not been explored properly in previous studies. It was high-

lighted that since the physicochemical attributes do not depend on the sequence similarity,

they are able to maintain their discriminatory information even for low homology cases.
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Therefore, there is a need to conduct a general study on the impact of a wide range of

physicochemical attributes of the amino acids to extract features for protein fold recogni-

tion. Furthermore, enhancing previously proposed feature extraction approaches based on

physicochemical properties of the amino acids to provide more local and global features

has not been explored adequately.

In the case of structural and evolutionary-based feature extraction, most of the re-

cent studies have shifted to use the PSIPRED, and PSI-BLAST to provide more accurate

discriminatory information. Despite the enhancements achieved by using these methods

for feature extraction, they were unable to properly explore the potential discriminatory

information embedded in these two sources as the protein fold prediction accuracy still

remains limited.

Later on, the effectiveness of the classification approaches on the performances of

protein fold recognition was assessed and explored. It was shown that despite all the ef-

forts have been made and a wide range of classifiers applied to tackle protein fold recogni-

tion, the available potential of pattern recognition-based methods still have not been fully

explored for this task. It was shown that despite the promising results of the Meta classi-

fiers, and modified weighted instance base learners, they still are considered new to this

field and more studies are required to fully explore these methods. Furthermore, despite

the outstanding performance of ensemble classifiers, this promising branch of classifiers

has not been exploited effectively to solve the protein fold recognition problem.

As it was highlighted in this chapter, the remarkable enhancement achieved for the

protein fold prediction problem (up to 35% prediction enhancement) in the past two

decades. However, there are still several insufficiencies and shortcomings that should

be addressed. By addressing these issues and proposing novel methods we expect to con-

tribute even further to solve the protein fold recognition problem and enhance the results

of this task better than previous studies found in the literature.
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Overlapped Segmentation-based Feature
Extraction Technique

In Chapter 2, we have reviewed different studies that had been conducted to address the

protein fold recognition problem. We have shown that extracting physicochemical-based

features had been one of the most important approaches used to tackle this problem. How-

ever, exploring potential discriminatory information embedded in the physicochemical at-

tributes of the amino acids had not been done effectively. In this chapter, we aim at explor-

ing the physicochemical information for protein fold recognition and exploit its potentials.

To do this, we first conduct a comprehensive study on a wide range of physicochemical

attributes of the amino acids and select the most promising ones. We then propose two

overlapped segmentation-based feature extraction techniques to extract local discrimina-

tory information for this task. Finally, we will show the effectiveness of our proposed

techniques by comparing them with similar studies. For the readers’ convenience, we will

introduce our employed classification techniques, benchmarks, and evaluation methods in

this chapter which are also used for the rest of this study.

3.1 Introduction

Physicochemical-based features are considered to be one the most important features used

for the protein fold recognition problem. These features are extracted based on different

physicochemical attributes of the amino acids (e.g. hydrophobicity and polarity) and have

two important advantages. First, they maintain their discriminatory information when the

sequential similarity rate is low [34, 104] . Second, these features are able to reveal the

impact of different physicochemical attributes of the amino acids on the folding process.

However, relying solely on this group of features, the protein fold prediction accuracy has

remained limited [42, 43, 70, 97].

To explore the impact of different physicochemical attributes for protein fold recogni-
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tion, Gromiha et al., studied 49 different attributes of the amino acids [43]. They extracted

49 features based on the global density of these attributes (49 dimensional feature vector)

and used for protein fold recognition (called G49 feature vector). Despite a wide range

of attributes explored in this study they failed to properly explore the local discriminatory

information of these attributes (since they could not achieve to good results for the PFR)

because of using the feature that solely describes the global density of a given attribute.

To explore more local information for protein fold recognition, later studies have

shifted their focus to more sophisticated feature extraction methods [20, 72]. However,

they solely relied on a few popular physicochemical attributes for feature extraction (e.g.

hydrophobicity, polarity, flexibility). Furthermore, in all these studies, the whole protein

sequence has been used as a building block to extract local discriminatory information.

Therefore, they have failed to provide effective local discriminatory information for large

proteins. There are two main shortcomings that can be named for these studies. First, they

have mainly explored the impact of a few most popular physicochemical attributes of the

amino acids for this task. Second, they have failed to extract effective local discriminatory

information to solve the protein fold recognition problem.

In this chapter, we aim at addressing these shortcomings by conducting a comprehen-

sive study on the impact of a wide range of the physicochemical attributes of amino acids.

We also aim at proposing several feature extraction techniques to explore the potential

discriminatory information of these attributes. We will first study a wide range of physic-

ochemical attributes (117 attributes) using six feature extraction and five classification

techniques. From these 117 attributes, we select the 15 most promising ones for further

experimentations. To provide more local information compared to previously employed

methods, we propose two novel feature extraction methods namely, overlapped segmented

distribution and overlapped segmented autocorrelation. Then, by using the SVM classifier

to our extracted features from different physicochemical attributes, we enhance the protein

fold prediction accuracy up to 4.6% better than similar studies found in the literature.

The rest of this chapter is organized as follows. In the next section, we introduce the

benchmarks as well as evaluation criteria that are used in this study. We then introduce

the classification techniques that are used in this chapter. We then introduce 117 physico-

chemical attributes that are investigated in this study as well as the evaluation method to

select the 15 most promising attributes among them. In the following section, we intro-

duce the overlapped segmented distribution and the overlapped segmented autocorrelation

techniques that are proposed in this study. We then present our results and compare them

with similar studies. Finally, we finish this chapter by the conclusion.

Protein Fold Recognition Using Segmentation-based Features 40



Chapter: 3 3.2. Benchmarks and evaluation Methods

3.2 Benchmarks and evaluation Methods

To investigate the performance and generality of our proposed methods, two most popular

benchmarks namely, EDD (extended version of the DD benchmark introduced by [20])

and TG (introduced by [69]) are used in this study. These two benchmarks have been

widely used in the literature which enable us to compare our results with previous studies.

Using two benchmarks to evaluate our methods also enable us to investigate the generality

of our proposed methods more effectively.

3.2.1 EDD benchmark

We extract the EDD benchmark from the latest version of the Structural Classification

of Proteins (SCOP) (1.75) in the similar manner used in [51] and [39] to replace the old

DD benchmark. The DD benchmark is no longer used due to its inconsistency with the

SCOP 1.75. The EDD benchmark consists of 3418 proteins with less than 40% sequential

similarity belonging to 27 most populated folds in the SCOP. The EDD benchmark is

mainly used to investigate the performance of our proposed methods compared to similar

studies found in the literature.

3.2.2 TG benchmark

We also used the TG benchmark extracted by [69] from the SCOP 1.73. This benchmark

consists of 1612 proteins with less than 25% sequential similarities belonging to 30 most

populated folds in the SCOP. The TG benchmark is mainly used to investigate the per-

formance of our proposed approaches when the sequential similarity rate is low. Also,

achieving consistent results for both of the EDD and TG benchmarks will support the

generality of our proposed techniques.

3.2.3 Evaluation Technique

In order to evaluate the performance of our proposed methods, we use two different evalua-

tion techniques. First method is to divide our explored benchmarks into train and indepen-

dent test sets. In this method which is used to investigate a wide range of physicochemical

attributes we partition each benchmark into training set (having 3/5 of data) and indepen-

dent test sets (having 2/5 of data). This method is adopted here for this task mainly to

reduce the computational cost [20]. In this part we will conduct large number of experi-

mentations (refer to Appendix A) to investigate the performance of each physicochemical

attribute for feature extraction task. Therefore, dividing the input data into train and in-

dependent test sets will significantly reduce the computational expense. It is also done to

enable us to conduct similar experiments with [20].
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Second method is called 10-fold cross validation. This method is widely used in the

literature and is considered as the main evaluation method for protein fold recognition. It

is employed to enable us to compare our achieved results with previously reported results

found in the literature. In this method and more generally in the K-fold cross validation

method, the employed benchmark is randomly divided into K subset. Then, of the K

subsets, one subset is used as the test data set while the other K - 1 subsets are combined

and used as training set. This process is repeated K times until each subset is used exactly

once as the test data. 10-fold cross validation (K = 1) is considered to be the most popular

cross validation method which is also widely used as the main evaluation criterion for

protein fold recognition.

Note that the main reason for using two different evaluation methods for attribute

selection step and general comparison is to avoid using similar evaluation techniques for

these two tasks which might cause misleading results [20, 39].

3.2.4 Evaluation Measurement

We will use the overall prediction accuracy (in percentage) as the main accuracy measure-

ment to be able to directly compare our achieved results with previously reported results

found in the literature [20, 38, 39]. It is defined as follows:

Q =
C

N
×100, (3.1)

where C is the number of correctly classified test samples and N is the total number of

samples. Furthermore, to compare our achieved results with previously reported results

and to investigate the statistical significance of our achieved results we will use paired

t-test.

3.3 Classification Techniques

In this study, to explore the performance of our proposed approaches, several classification

techniques such as, AdaBoost.M1, Naive Bayes, Random Forest, KNN, and SVM are used.

The employed classifiers are selected based on their popularity [75, 150], their diversity

in learning techniques [46, 136, 148, 170], and their performances in the previous studies

found in the literature [75, 108, 135, 150, 168].

Note that the Adaboost.M1, Naive Bayes, Random Forest, KNN, and SVM are mainly

used to evaluate the performance of the extracted features as well as the attribute selec-

tion process. These methods are briefly described in the following sections. Due to the

importance of the SVM, we will explain this classifier in more detail. Note that the SVM
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is not only used in the attribute selection process and evaluating the performance of the

extracted features, it will also be used in the next chapters and will be used as the main

classifier for the rest of this study. As it was mentioned in Chapter 2, the best results for

protein fold recognition has been attained by using the SVM [39].

3.3.1 Naive Bayes

As a kind of a Baysian-Based learner, Naive Bayes is considered as one of the simplest

classifiers and yet it has attained promising results for many different tasks including pro-

tein fold recognition [15, 133, 134]. Naive Bayes is based on the naive assumption of

independency of the employed features from each other to calculate the posterior proba-

bility [46]. Consider a training set D with m samples in which each sample is described by

an input feature vector xi = (xi,1,xi,2, ...,xi,N) and yi as the label of the samples (where N

is the feature dimension). Naive Bayes aims at calculating posterior probability (P(w j|xi))

for class label w j (where j is from (1,2, ...,q) and q is the number of classes) using pre-

dictors probability (P(xi)), class prior probability (P(w j)), and likelihood (P(xi)|w j). To

calculate posterior probability, Naive Bayes uses the assumption that features are indepen-

dent and therefore:

P(xi|wi) = P(xi,1|wi)×P(xi,2|wi)× ...×P(xi,N |wi). (3.2)

Hence, it calculates the posterior probability for sample xi as:

P(wi|xi) = (P(xi,1|wi)×P(xi,2|wi)× ...×P(xi,N |wi))×P(wi). (3.3)

For most of the real world problems, this assumption is not valid. However, Naive

Bayes has been shown as an effective classifier with promising performance for many

different problems [108]. We have used Naive Bayes classifier implemented in the WEKA

toolbox (with default parameters) [167] which is designed for multi-class classification

tasks [108, 136].

3.3.2 K-Nearest Neighbor (KNN)

The K-Nearest Neighbor (KNN) is considered as one of the most popular classification

techniques. Given a sample, KNN classifies it based on the closest K training samples

in the feature space where K is the parameter of the algorithm [31]. It takes a new test

sample, calculates its distance with training samples and find the K nearest samples, and

classify the new sample to the class which has the highest number of samples among the

K nearest samples. Therefore, its learning stage is so short and it is all deferred until new
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samples introduced. Due to its learning approach, KNN also categorized as a lazy learner

[30, 31].

KNN has been widely used for the protein fold recognition problem [78, 81, 135,

140]. Besides, further extension of this classifier such as Optimized Evidence- Theoretic

K-Nearest Neighbor (OET-KNN) which is reviewed in Chapter 2 has also attained promis-

ing results for protein fold recognition [47, 72]. To get better understanding of our pro-

posed feature extraction techniques, we use KNN as one the most popular classification

techniques for protein fold recognition. We use KNN classifier implemented in the WEKA

toolbox [167] with default parameters which uses the Euclidian distance as metric as well

as K = 1 [108, 136]. Note that we use K = 1 as it has been shown as the most effective

value for this classifier for protein fold recognition [135].

3.3.3 AdaBoost.M1

Multi-class Adaptive Boosting (AdaBoost.M1) is an extension of the AdaBoost method

introduced by [163] for multi class classification task. It is considered to be the best off

the shelf meta classifier [146, 172]. Meta classifiers are defined as methods that produce

ensemble classifier. They aim at producing a strong classifier by boosting a classification

technique using different approaches. AdaBoost.M1 has been widely used in the literature

for protein fold recognition and attained promising results [34, 46, 49, 146]. The main

idea of the AdaBoost.M1 is to sequentially (in Iter number of iterations) apply a base

learner (also called weak learner) on the bootstrap samples of data, adjust the weights of

misclassified samples and enhances the performance in each step [49]. Note that the weak

learner refers to a classifier that at least performs slightly better than random guess).

AdaBoost.M1 is fast, simple and easy to program. Except the number of iterations,

it has no other parameters to tune. It is flexible and can be used with a wide range of

classification techniques as its base learner [34, 49]. In this study, the Adaboost.M1 im-

plemented in the WEKA is used [167]. The C4.5 decision tree [166] is used as its base

learner and the number of iterations is set to 100 (Iter=100). The Iter=100 is adopted

as it was shown in the literature as the best parameter for this algorithm for protein fold

recognition [34, 34, 46, 146].

3.3.4 Random Forest

Random Forest is a meta learner which has recently attracted tremendous attention specif-

ically for protein fold recognition [150, 168]. Unlike Adaboost.M1, Random Forest is

based on the Bagging technique [169]. It applies a base learner independently on B differ-

ent bootstrap samples of data using randomly selected subsets of features. It then combine

the output of all these base learners using majority voting to produce its final output.
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Despite its simplicity, it was shown that the Random Forest classifier has a significant po-

tential to encourage diversity which is considered to be an important factor with profound

impact on the performance of the meta classifiers [170]. The diversity is a factor that

shows the ability of an ensemble learner to use diverse learning methods. In the Random

Forest, training the base learners using random subset of features is shown as an affective

method to encourage diversity [41, 150].

Random Forest have been successfully used for protein fold recognition and out-

performed most of the classifiers used for this task [150, 168]. In this study, for the

Random Forest (implemented in the WEKA and designed for multi-class classification

task) the number of base learners is set to 100 (B=100) and random tree based on the

gain ratio is used as its base learner (default parameter for this classifier in the WEKA

[148, 150, 151, 153, 168]).

3.3.5 Support Vector Machine

SVM is introduced in [177] and is considered to be the state of the art classification tech-

nique which has also attained the best results for protein fold recognition [39, 51, 178,

179]. It aims at minimizing the classification error by finding the Maximum-Margin Hy-

perplane (MMH) based on the concept of support vector theory. To find the appropriate

support vector, it transforms the input data to the higher dimension using the concept of

the kernel function. Polynomial and Radial Basis Function (RBF) kernels are considered

to be the best kernels used for the SVM classifier to tackle protein fold recognition. Con-

sider the classification of some known points in the input space xi is yi which is defined to

be either -1 or +1. If x′ is a point in input space with unknown classification then:

y′ = sign

(

n

∑
i=1

aiyiK(xi,x
′)+b

)

, (3.4)

where y′ is the predicted class of point x′. The function K() is the kernel function; n is

the number of support vectors and ai are adjustable weights and b is the bias. Due to

the importance of this classifier we will use this classifier with both polynomial and RBF

kernels. Polynomial kernel transforms the input feature vector to a higher dimension in

which has a polynomial relation with the original feature space [30, 31]. Polynomial of

Degree n is equal to:

K(xi,x j) = (xi +1,x j)
n (3.5)

In this chapter, we use SVM with polynomial kernel using Sequential Minimal Op-

timization (SMO) implemented in the WEKA [174]. SMO is a method to solve quadratic

problem in the training process of the SVM. We will use the default parameter for this
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algorithm in the WEKA which is just the polynomial degree and is set to 1. In the next

chapters, we will use the SVM with RBF kernel implemented in the LIBSVM toolbox

[180]. The RBF kernel is adopted in our experiments due to its better performance using

evolutionary-based features than other kernels functions (e.g. linear and the polynomial

kernels). The RBF kernel is defined as follows:

K(xi,x j) = e−γ‖xi−x j‖
2

, (3.6)

where γ is the regularization parameter and xi and xj are the input feature vectors. We

optimize the γ in addition to the cost parameter C (also called the soft margin parameter)

using a grid search algorithm which is also implemented in the LIBSVM package [180].

Despite its simplicity, grid search has been shown to be an effective method to optimize

these parameters. For both of these SVM classifiers (the SVM using polynomial and

the SVM using RBF kernels) we use one-versus-one approach to adopt this classifier for

multi-class classification tasks.

3.4 Physicochemical Attributes

In this study, 15 most promising physicochemical attributes are explored. We select these

15 attributes among 117 physicochemical attributes which are experimentally explored

using five classification and six feature extraction techniques (mainly based on the over-

lapped segmented distribution or overlapped segmented autocorrelation approaches). We

select 117 attributes from AAindex [112], APDbase [111], and the study of Gromiha et

al., [43]. This number of attributes are selected to cover the main physicochemical at-

tributes of the amino acids and proteins. These attributes also covers several important

multi-referenced attributes as well [4, 5, 6]. By multi-referenced attributes we refer to

the attributes that are generated in several studies based on different parameters such as,

secondary structure elements of the proteins [4, 5, 6], hydrophobicity [181, 182], and po-

larity [100, 183]. Exploring these attributes enables us to find their best representatives for

protein fold recognition. To the best of our knowledge, investigation of multi-referenced

attributes have not been conducted in the literature. The name and the references of these

117 physicochemical attributes are provided in Table 3.1. These attributes are referred in

the Appendix A by the numbers assigned to them in the first column of the Table 3.1.

Table 3.1: Names and number of the explored attributes in this study

No. Reference Attributes

1 [184] Flexibility

2 [1] Molecular weight

3 [100] Volume
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4 [185] Side chain volume

5 [185] Side Chain Interaction Parameter

6 [186] Accessible residue (Accessibility)

7 [187] Accessibility reduction ratio

8 [188] Residue accessible surface area in folded protein

9 [1] Number of Codons

10 [43] Gibbs free energy change of hydration for unfolding

11 [43] Gibbs free energy change of hydration for denatured protein

12 [43] Gibbs free energy change of hydration for native protein

13 [43] Unfolding enthalpy change of hydration

14 [43] Unfolding entropy change of hydration

15 [43] Unfolding hydration heat capacity change

16 [43] Unfolding Gibbs free energy change of chain

17 [43] Unfolding enthalpy change of chain

18 [43] Unfolding entropy change of chain

19 [43] Unfolding Gibbs free energy change

20 [43] Unfolding enthalpy change

21 [43] Unfolding entropy change

22 [43] Volume (number of non-hydrogen side chain atoms)

23 [43] Shape (position of branch point in a side-chain)

24 [43] Flexibility (number of side-chain dihedral angles)

25 [44] Compressibility

26 [187] Surrounding hydrophobicity in folded form

27 [187] Average gain in surrounding hydrophobicity

28 [187] Average gain ratio in surrounding hydrophobicity

29 [187] Surrounding hydrophobicity in alpha-helix

30 [187] Surrounding hydrophobicity in beta-sheet

31 [187] Surrounding hydrophobicity in turn

32 [187] Average number of surrounding residues

33 [183] Isoelectric point

34 [100] Polarity

35 [183] Polarity

36 [183] RF Chromatographic index (RF Rank)

37 [183] Bulkiness

38 [1] Negative of the logarithm of the acid dissociation constants for the COOH (PKa)

39 [1] Negative of the logarithm of the acid dissociation constants for the NH2(PKb)

40 [1] pI: pH at the isoelectric point

41 [43] Refractive index

42 [189] Short and medium range non-bonded energy per atom

43 [189] Long-range non-bonded energy per atom

44 [189] Total non-bonded energy per atom

45 [190] Optimized average non-bonded energy per atom

46 [43] Mean rms fluctuational displacement

47 [190] Optimized transfer energy parameter

48 [190] Optimized side chain interaction parameter

49 [191] Mean fractional area loss (f) (average area burried/standard state area)

50 [186] Ratio of buried and accessible molar fractions

51 [186] Free energy of transfer from inside to outside of a globular protein

52 [43] Solvent accessible reduction ratio

53 [43] Average medium-range contacts

54 [43] Average long-range contacts
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55 [192] Relative mutability of amino acids (Ala=100)

56 [193] Relative mutability of amino acids (Ala=100)

57 [194] Polarizability parameter

58 [195] Size

59 [196] Hydrophobic parameter pI

60 [99] Normalized van der Waals volume

61 [43] Partition coefficient

62 [197] Amino acid partition Energy

63 [182] Hydration number

64 [198] Heat capacity

65 [198] Absolute entropy

66 [198] Entropy of formation

67 [199] Average side chain orientation angle

68 [200] Side chain hydropathy, uncorrected for solvation

69 [200] Side chain hydropathy, corrected for solvation

70 [109] Rigidity (1-Flexibility)

71 [109] Dislike for Regular Secondary Structure

72 [109] Foldability for Regular Secondary Structure

73 [201] Weight parameters in determining protein folding rates

74 [202] Structure-derived hydrophobicity (SDH) values

75 [181] Hydropathy index

76 [203] Hydrophobic index based on alpha-helical structures in membrane proteins

77 [204] Consensus normalized hydrophobicity scale

78 [5] Hydrophobic parameter (1)

79 [87] Hydrophobic parameter (2)

80 [205] Average surrounding hydrophobicity

81 [206] Hydrophobic constants derived from HPLC peptide retention times

82 [207] Membrane buried helix Parameter

83 [208] Hydrophobicity of physiological L-alpha amino acids

84 [209] Hydrophobicity indices at ph 3.4 determined by HPLC

85 [209] Hydrophobicity indices at ph 7.5 determined by HPLC

86 [183] Hydrophobicity based on Solubility data

87 [210] Hydrophobicity (free energy of transfer to surface in kcal/mole)

88 [211] Hydrophobicity (delta G1/2 cal)

89 [212] Hydrophobicity scale (Contact free energy derived from 3D Data)

90 [213] Hydration Potential

91 [214] HPLC parameters derived from data used to predict hydrophilicity and antigenicity

92 [215] HPLC retention coefficient derived from retention times of model peptide (PH= 2.0)

93 [215] HPLC retention coefficient derived from retention times of model peptide(PH= 7.0)

94 [216] Flexibility parameter for no rigid neighbors

95 [216] Flexibility parameter for one rigid neighbor

96 [216] Flexibility parameter for two rigid neighbors

97 [212] Average volume of surrounding residues

98 [212] Average number of nearest neighbors along a chain within the distance = 6.5

99 [212] The mean of the observed number of Surrounding residues

100 [199] Average reduced distance for side chain (Hydrophobicity scale)

101 [217] Free energy of transfer from oil to water

102 [4] Normalized frequency of alpha helix

103 [4] Normalized frequency of beta turns

104 [4] Normalized frequency of turn

105 [5] Normalized frequency of alpha helix I
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106 [5] Normalized frequency of beta strand I

107 [5] Normalized frequency of turn I

108 [5] Normalized frequency of alpha helix II

109 [5] Normalized frequency of beta strand II

110 [5] Normalized frequency of turn II

111 [5] Normalized frequency of alpha helix III

112 [5] Normalized frequency of beta strand III

113 [5] Normalized frequency of turn III

114 [5] Normalized frequency of alpha helix

115 [6] Normalized frequency of beta strand

116 [6] Normalized frequency of turn

117 [6] Normalized frequency of coil

3.4.1 The Attribute Selection Process

For a given physicochemical attribute, we first extract six feature groups as follows: 1)

Overlapped segmented distribution using 10% segmentation factor; 2) Overlapped seg-

mented distribution using 5% segmentation factor; 3) Segmented density using 5% seg-

mentation factor. For this feature group, protein sequence is divided into 20 segments with

equal length in which each segment is 5% of total length of the protein sequence. Then we

calculate density of the explored attribute for each segment (20 features). We also add the

global density feature to this features to build this feature group (21 features in total); 4)

Overlapped segmented autocorrelation using 25% segmentation factor and 75% overlap-

ping factor; 5) Overlapped segmented autocorrelation using 10% segmentation factor and

70% overlapping factor; 6) Overlapped segmented autocorrelation in which the protein

sequence is segmented into equal length segments. In this feature group each segment is

10% of the total length of protein sequence. Then segmented autocorrelation is calculated

in this feature group in the similar manner that explained in the manuscript using 70%

overlapping factor. In the results tables provided in the Appendix A, the feature extraction

methods are referred by the number assigned to them (number 1 to 6).

The overlapped segmented distribution and overlapped segmented autocorrelation

techniques will be explained in detail in the next section (Section 3.4.2). Also, the over-

lapping factor (the percentage of the sequence that will be overlapped), and segmentation

factor (the percentage of the sequence that we use to segment the proteins) will be explain

in detail in Section 3.4.2 when we will explain our overlapped segmentation-based feature

extraction techniques. In our experiment we use several different values for these two

parameters (overlapping and segmentation factor) in which these values (75% for overlap-

ping factor, and 5%, 10%, and 25% for segmentation factor) are attained the best results

and are remained as the best representatives of these parameters.

In the second step, we apply five different classifiers implemented in the WEKA
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[167] namely, Naive Bayes (default parameters are adopted), Adaboost.M1 (using 100

base learners and the C4.5 as the base learner), Random Forest (using 100 base learn-

ers), SVM (for these classifiers, default parameters in the WEKA are adopted), and KNN

(default parameters are adopted) to each extracted feature group individually (using inde-

pendent test set which is explain in Section 3.2.3 as the evaluation criterion). Therefore,

30 prediction accuracies are achieved for each individual physicochemical attribute for

each benchmark (corresponding to each classifier used for six different feature groups (6

× 5 = 30)). Considering this experiment for the EDD and TG benchmarks, 60 prediction

accuracies (2 × 30 = 60) are achieved for each individual attribute. The experimental re-

sults for this step for the EDD and TG benchmark are provided in Appendix A (60 × 117

= 7020 results in total). Finally, we select 15 attributes that have attained better results in

average for all these 60 prediction accuracies among all 117 physicochemical attributes.

These 15 physicochemical attributes are:

1. Structure derived hydrophobicity value [202]

2. Polarity [100]

3. Average long range contact energy [44]

4. Average medium range contact energy [44]

5. Mean Root Mean Square (RMS) fluctuational displacement [44]

6. Total non-bonded energy per atom [189]

7. Amino acids partition energy [197]

8. Normalized frequency of α-helix[5]

9. Normalized frequency of β -turns[5]

10. Hydrophobicity scale (Contact free energy derived from 3D Data)[212]

11. Hydrophilicity scale derived from High-Performance Liquid Chromatography (HPLC)

peptide retention data 1 [214]

12. Average gain ratio of surrounding hydrophobicity [187]

13. Mean fractional area loss [191]

14. Flexibility [184]

15. Bulkiness [183]

1This attribute is used to predict which areas of a protein are on the surface
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Note that to the best of our knowledge, most of the selected attributes (attributes

number 3, 4, 5, 6, 7, 10, 11, 12, 13, and 14) have not been adequately (or not at all)

explored for protein fold recognition. However, in our comprehensive experimental study,

they outperform many popular attributes that have been widely used to tackle this task

[17, 20, 34, 37, 81]. For the rest of this chapter, these 15 attributes will be referred by their

numbers.

3.4.2 Physicochemical-based Feature Extraction Techniques

We propose two novel feature extraction techniques to explore the potential discriminatory

information of the physicochemical attributes for protein fold recognition. We proposed

overlapped segmented distribution and overlapped segmented autocorrelation. Proposed

approaches are aimed at providing more local and global discriminatory information than

previously proposed methods for this task. The overlapped segmented distribution and

autocorrelation methods are explained below in detail.

3.4.2.1 Overlapped Segmented Distribution (OSD)

Global density as a feature has been widely used in the protein science. It provides im-

portant information of the global impact of a specific attribute on the folding process (e.g.

polarity) [17, 44]. It is defined as follows:

Tglobal density =
∑L

i=1 Ri

L
, (3.7)

where Ri is the attribute value (normalized) of the i-th amino acid. However, it fails to

provide adequate local information [218]. Therefore, global density is not considered as

an effective feature to effectively explore the potential local discriminatory information of

a given attribute. To address this problem, we propose Overlapped Segmented Distribution

(OSD) feature extraction technique. In this technique, instead of relying solely on the

global density of a given attribute, we use the distribution of the amino acids based on the

segmented density.

In the proposed approach, we first compute T = Tglobal density ×L, which is the total

sum of the attribute sequence Ri (i = 1, ..., L). In the second step, starting from left side of

the attribute sequence, we find the index I such that the partial sum S =R1+R2+ ...+Ri of

the first I
( f )
1 (in which the superscript f stands for starting from the left side of the proteins)

attributes reaches to Fph% (called segmentation factor) of T (i.e., S ≥ (T ×d)/100). This

process is carried out for different values of Fph (5%, 10%, 15% ,..., 75%) to get 15 indices

I
( f )
1 , I

( f )
2 , ..., I

( f )
15 . These indices are divided by the length of protein to obtain 15 distribution

features. Note that these 15 features are obtained by analyzing the sequence in the forward
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direction (i.e., starting from the left side). We also compute 15 features by analyzing the

sequence in the backward direction (i.e., starting from the right side). Thus, a total of 31

features using the proposed method are extracted (1 global density + 15 from the left side

+ 15 from the right side). Note that we segment the protein sequence with segmentation

factor of Fph and process it from the left as well as from the right side of the protein

sequence while the left and right side processing are having overlap (Figure 3.1). As a

result, we call this method overlapped segmented distribution approach. The pseudo code

of overlapped segmented distribution approach is shown below:

Protein Fold Recognition Using Segmentation-based Features 52



Chapter: 3 3.4. Physicochemical Attributes

Algorithm 3.1: The Overlapped Segmented Distribution: OSD

1 // L: The length of protein sequence

2 // Ri: is the attribute value (normalized) of the i-th amino acid

3 // T: Tglobal density ×L

4 // Tglobal density:
∑L

i=1 Ri

L

5 //S:R1 +R2 + ...+Ri

6 //======================

7 foreach Protein in our benchmark do

8 for Fph = 5;Fph <= 75;Fph+= 5 do

9 // When Fph = 5

10 m = 0;

11 S = 0;

12 j = 0;

13 // Starting from the left side of the protein sequence

14 while S ≥ (T ×Fph)/100 do

15 S = R j +S;

16 j++;

17 I
( f )
m = j;

18 m++;

19 for Fph = 5;Fph <= 75;Fph+= 5 do

20 // When Fph = 5

21 m = 0;

22 S = 0;

23 j = 0;

24 // Starting from the right side of the protein sequence

25 while S ≥ (T ×Fph)/100 do

26 S = R j +S;

27 j++;

28 I
(r)
m = j;

29 m++;

30 return Output I
( f )
1 , ..., I

( f )
15 and I

(r)
1 , ..., I

(r)
15 and Tglobal density

As it is shown in this pseudo code, if we consider n as the number of samples in our

benchmark the time complexity is of O(L×n) where L is the length of protein sequence.

To consider the time complexity in the worst case scenario, L should be considered for the

longest protein in the benchmark. Since L is a constant number, our time complexity is of

O(n). Also, since we read each protein at a time, the highest space complexity will be of

the length of longest protein which will be L which is a constant.
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Figure 3.1: Overlapped segmented distribution feature extraction method.

In this study, 5% segmentation factor and 75% called overlapping factor are selected

based on the average length of the proteins in the explored benchmarks. Using 5% and

75% is the results of the trade off between the number of produced features and the time

consumption of this task as well as the experimental study that was conducted by the au-

thors (Appendix A). The overlapping approaches are proposed to provide more informa-

tion about the distribution of the amino acids in the middle of a protein considering each

side. Considering the number of features (only 10 overlapping features), this approach

is able to provide crucial overlapping information to tackle this problem. As it was dis-

cussed earlier in Section 3.4.1 we have conducted our experiments on different values for

segmentation factors in which using 5%, 10% and 25% were the best representatives for

this parameter. Among these representatives, we achieved the best results using Fph = 5%

(as it is shown in Appendix A).

We calculate the distribution from both sides of the proteins. In this way, instead of

providing cumulative distribution in the rear side of a protein, we calculate the distribution

from both sides that shifts the emphasis of the distribution calculation to the sides of

the proteins. This modification is made due to two main reasons. First, the cumulative

distribution reduces the general impact of the distribution feature. Second, due to the

flexibility of the ends of a protein, they can play more crucial role on the folding process.

Avoiding categorization of the amino acids into different groups also helps us to maintain

the information that might be lost through simplification (alphabet reduction [20, 124]).

In general, overlapped segmentation-based feature extraction technique enables us

to explore the impact of each attribute more comprehensively compared to previously

explored methods [17, 20, 34, 93, 219]. It is important to highlight that due to use of

density, the segmentation factor is independent from the length. It makes our method

more effective for general cases where the gap between the length of the shortest and the

longest proteins in the data bank is large compared to previously used distribution-based

approaches [20].
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3.4.2.2 Overlapped Segmented Autocorrelation (OSA)

In the past, the autocorrelation features have been computed using the whole protein se-

quence. Pseudo amino acid composition (PseAAC) based features are good examples of

these type of features [219]. These autocorrelation-based features capture the interaction

of the neighboring amino acids over the entire length of the protein sequence. In the

present study, we extend the concept of overlapped segmented distribution technique as

described in the previous subsection and propose Overlapped Segmented Autocorrelation

(OSA) features extraction technique. This is done to provide more local discriminatory

information. Here we segment the protein sequence using segmentation factor of 10%

(Fph = 10) and overlapping factor of 70% (o f = 70). Using a procedure similar to the

one described in the previous subsection, we first analyze the protein sequence in for-

ward direction and find seven indices I
( f )
1 , I

( f )
2 , ..., I

( f )
7 for seven different values of Fph

(Fph = 10%,20%, ...,70%). These seven indices are used to segment the protein sequence

into seven segments and Kph number of autocorrelation coefficients for each of these seg-

ments are computed as follows:

Seg−Autoi,k =
1

(I
( f )
k − i)

I
( f )
k −i

∑
j=1

R jR j+i,

(k = 1,2, ..., o f /10 and i = 1, ..., Kph), (3.8)

Note that 7×Kph autocorrelation coefficients are computed in this manner by ana-

lyzing the protein sequence in the forward direction (o f /10 = 7). This process is repeated

to obtain another 7×Kph autocorrelation coefficients by analyzing the protein sequence

in the backward direction. We also compute the global autocorrelation coefficient of the

whole protein sequence to provide more global information as follows:

Global −Autoi,k =
1

(L− i)

L−i

∑
j=1

R jR j+i,

(i = 1, ..., Kph). (3.9)

Thus, we have extracted a total of (7Kph + 7Kph +Kph ) = 15Kph autocorrelation

features in this manner. The Kph = 10 is investigated in this study as it was shown as an

effective value for this parameter in the literature [39, 120]. Using Kph = 10 we produce

150(70+70+10) features for. The pseudo code of overlapped segmented autocorrelation

approach is shown below:

Protein Fold Recognition Using Segmentation-based Features 55



Chapter: 3 3.4. Physicochemical Attributes

Algorithm 3.2: Overlapped Segmented Autocorrelation: OSA

1 // L: The length of protein sequence

2 // Ri: is the attribute value (normalized) of the i-th amino acid

3 // T: Tglobal density ×L

4 // O f : Overlapping Factor (70%)

5 // Fph: Segmentation Factor (10%)

6 // Kph: Distance Factor (which is 10 in here)

7 //S:R1 +R2 + ...+Ri

8 //======================

9 foreach Protein in our benchmark do

10 // Starting from the left side of the protein sequence

11 // For Fph = 10 and O f = 70 calculate seven I
( f )
m (I

( f )
1 , I

( f )
2 , ..., I

( f )
7 )

using distribution technique as in Algorithm 3.1

12 foreach I
( f )
k where k = 1, ...,7 do

13 Seg−Auto− fi,k =
1

(I
( f )
k −i)

∑
I
( f )
k −i

j=1 R jR j+i ;

14 i = 1, ..., Kph ;

15 // Starting from the right side of the protein sequence

16 // For Fph = 10 and O f = 70 calculate seven I
(r)
m (I

(r)
1 , I

(r)
2 , ..., I

(r)
7 ) using

distribution technique as in Algorithm 3.1

17 foreach I
(r)
k where k = 1, ...,7 do

18 Seg−Auto− ri,k =
1

(I
(r)
k −i)

∑
I
(r)
k −i

j=1 R jR j+i ;

19 i = 1, ..., Kph;

20 foreach whole protein sequence do

21 Global −Autoi,k =
1

(L−i)∑
L−i
j=1 R jR j+i ;

22 i = 1, ..., Kph ;

23 return Output Global −Auto and Seg−Auto− r and Seg−Auto− l

Similar to segmented density technique, our time complexity is of O(n) ( it actually

is O(n×L× 10). Since both L and 10 are constant numbers, we can omit them from the

time complexity analysis with respect to n). Also, since we read each protein at a time, the

highest space complexity will be of the length of longest protein which will be L which is

a constant.

Finally, our extracted feature groups (OSD and OSA) based on the physicochemical-

based feature extraction methods for a given attribute are combined to provide local and

global discriminatory information based on density, distribution, and autocorrelation ap-

proaches, simultaneously. Therefore, considering Kph = 10, a combined feature group

(OSD + OSA) with 181 features is produced based on each physicochemical attribute
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(31+150 = 181).

3.5 Results and Discussion

To investigate the effectiveness of our proposed approaches we construct a feature vec-

tor based on each attribute explored in this study (15 selected attributes) with respect to

our proposed feature extraction methods. Therefore, for a given attribute a feature vector

consists of two feature groups namely overlapped segmented distribution feature group

(31 features) and overlapped segmented autocorrelation feature group (150 features) is

constructed. We also add the amino acid composition feature group (20 features) as well

as the length of the protein sequence feature (one feature) to these feature vectors as im-

portant sources of sequential-based features [37, 146]. Composition of the amino acid

feature group consists of the percentage of the occurrence of the amino acids divided by

the length of protein sequence. It was used in [20] and their later works as an effective

feature group that provides important sequential information. The length of the amino

acids have also been shown as an effective features for protein fold recognition [75, 136].

Therefore, based on each attribute being explored in this study, a feature vector consists

of 202 features (31+150+20+1) is constructed to explore its local and global discrimi-

natory information in detail. The architecture of our proposed method is shown in Figure

3.2.

Figure 3.2: The overall architecture of our proposed model. The number of features ex-

tracted in each feature group is shown in the brackets in front of the feature groups’ names.

For the rest of this study, each feature group will be referred as comb <numb> where

numb is the number assigned to the corresponding physicochemical attribute in Section

3.4.1. As it was mentioned earlier in Section 3.2.4 we report our results using 10-fold cross

validation to directly compare our results with previous studies. Note that these numbers

are the numbers assigned to the 15 selected physicochemical attributes in Section 3.4.1

and not the numbers assigned to the 117 attributes in Table 3.1.

We then apply our employed classifiers (Naive Bayes, AdaBoost.M1, SVM, and

Naive Bayes) to the constructed feature vectors and report the results in the Table 3.2. Note

that we do not report the results for the KNN in this table. As it is shown in Appendix A,
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the results achieved by using KNN are significantly poorer than the other classifiers (even

poorer than Naive Bayes). As it is shown in Table 3.2, our best results achieved by using

the SVM to the Comb 6 and Comb 10 which are the feature vectors extracted from Total

non-bonded energy per atom and Hydrophobicity scale using Contact free energy derived

from 3D Data attributes, respectively. We report 53.1% and 43.6% prediction accuracies

for the EDD and TG benchmarks using the Comb 6 feature vector. We also report 53.4%

and 43.1% prediction accuracies for the EDD and TG benchmarks using the Comb 10

feature vector. These results highlight the preference of these two attributes compared to

other selected attributes to extract physicochemical-based features.

As it is shown Table 3.1 comparing the average results achieved using the SVM for

the Comb 1 to Comb 15 to the average prediction accuracies for other classifiers used in

this study emphasizes on the preference of the SVM classifier for protein fold recognition.

it is over 4% better than the average of using AdaBoost.M1 classifier which has the second

highest average. This confirms the preference of the SVM to other classifiers used in this

study for protein fold recognition as it has been highlighted in previous studies [38, 39,

51, 95, 120, 220].

Table 3.2: The results achieved (in percentage) by using the AdaBoost.M1 (Ada), Random

Forest (RF), Naive Bayes (NA), and SVM for the 15 feature vectors extracted from the

explored attributes in this study (for both of the EDD and TG benchmarks).

Benchmarks EDD TG

Comb <numb> Ada Na RF SVM Ada Na RF SVM

Comb 1 46.8 26.3 42.3 51.8 38.4 24.2 35.0 38.9
Comb 2 47.4 29.8 39.5 51.0 37.7 25.5 33.1 42.0
Comb 3 47.2 28.3 43.0 50.8 40.0 23.8 36.1 43.0
Comb 4 45.6 27.5 41.3 49.4 37.3 26.2 36.3 39.8
Comb 5 44.7 26.4 42.0 52.0 36.2 19.0 33.3 41.7
Comb 6 47.1 22.0 41.5 53.1 41.0 19.4 36.5 43.6
Comb 7 44.3 23.9 39.9 51.0 36.5 19.5 32.0 40.4
Comb 8 46.8 30.3 41.8 49.2 36.9 24.8 38.0 40.9
Comb 9 45.0 25.1 41.1 50.0 37.4 19.0 34.1 41.8
Comb 10 47.2 28.2 40.0 53.4 38.3 24.0 34.7 43.1
Comb 11 45.0 26.7 41.1 52.0 35.2 21.6 33.0 42.9
Comb 12 45.3 25.2 40.8 51.1 40.2 22.2 37.0 42.2
Comb 13 45.4 24.3 41.2 53.0 38.7 20.1 35.4 42.0
Comb 14 46.1 25.9 40.0 52.0 38.1 21.3 33.1 41.8
Comb 15 43.7 20.1 39.6 49.2 36.5 19.3 35.4 41.3

3.5.1 Comparison with Similar Studies

To be able to directly compare our results with similar studies found in the literature, we

first reproduce the results achieved in [34] using Ensemble of Different Classifiers (EDC).

Using EDC to the extracted features in [34] we achieve 48.8% and 41.1% prediction ac-

curacies for the EDD and TG benchmarks (219 features in total). We also reproduce the

results using the EDC for the DFV feature vector [20] (126 features) and achieve 47.6%

and 40.7% prediction accuracies for the EDD and TG benchmarks, respectively. Finally,

using G69 feature vector (G49 introduced in [43] in addition to 20 features for the com-
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position feature group = 69 features in total), we achieve 36.6% and 33.0% prediction

accuracies for the EDD and TG benchmarks, respectively. The comparison of our results

with previously reported results in the literature is shown in Table 3.3.

Table 3.3: The best results (in percentage) achieved in this study compared to similar

studies found in the literature for the EDD and TG benchmarks, respectively.

Study Attributes (Number of features) Method EDD (Results) TG (Results)

[20] Features proposed in [20] (126) SVM 46.3 38.5

[146] Features proposed in [20] (126) Ada 44.7 36.4

[150] Features proposed in [20] (126) RF 42.9 37.1

[136] Features proposed in [20] (126) EDC 47.6 40.7

[136] Features proposed in [34] (219) SVM 47.3 40.1

[146] Features proposed in [34] (219) Ada 45.3 37.2

[150] Features proposed in [34] (219) RF 43.9 38.1

[136] Features proposed in [34] (219) EDC 48.8 41.1

[43] G69 (G49+20) SVM 36.6 33.0

This study Comb 6 (202) SVM 53.1 43.6

This study Comb 10 (202) SVM 53.4 43.1

As it is shown in Table 3.3, By using the SVM to the Comb 10 feature vector (Hy-

drophobicity scale (contact free energy derived from 3D Data) we achieve 53.4% predic-

tion accuracy. It is 4.6% better than previously reported results in similar studies for the

EDD benchmark. To the best of our knowledge, this attribute has not been used for protein

fold recognition. We also achieve up to 43.6% prediction accuracy using the SVM to the

Comb 6 feature vector (Total non-bonded energy per atom attribute). It is over 2.5% better

than previously reported results in similar studies for the TG benchmark. To the best of

our knowledge this feature vector has also not been adequately explored for protein fold

recognition.

Our results highlights the importance of the physicochemical attributes explored in

this study compared to the popular attributes used in previous studies for protein fold

recognition. Besides, as it is shown in Table 3.2, for most of the combinations as well as

in average, we are able to out perform the best results reported in previous studies which

emphasize on the importance of our proposed feature extraction techniques. Note that this

enhancement is even more significant if we use SVM (similar classification technique)

on the [34] popular features used in previous studies which guarantee that the reported

enhancement is due to our extracted features rather than the classification technique being

used (Table 3.2).

As it is shown in Table 3.3, we also achieve up to 16.8% and 11.1% prediction ac-

curacies better than using the G69 for the EDD and TG benchmarks, respectively. These

highlights the impact of our proposed feature extraction methods to reveal significant dis-

criminatory information based on an individual attribute rather than using a naive feature

extraction method (global density) for a wide range of physicochemical attributes.
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3.6 Conclusion

In this chapter, we explored the impact of our two novel feature extraction methods

namely, overlapped segmented distribution and overlapped segmented autocorrelation us-

ing the 15 most promising physicochemical attributes of the amino acids. We selected

these 15 attributes by conducting a comprehensive study on 117 physicochemical at-

tributes using several feature extraction and classification techniques. We then, con-

structed a feature vector consisting of the combination of features extracted using our

feature extraction methods as well as the composition of the amino acids feature group

and the length of the protein sequence feature for all the 15 attributes, separately. Finally

by using several classifiers that attained good results for protein fold recognition such as,

Random Forest, AdaBoost.M1, Naive Bayes, and the SVM, we studied the effectiveness

of our proposed feature extraction methods.

Our reported results showed the impact of the proposed feature extraction methods

with respect to the attributes being used in this study compared to the similar studies

found in the literature. Using the SVM classifier, we outperformed similar studies for

all of the combinations of features used in this study which highlighted the effectiveness

of our proposed feature extraction techniques. Also, using total non-bounded energy per

atom (Comb 6) and Hydrophobicity scale (Contact free energy derived from 3D Data)

(Comb 10) attributes, we achieved up to 4.6% prediction accuracy better than similar

studies found in the literature. To the best of our knowledge, these two attributes had

not been explored adequately for the protein fold recognition problem. This highlighted

the importance of the extracted physicochemical attributes in this study compared to the

popular physicochemical attributes that had been widely used in the literature. The results

of this Chapter was published in [221].

Despite achieving better results compared to similar studies [20, 34, 104], our results

are by far lower than the highest reported results for protein fold recognition. As it was

highlighted in Chapter 2, the state of the art studies have shifted their focus to extract

features from other source such as evolutionary and structural information rather than se-

quential and physicochemical information for feature extraction [17, 37, 38, 39, 47, 81,

125, 127, 178, 179]. In the next chapter, we aim at introducing new mixture of physico-

chemical and evolutionary information to tackle the protein fold recognition problem and

to outperform the previous studies found in the literature.
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Mixture of Physicochemical and

Evolutionary-based Feature Extraction
Techniques

In Chapter 3, we have explored a wide range of physicochemical attributes of the amino

acids and proposed two overlapped segmentation-based feature extraction techniques. We

have shown the effectiveness of our explored physicochemical attributes and our proposed

feature extraction techniques by outperforming similar studies found in the literature.

However, our achieved results have shown that using physicochemical-based features, we

are unable to provide sufficient information to solve the protein fold recognition problem.

In this chapter, we aim at proposing a mixture of physicochemical and evolutionary infor-

mation for this problem. We will show the importance of this mixture for improving the

protein fold prediction accuracy.

4.1 Introduction

As it was highlighted in Chapter 2, physicochemical-based features are considered to be

one the most important features for protein fold recognition [15, 20, 43]. Despite the im-

portance of the physicochemical information it was shown in Chapter 3 that relying solely

on this information, the protein fold prediction accuracy remains limited. These results

support the new finding that to solve the protein fold recognition problem more infor-

mative sources for features extraction are required [38, 51, 81, 95]. More recent studies

shifted their focuses to evolutionary-based features which have significantly enhanced the

protein fold prediction performance [35, 39, 51, 75, 117, 119]. Relying on the Position

Specific Scoring Matrix (PSSM), evolutionary-based features are able to provide impor-

tant information about the dynamic substitution score of the amino acids with each other.

However, similar to the sequential-based features, they do not provide any information

about the impact of different physicochemical attributes of the amino acids on the folding
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process.

In this study, we propose a novel approach to enhance the protein fold prediction ac-

curacy and at the same time to provide more information about the impact of the physic-

ochemical attributes on the folding process. In our proposed approach, first we transform

the protein sequence using evolutionary information. Then, physicochemical-based fea-

tures are extracted from the transformed sequence of the proteins using segmentation, den-

sity, and distribution-based techniques in an overlapping style. Since we use evolutionary

and physicochemical information to extract features simultaneously, we call this tech-

nique: “the mixture of physicochemical and evolutionary-based feature extraction tech-

nique”. We explore our proposed feature extraction methods for the 15 attributes that was

used in the previous chapter. These attributes are the most promising attributes which

were selected from 117 physicochemical attributes in the way that discussed in previous

chapter. Finally, by applying the SVM to the combinations of the extracted features, we

significantly enhance the protein fold prediction accuracy better than similar results found

in the literature.

4.2 Physicochemical-based Attributes

In this study, we use the same 15 most promising physicochemical attributes that have

been used in Chapter 3. For the readers’ convenience, we list these attributes here again as

they will be extensively referred in this chapter. Our explored attributes in this study are:

1. Structure derived hydrophobicity value [202]

2. Polarity [100]

3. Average long range contact energy [44]

4. Average medium range contact energy [44]

5. Mean Root Mean Square (RMS) fluctuational displacement [44]

6. Total non-bonded energy per atom [189]

7. Amino acids partition energy [197]

8. Normalized frequency of α-helix[5]

9. Normalized frequency of β -turns[5]

10. Hydrophobicity scale (Contact free energy derived from 3D Data)[212]
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11. Hydrophilicity scale derived from High-Performance Liquid Chromatography (HPLC)

peptide retention data 1 [214]

12. Average gain ratio of surrounding hydrophobicity [187]

13. Mean fractional area loss [191]

14. Flexibility [184]

15. Bulkiness [183]

As it was highlighted in Chapter 3, most of the selected attributes have not been

adequately (or not at all) explored for protein fold recognition [17, 20, 34]. However, it

will be shown that they are able to outperform even the most popular attributes that have

been widely used to tackle this task [20, 34, 44, 109].

4.3 Feature Extraction Approach

In this study, we concatenate features driven from physicochemical and evolutionary in-

formation to form a feature vector to used for protein fold recognition. In the first step,

the PSSM is calculated by applying the PSIBLAST with three iterations on NCBI’s Non

Redundant (NR) data base for our explored benchmarks (cut off (E) value set to 0.001)

[17, 36, 39]. The PSSM consists of two L × 20 matrices (L is the length of a protein

and the columns of the matrices represent 20 amino acids [36]). The first matrix is called

PSSM-cons and gives the normalized log-odd of the substitution score. The second ma-

trix is called PSSM-prob and gives the normalized probability of substitution score for

each amino acid. In the second step, two important evolutionary-based feature sets are ex-

tracted from the PSSM. In the third step, consensus sequence is extracted directly from the

PSSM and then, physicochemical-based features are extracted from this sequence instead

of using the original sequence (as it was used conventionally). In the next step, extracted

evolutionary-based features are combined with the extracted physicochemical-based fea-

tures. In this way, the true potential of the physicochemical and evolutionary information

are considered and explored. In continuation, each approach will be explained in detail.

4.3.1 Evolutionary-based Features

To explore the impact of the evolutionary information, two feature groups namely, Evolu-

tionary based Composition (PSSM-AAC) and Evolutionary based Auto-covariance (PSSM-

AC) are extracted from the PSSM matrix [39, 120]. These features capture significant local

1This attribute is used to predict which areas of a protein are on the surface
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and global information and have been used in the past with promising results for protein

fold recognition [17, 36, 39].

4.3.1.1 Evolutionary-based Composition (PSSM-AAC)

This feature group (which is also called semi-composition) is extracted based on the con-

cept of amino acid composition feature group to provide discriminatory information re-

lated to the occurrence of each amino acid along a given protein sequence [36]. As it

was mentioned in Chapter 2, the composition features derived from the original protein

sequence is extracted by counting the occurrence of each amino acids along the protein

sequence divided by the length of the protein. While the PSSM-AAC is extracted from

the PSSM-cons by summing the substitution score of each amino acids and divide it by

the total length of the protein as follows:

PSSM−AAC j =
1

L

L

∑
i=1

Pi j, ( j = 1, ...,20), (4.1)

where L is the length of the protein and Pi j is the substitution score of the amino acids at

j-th location by j-th amino acid in the PSSM-cons.

4.3.1.2 Evolutionary-based Auto Covariance (PSSM-AC)

To provide more information about the interaction of the amino acids with each other along

a protein sequence, the PSSM-AC has been recently used in the literature [36, 39]. The

PSSM-AC gives the auto covariance of the substitution scores of the amino acids along a

protein sequence and is defined as follows:

PSSM−ACk, j =
1

(L− k)

L−k

∑
i=1

(Pi, j −Pave, j)(Pi+k, j −Pave, j),

( j = 1, ...20 and k = 1, ...,KP), (4.2)

where Pave, j is the average substitution score of the amino acid i along the protein sequence

in the PSSM-cons and KP is the distance factor. Therefore, in total 20×KP features are

calculated in this feature group. In this study, the distance factor (KP) = 10 is investigated

as it was presented in the literature as the most effective distance factor for protein fold

recognition and similar studies (e.g. protein structural class and subcellular localization

prediction problems [33, 36, 39, 53, 96, 118, 120, 121, 222, 223, 224]). Note that the

combination of PSSM-AAC, and PSSM-AC feature groups is called AAC-PSSM-AC in

the literature (which will also be referred similarly for the rest of this study [36]).
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4.3.2 Consensus Sequence Extraction Method

Consensus sequence is extracted to reveal more evolutionary information considering the

PSSM compared to the original protein sequence. It was also shown to be an effective

way to provide more information for the protein structural class prediction problem [17,

51, 116, 126]. To extract the consensus sequence, previous studies have replaced the

amino acid at a given location in the original protein sequence (O1, O2, ..., OL) by the

amino acid with the maximum substitution score in the row corresponding to that location

in the PSSM-cons. This is done using the following two steps. First, for a given amino

acid the index of the amino acid with maximum substitution score is found as:

Ii = argmax{Pi j : 1 ≤ j ≤ 20}, 1 ≤ i ≤ L, (4.3)

where Pi j is the substitution score of the amino acid at i-th location with the j-th amino acid

in the PSSM-cons. In the second step, the amino acid at i-th location of original protein

sequence is replaced by the Ii-th amino acid to form the consensus sequence C1,C2, ...,CL

[17, 51]. However, due to the fact that the PSSM-cons consists of the normalized log-odds

of the substitution score, in many cases there are more than one maximum for the sub-

stitution score in this matrix. In this case, the selection of the better value from multiple

maximum values were conducted randomly (the first/last maximum values) which can not

be considered to be an accurate method. Furthermore, the PSSM-cons does not provide

any beneficial information about unknown amino acids in proteins (which are convention-

ally shown by ’X’ in the sequence). The substitution scores for these unknown amino

acids in the PSSM-cons are all equal to -1. Therefore, relying merely on the PSSM-cons

left the issue of unknown proteins unaddressed.

By exploring the PSSM-prob in more detail, we realized that the occurrence of mul-

tiple maximum is much less frequent in this matrix compared to the PSSM-cons due to the

fact that it returns the normalized probability of substitution score and have a better pre-

cision [114]. In addition, in case that a similar sequence is spotted in the non-redundant

protein data bank, this matrix provides substitution score probability even for unknown

amino acids. In case that no similar sequence is spotted it returns zero which rarely oc-

curs. It just happens in case that the length of the protein is very short and at the same

time unknown amino acids are spotted. Therefore, it is possible to address the issue of

unknown amino acids using evolutionary information and considering the PSSM-prob.

Hence, in this study, we propose a novel consensus sequence extraction model for

protein fold recognition considering the concepts of the PSSM-prob and the PSSM-cons,

simultaneously. In our method, we first check the PSSM-prob. In case that a unique

maximum is spotted, it will be replaced with the original amino acids in the sequence.

Otherwise, we will refer to the PSSM-cons to find the maximum. If a unique maximum

is spotted in this matrix, it will be replaced with the original amino acids in the protein
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sequence. Otherwise, the one with the highest corresponding value in the PSSM-prob

(starting from the first column) will be replaced the amino acid in the protein sequence.

The most crucial impact of the explored method in this study is proposing a method to

address the issue of unknown amino acids. In this method, unknown amino acids are

transformed to the consensus sequence considering the evolutionary information which are

extracted from the PSSM-prob. Our approach successfully addresses the issue of unknown

amino acids for the explored benchmarks. Using the PSSM-prob, we successfully replace

360 unknown amino acids (out of 362 unknown amino acids) for the EDD benchmark

while for the TG benchmark, we successfully replace all of the unknown amino acids.

4.3.3 Physicochemical-based Feature Extraction Method

To explore the potential of the physicochemical attributes for protein fold recognition,

a novel feature extraction model based on the concept of the evolutionary-based infor-

mation is proposed. In the proposed model, we first transform the original protein se-

quence to its consensus sequence as described before. Then from the consensus sequence,

physicochemical-based features are extracted using overlapped segmented distribution and

overlapped segmented autocorrelation methods. As it was explained in Chapter 3, the pro-

posed methods are aimed at providing more local and global discriminatory information

than previously proposed methods for this task for protein fold recognition.

As it was highlighted earlier, previous approaches mainly relied on the original pro-

tein sequence to extract the physicochemical-based features [17, 120]. In our approach, we

use the consensus sequence (C1,C2, ...,CL) to derive a numerical sequence (R1, R2, ..., RL)

where Ri is the numerical value of a particular physicochemical attribute (e.g. polarity) of

the amino acid Ci. This sequence is then used by overlapped segmented distribution and

overlapped segmented autocorrelation methods to derive features. In this manner, we are

able to explore the discriminatory information provided by the evolutionary and physic-

ochemical information, simultaneously. It not only enhances the protein fold prediction

accuracy but it also enables us to provide crucial information about the impact of a given

physicochemical attribute on the folding process.

As it was shown in Chapter 3, the overlapped segmented distribution and overlapped

segmented autocorrelation methods are shown to be effective methods to explore local

discriminatory information embedded in the protein sequence based on a given physico-

chemical attribute. Therefore, we use these two methods to extract two feature groups

namely the evolutionary-based OSD using overlapped segmented distribution and the

evolutionary-based OSA using overlapped segmented autocorrelation methods. We use

same parameters as it was used in Chapter 3 to extract these properties. We use 5% as the

segmentation factor (Fph) and 75% as the overlapping factor to extract the evolutionary-

based OSD. We also use 10% segmentation factor and 70% as the overlapping factor to
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extract the evolutionary-based OSA. Hence, we will have 31 features in the evolutionary-

based OSD feature group and 150 features in the evolutionary-based OSA. To avoid con-

fusion between extracting these two feature groups from protein sequence and from the

transformed protein sequence using evolutionary information, we will refer to these new

features as the EOSD and EOSA for evolutionary-based overlapped segmented distribu-

tion and evolutionary-based overlapped segmented autocorrelation. Therefore, these two

feature groups will be referred to as the OSD and the OSA when they are extracted from

the original protein sequence and the EOSD and the EOSA when they are extracted from

the transformed protein sequence using evolutionary information, respectively. The over-

lapped segmented distribution and overlapped segmented autocorrelation feature extrac-

tion techniques are explained in detail in Chapter 3, Section 3.4.2.

4.4 Classification and Evaluation Techniques

In this section, we will use the SVM (polynomial kernel of degree one which is also

referred to as linear kernel) to investigate the effectiveness of our proposed consensus se-

quence extraction method for protein fold recognition. We also use two more SVM-based

classifiers and compare their results with the SVM using polynomial kernel of degree one

and use the best one to apply to our extract features. We use the SVM using polynomial

kernel of degree one (linear kernel), the SVM using polynomial kernel of degree three,

and the SVM using the RBF kernel. We use the SVM with polynomial kernel (degree one

and three) implemented in the WEKA and SVM with the RBF kernel implemented in the

LIBSVM. The latest classifier have been widely used in the literature and attained promis-

ing results for protein fold recognition [37, 38, 39, 51]. In this study, the γ in addition to

the cost parameter C of the RBF kernel are optimized using a grid search algorithm which

is also implemented in the LIBSVM package. Despite its simplicity, grid search has been

shown to be an effective method to optimize these parameters.

4.5 Results and Discussion

In the first step, the performance of the modified consensus sequence extraction method is

explored by extracting occurrence (occurrence of each amino acid in a protein sequence)

and composition (percentage of the occurrence of each amino acid along a protein se-

quence) feature groups. We extract both feature groups (which precisely are 20 dimen-

sional feature vectors) from the original sequence, the consensus sequence extracted using

conventional approach and the modified consensus sequence extraction method which is

proposed in this study. We investigate the results of all three SVM-based classifiers in-

troduced earlier to our extracted features which for all the cases, SVM using polynomial
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kernel (p = 1) attains comparable results with other two SVM-based classifiers. There-

fore, we use SVM with linear kernel for our experimentations in this chapter. We apply this

classifier to all these six feature groups (the occurrence and composition feature groups

extracted from these three sequences) and compare the achieved results in Table 4.1.

Table 4.1: Comparison of the achieved results (in percentage) using the SVM (with linear

kernel) to evaluate the proposed consensus sequence extraction method compared to the

use of original sequence as well as the previously used methods using the EDD and TG

benchmarks.

Methods Composition Occurrence
EDD TG EDD TG

Original Sequence 32.4 31.6 41.2 33.6
Current consensus sequence extraction method 42.2 34.7 48.2 38.6
Proposed Method in this study 44.4 36.3 48.9 38.8

As it is shown in Table 4.1, the modified consensus sequence extraction method used

in this study enhances protein fold recognition performance considering composition and

occurrence of the amino acids feature groups. Our results also show the preference of us-

ing occurrence feature group compared to composition feature group for feature extraction

as it was investigated in [69] as well.

In the next stage, features extracted in the study are combined to build the input

feature vector to feed the SVM classifier. The input feature vector is built by combining

PSSM-AAC (20 features), EOSD (31 features), EOSA (150 features), and PSSM-AC (200

features) feature groups in addition to the length of the protein sequence feature (as used

in [37, 46]). Therefore, for each attribute, a feature vector consists of 402 features ( 20+

31+ 150+ 200+ 1) is created and named Combp <numb> where numb is the number

assigned to each attribute in Section 4.2. Note that the evolutionary-based combination is

referred as Combp <numb> in this chapter while the sequence based combination of our

extracted features are referred as comb <numb> in Chapter 3. The overall architecture of

our proposed method is shown in Figure 4.1 [17, 69].

Figure 4.1: The overall architecture of our proposed model. The number of features ex-

tracted in each feature group is shown in the brackets in front of the feature group’s names.

In this step, we apply the SVM (using polynomial kernel with p = 1) to Combp 1
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Table 4.2: The results achieved (in percentage) by using the SVM for 15 feature vectors

extracted from the explored attributes in this study (for both of the EDD and TG bench-

marks).

Combp <numb> EDD TG

Combp 1 82.3 62.8

Combp 2 81.9 62.3

Combp 3 81.3 62.8

Combp 4 81.6 62.7

Combp 5 82.8 64.6

Combp 6 82.7 62.5

Combp 7 82.9 64.0

Combp 8 82.5 63.1

Combp 9 81.9 62.4

Combp 10 81.9 63.3

Combp 11 82.0 62.7

Combp 12 82.2 63.7

Combp 13 82.5 62.7

Combp 14 82.4 63.8

Combp 15 81.6 63.0

to Combp 15 and report the results in Table 4.2. As we can see, for all the cases we

achieve to over 81.6% and 62.3% prediction accuracies for the EDD and TG benchmarks,

respectively. We can derive two main conclusions from the achieved results. First, by

proposing our mixture of physicochemical and evolutionary-based information, we are

able to significantly improve the protein fold prediction accuracy compared to similar

studies found in the literature. Our results are over 28% and 19% better than using same

overlapped segmentation-based feature extraction technique used for the original protein

sequence for the EDD and TG benchmarks, respectively. Second, the results achieved

for all the physicochemical-based attributes regardless of what attribute we use highlight

the effectiveness of our proposed feature extraction techniques to extract local and global

discriminatory information for the protein fold recognition problem. Note that we achieve

to over 82% and 63% prediction accuracies respectively for the EDD and TG benchmarks

using features that are extracted based on the attributes that have not been adequately ex-

plored (14, flexibility), or to the best of our knowledge, have not been explored at all for

protein fold recognition (structured derived hydrophobicity value (1), mean RMS fluctu-

ational displacement (5), amino acids partition energy (7), and mean fractional area loss

(13)).

Among the explored physicochemical attributes for feature extraction, the highest

results are achieved by using the attribute number 5 (Mean Root Mean Square (RMS) fluc-

tuational displacement [44]) and the number 7 (Amino acids partition energy [197]). We

achieve up to 82.9% prediction accuracy for the EDD benchmark using attribute number

7 and 64.6% prediction accuracy for the TG benchmark using the attribute number 5 for

feature extraction. In general, the results achieved for these two attributes (number 5 and
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7) are better than the other attributes that are explore in this study. Therefore, we use the

results for these two attributes to compare our achieved results with previous studies. To

the best of our knowledge, these two attributes have not been adequately explored for the

protein fold recognition problem.

4.5.1 Comparison with Previous Studies

To compare our results with previously reported results found in the literature we duplicate

the study of Dong et al., (optimizing its parameters using grid algorithm implemented in

SVMLIB) [39]. To the best of our knowledge, they attained the best results for protein

fold recognition compared to the other studies found in the literature [38, 51, 124]).

Furthermore, we also extract the G49 feature group introduced by [44] from both

of the employed benchmarks and add them to the extracted evolutionary-based features

(PSSM-AAC + PSSM-AC + length (221 features)). As it was highlighted in Chapter 2,

this feature vector consists of global density of 49 different physicochemical attributes (49

dimensional feature group) that was extracted to provide global information for protein

fold recognition. In this part, we aim at comparing the impact of using a wide range of

attributes using their density as features with exploring the impact of a single attribute

considering our proposed feature extraction methods.

As it was mentioned in Section 4.4, we study three kernel functions for the SVM

classifier. Our results show that using the SVM classifier with linear kernel attains com-

parable results to the other two versions of the SVM classifier investigated in this study. It

emphasizes on the consistency of the employed features with using the SVM with linear

kernel. Our best results for the EDD and TG benchmarks compared to the state of the art

results found in the literature are shown in Table 4.3.

As it is shown in Table 4.3, we achieve up to 82.9% and 64.6% prediction accuracies

for the EDD and TG benchmarks which significantly outperform most of the previously

reported results found in the literature. We also achieve over 29.5% and 21.0% better pre-

diction accuracies for the EDD and TG benchmarks respectively compared to the best re-

sults achieved without using evolutionary information for feature extraction (relying solely

on the original protein sequence to extract physicochemical-based features which was re-

ported in Chapter 3). It also emphasizes on the impact of our mixture of physicochemical

and evolutionary information to enhance the protein fold prediction accuracy.

We also achieve up to 23.2% and 18.7% better prediction performances for the EDD

and TG benchmarks respectively compared to use of G49 (which is extracted from the

consensus sequence and combined with the PSSM-AAC, PSSM-AC and the length of the

amino acid sequence (49+221 features)). In other word, by extracting features based on a

single attribute using our proposed feature extraction method, we significantly enhance the
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Table 4.3: The best results (in percentage) achieved in this study compared to the best

results found in the literature for the EDD and TG benchmarks.

Study Attributes No. of features Method EDD TG

[69] Occurrence (original sequence) 20 LDA 42.9 36.3

[69] Composition (original sequence) 20 LDA 40.9 32.0

[20] Features proposed in [20] 126 SVM (p = 1) 46.3 38.5

[146] Features proposed in [20] 126 AdaBoost.M1 44.7 36.4

[150] Features proposed in [20] 126 Random Forest 42.9 37.1

[136] Features proposed in [20] 126 EDC 47.6 40.7

[136] Features proposed in [34] 219 SVM (p = 1) 47.3 40.1

[136] Features proposed in [34] 219 EDC 48.8 41.1

[43] 69D (only physicochemical features) 69 SVM (p = 1) 36.6 33.0

This study Comb 6 (only physicochemical features) 202 SVM (p = 1) 53.1 43.6

This study Comb 10 (only physicochemical features) 202 SVM (p = 1) 53.4 43.1

[108] Threading - Naive Bayes 70.3 55.3

[37] PF (bi-gram) 400 SVM (RBF) 75.2 52.7

[37] TF (Tri-gram) 8000 SVM (RBF) 71.0 49.4

[38] Combination of bi-gram features 2400 SVM (RBF) 69.9 55.0

[124] PSIPRED and PSSM features 242 SVM (RBF) 77.5 60.1

[39] ACCfold-AC 200 SVM (RBF) 79.9 58.8

[39] ACCfold-ACC 4000 SVM (RBF) 85.9 66.4

This study Combp 5 402 SVM (p = 1) 82.8 64.6

This study Combp 7 402 SVM (p = 1) 82.9 64.0

This study G49 + PSSM-AC + PSSM-AAC (original sequence) 49+221 SVM (p = 1) 44.7 35.7

This study G49 + PSSM-AC + PSSM-AAC (consensus sequence) 49+221 SVM (p = 1) 59.7 45.9

protein fold prediction performance compared to use of a wide range of physicochemical

attributes using global density as the main feature. This result emphasizes on the effective-

ness of the overlapped segmentation-based feature extraction method to explore effective

discriminatory information.

To provide better understanding about the explored features, we need to determine

the impact of our feature groups to the achieved results (PSSM-AAC, PSSM-AC, EOSD,

EOSA, and length). Therefore, we will use the SVM (with linear kernel) to each of these

feature groups individually. We then add them together one by one and report the re-

sults. In this step, we will also add the length feature to determine its impact on the

achieved results. These results are shown in Table 4.4. As it is shown in this table,

evolutionary-based feature groups play the most important role on the achieved results

compared to the physicochemical-based feature groups. However, in each step, by adding

our physicochemical-based feature groups, the protein fold prediction accuracy increases

monotonically. This phenomena repeats for the length feature as well. This enhance-

ment highlights the effectiveness of all of the feature groups explored in this study on the

achieved results.

In addition to our promising results, by proposing a mixture of physicochemical and

evolutionary information, we introduce a new direction to obtain benefit from discrimi-

natory power of these two groups of features simultaneously and more consistent to each

other. The results achieved in this chapter is published in [225]. Note that we have inves-

tigated the impact of our proposed features in this study (overlapped segmented distribu-

tion and overlapped segmented autocorrelation) for the protein structural class prediction

and protein subcellular localization prediction problems and obtained promising results as
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Table 4.4: The impact of the feature groups proposed in this study (using the SVM classi-

fier) to enhance the protein fold prediction accuracy (in percentage) for the EDD and TG

Benchmarks.

Combination of features EDD TG

PSSM-AAC 50.3 36.3
PSSM-AC 71.4 49.8
EOSD 21.4 18.9
EOSA 48.1 34.6
PSSM-AC + PSSM-AAC 79.9 59.0
PSSM-AC + PSSM-AAC + EOSD 80.8 60.9
PSSM-AC + PSSM-AAC + EOSD + EOSA 82.6 64.3
PSSM-AC + PSSM-AAC + EOSD + EOSA + length 82.8 64.6

well. The results of these two studies are published in [53] and [52]. Attaining promising

results for the protein fold, protein structural class, and protein subcellular localization

prediction problems emphasizes on the generality of our proposed feature extraction tech-

niques.

Despite outperforming most of the studies found in the literature, we were not able

to outperform the result reported in [39] for protein fold recognition. Using ACC-fold-

ACC with up to 4000 (cross-covariance method) on the EDD and TG benchmarks, [39]

achieved to 85.9% and 66.4% prediction accuracies, respectively. These results are 3%

and 1.8% better than our reported results for the EDD and TG benchmarks, respectively.

It is important to note that we use only 402 features which is almost 10 times less than the

number of features used in their study (4000 features). By comparing our results with the

results reported in [39] we conclude that to be able to outperform previous results we need

to either propose more effective feature extraction techniques or to rely on other sources

for feature extractions.

4.6 Conclusion

In this Chapter, we proposed a model to enhance the protein fold prediction accuracy as

well as providing better understanding about the impact of the physicochemical attributes

in the following five steps. In the first step, a modified consensus sequence extraction

method was proposed. It addressed the issue of unknown proteins using evolutionary-

based information. Proposed method also improved the protein fold prediction accuracy

over the previous methods that extracted consensus sequence. In the second step, we

used the 15 most promising attributes which were selected among 117 physicochemical

attributes. In the third step, we used overlapped segmented distribution and overlapped

segmented autocorrelation feature groups that are proposed in this study and explained

in detail in Chapter 3. We extract these feature groups from the transformed protein se-

quence using evolutionary information. We called this scheme the mixture of physico-
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chemical and evolutionary-based feature extraction technique. In the forth step, effective

evolutionary-based features that were directly extracted from the PSSM combined with

the proposed physicochemical-based features. In the final step, by using the SVM classi-

fier to our extracted features, we achieved 82.9% and 64.6% prediction accuracies for the

EDD and TG benchmarks, respectively. Our achieved results significantly outperformed

other methods that used physicochemical information to extract features.

We have driven two main conclusions based on our achieved results as follows. First,

achieving to promising results for all the attributes used in this study for feature extraction

showed the effectiveness of our proposed feature extraction techniques. Second, the sig-

nificant enhancement achieved over using just physicochemical-based features showed the

effectiveness of our proposed mixture of physicochemical and evolutionary-based feature

extraction technique to tackle the protein fold recognition problem.

Despite reducing the number of features used in this study compared to the state

of the art approaches found in the literature for protein fold recognition [37, 38, 39],

we still produce lots of overlapping features. As a matter of fact, almost 1/3 of the

physicochemical-based features extracted using overlapped segmented distribution and

overlapped segmented autocorrelation are overlapping features. It will be our goal in the

next chapter to remove these features and at the same time be able to extract new sets of

features that produce similar or more discriminatory information for protein fold recogni-

tion.

Comparing our results with the results achieved by reproducing the Dong et al., study

showed that we still can not outperform their results [39]. To outperform their results

and enhance the performance of our pattern recognition system, we need to either extract

physicochemical-based features with more discriminatory information or rely on other

sources for feature extraction. Evolutionary and structural information can be consid-

ered as the alternatives to physicochemical information for feature extraction. Features

extracted from the evolutionary and structural information have been the focus of recent

studies and shown their effectiveness to enhance the protein fold recognition accuracy

[38, 47, 51]. Before using other sources for feature extraction, we aim at investigating

other feature extraction techniques to explore more local and global discriminatory infor-

mation from the physicochemical attributes of the amino acids. We plan to achieve this

goal by combining features extracted from a wider range of physicochemical attributes of

the amino acids rather than one single attribute as it was done in this Chapter. It will be

our goal in the next chapter.
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Non-Overlapped Segmentation-based

Feature Extraction technique

In previous Chapter, we have shown that by proposing a mixture of physicochemical and

evolutionary information for feature extraction, we can significantly improve the protein

fold prediction accuracy comparing to just using physicochemical information for feature

extraction. We have also shown the effectiveness of our proposed overlapped segmentation

based feature extraction techniques. However, we have not been successful in outperform-

ing the best result reported for this task in [39]. We have shown that there are two main al-

ternatives to achieve this goal. First, to provide more discriminatory information extracted

from the physicochemical information. Second, to rely on other sources for feature extrac-

tion such as evolutionary and structural information [17, 38, 47, 51, 81, 115, 119, 126].

Also, we have shown the drawbacks of our proposed overlapped segmentation based fea-

ture extraction techniques as they produce a large number of overlapping features (up to

1/3 of total number of features in overlapped segmented distribution and overlapped seg-

mented autocorrelation feature groups).

In this Chapter, we aim at exploring new techniques to extract more local and global

discriminatory information from a wide range of physicochemical attributes of the amino

acids. In Chapter 3 and Chapter 4, we have tried to extract features based on a single

attribute to be able to explore its potential discriminatory information for protein fold

recognition. In this chapter, we aim at using a wider range of attributes for feature extrac-

tion, and combining these features to produce a feature vector consisting of more diverse

physicochemical information. To reduce the number of features based on each attribute,

we propose a non-overlapping segmentation-based feature extraction technique based on

the density and the distribution of the amino acids along the protein sequence. We will

show the effectiveness of our proposed segmentation-based feature extraction technique

to explore potential local and global discriminatory information embedded in the protein

sequence.
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5.1 Introduction

In Chapter 2, we have shown the importance of physicochemical information for the pro-

tein fold recognition problem. The features extracted from the physicochemical attributes

have an advantage that they do not depend on sequential similarity. Hence, the discrim-

inatory information of these features is not affected even when the sequential similarity

rate is low [37]. In Chapter 3, we proposed two overlapped segmentation-based feature

extraction techniques and outperformed similar study. We have shown the effectiveness of

our proposed feature extraction techniques to explore potential discriminatory information

for a single physicochemical attribute. We also have shown that using effective feature ex-

traction technique, we are able to extract more discriminatory information than using a

wide range of physicochemical attributes with a naive feature extraction technique as it

was done in [44]. In Chapter 4, by using a mixture of evolutionary and physicochemical

information, we have outperformed most of the studies found in the literature. We have

shown that by using the mixture of these two sources for feature extraction, we are able

to enhance the protein fold prediction accuracy and at the same time to provide informa-

tion about the relationship between physicochemical attributes of the amino acids and the

folding process.

However, we have not been able to outperform the best result reported in the literature

for protein fold recognition [39]. To achieve further improvement and to enhance protein

fold prediction accuracy better than previously reported results found in the literature, we

have proposed two alternatives. First, to extract more discriminatory information from the

physicochemical attributes of the amino acids. Second, to use other sources for feature

extraction such as evolutionary and structural information as they have been shown as

effective sources to enhance the protein fold prediction accuracy [17, 38, 47, 51, 81, 115,

119, 126].

In this chapter, we aim at extracting physicochemical-based features with more dis-

criminatory information to enhance the protein fold prediction accuracy. To achieve this

goal, we are going to use features extracted from a wide range of physicochemical at-

tributes and combine them together. We conduct our experiments in the following steps

to achieve this goal. First, we will select 55 physicochemical attributes of the amino

acids from 117 attributes that were investigated in Chapter 2. We then propose two main

segmentation-based feature extraction techniques (non-overlapping) namely segmented

distribution, and segmented density. These feature extraction techniques are proposed

in the manner to reduce the number of extracted features compared to the overlapping

segmentation-based feature extraction techniques. In this way, we produce fewer features

based on a given physicochemical attributes than using overlapping based technique. Sim-

ilar to Chapter 4, we will extract new features using the transformed protein sequence us-

ing evolutionary information to employ this information as well. To study the effectiveness
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of our proposed feature extraction techniques to explored physicochemical attributes, five

classifiers namely, AdaBoost.M1, Random Forest, Naive Bayes, KNN, and Support Vec-

tor Machine (SVM) are used. We then, analyze the prediction accuracies of the explored

attributes considering the proposed feature extraction methods. Based on this analysis,

we obtain eight different feature sets consisting of extracted features from the selected

attributes. Then we concatenate the PSSM-AAC and PSSM-AC to our physicochemical-

based feature groups. Finally, we explore the performance of the employed classifiers on

these feature sets. As a result, by using the SVM classifier to our extracted features, we

show the effectiveness of our proposed approaches by enhancing the protein fold predic-

tion accuracy better than similar studies found in the literature.

5.2 Physicochemical-based Attributes

In this study, we investigate 55 different physicochemical attributes and explored their

effectiveness for the protein fold recognition problem. These attributes are selected from

117 attributes that are introduced in Chapter 3. To select these attributes, we remove the

ones that performed poorly in the comprehensive study that was conducted in Chapter 3

and its results are provided in Appendix A. It is done to maintain the attributes with more

discriminatory information. We then extract features from these attributes. Therefore, we

aim at providing more discriminatory information by combining these features together

to build a more diverse feature vector extracted from wider range of physicochemical

attributes. This attribute selection is also done to reduce the computational load as we

are going to compare all the results in detail to investigate appropriate parameters for

our proposed feature extraction techniques. We investigate these 55 features to find the

most effective attributes for protein fold recognition with respect to our feature extraction

and classification techniques. To do this, we use four feature extraction techniques that are

proposed in this study and will be explained in detail in the following section. We also used

five classification techniques that were introduced in Chapter 3 namely, Adaboost.M1,

Random Forest, KNN, SVM, and Naive Bayes.

These 55 physicochemical attributes are listed in Table 5.1. In this table, column three

shows the attributes’ names and column one shows their corresponding numbers. From

here onwards, we use the numbers to define the corresponding attributes. The numerical

values for these physicochemical attributes with respect to their references are available at

APDbase [111], AAindex [112], and G49 website [43]. In this experimental study, the aim

is to explore the potential of each attribute to enhance the protein fold prediction accuracy.

We also aim at addressing the issue of multi-referencing by finding the best reference for

a specific attribute (given a feature extraction method). For instance, hydrophobicity is

presented by the attributes number 1,8,9, and 11 (Table 5.1) and polarity is presented by

the attribute numbers 13 and 55 (Table 5.1) and it is not clear which one would perform
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the best for a given feature extraction method. To the best of our knowledge this issue has

not been studied adequately in the literature.

5.2.1 The Attribute Selection Process

For a given physicochemical-based attribute, we first extract four feature groups as fol-

lows: 1) Segmented distribution using 5% segmentation factor; 2) Segmented distribution

using 10% segmentation factor; 3) Segmented distribution using 25% segmentation fac-

tor; 4) Segmented density using 5% distribution factor. For this feature group, protein

sequence is divided into 20 segments with equal length in which each segment is 5% of

the total length of protein sequence. Then we calculate density of the explored attribute

for each segment (20 features). We also add the global density feature to this features to

build this feature group (21 features in total). Note that the segmentation factor which

is the percentage of the sequence that we use to segment the proteins will be explain in

detail in Section 5.3.1 when we will explain our proposed physicochemical-based feature

extraction techniques. Note that we have investigated different values for distribution fac-

tor which 5%, 10%, and 25% have attained the best results and have remained as the best

representatives of this parameter.

In the second step, we apply five different classifiers implemented in the WEKA

[167] namely, Naive Bayes (default parameters are adopted), Adaboost.M1 (using 100

base learners and C4.5 as the base learner), Random Forest (using 100 base learners as

it was used in [11]), SVM (for these classifiers, default parameters in the WEKA are

adopted), and KNN (default parameters are adopted) to each extracted feature group in-

dividually (using independent test set which is explain in Chapter 3, Section 3.2.3 as the

evaluation criterion). Therefore, 20 prediction accuracies are achieved for each individual

physicochemical attribute for each benchmark (corresponding to each classifier used for

four different feature groups (4 × 5 = 20)). Considering this experiment for the EDD and

TG benchmarks, 40 prediction accuracies (2 × 20 = 40) are achieved for each individ-

ual attribute. The experimental results for this step for the EDD and TG benchmark are

provided in Appendix B (40 × 55 = 2200 results in total). We then conduct the similar

experiment but this time, instead of using original protein sequence, we extract these fea-

tures from the evolutionary-based consensus sequence. We transform the protein sequence

using evolutionary information and produce consensus sequence. We then extract all four

feature vectors and apply our classifiers to each feature group. Therefore, we produce

another 2200 results using protein consensus sequence. The experimental results for this

step for the EDD and TG benchmarks are provided in Appendix C. Finally, we compare

these results using original and consensus protein sequences with respect to the employed

classification and feature extraction techniques.
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Table 5.1: Names and numbers of the explored attributes in this study

No. Reference Attributes

1 [202] Structure derived hydrophobicity value

2 [194] Polarizability

3 [4] Normalized frequency of α-helix

4 [4] Normalized frequency of β -strand

5 [4] Normalized frequency of β turn

6 [209] Hydrophobicity at ph 7.5 by HPLC

7 [195] Size

8 [204] Consensus normalized hydrophobicity scale

9 [203] Hyd. index base on helix in membrane

10 [1] Molecular weight

11 [196] Hydrophobic parameter

12 [226] Normalized Van Der Waals volume

13 [100] Polarity (driven from amino acids)

14 [1] Volume

15 [187] Compressibility

16 [44] Average long range contact energy

17 [44] Average medium range contact energy

18 [44] Long range non bounded energy

19 [44] Mean RMS fluctuational displacement

20 [44] Refractive index

21 [44] Solvent accessible reduction

22 [44] Total non bounded energy

23 [44] Unfolding entropy change of hydration

24 [44] Unfolding hydration heat capacity change

25 [215] Retention coefficient (retention times PH= 7.0)

26 [197] Amino acids partition energy

27 [1] PKa-COOH

28 [87] Hyd. value (driven from free amino acids)

29 [198] Absolute entropy

30 [198] Entropy of formation

31 [186] Buried and accessible molar fraction ratio

32 [186] Energy of transfer from inside to outside

33 [216] Flexibility for one rigid residue

34 [185] Side chain interaction parameter

35 [185] Side chain volume

36 [181] Hydropathy index

37 [205] Average surrounding hydrophobicity

38 [199] Average reduced distance for side chain

39 [199] Side chain orientation angle

40 [212] Ave number of nearest neighbor in chain

41 [212] Average Volume of surrounding residues

42 [212] Hyd. scale (contact energy derived from 3D data)

43 [43] Partition coefficient

44 [187] Average gain in surrounding hydrophobicity

45 [187] Surrounding hydrophobicity in α-helix

46 [187] Surrounding hydrophobicity in β -sheet

47 [187] Surrounding hydrophobicity in β turn

48 [187] Surrounding hydrophobicity in folded form
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49 [187] Average number of surrounding residues

50 [207] Membrane buried helix parameter

51 [191] Mean fractional area loss (f)

52 [184] Flexibility

53 [213] Hydration potential (transfer vapor to water at ph 7.0)

54 [183] Bulkiness

55 [183] Polarity (driven from amino acids in proteins)

5.3 Feature Extraction Approaches

In this study, we will propose two main feature extraction techniques namely segmented

distribution and segmented density. The main difference between these two methods and

the overlapped segmentation-based feature extraction technique is that these methods are

non overlapping. It is done to reduce the number of features. In this way, we can combine

a wider range of the extracted features from different attributes. We also avoid using

autocorrelation technique for feature extraction as it produces relatively larger number of

features compared to segmented distribution and segmented density techniques.

We will again use the mixture of physicochemical and evolutionary information con-

cept to get the benefit of both of these two sources for feature extraction, simultaneously.

It is done similar to the methodology used in Chapter 4. We will transform protein se-

quence using evolutionary information embedded in the PSSM and extract our features

using this sequence. The transformation and extraction of consensus sequence is done as

it was explained in Chapter 4, Section 4.3.2. We will also extract two evolutionary based

features as it was explained in Chapter 4, Section 4.3.1 namely, the evolutionary-based

autocorrelation (PSSM-AC) and the evolutionary-based composition (PSSM-AAC).

5.3.1 Physicochemical-based Feature Extraction Method

As it was discussed earlier in the introduction section, despite the importance of the

physicochemical-based features, the impact of a wide range of the physicochemical at-

tributes has not been explored adequately for protein fold recognition. In most of the

cases, either a few popular attributes were used [20, 34, 38] or when a wider range of

attributes were explored, the adopted feature extraction method did not explore the po-

tential local discriminatory information of the attributes, adequately [227]. In Chapter 3,

we proposed two overlapped segmentation-based feature extraction techniques to extract

local and global discriminatory information from a single physicochemical attribute of the

amino acids. However, we have not proposed any technique to explore the discrimina-

tory information of a wide range of the physicochemical attributes, simultaneously. In

this chapter, we propose new features extraction techniques to capture more local and

global information from a wider range of the physicochemical attributes of the amino

Protein Fold Recognition Using Segmentation-based Features 80



Chapter: 5 5.3. Feature Extraction Approaches

acids. Two such feature extraction methods are proposed here namely, segmented density

and segmented distribution. These two feature extraction techniques are introduced in the

following sections.

5.3.1.1 Segmented Density (D S)

This method is mainly proposed to add more local discriminatory information based

on the density of a given attribute. In this approach, we first transform the original

protein sequence (O1, O2, ..., OL) to the protein consensus sequence using the PSSM

(C1,C2, ...,CL). Then, we assign numerical values to the amino acids along the protein

consensus sequence based on a given physicochemical attribute (R1, R2, ..., RL). Then we

segment this sequence using 5% segmentation factor by dividing it equally into 20 seg-

ments. This value of segmentation factor is considered in this study because the shortest

protein in our benchmarks consists of 23 amino acids. Using 5% segmentation factor, we

will guarantee that there is at least one residue (here it is referred to the numerical value

for an amino acid) in each segment. Note that we have investigated different numbers for

segmentation factor in which using 5%, 10% and 25% where the best representatives for

this parameter. Among these values, choosing 5% segmentation factor shows better per-

formance than using 10% and 25% segmentation factors. The expression for segmented

density can be given as follows:

Dseg density =
∑M

i=1 Ri

M
, (5.1)

where M (= L× (5/100)) is the length of each segment. This gives a set of 20 segmented

density features. To this set, we add the global density feature to make a final set of 21

(= 20 + 1) density features (Dseg density +Dglob density = D S). The expression for global

density is given as follows:

Dglob density =
∑L

i=1 Ri

L
. (5.2)

The pseudo code of segmented density approach according to the algorithm is shown

below:
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Algorithm 5.1: The Segmented Density: D S

1 // L: The length of protein sequence

2 // Ri: is the attribute value (normalized) of the i-th amino acid

3 //======================

4 foreach Protein in our benchmark do

5 // Divide the proteins into 20 segments when Fph = 5

6 foreach Segment do

7 Dseg density =
∑M

i=1 Ri

M
;

8 // Where M = 1, ...,20 ;

9 Dglob density =
∑L

i=1 Ri

L
;

10 return Output Dseg density and Dglob density

As it is shown in this pseudo code, if we consider n as the number of samples in

our benchmark the time complexity is of O(L× n) where according to Chapter 3, in this

case we use L as the length of the longest protein in the benchmark. Since L is a constant

number, our time complexity is of O(n). Also, since we read each protein at a time, the

highest space complexity will be of the length of longest protein which will be L which is

a constant.

5.3.1.2 Segmented Distribution (SD)

As it was mentioned earlier, in the segmented density approach the segments of a given

protein sequence are of equal lengths and each segment is represented by a density fea-

ture given by equation 5.1. In this section, we propose another segmentation method

where segments of a protein sequence are of unequal lengths and each segment is rep-

resented by a distribution feature. This feature extraction technique is almost identical

to overlapped segmented distribution feature extraction technique except, we do not use

overlapping scheme in here. However, for the readers’ convenience, we will present this

technique here as well. segmented distribution feature group is extracted as follows. We

first compute the total sum of attribute values over the protein sequence which is equal to

T = ∑L
i=1 Ri. Then, we start from the left hand side of the protein sequence and compute

the partial sum of attribute values for the first I amino acids which is given by P = ∑I
i=1 Ri.

Using the segmentation factor Fph (which is a parameter investigated in this study), we

find out the maximum value I
(1)
max of index I such that partial sum P is less than or equal

to Fph% of the total sum (T). Thus we can say that the first I
(1)
max amino acids of the pro-

tein sequence contribute to Fph% of the total sum (T). We use I
(1)
max to define the ending

location of the first segment, while its beginning point is taken to be 1. The distribution

feature of this segment is given by I
(1)
max/L. In a similar manner, we find out the num-
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ber of first I
(2)
max, I

(3)
max, ..., I

(50/Fph)
max amino acids of the protein sequence that contribute to

2Fph%,3Fph%, ...,50% of T, respectively. Indices I
(2)
max, I

(3)
max, ..., I

(50/Fph)
max are used to define

the ending locations of segments 2,3, ...,50/Fph, respectively; while the beginning loca-

tion of all these segments remains to be 1. The distribution features for these segments are

computed as I
(i)
max/L, i = 2,3, ...,50/Fph. Note that we have thus computed 50/Fph distri-

bution features by processing the protein sequence from the left to the right direction. We

repeat this process from right to left direction to get another set of 50/Fph features. Thus,

the total of 2× (50/Fph) = 100/Fph distribution features are computed in this study. This

procedure is shown in Figure 5.1. The distribution factor Fph is a parameter which is de-

termined here experimentally. For this, three values of Fph (5, 10, and 25) are investigated.

Note that we have investigated different values for distribution factor which these three

values have remained the best representative for this parameter.

To this set of 100/Fph distribution features, we add the global density feature to pro-

vide more global information. Therefore, we have a total of 1+(100/Fph) features. Thus

there will be 21, 11, and 6 features for Fph = 5,10 and 25, respectively.

The pseudo code of segmented density approach according to the Algorithm is shown

below. To maintain the consistency with previously shown pseudo codes in Chapter 3

(Algorithm 3.1 and Algorithm 3.2) we used the same parameters as we used there.
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Algorithm 5.2: The Segmented Distribution: SD

1 // L: The length of protein sequence

2 // Ri: is the attribute value (normalized) of the i-th amino acid

3 // T: Tglobal density ×L

4 // Tglobal density:
∑L

i=1 Ri

L

5 //S:R1 +R2 + ...+Ri

6 //======================

7 foreach Protein in our benchmark do

8 for Fph = 5;Fph <= 50;Fph+= 5 do

9 // When Fph = 5

10 m = 0;

11 S = 0;

12 j = 0;

13 // Starting from the left side of the protein sequence

14 while S ≥ (T ×Fph)/100 do

15 S = R j +S;

16 j++;

17 I
( f )
m = j;

18 m++;

19 for Fph = 5;Fph <= 50;Fph+= 5 do

20 // When Fph = 5

21 m = 0;

22 S = 0;

23 j = 0;

24 // Starting from the right side of the protein sequence

25 while S ≥ (T ×Fph)/100 do

26 S = R j +S;

27 j++;

28 I
(r)
m = j;

29 m++;

30 return Output I
( f )
1 , ..., I

( f )
10 and I

(r)
1 , ..., I

(r)
10 and Tglobal density

Similar to segmented density technique, our time complexity is of O(n). Also, since

we read each protein at a time, the highest space complexity will be of the length of longest

protein which will be L which is a constant.

The main contributions of the segmented density, and segmented distribution feature

extraction methods can be highlighted in two following points. First, they provide more

information based on a given attribute based on the concept of segmentation than using
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Figure 5.1: Segmented distribution feature extraction method

global density feature [44]. Second, different to previous studies, instead of calculating the

distribution from one side or categorizing the amino acids into subgroups based on a given

attribute [20, 124], we calculate the distribution from both sides of the proteins. In this

way, instead of providing cumulative distribution in the rear side of a protein, we calculate

the distribution from both sides that shifts the emphasize of the distribution calculation to

the sides of the proteins. This modification is made due to two main reasons. First, the

cumulative distribution reduces the general impact of the distribution feature. Second, due

to the flexibility of the ends of a protein, they can play more crucial role on the folding

process. Avoiding categorization of the amino acids into different groups also helps to

maintain the information that might be lost through simplification (alphabet reduction

[20, 124]). Note that to distinguish these two feature groups, we will refer to segmented

density as D S and segmented distribution as SD.

5.4 Results and Discussion

In order to evaluate the performance of our proposed methods, we carried out the experi-

ments in two parts. In the first part, we partition the data into training set (having 3/5 of

data) and test set (having 2/5 of data) to simulate the condition of previously proposed ap-

proaches to study the impact of the physicochemical-based feature extraction methods as

it was discussed in Chapter 3, Section 3.2.3 [20]. In the second part, we use 10-fold cross

validation procedure on the employed benchmarks for an exhaustive run and to compare

our results with the best results reported in the literature for protein fold recognition as it

was explained in Chapter 3, Section 3.2.3. In this way, we not only speed up the experi-

mentation process but also avoid misleading results by choosing same evaluation criterion

during feature selection and experimentation processes.
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5.4.1 Part One

In the first part, our aim is to analyze our proposed feature extraction methods (segmented

density and segmented distribution).

5.4.1.1 The Impact of the Proposed Mixture Model

In this section, we analyze the impact of our proposed mixture model with respect to seg-

mented distribution and segmented density feature extraction methods. For segmented

distribution we use Fph for three values of 5%, 10%, and 25%, and for segmented density

we use Fph = 5% . We transform the original protein sequence to the consensus sequence

using our proposed approach (as discussed in section 5.3.1.1) to compare the effective-

ness of features extracted from these two type of sequences. The dimensionality of a

feature vector extracted from an original/consensus protein sequence by segmented dis-

tribution using Fph = 5% is 21, using Fph = 10% is 11, and using Fph = 25% is 5; and

by segmented density using Fph = 5% is 21. Therefore, four different ways of extracting

features will give four sets of feature vectors. These feature vectors are then processed

through a classifier to get classification accuracy. Since there are 55 attributes, we will get

55 values of classification accuracies for each method of extracting features (four methods

in total) and for each classifier (five classifiers in total). These classification accuracies are

calculated for the original protein sequences as well as for the consensus sequences. As it

was mentioned earlier, the full results of this experimentation is available in Appendix B

for original protein sequence and Appendix C for consensus sequence. Note that we have

omitted the results achieved for KNN in this step due to its poor performance compared

to the other four classifiers. As it is shown in Appendix B and Appendix C, the results for

the KNN is very poor for the EDD and TG benchmarks. Therefore, we can conclude that

as the sequential similarity of the protein reduces, the probability of finding neighboring

amino acids which are belong to a same fold is lower. Therefore, there is a direct relation

between having neighboring amino acids from the same fold with the sequential similarity

rate of the proteins.

For presentation, here we first compute the average and maximum of the classifi-

cation accuracies over 55 attributes by using the consensus sequence for a given feature

extraction approach. Similarly, we compute the values by using the original protein se-

quence. We then subtract the average classification accuracy obtained by using the original

protein sequence from the average classification accuracy obtained by using the consen-

sus sequence. In a similar manner, we subtract the maximum classification accuracies

obtained by using the original protein sequence and consensus sequence. The results of

these comparisons are shown in Table 5.2. The prediction accuracies achieved using all

four employed classifiers show that extracting features from the consensus protein se-
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quence consistently performs better than from the original protein sequence. Despite the

small number of extracted features (5,11, and 21 features) the average and maximum pre-

diction performance are significantly higher. The enhancement achieved by using consen-

sus sequence than using original sequence for feature extraction once again highlights the

effectiveness of our proposed mixture of evolutionary and physicochemical based feature

extraction technique as it was discussed in Chapter 4.

Table 5.2: Comparison of the achieved results (in percentage) using explored classifiers

to evaluate mixture model for feature extraction for the EDD and TG benchmarks. In

each case, the enhancement of the average values (average mixture - average original)

and maximum values (maximum mixture - maximum original) are shown. The maximum

refers to the highest results achieved for an specific attributes. From left to right, column

shows the performance for segmented distribution using 25%, 10%, and 5% distribution

factor, and 5% segmented density, respectively.

Methods EDD TG

SD(5%) SD(10%) SD(25%) D S(5%) SD(5%) SD(10%) SD(25%) D S(5%)

AdaBoost.M1

Average 2.0 2.4 2.7 3.0 0.8 1.4 1.3 1.1

Maximum 1.4 3.7 3.2 4.3 1.9 3.5 1.6 0.6

Random Forest

Average 2.1 2.6 2.60 2.8 1.2 1.2 1.2 1.3

Maximum 3.6 3.8 2.7 2.7 0.2 2.7 1.7 1.6

SVM

Average 2.0 1.9 2.0 2.2 1.3 0.9 1.0 1.4

Maximum 2.4 0.5 1.1 2.1 1.4 1.0 2.2 1.6

Naive Bayes

Average 1.6 1.8 1.9 2.6 0.5 0.5 0.4 1.3

Maximum 1.3 1.8 1.5 3.1 0.2 1.7 1.6 3.2

5.4.1.2 The Impact of the Segmentation Factor on the Segmented Distribution Method

In this section we study the impact of segmentation factor on the segmented distribution

method in the following two steps. First, for a given classifier, we calculate the average

and maximum classification accuracies as it was done in the previous subsection. Then

for a given classifier, we subtract the maximum and average values calculated using seg-

mented distribution with Fph = 25% from the average and maximum values calculated

using segmented distribution with Fph = 10% as well as Fph = 5%. As it is shown in Ta-

ble 5.3, by trivially increasing the number of extracted features by adjusting segmentation

factor from 25% to 5% and from 25% to 10%, the prediction enhancements is noticeable.

Note that the performance of Naive Bayes did not improve due to increase in correlation of

the extracted features. Therefore, the prediction enhancement of the other three classifiers

are shown and compared in here. As it is shown in Table 5.3, the prediction enhancement

for the Random Forest, and the Adaboost.M1 classifiers using 5% segmentation factor

compared to 25% is higher than 25% and 10% while for the SVM classifier it is not sig-

nificant. This phenomenon emphasizes the impact of the segmentation factor with respect

to the classifier being used.
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Table 5.3: Comparison of the achieved results (in percentage) using the Adaboos.M1,

Random Forest, and SVM (p = 1) to evaluate the enhancement achieved considering the

segmented distribution approach for the EDD and TG benchmarks.

EDD Benchmark TG Benchmark

From 25% to 5% From 25% to 10% From 25% to 5% From 25% to 10%

AdaBoost.M1

Average 8.3 5.7 6.6 4.3
Maximum 11.3 10.2 10.3 7.9

From 25% to 5% From 25% to 10% From 25% to 5% From 25% to 10%

Random Forest

Average 7.8 5.6 6.9 4.8
Maximum 11.5 9.3 12.2 7.3

From 25% to 5% From 25% to 10% From 25% to 5% From 25% to 10%

SVM

Average 3.8 2.1 3.6 2.1
Maximum 7.1 6.5 6.9 7.1

5.4.2 Part Two

In the second part and final stage, we aim at tackling the state of the art approaches used

for protein fold recognition. Therefore, we explore the impact of the proposed approaches

for the EDD and TG benchmarks using 10-fold cross validation.

5.4.2.1 Comparison of Our Results with Previous Studies

In this part, we extract eight different feature sets consisting of a combination of features

extracted from different attributes using our proposed feature extraction methods in the

following two steps. We first study the performance of a given classifier, based on the

employed feature extraction method (explored on the TG benchmark). Then, based on

each classifier, two feature sets are constructed such that each feature set consists of fea-

tures extracted using a similar feature extraction method and attained the best results for

the studied classifier (eight combinations in total). These feature sets are constructed in

the way to keep the number of employed features, small. In the following paragraph, at-

tributes as well as feature extraction methods used to build each of our eight feature sets

are explained. For simplicity, we refer to each attribute by its number as in Table 5.1.

The first and second combinations are extracted respectively based on the perfor-

mance of the Adaboost.M1 classifier on the segmented distribution with Fph = 10% (at-

tribute numbers: 3, 4, 5, 14, 17, 26, 28, 30, 33, 41, 48 = 121 features) and the segmented

density with Fph = 5% (attributes numbers: 1, 3, 4, 20, 54, 55 = 126 features) feature

extraction methods. The third and fourth are extracted based on the performances of the

Random Forest classifier on the segmented density with Fph = 5% (1, 3, 16, 17, 41, 55 =

126 features) and the segmented distribution with Fph = 10% (3, 4, 5, 14, 16, 17, 26, 28,

30, 41, 44, 48 = 132 features) feature extraction methods. The fifth and sixth combinations

are extracted based on the performances of the SVM classifier on the segmented distribu-

tion with Fph = 25% (1, 3, 4, 5, 17, 27, 29, 30, 31, 33, 35, 37, 38, 39, 40, 41, 44, 47, 48,
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55 = 100 features) and the segmented distribution with Fph = 5% (3, 5, 15,17, 30, 41, 44

= 147 features) feature extraction methods. Finally, the seventh and eighth are extracted

based on the performances of the Naive Bayes classifier on the segmented distribution

with Fph = 25% (1, 3, 4, 5, 14, 16, 17, 27, 29, 30, 31, 32, 33, 37, 38, 39, 40, 41, 44, 47,

48, 55 = 110 features) and the segmented density with Fph = 5% (3, 16, 17, 24, 33, 42 =

126 features) feature extraction methods.

It is important to highlight that most of the attributes used to construct these fea-

ture sets have not been used or adequately explored for protein fold recognition. These

attributes individually outperforms most of the popular attributes used to tackle this prob-

lem (e.g. average long range contact energy (16), total non bounded energy (22), and

mean fractional area loss (51)). In many cases, even for similar attributes, usage of ref-

erences that have not been used for this problem (e.g. hydrophobicity scale extracted

from the contact energy derived from the 3D data (42) compared to popular references

such as consensus normalized hydrophobicity scale (9)) also shows better performance

which highlights the demand for revision of current physicochemical attribute selection

approaches.

In continuation, the PSSM-AC, PSSM-AAC feature groups as well as the length of

the amino acids feature [37] are added (221 features in total) to each extracted combination

of feature groups (which will be referred as Combdp 1 to Combdp 8). Combdp <numb>

refers to diverse evolutionary-based combination which is different to comb <numb> in

Chapter 3 and combp <numb> in Chapter 4. As it was shown in previous studies and

supported by our results in Chapter 4, the SVM classifier attains the best results using

evolutionary-based features extracted from the PSSM and outperforms other classifiers

used for protein fold recognition [39, 51, 103]. Therefore, in this part, we only report the

results attained using the SVM. The overall architecture of the proposed model is shown

in Figure 5.2.

Figure 5.2: The overall architecture of our proposed model.

In continuation, three SVM-based classifiers applied to the input feature vectors

namely, the SVM using polynomial kernel p = 1 and p = 3, as well as the SVM using

the RBF kernel which its parameters optimized in the LIBSVM. Among the employed
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SVM-based classifiers, the SVM using linear kernel (polynomial kernel of first degree

(p = 1)) attains comparable results to the other SVM-based classifiers employed in this

study. This is similar to the results achieved for the comparison of using the SVM with

three different kernels in Chapter 4. It emphasizes on the effectiveness of the input feature

vector (discriminatory information provided by the employed features reduces the need

for using more complex kernel). We apply the SVM (p = 1) to all eight combinations

of features and report the results in Table 5.4. As it is shown, we reach to over 80% and

58% prediction accuracies for the EDD and TG benchmarks, respectively. These results

shows the effectiveness of our extracted features based on the combination of features

extracted from different attributes. It also highlights the effectiveness of our feature ex-

traction techniques in which regardless of the combination of attributes being used, the

prediction accuracies are high for all eight feature vectors.

Table 5.4: The results achieved (in percentage) by using the SVM for 15 feature vectors

extracted from the explored attributes in this study (for the EDD and TG benchmarks).

Combdp <numb> EDD TG

Combdp 1 82.9 63.1

Combdp 2 80.6 59.3

Combdp 3 80.4 59.1

Combdp 4 82.6 63.7

Combdp 5 82.8 62.2

Combdp 6 82.2 63.5

Combdp 7 83.1 63.7

Combdp 8 80.3 58.3

We achieve to over 26.9% and 14.7% better results than previous studies that have

used original protein sequence to extract physicochemical-based features. It shows the

effectiveness of our mixture technique to extract features. As it is shown in Table 5.4, the

best results is achieved by using the SVM (p = 1) to Combdp 7. The fact that we extract

this feature group based on the performance of Naive Bayes classifier guarantees that we

do not over fit this feature group with the SVM classifier. We then compare our best results

achieved in this Chapter with previously reported results found in the literature. Similar to

previous Chapter, we reproduce the results reported by Dong et al., which outperformed

other methods used for protein fold recognition [38, 51, 119, 124]. We have also extracted

the G49 feature vector introduced by Gromiha et al., and added the PSSM-AC, PSSM-

AAC, and the length of the protein sequence (221 features) to it [44]. The best results

achieved in this study, compared to the state of the art results reported in previous studies

are shown in Table 5.5.

As it is shown in Table 5.5, we achieve up to 83.1% and 63.7% prediction accuracies

for the Combp 7 for the EDD and TG benchmark. These results significantly outperform

most of the previous studies found in the literature. We also achieve to over 29.7% and

20.1% better results than using the G49 feature groups which is extracted from the con-
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Table 5.5: The best results (in percentage) achieved in this study compared to the best

results achieved for protein fold recognition in the literature.

Study Attributes No. of features Method EDD TG

[69] Occurrence (original sequence) 20 LDA 42.9 36.3

[69] Composition (original sequence) 20 LDA 40.9 32.0

[20] Features proposed in [20] 126 SVM (p = 1) 46.3 38.5

[146] Features proposed in [20] 126 AdaBoost.M1 44.7 36.4

[150] Features proposed in [20] 126 Random Forest 42.9 37.1

[136] Features proposed in [20] 126 EDC 47.6 40.7

[136] Features proposed in [34] 219 SVM (p = 1) 47.3 40.1

[136] Features proposed in [34] 219 EDC 48.8 41.1

[43] 69D (only physicochemical features) 69 SVM 36.6 33.0

This study Comb 6 (only physicochemical features) 202 SVM (p = 1) 53.1 43.6

This study Comb 10 (only physicochemical features) 202 SVM (p = 1) 53.4 43.1

[108] Threading - Naive Bayes 70.3 55.3

[37] PF (bi-gram) 400 SVM (RBF) 75.2 52.7

[37] TF (Tri-gram) 8000 SVM (RBF) 71.0 49.4

[38] Combination of bi-gram features 2400 SVM (RBF) 69.9 55.0

[124] PSIPRED and PSSM features 242 SVM (RBF) 77.5 60.1

[39] ACCfold-AC 200 SVM (RBF) 79.9 58.8

[39] ACCfold-ACC 4000 SVM (RBF) 85.9 66.4

This study Combp 5 402 SVM (p = 1) 82.8 64.6

This study Combp 7 402 SVM (p = 1) 82.9 64.0

This study G49 + PSSM-AC + PSSM-AAC (original sequence) 49+221 SVM (p = 1) 44.7 35.7

This study G49 + PSSM-AC + PSSM-AAC (consensus sequence) 49+221 SVM (p = 1) 59.7 45.9

This study Combdp 7 331 SVM (p = 1) 83.1 63.7

sensus sequence of the proteins and combined with the PSSM-AC and PSSM-AAC for

the EDD and TG benchmarks, respectively. It highlights the effectiveness of our pro-

posed feature extraction techniques to combine extracted features from a wide range of

physicochemical attributes compared to use of general density feature. To determine the

effectiveness of the employed feature groups to build the Combdp 7 and their contribution

on the achieved results, we will use the SVM for each of them individually as well to their

combination to build the Combqp 7. These results are shown in Table 5.6. As it is shown

in this table, using Combination number 7, we achieve better results than using the EOSD

or the EOSA that was proposed in Chapter 4. It shows the ability of our proposed feature

group to provide more discriminatory information for protein fold recognition compared

to the EOSD and the EOSA. However, when we build the Combqp 7 with adding the

PSSM-AC, the PSSM-AAC, and the length feature to the combination number 7, we will

achieve to similar or slightly worst results than using Combp 5 (introduced in Chapter 4).

Table 5.6: The impact of proposed feature groups proposed in this study (using the SVM

classifier (p = 1)) to enhance the protein fold prediction accuracy (in percentage) for the

EDD and TG benchmarks.

Combination of features EDD TG

PSSM-AAC 50.3 36.3

PSSM-AC 71.4 49.8

Combination number 7 66.6 50.3

PSSM-AC + PSSM-AAC 79.9 59.0

PSSM-AC + PSSM-AAC + Combination number 7 82.9 63.4

PSSM-AC + PSSM-AAC + Combination number 7 + length 83.1 63.7

Despite our promising results achieved by using the SVM to the Combdp 7 feature
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vector, we are still unable to outperform the state of the art result found in the literature for

protein fold recognition [39]. Comparing our results with the results that we reported in

previous chapter, we will see we have achieved to almost similar or even slightly worst re-

sults. As it is reported in Chapter 4, using features extracted by overlapping segmentation-

based feature extraction scheme in addition to the PSSM-AC, PSSM-AAC, and length

features, we reach up to 82.9% and 64.6% prediction accuracies for the EDD, and TG

benchmarks, respectively. While the prediction accuracies for the EDD and TG bench-

marks using non overlapping segmentation-based feature extraction scheme in this chap-

ter in addition to the PSSM-AC, PSSM-AAC, and length features, are 83.1% and 63.7%,

respectively. This is equivalent with saying that by using a wide range of physicochemical

attributes and non overlapping segmentation-based feature extraction technique we can

provide same discriminatory information as using an individual physicochemical attribute

and overlapped segmentation based feature extraction technique.

Our results achieved in Chapter 4, and Chapter 5 highlights the effectiveness of

segmentation-based feature extraction techniques that are proposed in this study compared

to previously proposed feature extraction techniques in the literature. However, the main

conclusion that we derive from the similarity of the results in Chapter 4, and 5 is that our

proposed segmentation based feature extraction techniques are not able to extract adequate

local and global physicochemical-based discriminatory information to outperform the best

result reported in the literature for protein fold recognition [39]. Therefore, referring to

the two alternatives that we mentioned earlier in Section 5.1, we will focus on exploring

alternative sources for feature extraction to solve the protein fold recognition problem in

the next chapter. Note that the results reported in this chapter are published in [228] and

[229].

5.5 Conclusion

In this study, we tried to enhance the protein fold prediction accuracy and also to pro-

vide effective information about the impact of a wide range of physicochemical attributes

on the folding process in the following steps. First, we proposed two different feature

extraction methods based on the concepts of segmented distribution and segmented den-

sity to provide more local and global discriminatory information than previously proposed

methods in the literature for this task. These techniques were proposed to replace the

overlapping feature extraction techniques that proposed in Chapter 3 to reduce the number

of extracted features and at the same time maintain the extracted discriminatory informa-

tion. We explored a wide range of physicochemical attributes (55 attributes) using the

proposed feature extraction methods and five best off the shelf classifiers namely, Random

Forest, Adaboost.M1, Naive Bayes, KNN and SVM. Finally, by using a combination of a

wide range of attributes that most of them have not been adequately explored in previous
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studies we achieved up to 83.1% and 63.7% prediction accuracies for the EDD and TG

benchmarks, respectively. Despite achieving to significantly higher results compared to

similar studies that have tried to extract physicochemical based features for protein fold

recognition, we were not able to enhance the protein fold prediction accuracy better than

the best result reported in [39] for this task.

The similarity of the results in this chapter and previous chapter offers that using

overlapped segmentation-based feature extraction techniques for a single attribute and a

non-overlapping segmentation-based techniques for a wide range of physicochemical at-

tribute for feature extraction, we provide similar discriminatory information. As it was

the aim of this chapter, we have tried to enhance the protein fold prediction accuracy by

exploring a wide range of physicochemical attributes to provide more discriminatory in-

formation for this task. Despite proposing more sophisticated combination of features,

we could not achieve to any better result than using an individual physicochemical at-

tribute for feature extraction (using the overlapped segmentation-based feature extraction

technique).

Studying these two main approaches to explore potential discriminatory information

based on the physicochemical attributes of the amino acids, we conclude that by relying

on this source of information for feature extraction, we are not able to outperform the best

result reported for protein fold recognition in [39]. Therefore, in the next chapter, we will

approach the second alternative to tackle protein fold recognition. We will improve our

proposed segmentation-based feature extraction techniques based on our experiments in

these three chapters and extend them to extract evolutionary and structural-based features

to solve the protein fold recognition problem.

Protein Fold Recognition Using Segmentation-based Features 93



Chapter: 5 5.5. Conclusion

Protein Fold Recognition Using Segmentation-based Features 94



6
A Segmentation-based Method to

Extract Structural and Evolutionary
Features

In previous chapters, we have focused on extracting local and global physicochemical in-

formation to solve protein fold recognition. To do this, we first proposed two overlapped

segmentation-based feature extraction techniques and explore them for a wide range of

physicochemical attributes of the amino acids. We have shown their effectiveness for ex-

tracting physicochemical-based features compared to previously proposed methods found

in the literature (Chapter 3). Then we have proposed a mixture of physicochemical and

evolutionary-based feature extraction technique to get the benefit of these two sources, si-

multaneously. We have shown that by our proposed technique, we can outperform similar

studies that have tried to address this problem using physicochemical information, dra-

matically (Chapter 4). However, we have not still been able to outperform the best result

reported for the protein fold recognition problem in [39].

To achieve this goal, we have defined two alternatives to enhance our achieved protein

fold prediction accuracy. First, to propose new techniques to provide more discriminatory

information based on physicochemical attributes of the amino acids. Second, to use other

sources to provide more discriminatory information for this task such as evolutionary and

structural information. In Chapter 5, we have tried the first approach. We have proposed

a new technique to use features that are extracted from a wide range of physicochemical

attributes and combined them together for the protein fold recognition problem. We have

proposed two non-overlapping segmented based feature extraction techniques. We have

used these feature extraction methods in conjunction with the mixture of physicochemi-

cal and evolutionary-based features to tackle protein fold recognition. Despite promising

results compared to similar studies, we could not perform any better than using the over-

lapping segmentation based feature extraction technique. However, we could improve our

proposed segmentation-based feature extraction techniques based on their advantages and
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shortcomings.

In this chapter, we will approach the protein fold prediction problem choosing the

second alternative. We will explore evolutionary and structural information for this task.

We will show that by extracting evolutionary and structural-based features using our pro-

posed segmentation-based feature extraction techniques, we are able to enhance the pro-

tein fold prediction accuracy better than previously reported results found in the literature.

6.1 Introduction

As it was highlight in Chapter 2, features have been used for the protein fold recognition

problem can generally be categorized into four groups namely, sequential, physicochem-

ical, evolutionary, and structural-based features. Among these features, physicochemical

features are considered to be the most important features since they are able to provide

information regarding relation between the physicochemical attributes of the amino acids

and the fold process [20, 44, 134]. In previous chapters, we have focused on proposing

novel physicochemical-based feature extraction technique to explore potential discrimina-

tory information of these attributes for protein fold recognition.

In Chapter 3, we have proposed two overlapped segmentation-based feature extrac-

tion techniques and showed that by using them, we can enhance the protein fold prediction

accuracy compared to similar studies found in the literature. We have also shown the po-

tential discriminatory information of the physicochemical attributes that have not been

used in the literature for this task. However, our results was by far lower than the best

results reported in the literature for the protein fold recognition problem [37, 38, 39, 47,

51, 81, 94, 119].

In Chapter 4, by proposing a mixture of evolutionary and physicochemical based fea-

tures, using our proposed overlapped segmentation-based feature extraction techniques,

and informative physicochemical attributes that have not been explored adequately in the

literature we have achieved promising results. We have outperformed most of the studies

found in the literature and significantly enhanced the protein fold prediction accuracy us-

ing physicochemical-based features. However, we have not been able to outperform the

best results reported for this task in [39]. Therefore, we have defined two main alterna-

tives to enhance our protein fold prediction ability. First, to improve our proposed feature

extraction technique to provide more information and discard possibly redundant features

and to combine a wide range of physicochemical attributes for feature extraction. Second,

to shift our focus to employe other sources such as evolutionary and structural information

for feature extraction.

In Chapter 5, we have approached for the first alternative. We have proposed a non-

overlapping feature extraction technique. We have reduced the number of extracted fea-
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tures from an individual physicochemical attribute and combined features extracted from

a wide range of physicochemical attributes to solve this problem. Our results have shown

significant enhancement compared to similar studies. However, we could not enhance the

protein fold prediction accuracy any better than our results in Chapter 4. Therefore, we

conclude that by relying on physicochemical-based features, we are not able to enhance

the protein fold prediction accuracy better than the best results reported in the literature

[39]. It highlights the necessity of using other sources for feature extraction.

In this chapter, we aim at extracting local and global features using our proposed seg-

mentation based feature extraction techniques from evolutionary and structural informa-

tion. We propose segmented distribution and segmented auto-covariance feature extraction

methods to extract local evolutionary information embedded in the PSSM as well as struc-

tural information embedded in the predicted secondary structure using SPINE-X. We also

employ the occurrence feature group to extract global discriminatory information from the

transformed protein sequence using evolutionary and structural information embedded in

the PSSM and SPINE-X for protein fold recognition. In this chapter, in addition to the

EDD and TG benchmark, this time we will investigate the impact and generality of our

proposed methods on two more benchmarks including a benchmark consisting of proteins

belonging to 110 different folds with less than 40% sequential similarity. By applying the

SVM to our extracted features we finally enhance the protein fold prediction accuracy by

7.4% better than the highest reported results found in the literature [39].

6.2 Benchmarks

For this experiment, four benchmarks namely, the TG, EDD, F92, and F110 are used to

investigate the performance of our proposed methods. In addition to the EDD and TG

benchmarks that are introduced in Chapter 3, Section 3.2, the F92, and F110 benchmarks

are also introduced and used in this chapter. We use these two benchmarks which are ex-

tracted from the SCOP 1.75 to investigate the impact of our proposed methods for bench-

marks consisting of large number of folds. The F92 benchmark consists of 6331 proteins

belonging to 92 most populated folds in the SCOP. This benchmark is generated by mak-

ing sure that each fold at least consists of 25 proteins. The F110 consists of 6723 proteins

belonging to 110 folds in which each fold has at least 20 proteins. Having larger number

of folds, these two benchmarks are able to provide more reliable and general results for

protein fold recognition. Furthermore, comparison of the results achieved for the EDD,

F92, and F110 can provide important information regarding the impact of increasing the

number of folds on the protein fold recognition performance.
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6.3 Feature Extraction Method

In this study, we rely on the PSSM and the predicted secondary structure using SPINE-X

to extract evolutionary and structural information, respectively. We will extract the PSSM

for our employed benchmarks as it was done in Chapter 4. We also use predicted sec-

ondary structure using the SPINE-X which was recently proposed in [230] and attained

better results (especially for the coded areas) than the PSIPRED on predicting the protein

secondary structure [123]. Given a protein sequence, SPINE-X returns an L× 3 matrix

(which will be referred as the SPINE-M for the rest of this study) consisting of the nor-

malized probabilities of contribution of a given amino acid based on its position along the

protein sequence to build each of the three secondary structure elements namely, α-helix,

β -strands, and the coils. It also returns a transformed version of the protein sequence

(also extracted from the SPINE-M) in which each amino acid along the protein sequence

is replaced with H (represents helix), E (represents strand), or C (represents coil) based on

its tendency to incorporate in building one of these secondary structure elements. In this

study, we will refer to this sequence as the structural consensus sequence. It is expected

that predicted secondary structure using the SPINE-X provides significant structural in-

formation for protein fold recognition similar to or even better than the PSIPRED due to

its better performance [47, 51, 75, 230].

During the last decade, the substitution score (extracted from the PSSM) using the

PSIBLAST and the predicted secondary structure using the SPINE-X (or the PSIPRED

before that) have been widely used in the protein science (e.g. the protein fold prediction,

protein function prediction, protein structure prediction, protein subcellular localization

prediction problems) and extracted features from these sources attained promising results

[33, 39, 51, 75, 178, 231]. As it is highlighted in [122], the most sensitive methods for

protein fold recognition use sequence profiles to represent both the query and the data base

proteins. The robustness and sensitivity of the PSSM and the SPINE-X for feature extrac-

tion have been studied in [75, 122, 230]. In continuation, the global and local features

extracted in this study will be explained in detail.

6.3.1 Global Features

To extract global discriminatory information embedded in the PSSM and SPINE-M we

mainly rely on the occurrence feature group. We extract evolutionary and structural con-

sensus sequence-based occurrence from the transformed protein sequence using the PSSM

and SPINE-M, respectively. The occurrence feature group maintains the information re-

garding the length of protein sequence which is disregarded using composition feature

group [75, 79, 124]. Also, in this way we are able to omit length feature as it is explicitly

embedded in occurrence feature group (as it was studied in Chapter 4, Section 4.5).
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We also extract two semi-occurrence feature groups directly from the PSSM and

SPINE-M which represent the summation of the substitution probabilities of the amino

acids and the normalized probabilities of the secondary structure elements, respectively

[17, 51, 179]. These feature groups are able to provide important global discriminatory

information about the substitution probabilities of the amino acids as well as normalized

frequencies of the secondary structure elements.

6.3.1.1 Consensus Sequence-based Occurrence:

In this method, we extract occurrence of the amino acids as well as occurrence of the sec-

ondary structure elements derived from the evolutionary-based and the structural-based

consensus sequences, respectively. To extract the occurrence feature group from the evo-

lutionary consensus sequence, we first need to extract this sequence from the PSSM. In

the evolutionary consensus sequence, amino acids along the original protein sequence

(O1,O2, ...,OL) are replaced with the corresponding amino acids with the maximum sub-

stitution probabilities (C1,C2, ...,CL). This is done in the similar manner as it was done in

Chapter 4, Section 4.3.2. After calculating the evolutionary consensus sequence, we count

the occurrence of each amino acid (for all the 20 amino acids) along this sequence and

produce the occurrence feature group from the evolutionary based consensus sequence

which we call Amino Acid Occurrence (AAO).

Similarly, we calculate the occurrence of the secondary structure elements from the

structural consensus sequence (for all three elements) and extract the corresponding fea-

ture group. We extract the structural consensus sequence in the following two steps. First,

for a given amino acid, the index of the secondary structure element with the highest sub-

stitution probability is calculated as follows:

Ii = argmax{Si j : 1 ≤ j ≤ 3}, 1 ≤ i ≤ L, (6.1)

where Si j is the normalized probability of the occurrence of the jth secondary structure

element for the ith amino acid in the SPINE-M. In the second step, we replace the amino

acid at ith location of original protein sequence by the Ith
i secondary structure elements

to form the the structural consensus sequence. We will refer to this feature group as

Secondary Structure Elements Occurrence (SSEO).

6.3.1.2 Semi-Occurrence

In this method, we calculate semi-occurrence feature group from the PSSM and the SPINE-

M. It is called semi-occurrence because instead of using the protein sequence directly to

calculate the occurrence of the amino acids, we calculate the summation of the substitu-
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tion probabilities for the amino acids from the PSSM or the normalized frequencies of the

secondary structure elements from the SPINE-M. The semi-occurrence derived from the

PSSM (PSSM-AAO) is calculated as follows:

PSSM-AAO j =
L

∑
i=1

Pi j,( j = 1, ...,20). (6.2)

The PSSM-AAO consists of 20 features. In a similar manner, we calculate the semi-

occurrence of the normalized frequencies of the secondary structure elements from the

SPINE-M (SPINE-SSEO) as follows:

SPINE-SSEO j =
L

∑
i=1

Si j,( j = 1,2,3). (6.3)

The SPINE-SSEO consists of three features. We then combine all these four global

feature groups together (AAO + SSEO + PSSM-AAO + SPINE-SSEO). For the rest of

this study, the combination of all these four global feature groups will be referred as Fglobal

which consists of 46 features in total.

6.3.2 Local Features

To extract local features, we use two segmentation methods namely segmented distribu-

tion and segmented auto covariance. In this manner, we are able to provide more local

information compared to the global features described earlier. The segmented distribution

feature extraction technique is similar to the one that was explained in Chapter 5. We mod-

ify this technique and adopt it to extract feature from the PSSM and SPINE-M. Explaining

this method will highlight the modification that are made in this technique to extract evo-

lutionary and structural features. It also helps us to explain segmented auto-covariance

feature extraction technique more clear. Therefore, for the readers’ convenience, we will

explain this technique here with respect to the modification that are made to this technique

to extract evolutionary and structural features from the PSSM and SPIEN-M, respectively.

6.3.2.1 Segmented Distribution

Here, we first apply a segmentation method to individual columns of the PSSM and

SPINE-M matrices and represent each segment by a distribution feature. For the PSSM

and for its jth column, we first calculate the total sum of substitution probabilities Tj =

∑L
i=1 Pi j. Then, starting from the first row of the PSSM (which corresponds to the first

amino acid in the protein sequence), we compute the sum (S1 = ∑
I1

j

i=1 Pi j) of the substitu-

tion probabilities corresponding to the jth column until reaching to less than or equal to
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FP (segmentation factor) of Tj, where I1
j is the number of amino acids used in computing

the sum S1. The amino acids from index 1 to I1
j are considered to define the first segment

for the jth column of the PSSM. We use the index of last amino acid of this segment (i.e.,

I1
j ) as the first segmented distribution feature. Next, we calculate the index of the last

amino acid in the second segment (i.e., I2
j ) by summing the substitution probabilities of

the amino acids (again, starting from the first row of the PSSM) until reaching 2×FP of

Tj, and use it as second segmented distribution feature. We will repeat this process until

reaching to 50% of Tj and extract corresponding features. In this study, FP is set to 25% as

using other values of FP (10% and 5%) are attained similar performance. Hence, starting

from the first amino acid in the jth column of the PSSM we extract two indices (I1
j and I2

j )

as features (2× 25% = 50%). Note that we have explored a wider range of numbers for

FP where these three numbers are shown as the best representatives for this parameter.

Next, we calculate two more features (I3
j , I4

j ) for the jth column of the PSSM by

carrying out the segmentation in reverse order FP = 25%. Instead of starting from the

first row of jth column of the PSSM as done previously to compute I1
j and I2

j , we now

start from the last row of the PSSM (corresponding to the last amino acids of the protein

sequence). To calculate I3
j , starting from the last row of the PSSM, we sum the substitution

probabilities of the amino acids until reaching less than or equal to FP of Tj (25% of Tj). In

the similar manner, we calculate I4
j , summing substitution probabilities of the amino acids

(starting from the last row of the PSSM) until reaching to 2×FP of total sum (50% of Tj).

Thus, we calculate four segmented distribution features for each column in the PSSM (two

features by starting from the first row and two features by starting from the last row). This

means that we will have a total of 4 × 20 = 80 features for 20 columns in the PSSM to build

segmented distribution feature group (called PSSM SD). In a similar manner, we calculate

the segmented distribution feature group of the normalized frequencies of the secondary

structure elements from the SPINE-M (called SPINE SD) using FS = 25% (where Fs is

used as the segmentation factor for the SPINE-M equivalent to FP used for the PSSM) and

respectively extract 3× 4 = 12 features in total for all three elements. The configuration

of the segmentation scheme adopted in this study for one single column of the PSSM or

SPINE-M is shown in Figure 6.1.

In segmented distribution feature extraction technique, we extract the distribution

value in which explains how amino acids are distributed along the protein sequence with

respect to their substitution scores. Therefore, it returns the index which is equal to the

number of amino acids for each segment while semi-occurrence returns the summation of

substitution scores. As it was shown in Chapter 3 and Chapter 5, the segmented distribu-

tion is an effective feature group for protein fold recognition.
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Figure 6.1: The segmentation method adopted in this study used for a single column of the

PSSM or SPINE-M (Fp and Fs are segmentation factors used for the PSSM and SPINE-M,

respectively.).

6.3.2.2 Segmented Auto Covariance Features:

In chapter 4, we have used overlapped segmented autocorrelation technique to extract

physicochemical-based features from the protein sequence. In this Chapter, we extend the

concept of segmented distribution feature extraction technique as described in the previous

subsection as well as overlapped segmented autocorrelation technique to propose the non-

overlapping segmentation-based auto covariance feature extraction technique. This aims

at providing effective local evolutionary and structural information from the PSSM and

SPINE-M and reduce the number of overlapping features as we will be able to used it for

a wider range of sources for feature extraction.

First for the PSSM, we segment the protein sequence using FP = 25%. Using a pro-

cedure similar to the one described in the previous subsection, for the jth column in the

PSSM we divide the protein sequence into 4 segments (from first amino acid correspond-

ing to first row of the PSSM until reaching I1
j ; from first amino acid corresponding to first

row of the PSSM until reaching I2
j ; from last amino acid corresponding to the last row of

the PSSM until reaching I3
j ; and from last amino acid corresponding to the last row of the

PSSM until reaching I4
j ). we calculate auto covariance feature group using KP (distance

factor used for the PSSM for each segment) as follows:

PSSM-segn,m, j =
1

(In
j −m)

In
j −m

∑
i=1

(Pi, j −Pave, j)× (P(i+m), j −Pave, j),

(n = 1,2,3,4 & m = 1, ...,KP & j = 1, ...,20), (6.4)
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where, Pave, j is the average substitution probability for the jth column of the PSSM. We

also compute the global auto covariance coefficient (KP features) as follows:

PSSM-ACm, j =
1

(L−m)

L−m

∑
i=1

(Pi, j −Pave, j)× (P(i+m), j −Pave, j),

(m = 1, ...,KP & j = 1, ...,20). (6.5)

Thus, we extract a total of (2KP + 2KP +KP = 5KP) auto covariance features (2KP

features for segments corresponding to I1
j and I2

j , 2KP features for segments corresponding

to I3
j and I4

j and KP features corresponding to global auto covariance) in this manner. Then

by combining the PSSM-AC and the PSSM-seg (extracted for all 20 columns of the PSSM)

we build the corresponding feature group which is called the PSSM-SAC (20× (5×KP))

features in total).

This procedure is also repeated for the SPINE-M in the same way (KS is used as

the distance factor for the SPINE-M equivalent to the KP used for the PSSM). We extract

segmented auto covariance of normalized frequency of the secondary structure elements

features from all three columns of the SPINE-M as follows:

SPINE-segn,m, j =
1

(In
j −m)

In
j −m

∑
i=1

(Si, j −Save, j)× (S(i+m), j −Save, j),

(n = 1,2,3,4&m = 1, ...,KS & j = 1,2,3), (6.6)

where, Save, j is the average substitution probability for the jth column in the SPINE-M.

Similarly, the global auto covariance is computed for all three columns of the SPINE-M

as follows:

SPINE-ACm, j =
1

(L−m)

L−m

∑
i=1

(Si, j −Save, j)× (S(i+m), j −Save, j),

(m = 1, ...,KS & j = 1,2,3). (6.7)

The combination of the SPINE-seg and the SPINE-AC builds the SPINE-SAC con-

sisting of 3× (5KS) features in total.
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6.4 Classification Technique

As it was shown in previous Chapters, the SVM attains the best results compared to other

classifiers explored in this study. We again investigate the SVM with three different ker-

nels namely, the polynomial kernel with p= 1, polynomial kernel with p= 3, and the RBF

kernel. In previous chapters, using the SVM with polynomial kernel with p = 1 (despite

its simplicity) has attained comparable results with using the SVM with the other two

kernels. However, for the evolutionary and structural-based features, it has been shown

that the SVM using the RBF kernel attains slightly better results than other two kernels

which supports the results in previous studies [37, 38, 39, 51]. Therefore, we will use

the SVM with the RBF kernel in this chapter. Besides its better performance, using the

SVM with the RBF kernel enables us to just focus on the impact of our extracted features

compared to previous studies as we use similar classifier as they used [38, 39]. Similar to

previous chapters, we optimize the γ of the RBF kernel in addition to the cost parameter C

of the SVM using grid search algorithm implemented in the LIBSVM package. The grid

search algorithm tries various pairs of γ and C values and selects the values with the best

classification accuracy [180].

6.5 Results and Discussion

We construct the input feature vector to use with the SVM consisting of our extracted

feature (Fglobal + PSSM-SD + SPINE-SD + PSSM-SAC + SPINE-SAC). The architec-

ture of our proposed system is shown in Figure 6.2. To evaluate the performance of our

proposed methods, 10-fold cross validation evaluation criterion is adopted in this study

(introduced in Chapter 3, Section 3.2.3) as it was mostly used for this task in the literature

[20, 38, 69, 124]. We first investigate the impact of our proposed method for protein fold

recognition with respect to the Kp and Ks parameters in the PSSM-SAC and the SPINE-

SAC, respectively. Then we investigate the impact of each of the proposed feature groups

in this study on the achieved prediction accuracy, separately. Finally, we compare our

achieved results with previously reported results for protein fold recognition.

6.5.1 Investigating the Impact of the Kp and Ks

As it was mentioned earlier, the Kp and Ks values between 1 and 10 are investigated here.

It was shown in [39] that using a distance factor larger than 10 to extract auto covariance

feature group we attain similar results with using 10 for these parameters for protein fold

recognition. In our experiment we apply the SVM to our proposed feature vector while the

Kp and Ks are monotonically increased from 1 to 10 (Kp = 1 and Ks = 1, Kp = 2 and Ks = 2,

... , Kp = 10 and Ks = 10). The results for this experiment is shown in Figure 6.3. We
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Figure 6.2: The overall architecture of our proposed feature extraction model. The number

of features extracted in each feature group is shown in the brackets below the feature

groups’ names.

also calculate the SVM parameters on the EDD benchmark (where Kp = 10 and Ks = 10)

for our proposed feature vector using the grid search algorithm. Calculated parameters are

used for the rest of this study (to avoid over tuning parameters) for all four benchmarks

used in this study (where C = 0.075 and γ = 100 are achieved). We also conduct the

parameter tuning for the F92 benchmark. The best result for the F92 benchmark is also

attained using the same parameters extracted for the EDD benchmark. Note that the TG

and F110 benchmarks are not used at all for parameter tuning.

Figure 6.3: The results achieved for the EDD, TG, F93, and F110 benchmarks with respect

to the Kp and Ks which are monotonically increase from 1 to 10.

As we can see, by increasing the Kp and Ks the prediction accuracy almost monotoni-
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cally increases as well. Using Kp = 10 and Ks = 10, we achieve 88.1%, 73.1%, 81.2%, and

80.4% prediction accuracies for the EDD, TG, F92, and F110 benchmarks respectively.

However, it is not clear which one of the Kp or the Ks has the main impact on the achieved

results. Furthermore, the impact of increasing the Kp and Ks on the EDD and TG bench-

marks are slightly different from the F92 and F110 benchmarks. As it is shown in Figure

6.3, increasing the Kp and Ks from 1 to 10, the prediction accuracies almost monotonically

increases for the EDD and TG benchmarks while for the F92 and F110 benchmarks, they

monotonically increase until Kp = 7 and Ks = 7 and then they remains unchanged (even

slightly drops). Having significantly different number of folds in the F92 and F110 bench-

marks, it is expected that addressing protein fold recognition using these two benchmarks

would be more complex and different from the EDD and TG benchmarks.

Therefore, we investigate the impact of the Kp and Ks for two cases. We first inves-

tigate the impact of these two parameters on the EDD and TG benchmarks and then for

the F92, and F110 benchmarks, separately. To investigate the effectiveness of the Kp and

Ks on the EDD benchmark (then explore the impact on the TG benchmark) two different

experiments are conducted. First, we set the value of Kp = 1 and in 10 different experi-

ments we increase the value of Ks from 1 to 10 (Figure 6.4.a). As we can see, increasing

Ks monotonically increases the prediction accuracy and by setting Ks = 10 we achieve to

our best result. In a different experiment, we set the value of Ks = 10 (since the best results

attained by adjusting the Ks = 10) and in 10 different experiments, increase the value of Kp

from 1 to 10. As we can see in Figure 6.4.b, the performance does not change by increas-

ing the Kp. As it is shown in the Figures 6.4.a and 6.4.b, similar results are achieved for the

TG benchmark. In other words, using segmented auto covariance approach, we are able to

reveal more local discriminatory information from the PSSM and the SPINE-M based on

the concept of auto covariance compared to previous studies (KP = 1 and KS = 10). Note

that this number of features is dramatically lower than the number of features used in [39]

and [38] to the enhance protein fold prediction accuracy.

(a): The impact of increasing Ks

from 1 to 10 while Kp = 1 for the

EDD and TG benchmarks.

(b): The impact of increasing Kp

from 1 to 10 while Ks = 10 for

the EDD and TG benchmarks.

Figure 6.4: The impact of adjusting Kp and Ks for the EDD and TG benchmarks
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In a similar manner, we explore the impact of the Kp and Ks on the F92 in two dif-

ferent experiments. First, we set the value of Kp = 1 and in 10 different experiments we

increase the value of Ks from 1 to 10 (Figure 6.5.a). As we can see, increasing Ks mono-

tonically increases the prediction accuracy until Ks = 7 and then the prediction accuracy

remains almost similar (even it slightly drops). Therefore, we set Ks = 7. In a different ex-

periment, we set the value of Ks = 7 and in 10 different experiments we increase the value

of Kp from 1 to 10. As we can see in Figure 6.5.b, different to the EDD and TG bench-

marks, the prediction accuracy for the F92 by increasing the Kp until Kp = 7 increases and

then the (increasing Kp/Ks from 7 to 10) prediction performance remains unchanged. As

it is shown in Figures 6.5.a and 6.5.b, similar results are achieved for the F110 benchmark

as well.

As it was discussed earlier, the number of folds investigated in the F92 and F110 are

significantly higher than the number of folds explored in the EDD and TG benchmarks

(over three times). The difference between the number of features (from 388 to 943)

used for the EDD and TG benchmarks compared to the F92 and F110 benchmarks to

provide more effective features indicates that by increasing the complexity of the problem,

the amount of discriminatory information for classification task needs to be increased as

well. Therefore, the number of folds in the employed benchmark can be considered as a

parameter that impact on the segmentation factors to extract segmentation based features

from the PSSM and SPINE-M. For this case, having up to 110 folds we are able to provide

effective discriminative information by adjusting the Kp and Ks both to 7. Note that, this

number of features is still much lower than the number of features used in [39] and [38] to

reveal effective discriminatory information. Therefore, for the rest of this study the Kp and

Ks are set to 1 and 10 respectively for the EDD and TG benchmarks as representatives of

the benchmarks with relatively small number of folds (less than 30 folds). While both Kp

and Ks are set to 7 for the F92 and F110 benchmarks as representatives of the benchmarks

with larger number of folds which consequently increases the complexity of the problem

(up to 110 folds).

6.5.2 Determining the Effectiveness of the Proposed Feature Groups on the

Protein Fold Prediction Accuracy

We then investigate the effectiveness of each of the feature groups used in this study sep-

arately on our reported protein fold prediction accuracy. The results for the EDD and TG

benchmarks (in which the Kp = 1 and the Ks = 10) are shown in Table 6.1 and the re-

sults for the F92 and F110 benchmarks (in which Kp = 7 and Ks = 7) are shown in Table

6.2. As we can see for both of the Tables, by adding each of our extracted feature groups

the protein fold prediction accuracy also increases. In other words, all the feature groups

used to reveal global and local discriminatory information are effectively contribute to
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(a): The impact of increasing Ks

from 1 to 10 while Kp = 1 for the

F92 and F110 benchmarks.

(b): The impact of increasing Kp

from 1 to 10 while Ks = 10 for

the F92 and F110 benchmarks.

Figure 6.5: The impact of adjusting Kp and Ks for the F92 and F110 benchmarks

the achieved protein fold prediction enhancement. It shows that the protein fold predic-

tion enhancement reported here is dependent on all of the feature groups proposed in this

study.

Table 6.1: The impact of the feature groups proposed in this study (using the SVM clas-

sifier) to enhance the protein fold prediction accuracy (in percentage) for the EDD, and

TG benchmarks. For these two benchmarks and in the PSSM-SAC and the SPINE-SAC

feature vectors, the values of Kp and Ks are set to 1 and 10, respectively.

Combination of features EDD TG

Fglobal 74.7 58.7

Fglobal + PSSM-SD 79.4 62.6

Fglobal + SPINE-SD 79.1 63.6

Fglobal + PSSM-SD + SPINE-SD 82.3 66.7

Fglobal + PSSM-SAC 80.1 64.0

Fglobal + SPINE-SAC 84.1 68.2

Fglobal + PSSM-SAC + SPINE-SAC 86.1 71.8

Fglobal + PSSM-SD + SPINE-SD + PSSM-SAC 87.5 72.6

Fglobal + PSSM-SD + SPINE-SD + SPINE-SAC 87.1 72.8

PSSM-SD + SPINE-SD + PSSM-SAC + SPINE-SAC 85.9 71.1

Fglobal + PSSM-SD + SPINE-SD + PSSM-SAC + SPINE-SAC 88.2 73.8

6.5.3 Comparison with the Existing Methods

We compare the results achieved by applying the SVM to the combination of features

proposed in this study which will be referred as the PSSM-SPINE-S with the best results

reported in the literature. The PSSM-SPINE-S is constructed of the combination of Fglobal ,

PSSM-SAC, PSSM-SD, SPINE-SAC, SPINE-SD feature groups where the Kp and Ks are

set to 1 and 10 respectively for the EDD and TG benchmarks and both are set to 7 for the

F92 and F110 benchmarks. PSSM-SPINE-S consists of 388 and 943 features in total for

the EDD/TG and the F92/F110 benchmarks, respectively. The results for the EDD and TG
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Table 6.2: The impact of the feature groups proposed in this study (using the SVM clas-

sifier) to enhance the protein fold prediction accuracy (in percentage) for the F92, and

F110 benchmarks. For these two benchmarks and in the PSSM-SAC and the SPINE-SAC

feature vectors, the values of Kp and Ks are set both set to 7.

Combination of features F92 F110

Fglobal 64.8 64.1

Fglobal + PSSM-SD 72.6 72.2

Fglobal + SPINE-SD 69.1 68.0

Fglobal + PSSM-SD + SPINE-SD 74.1 73.1

Fglobal + PSSM-SAC 77.6 77.1

Fglobal + SPINE-SAC 72.9 72.4

Fglobal + PSSM-SAC + SPINE-SAC 79.9 79.2

Fglobal + PSSM-SD + SPINE-SD + PSSM-SAC 79.1 78.7

Fglobal + PSSM-SD + SPINE-SD + SPINE-SAC 77.3 76.8

PSSM-SD + SPINE-SD + PSSM-SAC + SPINE-SAC 80.3 79.9

Fglobal + PSSM-SD + SPINE-SD + PSSM-SAC + SPINE-SAC 81.4 80.7

benchmark are shown in the Table 6.3 and for the F92 and F110 benchmarks are shown in

Table 6.4. As it is shown in this Table 6.3, we report up to 73.8% and 88.2% prediction ac-

curacies for the EDD and TG benchmarks, respectively. These results are up to 2.3% and

7.4% better than the highest reported results for these two benchmarks that are achieved by

reproducing the results reported in [39]. By reproducing the [39] experiments, we achieve

85.9% and 66.4% prediction accuracies for the EDD and TG benchmarks, respectively.

The enhancement achieved compared to other similar approaches to reveal more local in-

formation such as bi-gram [38] and tri-gram [37] is much more significant (over 11% for

the EDD and TG benchmarks). The higher enhancement achieved for the TG benchmark

compared to [39] shows that our method is more effective when the sequential similarity

rate is very low (less than 25% sequential similarity). It is also important to highlight

that we outperformed [39] using 388 features (for the EDD and TG benchmarks) com-

pared to 4000 features used in that study. We also achieve 5.1% and 9.2% better resultls

than our previously reported results in Chapter 4 and Chapter 5 when we focused on the

physicochemical-based features. It highlights the preference of evolutionary and structural

information for feature extraction to solve the protein fold recognition problem.

Similarly, as shown in Table 6.4, for the first time, we report over 80% prediction

accuracy for a benchmark that has over 100 folds. We report 81.4% and 80.7% predic-

tion accuracies for the F92 and F110 benchmarks respectively. These results are up to

3.2% and 3.4% better than the highest reported results for these two benchmarks that are

achieved by reproducing the results reported in [39] for the F92 and F110 benchmarks

(78.2% and 77.3% prediction accuracies), respectively. It is also important to highlight

that we outperformed [39] using 943 features compared to 4000 features used in their

study. Despite having larger number of features for the F92 and F110 benchmarks (943

features) compared to the number of features used for the EDD and TG benchmarks (388
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Table 6.3: Comparison of the results reported for the EDD, and TG benchmarks (in per-

centage). Note that column named ‘No.’ is referring to the number of features. For the

EDD and TG benchmarks and in the PSSM-SAC and SPINE-SAC feature vectors, the

values of the Kp and Ks are set to 1 and 10, respectively.

Ref. Features No. Method EDD TG

[69] Occurrence (original sequence) 20 LDA 42.9 36.3

[69] Composition (original sequence) 20 LDA 40.9 32.0

[20] Features proposed in [20] 126 SVM (p = 1) 46.3 38.5

[146] Features proposed in [20] 126 AdaBoost.M1 44.7 36.4

[150] Features proposed in [20] 126 Random Forest 42.9 37.1

[136] Features proposed in [20] 126 EDC 47.6 40.7

[136] Features proposed in [34] 219 SVM (p = 1) 47.3 40.1

[136] Features proposed in [34] 219 EDC 48.8 41.1

[43] 69D (physicochemical features) 69 SVM 36.6 33.0

This study Comb 6 (physicochemical features) 202 SVM (p = 1) 53.1 43.6

This study Comb 10 (physicochemical features) 202 SVM (p = 1) 53.4 43.1

This study G49 + PSSM-AC + PSSM-AAC (original sequence) 49+221 SVM (p = 1) 44.7 35.7

This study G49 + PSSM-AC + PSSM-AAC (consensus sequence) 49+221 SVM (p = 1) 59.7 45.9

[108] Threading - Naive Bayes 70.3 55.3

[37] PF (bi-gram) 400 SVM 75.2 52.7

[37] TF (Tri-gram) 8000 SVM 71.0 49.4

[38] Combination of bi-gram features 2400 SVM 69.9 55.0

[124] PSIPRED and PSSM features 242 SVM 77.5 60.1

[39] ACCfold-AC 200 SVM 80.1 58.8

[39] ACCfold-ACC 4000 SVM 85.9 66.4

This study Combp 5 402 SVM (p = 1) 82.8 64.6

This study Combp 7 402 SVM (p = 1) 82.9 64.0

This study Combdp 7 331 SVM (p = 1) 83.1 63.7

This study PSSM-SPINE-S 388 SVM (RBF) 88.2 73.8

Table 6.4: Comparison of the results reported for the F92, and F110 benchmarks (in per-

centage). Note that column named ‘No.’ is referring to the number of features. For the

F92 and F110 benchmarks, the Kp and Ks values are both set to 7.

Ref. Features No. Method F92 F110

[69] Occurrence (original sequence) 20 LDA 32.7 31.3

[69] Composition (original sequence) 20 LDA 30.2 29.6

[20] Features proposed in [20] 126 SVM (p = 1) 39.1 38.4

[146] Features proposed in [20] 126 AdaBoost.M1 34.8 33.2

[150] Features proposed in [20] 126 Random Forest 33.4 33.0

[136] Features proposed in [20] 126 EDC 40.3 39.5

[136] Features proposed in [34] 219 SVM (p = 1) 40.1 39.2

[136] Features proposed in [34] 219 EDC 41.0 40.4

[43] 69D (physicochemical features) 69 SVM 29.8 28.6

This study Comb 6 (physicochemical features) 202 SVM (p = 1) 44.9 44.2

This study Comb 10 (physicochemical features) 202 SVM (p = 1) 45.7 44.9

This study G49 + PSSM-AC + PSSM-AAC (original sequence) 49+221 SVM (p = 1) 35.2 34.6

This study G49 + PSSM-AC + PSSM-AAC (consensus sequence) 49+221 SVM (p = 1) 53.5 52.8

[108] Threading - Naive Bayes 56.3 54.8

[37] PF (bi-gram) 400 SVM 60.2 59.5

[37] TF (Tri-gram) 8000 SVM 63.2 62.1

[38] Combination of bi-gram features 2400 SVM 69.9 55.0

[124] PSIPRED and PSSM features 242 SVM 70.5 68.8

[39] ACCfold-AC 200 SVM 68.2 68.0

[39] ACCfold-ACC 4000 SVM 78.2 77.3

This study Combp 5 402 SVM (p = 1) 74.3 73.8

This study Combp 7 402 SVM (p = 1) 74.5 74.0

This study Combdp 7 331 SVM (p = 1) 74.2 72.6

This study PSSM-SPINE-S 388 SVM (RBF) 81.4 80.7

features), it is still dramatically lower than the number of features used in [39] for protein

fold recognition. We also conduct pairwise t-test to investigate the statistical significance

of our reported results. the probability value calculated for the pairwise t-test (p = 0.001

) emphasizes on the statistical significance of our reported results and the enhancement
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achieved in this study. In result, our proposed methodology is able to significantly en-

hance the protein fold prediction accuracy compared to the previous studies found in the

literature and at the same time dramatically reduces the number of features used for this

task. In other words, we are able to provide more local and global information from the

PSSM and the SPINE-X for protein fold recognition compared to the previously proposed

approaches found in the literature.

Note that the results achieved in this chapter are published in [232] and [233]. Fur-

thermore, to study the generality of our proposed approaches in this study, we have imple-

mented them for similar studies such as the protein structural class prediction and protein

subcellular localization prediction problems. For both of the cases, we have successfully

outperformed the previous studies. The results for these studies are published in [54],

[234], and [55].

6.6 Conclusion

In this Chapter, we have proposed two novel segmentation based feature extraction tech-

niques to reveal effective local discriminatory information embedded in the PSSM and

SPINE-X. We also employed the concept of occurrence feature group and extend it to

provide more global discriminatory information from the PSSM and SPINE-X for pro-

tein fold recognition compared to previously used methods for this task. We have used

four benchmarks namely, the EDD, TG, F92, and F110 to investigate the impact of our

proposed feature extraction methods. Using these benchmarks have enabled us to investi-

gate the impact of our proposed methods when the sequential similarity rate was very low

(the TG benchmark), when large number of folds were used (the F92, and F110 bench-

marks), and to directly compare our results with the state of the art methods found in the

literature (the EDD benchmark). By applying the SVM to the combination of our ex-

tracted features (PSSM-SPINE-S) we significantly enhanced the protein fold prediction

accuracy compared to the previously reported results found in the literature. For the EDD

and TG benchmarks, we have achieved 88.2% and 73.8% prediction accuracies, up to

2.3% and 7.4% prediction accuracies better than the previous results found in the liter-

ature, respectively [39]. These enhancements were achieved by using less than 1/10 of

the number of features used previously in [39]. We also achieved 5.1% and 9.2% bet-

ter than our previously reported results in Chapter 4 and Chapter 5 which we focused on

the physicochemical-based features. It highlights the preference of the evolutionary and

structural information for feature extraction to solve the protein fold recognition problem.

By investigating protein fold recognition using the F92 and F110 benchmarks, we

showed that by increasing the number of folds the complexity of the problem is also in-

creasing and therefore more discriminatory information is required. We also showed that
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by using the segmentation based feature extraction technique, we are able to enhance the

protein fold prediction accuracy. For the first time, we reported over 80% prediction ac-

curacy for a benchmark consisting of proteins belonging to over 100 folds. We achieved

81.4% and 80.7% prediction accuracies for the F92, and F110 benchmarks respectively

which were 3.2% and 3.4% better than the previous studies found in the literature us-

ing less than 1/4 of the number of features that they used [39]. In other words, we have

been able to extract more local and global discriminatory information for the protein fold

recognition problem compared to the previously proposed methods found in the literature.
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Conclusion

This chapter summarizes the contributions of the research presented in this thesis. In

Section 7.1 we represent our contributions to the area of the protein fold recognition prob-

lem. The contributions presented in Section 7.1 cover the objectives and aims set before

the research and hypotheses verified after the experiments. In Section 7.2 I highlight the

collaborative studies conducted during my Ph.D candidature to address this problem as

well as other similar problems defined in bioinformatics and computational biology such

as: protein structural class prediction, protein subcellular localization prediction, protein

function prediction, protein torsion angle prediction, and protein secondary structure pre-

diction problems. We also outline a few potential future directions of this research in

Section 7.3 and conclude the thesis.

7.1 Contributions

In this study, we have conducted a comprehensive study to enhance the protein fold pre-

diction accuracy. To achieve this goal we first investigated the previous approaches that

have been proposed in the literature and identified several shortcomings as follows. First,

despite all the efforts that have been made so far, they have not been able to effectively

explore potential discriminatory information embedded in the physicochemical attributes

of the amino acids for protein fold recognition [34]. In most cases, their proposed fea-

ture extraction methods were not able to efficiently extract local physicochemical-based

information for this task. Furthermore, these studies have mostly relied on a few popular

physicochemical attributes of the amino acids for protein fold recognition. As a result,

enhancing protein fold prediction accuracy using physicochemical-based features has not

been successful [120].

Therefore, more recent studies have changed their focus on extracting informative

features from other sources such as evolutionary and structural information [47]. During
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this transition, there has not been a comprehensive study to combine physicochemical-

based information with these new sources of features [34]. Therefore, despite the impor-

tance of physicochemical-based information to solve protein fold recognition, they have

been discarded in recent studies. At the same time, these recent studies that have relied on

evolutionary and structural information were not able to provide effective features to solve

this problem as the protein fold prediction accuracy has not been improved since [39].

In this study, we have addressed the drawbacks that we have identified in several

stages. We have first proposed several overlapping segmentation based feature extraction

techniques to explore potential discriminatory information based on the physicochemi-

cal attributes of the amino acids. Second, we have proposed a technique to combine

evolutionary and physicochemical information to get the benefit of these two sources

for feature extraction, simultaneously. Third, we have proposed the non-overlapping

segmentation-based feature extraction techniques. This has been done to improve our pro-

posed overlapping-based feature extraction technique by reducing the number of features.

It has enabled us to combine features extracted from a larger number of physicochemi-

cal attributes. We have employed our segmentation-based feature extraction techniques in

conjunction with the technique to extract the mixture of evolutionary and physicochemical

information. Our achieved results in the second and third steps have shown the effective-

ness of our proposed technique as we have significantly enhanced the protein fold pre-

diction accuracy compared to similar studies which had relied on physicochemical-based

features to solve this problem. However, we still have not been able to enhance the pro-

tein fold prediction accuracy better than the best result found in the literature for this task.

In the final step, we have improved our segmentation-based feature extraction techniques

and employed them to effectively extract the local and global discriminatory information

embedded in evolutionary and structural information of the proteins. By applying SVM

to our extracted features in this step, we have successfully improved the protein fold pre-

diction accuracy up to 7.4% better than the best result reported for this task in previous

studies [39]. In the following subsections, we will briefly explain the approaches that we

developed in this study.

7.1.1 An Overlapping Segmentation-based Feature Extraction Technique

In this step, we have proposed two feature extraction techniques namely, overlapped seg-

mented distribution and overlapped segmented autocorrelation techniques to explore lo-

cal and global discriminatory information based on the physicochemical attributes of the

amino acids. To investigate the effectiveness of our proposed feature extraction tech-

niques, we have used the 15 most promising physicochemical attributes of the amino

acids. Among these 15 attributes, there are attributes that have not been adequately ex-

plored in the previous studies for protein fold recognition. To select these 15 attributes,
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we have conducted a comprehensive study on 117 different physicochemical attributes us-

ing several feature extraction and classification techniques. The results achieved for this

comprehensive study have been provided in Appendix A. By using our feature extrac-

tion techniques, we have effectively extracted local and global discriminatory information

from the physicochemical attributes of the amino acids.

Using an SVM classifier on the features extracted from the physicochemical attributes

that have not been explored for protein fold recognition, we have improved the protein fold

prediction accuracy by 4.6% over similar studies. As a result we have not only proposed

a novel feature extraction scheme to extract physicochemical features, but also provided

a comprehensive study on the impact of a wide range of physicochemical attributes of

the amino acids. However, our results were still far from the best results reported for

the protein fold recognition problem [37, 38, 39, 47]. Our results for this step have been

published in [221].

7.1.2 A Mixture of Evolutionary and Physicochemical-based Information

In this step, we have proposed a technique to extract evolutionary and physicochemical

information, simultaneously. To do this, we have transformed the protein sequence us-

ing evolutionary information embedded in the PSSM and produced an evolutionary-based

consensus sequence. Then we have extracted physicochemical-based features from this

sequence. To extract physicochemical-based features, we have used our proposed over-

lapped segmented distribution and overlapped segmented autocorrelation feature extrac-

tion techniques. We have also added two feature groups namely, evolutionary-based com-

position and evolutionary-based auto-covariance to add more evolutionary information.

In this way, we have got the benefit of physicochemical and evolutionary information,

simultaneously.

By applying SVM on our extracted features, we have significantly outperformed sim-

ilar studies found in the literature. We have improved the protein fold prediction ac-

curacy up to 29.5% better than similar studies that had tried to solve this problem us-

ing physicochemical-based features. We have also outperformed most of the studies that

had tried to solve protein fold recognition which highlights the effectiveness of our pro-

posed mixture of feature extraction as well as overlapped segmentation-based techniques

[37, 38, 47]. Our results for this step have been published in [225]. Furthermore, the im-

plementation of our technique for the protein structural class and the protein subcellular

localization prediction problems have also been published in [233] and [52].

Despite achieving promising results, we still have not been able to outperform the

best result reported for protein fold recognition [39]. In this step, we had two alterna-

tives to increase our achieved protein fold prediction accuracy. First, to introduce more

effective feature extraction techniques to reduce the number of extracted features based on
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one individual physicochemical attribute which enables us to add more features that are

extracted from a wider range of attributes. Second, to develop our proposed feature extrac-

tion techniques for other sources for feature extraction such as evolutionary and structural

information to enhance the protein fold prediction accuracy. We have investigated both of

these approaches in the following steps.

7.1.3 A Non-Overlapped Segmentation-based Feature Extraction Technique

In this step we have proposed non-overlapped segmented density and non-overlapped seg-

mented distribution feature extraction techniques. These two techniques have been pro-

posed to reduce the number of features extracted from an individual physicochemical at-

tribute and to enable us to combine features extracted from a wider range of attributes. In

this way, we have got the benefit of a more diverse set of features rather than features that

were extracted from a single physicochemical attribute. To do this, we have investigated

55 different physicochemical attributes of the amino acids using several segmentation-

based feature extraction and several classification techniques to select the most informa-

tive feature groups to combine and produce a feature vector that consists of a wide range

of physicochemical-based features. We have used our proposed feature extraction tech-

niques in conjunction with our technique to combine evolutionary and physicochemical

information. Our results showed the effectiveness of our proposed technique compared

to similar studies found in the literature. We have reached up to 29.7% better prediction

accuracy than previously reported results that had used physicochemical-based features to

solve the protein fold recognition problem. However, we still were not able to outperform

the best result achieved for protein fold recognition in [39]. Our results for this step have

been published in [228] and [229].

Comparing our results with the results reported in the previous step, we have achieved

similar results. Therefore, we conclude that relying on physicochemical-based attributes

for feature extraction, we are not able to outperform the best result reported for pro-

tein fold recognition [39]. Despite this conclusion, we have still been able to show that

there is room to dramatically improve the protein fold prediction accuracy by extracting

physicochemical-based features and combining them with evolutionary features. Using

this technique, we have outperformed most of the results found in the literature except the

results reported in [39]. Therefore, we have approached the second alternative that we

have introduced earlier in Section 7.1.2 which was to develop our proposed techniques to

extract features from the other sources such as evolutionary and structural information to

enhance the protein fold prediction accuracy.
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7.1.4 A Segmentation-based Method to Extract Structural and Evolution-

ary Features

In this step, we have modified our proposed feature extraction techniques proposed in

previous steps to develop a new method to extract local and global evolutionary and

structural-based discriminatory information. We have proposed two novel feature extrac-

tion techniques namely segmented distribution and segmented auto-covariance feature ex-

traction methods to extract global and local discriminatory information from the PSSM

and SPINE-M. We have investigated different parameters for our feature extraction tech-

niques as well as the effectiveness of these feature sources separately to address the protein

fold recognition problem.

By applying an SVM classifier to our extracted features we have finally outperformed

previous results found in the literature for protein fold recognition. For the EDD and TG

benchmarks, we have achieved up to 88.2% and 73.8% prediction accuracies, up to 2.3%

and 7.4% better than previous results found in the literature, respectively [39]. These

enhancements have been achieved by using less than 1/10 of the number of features used

previously in [39]. We have also achieved 5.1% and 9.2% prediction accuracies better than

our reported results in previous steps that have been achieved by using physicochemical-

based features.

In this step, we have also used two more benchmarks consisting of many more folds

than the number of folds in the EDD and TG benchmarks. We have extracted and used F92

and F110 benchmarks consisting of proteins belonging to 92 and 110 folds, respectively

to investigate the generality of our proposed techniques for a more complex problem. We

have also shown that by using overlapped segmentation based feature extraction tech-

nique, we are able to tackle this problem as well and enhance the protein fold prediction

accuracy. For the first time, we have reported over 80% prediction accuracy for a bench-

mark containing proteins belonging to over 100 folds. We have achieved to 81.4% and

80.7% prediction accuracies for the F92, and F110 benchmarks respectively, up to 3.2%

and 3.4% better than previous studies found in the literature [39]. In other words, we

have been able to extract more potential local and global discriminatory information for

protein fold recognition compared to previously proposed methods found in the literature

using fewer features. The results achieved in this chapter have been published in [232]

and [233].

Furthermore, to study the generality of our proposed approaches in this study, we

have implemented them for similar studies such as the protein structural class and protein

subcellular localization prediction problems. For both of these cases we have successfully

outperformed previously reported results for these two tasks. The results for these studies

have been published in [54], [234], and [55].
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7.2 Collaborative Studies

In addition to extending my study and investigating the impact of my proposed techniques

for the protein structural class prediction and the protein subcellular localization predic-

tion problems (which are referred to in previous subsections), I have conducted several

collaborative studies to address the protein fold recognition problem. I have worked as a

member of a group to propose an effective feature extraction techniques to extract infor-

mative physicochemical-based features which its results was published in [63]. We have

extended our study to investigate the impact of different evolutionary-based feature ex-

traction techniques for protein fold recognition which have been published in [61], [62],

[65], and [64].

I have also conducted my collaborative studies to address similar problems in the

protein science and bioinformatics (which are all cited here) such as the protein func-

tion prediction [56], protein secondary structure prediction [58, 59], protein torsion angle

prediction [57], and protein structural class prediction problems [60]. For the readers’ con-

venience and to maintain the consistency and coherency of this thesis, we have avoided

including them here and just mentioned the published research and provided their cita-

tions.

7.3 Future Works

The research conducted in this thesis leads to a number of possible future directions in

the field of protein fold recognition as well as other fields in bioinformatics and computa-

tional biology. Our future works in the field of protein fold recognition can be generally

categorized into three groups as follows:

• Investigating effective approaches to incorporate physicochemical-based fea-

tures: As it was shown in this study, we have successfully explored the impact

of physicochemical attributes for protein fold recognition. We have shown that us-

ing physicochemical-based features in conjunction with evolutionary-based features

can significantly enhance the protein fold prediction accuracy compared to similar

approaches (Chapter 4). However, we were not able to outperform the state of the

art study for this task. Finally, by incorporating structural and evolutionary-based

features, we were able to outperform the best results found in the literature. Our

future approach will be to find an effective method to combine all these three fea-

ture sources in a way to get the benefit of discriminatory information of all them,

simultaneously.

• Studying the impact of ensemble classifiers: The main focus of this thesis was
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to address protein fold recognition by proposing a new feature extraction technique

to extract potential local and global discriminatory information. Despite studying

different classification techniques for our extracted features, we have not focused

on developing new classifiers. In our future work, we aim at investigating different

classifiers with the focus on developing ensembles of classifiers especially based

on the current classification techniques that have performed well for this task (e.g.

SVM).

• Extending our experiments for more general cases and developing our online

protein fold predictor: After exploring a wider range of features as well as classi-

fication techniques, we aim at investigating our techniques for more general cases

which consist of more proteins and more folds. We will also develop our online

protein fold predictor and make it publicly available.

Our future works generally in bioinformatics and computational biology can be itemized

as follows:

• Investigating our proposed techniques for similar studies: There are several

studies in Bioinformatics that are similar to protein fold recognition that can be de-

fined as a multi-class classification task in the pattern recognition field. In most of

these studies (e.g. protein membrane prediction, protein-protein interaction, protein

function prediction, and protein local structure prediction), our extracted features

can be effectively used. We have investigated the impact of our extracted features

for the protein structural class prediction and the protein subcellular localization pre-

diction problems and achieved promising results. For our future works, we aim at

exploring our proposed approaches for other similar studies and investigating their

effectiveness.

• Studying the impact of a wide range of physicochemical-based features for sim-

ilar studies: As it was highlighted earlier, most of our proposed approaches can also

be effectively used for similar studies. Furthermore the results of our study, espe-

cially studying the impact of a wide range of physicochemical attributes for protein

fold recognition can provide better insight on the impact of each attribute on the

protein structure. Therefore, for our future work, we aim at extending our study on

a wide range of physicochemical attributes of the amino acids for similar studies

and investigating the possible relationship between these attributes and the folding

process.

• Producing our multi-purpose online predictor: As we extend our studies for

different problems in the protein science, we aim at producing our publicly available

multi-purpose predictor server to share our techniques and methodologies.
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A
Appendix A

Here we present the experimental results achieved for applying five classifiers to six fea-

ture groups extracted from 117 physicochemical attributes of the amino acids using orig-

inal protein sequence for feature extraction. This experimental study is conducted on 117

different physicochemical attributes of the amino acids and in result, 15 most promising

attributes are selected. Is it was mentioned in Chapter 3, we use five classification tech-

niques namely, Naive Bayes, AdaBoost.M1, SVM, Random Forest, and KNN as most

popular and effective classifiers used for protein fold recognition. For a given physico-

chemical attribute, we also extract six feature groups namely, (1) Overlapped segmented

distribution using 10% segmentation factor, (2) Overlapped segmented distribution us-

ing 5% segmentation factor, (3) Segmented density using 5% segmentation factor, (4)

Overlapped segmented autocorrelation using 25% segmentation factor and 75% overlap-

ping factor, (5) Overlapped segmented autocorrelation using 10% segmentation factor and

70% overlapping factor, (6) and overlapped segmented based autocorrelation in which the

protein sequence is segmented into equal length segments (using 10% segmentation factor

and 70% overlapping factor). These feature extraction techniques which are proposed in

this study are explained in more detail in Chapter 3. We will refer to these feature groups

in each table by the number assign to them here (from 1 to 6). We will also refer to these

117 physicochemical attributes by the number assigned to them in Chapter 3, Table 3.1

(from 1 to 117).

We will present this results for the EDD and TG benchmarks, separately. We will

present the results achieved for each classifier for all six feature groups and all physic-

ochemical attributes in a single table. Therefore, for each benchmark, we produce five

tables. Hence, we will present all the results in 10 tables as follows.
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A.1 The Results Achieved for the EDD benchmark

Table A.1: The results achieved (in percentage) by applying the AdaBoost.M1 to the

features extracted from the 117 physicochemical attributes for the EDD benchmark. The

six feature groups used in this part are referred by their numbers.

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4 Extraction No.5 Extraction No.6

1 15.2 22.6 20.1 32.5 33.8 32.2

2 18.5 21.9 22.4 35.0 35.2 36.2

3 17.5 22.4 22.6 32.2 32.9 34.3

4 22.4 25.5 23.4 36.6 36.6 36.5

5 19.1 21.6 22.6 32.0 31.2 31.4

6 21.6 19.4 23.0 33.1 34.0 34.2

7 26.6 31.6 28.1 36.8 36.3 36.0

8 19.6 24.0 23.3 30.8 33.3 33.7

9 23.6 28.2 28.0 35.6 37.5 36.9

10 14.8 22.4 19.0 30.7 30.9 32.2

11 16.3 23.0 21.6 35.3 35.5 35.3

12 19.0 24.1 24.0 31.3 32.4 33.0

13 18.6 20.8 19.7 28.3 28.4 29.9

14 24.1 27.6 26.4 36.9 36.8 35.8

15 20.0 24.1 21.6 32.6 34.4 33.0

16 23.1 30.0 26.1 32.2 34.2 36.4

17 22.7 26.6 26.1 33.9 34.2 34.7

18 18.0 25.0 23.4 33.2 34.8 34.1

19 20.8 25.3 24.4 33.3 33.3 35.0

20 18.8 24.7 23.7 29.7 30.0 31.2

21 19.1 24.2 19.7 34.4 37.4 36.4

22 17.8 22.0 23.6 30.8 32.4 32.9

23 20.8 22.9 23.1 36.5 36.2 37.2

24 20.8 24.7 25.2 32.2 32.5 33.9

25 20.8 25.1 21.4 28.9 28.0 28.4

26 24.7 25.9 27.0 36.8 38.3 38.7

27 22.9 27.5 26.9 33.7 35.5 36.4

28 20.2 23.4 24.7 30.4 32.4 32.7

29 20.9 16.6 23.0 29.3 29.6 30.4

30 20.5 23.1 21.6 30.4 32.2 31.9

31 18.0 23.5 23.3 30.1 32.4 31.9

32 21.3 19.3 22.7 28.3 30.5 30.4

33 21.6 21.6 25.4 28.5 31.3 31.6

34 22.0 24.4 24.4 30.7 31.4 32.7

35 21.0 26.5 23.0 31.7 31.9 34.5

36 20.7 23.4 24.1 34.1 34.6 37.2

37 21.6 24.1 25.2 34.4 34.6 35.0

38 15.8 23.7 18.8 30.0 30.2 30.2

39 21.0 24.1 25.5 30.7 31.5 33.9

40 18.4 19.7 23.5 28.3 28.6 31.2

41 17.4 22.9 22.4 30.4 31.9 31.1

42 21.6 23.3 25.8 33.9 34.6 35.8

43 21.0 25.5 24.8 34.7 35.7 36.7

44 20.2 23.6 25.8 32.3 33.8 35.5
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45 16.0 19.4 20.5 27.2 27.7 33.0

46 17.7 21.7 22.6 32.0 29.9 33.4

47 21.3 23.2 26.4 33.8 35.5 35.8

48 16.9 20.0 20.5 30.3 29.5 31.9

49 16.9 21.8 22.7 30.0 32.0 31.1

50 15.5 23.9 20.2 34.1 33.0 35.4

51 17.2 23.3 21.9 35.9 37.2 36.8

52 20.2 24.4 22.2 34.8 36.3 34.7

53 20.7 24.0 22.4 29.5 32.3 33.0

54 20.9 26.6 22.7 30.5 31.6 31.6

55 18.3 20.1 21.1 28.8 29.1 29.4

56 16.3 19.9 20.6 28.1 26.3 28.4

57 20.9 21.9 24.8 33.7 32.2 34.8

58 18.6 24.9 22.0 36.7 35.8 35.6

59 17.7 24.3 21.0 30.1 31.6 31.7

60 19.5 19.8 25.2 27.0 30.2 29.2

61 22.3 22.7 24.3 34.6 34.0 36.4

62 21.5 25.2 24.9 32.2 31.6 33.4

63 22.8 28.8 25.1 32.4 33.2 34.7

64 18.8 23.6 21.5 27.2 28.5 29.6

65 22.7 23.3 25.3 36.1 36.4 37.9

66 18.0 26.1 21.4 34.3 34.5 35.2

67 18.0 21.9 22.4 29.4 31.5 30.2

68 16.5 20.8 20.2 28.9 29.0 28.9

69 18.2 21.3 22.8 31.6 31.6 31.6

70 21.0 24.0 25.2 33.0 32.5 34.6

71 15.3 20.9 19.4 27.5 28.0 27.4

72 21.7 24.8 27.1 34.8 34.1 34.1

73 20.4 24.5 24.6 31.5 32.3 33.6

74 19.8 22.5 24.9 34.9 33.0 36.7

75 23.6 30.6 27.3 35.8 37.3 37.0

76 25.8 31.5 28.0 36.1 36.3 37.6

77 24.9 30.0 28.6 35.2 35.8 36.6

78 22.6 23.8 23.2 30.3 32.7 32.1

79 20.6 25.5 23.1 31.4 31.9 32.2

80 21.8 26.3 23.5 30.7 32.7 33.9

81 22.8 27.3 27.2 34.4 37.2 36.7

82 24.3 28.3 28.3 34.1 36.9 35.9

83 22.8 27.3 27.2 34.4 37.2 36.7

84 16.9 24.7 22.2 35.2 35.0 35.1

85 17.1 23.6 20.6 35.5 35.0 35.5

86 20.6 22.5 24.8 36.6 38.0 37.2

87 22.2 24.9 24.2 34.9 36.9 35.5

88 24.2 26.7 23.8 31.0 31.5 32.7

89 20.1 24.7 23.9 32.7 33.0 35.0

90 21.7 22.7 25.8 32.0 32.5 33.9

91 25.2 24.5 27.7 29.4 28.8 29.3

92 21.6 23.4 24.1 36.1 35.8 36.6

93 16.2 24.0 18.6 29.7 28.6 28.8

94 19.6 23.0 21.3 31.1 31.4 31.7

95 15.9 18.8 20.7 29.7 29.1 29.7
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96 16.9 21.4 20.8 29.2 30.4 30.9

97 18.6 25.3 22.5 34.3 36.5 36.1

98 19.8 21.6 24.7 33.0 34.0 36.3

99 23.1 26.2 25.1 36.1 35.3 36.6

100 22.7 26.8 25.2 33.5 31.4 32.2

101 21.8 25.6 24.7 30.6 29.4 30.5

102 21.0 23.7 21.8 26.4 26.1 28.9

103 20.8 23.8 24.0 30.9 28.4 30.0

104 22.7 27.3 24.4 31.4 31.4 31.8

105 22.1 27.5 24.1 31.9 32.1 32.3

106 22.4 22.0 24.1 33.5 35.4 36.1

107 22.1 24.9 25.4 36.5 36.1 35.5

108 16.0 22.6 19.1 33.3 36.0 34.1

109 17.8 19.1 21.6 35.1 34.9 35.8

110 24.1 24.7 25.8 29.5 28.5 29.8

111 17.2 22.1 21.5 32.0 33.9 33.2

112 20.9 24.1 24.6 30.6 34.4 34.3

113 21.1 24.4 26.1 32.7 34.0 34.9

114 16.3 19.6 21.6 30.0 31.1 31.6

115 21.2 23.5 23.1 29.3 31.0 31.1

116 22.3 20.0 26.9 30.8 29.4 34.8

117 20.2 22.4 23.9 33.2 33.2 34.1

Table A.2: The results achieved (in percentage) by applying the Random Forest to the

features extracted from the 117 physicochemical attributes for the EDD benchmark. The

six feature groups used in this part are referred by their numbers.

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4 Extraction No.5 Extraction No.6

1 14.7 23.7 18.0 33.2 34.0 33.2

2 19.7 23.3 22.1 34.4 34.6 35.1

3 18.1 24.4 22.2 31.6 34.1 35.0

4 22.4 25.0 24.5 36.0 37.8 37.2

5 18.3 21.9 22.4 32.1 31.8 34.8

6 23.9 21.1 22.4 33.6 34.8 35.5

7 26.7 34.0 28.1 36.6 37.9 39.0

8 20.5 24.4 23.4 31.1 31.5 33.7

9 23.3 27.9 28.3 36.8 37.4 37.7

10 16.0 21.9 19.3 31.7 32.3 34.1

11 17.4 23.8 19.8 35.1 34.7 34.5

12 19.8 25.5 25.0 31.7 33.4 34.4

13 18.8 23.2 22.2 28.6 29.5 30.7

14 24.5 30.0 25.9 37.2 37.2 38.7

15 20.1 23.9 23.3 32.3 32.2 32.7

16 24.1 29.8 26.5 34.1 34.8 37.3

17 24.1 27.1 26.6 35.3 35.9 35.7

18 19.2 25.0 21.9 33.9 34.3 33.7

19 22.3 25.8 24.6 34.1 34.1 33.8

20 20.0 26.2 22.7 33.8 30.1 34.4

21 19.2 23.7 21.4 34.6 36.1 34.1
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22 18.2 23.3 22.8 32.4 31.6 34.6

23 20.3 24.4 24.7 34.9 35.7 36.6

24 21.2 26.0 25.5 33.0 34.3 35.0

25 19.4 27.2 22.9 29.1 28.9 32.5

26 25.1 25.6 27.2 37.5 37.5 38.7

27 23.8 28.4 28.3 33.1 36.9 37.3

28 20.2 24.4 23.6 30.9 32.9 34.9

29 22.1 17.7 24.5 28.8 30.7 32.2

30 20.1 22.7 21.2 31.5 33.0 34.2

31 18.7 23.7 21.7 31.9 32.5 33.0

32 22.2 19.9 22.6 29.9 31.9 32.0

33 23.0 22.3 25.8 31.7 31.4 33.6

34 23.1 25.2 24.7 32.5 32.6 34.7

35 21.3 26.6 24.5 33.5 33.6 35.6

36 21.2 24.4 23.2 34.5 34.4 36.5

37 20.5 24.4 23.6 35.7 35.2 34.2

38 17.2 23.7 20.5 30.5 31.9 31.1

39 22.2 23.4 24.4 31.3 32.0 33.0

40 18.8 19.9 23.6 28.2 28.1 31.9

41 17.0 23.8 21.3 32.0 32.0 34.4

42 21.1 23.8 25.7 35.3 33.6 36.1

43 21.2 25.5 23.7 35.3 36.9 35.5

44 21.6 24.8 24.9 32.5 33.6 36.9

45 16.6 19.7 19.4 28.7 28.4 32.3

46 18.6 22.7 23.1 30.3 31.8 33.5

47 21.6 25.9 26.6 34.3 34.5 35.8

48 17.4 19.4 20.7 30.5 29.0 33.0

49 19.2 22.4 21.6 30.3 31.5 32.2

50 17.2 24.3 19.8 33.7 34.1 34.4

51 19.2 23.5 22.4 36.3 35.0 36.2

52 19.1 25.5 20.8 34.3 35.5 34.5

53 22.7 25.1 23.1 31.4 32.2 32.7

54 22.2 25.7 23.0 31.5 31.8 32.3

55 16.5 20.3 22.7 28.2 28.0 32.7

56 16.4 20.2 20.5 27.2 28.0 30.5

57 20.2 22.6 23.9 32.5 33.9 35.3

58 18.4 23.3 22.4 35.5 36.4 35.8

59 18.8 24.8 21.7 31.3 31.6 32.7

60 21.6 21.3 24.7 29.6 30.5 31.1

61 22.2 21.9 24.6 33.1 33.5 34.4

62 20.2 25.6 25.4 31.9 33.5 35.5

63 24.7 28.4 25.6 32.8 33.8 34.7

64 18.3 23.6 20.2 29.0 29.9 30.5

65 21.8 24.5 25.2 36.6 36.4 36.8

66 18.3 26.8 21.0 34.1 35.5 35.4

67 18.8 21.6 21.3 30.5 32.7 33.0

68 17.4 21.0 21.3 28.7 29.4 30.4

69 19.2 22.1 20.8 32.4 33.5 33.0

70 22.0 23.9 23.6 34.2 33.7 34.5

71 16.6 22.0 19.5 30.5 30.9 29.8

72 21.3 26.2 26.0 35.2 35.0 34.4
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73 20.4 25.5 25.2 32.7 33.1 35.5

74 18.8 22.0 23.7 35.1 36.4 35.7

75 25.8 32.8 28.0 37.4 36.7 40.1

76 26.1 32.7 27.3 37.2 38.3 38.4

77 24.9 31.6 28.5 36.6 37.9 38.0

78 21.2 25.5 24.8 30.9 32.6 33.9

79 20.5 24.6 23.3 31.0 31.4 33.8

80 19.8 27.2 23.9 31.8 32.8 34.7

81 23.6 27.6 27.8 36.1 37.8 37.5

82 25.3 29.4 29.3 35.1 36.9 36.9

83 23.6 27.6 27.8 36.1 37.8 37.5

84 18.5 25.5 20.8 36.0 36.1 36.7

85 17.5 23.0 21.0 34.2 34.5 34.7

86 21.0 23.7 24.4 35.3 36.8 37.5

87 20.8 24.6 24.0 34.2 37.7 35.6

88 24.0 29.0 24.9 31.6 33.2 32.6

89 20.2 23.3 24.5 32.1 32.8 36.2

90 21.0 25.3 23.5 32.2 31.9 36.1

91 21.7 22.7 25.5 35.7 35.3 37.0

92 17.3 25.5 21.0 30.5 30.4 30.0

93 20.8 24.8 23.0 32.0 32.7 32.4

94 16.6 20.7 19.0 29.0 31.2 31.9

95 17.6 22.8 20.9 30.0 30.4 31.9

96 19.1 25.1 23.1 36.1 36.3 34.8

97 20.4 20.4 24.8 34.4 34.1 34.6

98 19.7 24.2 25.6 34.9 34.8 35.4

99 23.1 24.7 25.9 35.7 35.8 35.0

100 22.2 28.4 25.3 33.1 33.9 34.8

101 24.1 26.9 24.4 31.6 31.1 32.3

102 20.8 25.1 23.6 29.1 27.1 30.3

103 22.4 25.7 23.6 31.4 30.5 31.1

104 22.7 28.0 26.1 31.5 32.0 33.6

105 23.2 27.6 24.8 32.1 32.5 34.8

106 21.2 23.0 23.8 34.7 35.0 36.1

107 22.4 25.5 24.1 36.1 36.5 36.6

108 17.2 21.0 19.8 33.9 35.2 35.0

109 17.5 21.0 19.9 33.9 34.5 36.4

110 25.5 26.4 26.1 31.2 30.0 31.1

111 16.0 21.6 19.4 31.2 32.6 32.8

112 20.9 24.7 24.4 33.3 34.8 34.4

113 20.3 25.5 25.9 33.4 34.4 34.4

114 16.7 21.0 22.8 29.5 30.8 33.0

115 22.0 24.5 23.8 31.4 31.6 33.3

116 21.6 22.2 28.1 31.1 30.8 35.0

117 18.4 22.9 22.6 31.6 32.6 34.1
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Table A.3: The results achieved (in percentage) by applying the SVM to the features

extracted from the 117 physicochemical attributes for the EDD benchmark. The six feature

groups used in this part are referred by their numbers.

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4 Extraction No.5 Extraction No.6

1 14.4 23.1 15.6 36.4 34.9 36.2

2 17.7 24.7 19.0 39.9 39.7 39.5

3 15.3 26.3 16.3 37.7 38.4 38.7

4 25.9 26.9 24.5 40.0 40.6 38.6

5 18.2 25.2 18.9 34.4 34.6 35.2

6 23.1 18.8 19.3 36.8 37.5 37.9

7 25.0 34.3 23.9 39.4 38.4 39.4

8 20.1 27.5 21.3 36.4 36.7 34.1

9 22.7 32.2 24.6 38.3 38.6 37.5

10 17.0 24.1 17.2 35.1 36.4 35.5

11 17.0 24.4 18.1 40.3 40.5 38.8

12 19.4 27.3 20.8 35.5 35.9 36.4

13 15.2 24.7 16.5 31.9 32.2 32.6

14 23.8 32.5 23.8 39.0 39.2 39.0

15 20.1 26.0 19.4 35.8 36.1 35.3

16 23.8 34.3 25.8 38.0 37.7 36.8

17 22.4 29.5 22.6 37.2 37.5 36.5

18 19.6 27.5 19.4 36.8 37.7 36.3

19 23.6 28.8 24.1 34.7 35.2 36.0

20 20.5 29.6 20.6 33.5 33.4 34.7

21 19.1 22.8 19.1 40.0 39.3 39.1

22 17.8 24.8 19.6 34.5 35.0 35.6

23 17.6 23.0 19.0 40.4 40.9 41.4

24 20.9 26.3 20.5 36.4 35.3 36.6

25 19.7 29.5 19.9 33.3 32.0 33.9

26 22.4 26.6 23.9 42.1 41.3 41.7

27 23.6 31.1 23.0 38.9 37.6 37.7

28 19.1 23.2 18.3 28.7 33.9 33.0

29 20.5 20.1 21.0 29.8 29.3 31.5

30 18.5 25.6 19.1 34.8 33.7 35.2

31 17.4 27.2 18.9 34.7 34.1 34.2

32 20.2 22.9 20.8 32.4 32.2 32.5

33 25.4 23.3 23.5 32.0 32.0 33.6

34 24.6 26.0 24.6 33.0 33.6 34.5

35 24.7 27.3 23.5 34.6 34.7 33.6

36 19.2 24.7 19.8 39.3 38.5 39.4

37 20.6 27.7 20.5 39.2 38.9 37.5

38 17.5 27.2 16.5 31.7 32.2 31.8

39 19.3 27.1 18.4 34.9 34.1 35.8

40 17.5 18.6 18.0 27.1 31.6 30.3

41 17.2 26.3 17.1 33.6 32.5 33.5

42 21.0 24.1 20.8 38.3 38.9 39.7

43 20.4 27.3 21.0 40.3 40.4 38.4

44 19.3 25.8 20.0 36.6 36.4 36.9

45 15.9 20.8 15.8 30.0 29.1 32.5

46 17.7 22.9 18.1 33.9 33.9 34.1
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47 20.2 23.4 20.3 39.2 39.2 38.2

48 16.9 20.8 16.9 30.9 30.7 33.0

49 17.5 22.8 17.4 30.0 33.5 31.1

50 15.8 24.9 16.7 40.1 39.4 38.9

51 18.8 24.1 19.1 40.7 41.2 40.2

52 19.4 26.9 19.7 38.7 39.2 38.6

53 19.4 24.8 17.4 32.3 32.9 33.6

54 22.2 27.5 20.2 32.7 33.0 34.4

55 18.8 24.8 19.7 32.0 30.8 33.1

56 15.9 23.4 15.7 30.2 29.7 29.9

57 17.5 19.6 17.7 35.2 34.7 35.8

58 19.7 25.3 20.9 39.5 40.3 40.3

59 20.1 26.1 20.0 32.8 33.6 34.5

60 23.7 23.4 23.8 30.5 31.6 31.0

61 24.3 25.3 23.3 38.2 38.1 38.6

62 20.3 30.3 20.1 34.4 34.0 36.0

63 23.8 32.1 21.7 35.6 35.5 36.8

64 17.2 27.0 17.0 32.0 32.3 31.6

65 22.3 25.0 21.3 38.1 37.8 40.0

66 18.3 27.6 19.4 36.5 37.5 36.1

67 18.3 25.5 17.2 32.8 33.0 33.8

68 16.7 24.5 16.3 31.1 32.3 30.5

69 17.7 25.1 18.0 36.0 35.6 36.3

70 21.8 27.0 21.7 36.9 37.6 36.4

71 16.8 24.8 16.6 32.1 32.7 32.7

72 20.8 27.0 20.5 37.8 38.2 38.7

73 19.9 27.0 20.5 36.1 35.8 35.7

74 19.4 24.4 19.3 41.2 42.0 41.4

75 25.3 34.2 23.9 39.2 39.1 39.4

76 25.2 34.1 24.4 39.4 38.6 39.4

77 25.4 34.3 24.1 39.4 38.9 39.8

78 22.4 28.1 21.1 34.4 33.7 34.4

79 21.6 28.0 21.0 34.7 34.0 35.0

80 21.9 28.6 21.7 34.9 34.7 34.7

81 23.3 32.1 23.9 39.1 38.8 38.0

82 23.1 32.5 24.7 37.8 38.9 37.7

83 23.3 32.1 23.9 39.1 38.8 38.0

84 18.9 25.7 20.5 39.3 39.8 38.9

85 19.1 22.4 18.8 39.9 39.5 39.3

86 21.0 24.4 20.6 40.5 40.8 40.6

87 19.6 26.6 19.8 39.7 38.9 37.0

88 21.6 30.3 22.5 36.1 35.0 35.0

89 17.4 26.9 18.7 34.8 35.0 35.6

90 23.9 30.6 25.1 33.4 34.1 33.3

91 18.1 24.6 19.7 39.7 41.0 39.4

92 16.3 26.4 17.2 31.8 31.8 30.9

93 23.5 27.5 21.6 34.7 35.5 35.4

94 18.0 23.8 17.2 32.1 31.1 31.6

95 15.6 25.6 17.1 31.9 32.2 32.9

96 19.0 27.5 19.2 39.7 40.8 40.0

97 18.0 22.4 18.9 39.7 41.0 39.5
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98 18.8 25.5 18.8 40.0 38.6 39.4

99 21.1 26.9 21.0 39.5 40.5 39.6

100 22.0 29.4 20.8 35.5 35.8 34.6

101 23.8 31.3 22.8 33.6 34.1 35.2

102 20.9 28.3 20.5 31.5 32.1 31.7

103 22.6 29.4 21.6 33.0 33.2 33.5

104 21.8 30.8 21.6 34.1 33.9 33.2

105 22.5 29.9 21.1 34.7 35.5 34.1

106 20.6 24.7 20.6 40.7 40.3 39.2

107 19.4 25.9 19.4 41.7 40.6 39.2

108 16.8 22.8 17.6 39.2 39.2 38.0

109 17.4 20.2 17.1 39.2 38.0 40.3

110 23.6 24.1 22.6 39.2 40.6 38.0

111 18.5 24.3 18.5 36.6 36.6 36.5

112 21.0 26.7 21.3 36.6 36.4 36.0

113 20.9 28.3 21.7 38.0 37.5 36.6

114 16.4 21.3 17.4 34.6 34.1 34.4

115 19.4 24.9 17.3 32.2 32.5 33.4

116 16.6 17.7 18.0 26.4 27.4 31.1

117 19.1 20.9 19.1 38.9 37.9 36.4

Table A.4: The results achieved (in percentage) by applying the KNN to the features

extracted from the 117 physicochemical attributes for the EDD benchmark. The six feature

groups used in this part are referred by their numbers.

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4 Extraction No.5 Extraction No.6

1 10.3 12.6 10.6 21.5 23.2 23.3

2 12.5 12.0 12.2 22.4 24.3 23.3

3 12.3 13.3 12.0 22.7 23.4 24.1

4 16.1 15.0 14.1 26.1 26.0 27.4

5 12.7 12.7 13.0 22.2 20.8 23.3

6 13.3 11.6 10.7 21.4 22.6 23.3

7 13.8 15.8 12.7 26.0 27.2 26.2

8 12.2 13.7 13.9 20.7 22.2 23.0

9 13.8 14.6 13.1 24.3 24.8 26.3

10 9.9 10.4 11.0 21.4 22.7 21.7

11 10.4 12.1 11.0 23.0 25.1 25.3

12 12.1 13.8 13.5 21.0 22.0 23.1

13 10.3 12.2 10.0 17.2 19.1 21.0

14 13.8 14.0 11.9 25.6 25.2 26.4

15 12.2 12.6 13.7 21.7 22.2 26.1

16 13.0 16.0 12.8 25.2 24.9 25.8

17 13.9 13.3 13.6 22.3 23.4 24.6

18 10.5 12.8 12.9 21.7 23.7 23.8

19 15.1 14.1 15.7 22.5 22.7 22.4

20 14.8 18.0 14.3 21.9 22.6 22.7

21 12.2 12.8 12.7 23.8 25.3 25.5

22 13.8 13.5 12.6 21.0 21.3 22.9

23 11.6 14.5 13.5 27.3 27.2 25.7
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24 14.0 16.6 15.1 22.2 23.6 25.3

25 14.2 15.8 14.6 18.8 20.6 21.8

26 14.5 14.7 14.8 26.4 25.4 26.9

27 13.2 14.6 14.6 23.8 25.3 25.4

28 13.5 11.9 14.4 19.2 21.5 21.3

29 14.4 10.5 13.8 17.5 19.4 19.1

30 11.5 10.3 12.4 20.5 22.8 21.5

31 11.4 12.8 12.1 19.3 20.7 21.7

32 13.9 11.9 14.4 18.3 20.7 20.6

33 17.1 12.7 16.1 18.5 19.7 20.2

34 15.8 10.7 14.0 18.6 19.9 19.7

35 13.5 11.5 14.4 20.5 20.7 23.3

36 11.9 12.5 13.0 24.6 25.5 26.0

37 12.4 13.6 13.5 23.4 23.2 25.9

38 10.1 12.1 10.9 20.4 20.2 22.0

39 12.9 13.0 13.2 20.8 21.5 22.7

40 11.3 11.9 10.4 17.7 16.5 19.8

41 11.2 12.3 11.4 20.5 21.6 21.1

42 12.8 12.9 12.0 22.2 24.2 25.8

43 12.2 13.9 14.4 24.2 25.8 25.6

44 13.9 14.4 12.1 21.7 22.1 23.0

45 10.4 11.6 11.9 17.4 18.6 20.6

46 11.6 10.7 11.8 17.8 17.9 21.7

47 11.4 12.6 11.9 22.9 25.2 26.1

48 10.3 11.2 11.5 16.1 18.0 19.4

49 11.9 12.6 13.2 19.6 19.5 21.7

50 10.5 13.0 12.7 23.0 24.1 26.3

51 11.3 13.8 12.4 24.9 25.2 28.8

52 10.6 12.0 11.4 23.9 25.4 23.4

53 11.9 11.9 10.7 20.3 20.1 21.7

54 13.9 14.4 13.8 22.4 23.4 23.0

55 11.1 11.7 11.6 15.9 17.6 19.1

56 11.6 10.6 10.7 16.9 17.2 19.1

57 11.5 13.0 13.3 19.4 21.2 22.9

58 12.3 14.1 12.7 24.2 25.2 24.4

59 13.5 12.4 14.1 20.3 20.5 22.4

60 14.9 9.8 14.6 20.0 19.4 17.8

61 15.1 12.7 14.0 20.8 22.3 24.3

62 12.6 14.1 13.8 22.6 24.7 25.0

63 12.2 15.8 14.0 23.6 23.8 24.4

64 11.9 14.1 11.6 19.4 18.5 20.1

65 14.0 12.6 13.3 23.4 23.9 26.6

66 11.2 13.4 10.5 23.3 26.6 25.0

67 11.8 11.2 9.2 18.3 19.9 21.4

68 10.7 10.6 9.6 18.8 17.8 21.0

69 9.9 10.9 10.9 19.4 20.9 21.9

70 13.3 11.6 13.1 23.9 23.2 24.3

71 9.4 11.2 8.7 19.3 18.1 19.6

72 12.3 13.9 11.8 23.3 22.7 25.3

73 12.9 13.9 13.8 23.1 22.4 24.9

74 12.1 12.2 12.1 21.0 25.6 25.2
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75 14.4 15.7 12.0 26.1 26.6 28.3

76 14.8 15.5 14.2 27.0 26.2 29.8

77 14.1 16.3 13.7 25.2 26.3 28.7

78 12.4 13.2 13.3 21.4 22.0 24.4

79 11.8 14.5 14.4 20.2 23.0 23.0

80 13.3 12.7 13.2 22.7 23.7 23.6

81 12.1 15.4 14.1 26.1 25.1 27.5

82 13.5 14.8 14.4 25.8 27.3 26.6

83 12.1 15.4 14.1 26.1 25.1 27.5

84 12.2 13.7 12.2 23.4 25.5 25.3

85 11.7 13.2 12.1 23.0 24.1 24.7

86 12.5 14.2 13.7 23.0 26.4 27.1

87 13.3 15.0 12.9 25.4 26.1 25.8

88 13.9 15.8 15.6 21.2 22.6 22.1

89 12.5 12.9 15.5 20.5 21.4 24.1

90 18.8 18.7 20.3 22.2 22.9 20.5

91 13.0 13.3 12.7 22.2 24.4 28.0

92 9.7 12.8 11.3 19.9 20.5 19.0

93 12.8 10.8 12.1 18.9 20.2 22.4

94 11.9 10.9 11.9 15.8 19.7 19.5

95 10.7 12.8 12.4 18.3 18.8 22.1

96 11.3 13.6 12.8 24.9 26.7 25.7

97 12.1 13.0 12.0 21.2 21.1 25.5

98 12.4 13.1 11.0 23.5 23.1 24.7

99 13.2 12.7 12.7 25.8 24.9 26.1

100 14.6 17.1 16.0 23.7 25.9 25.4

101 15.8 15.1 15.0 22.4 21.9 22.4

102 13.0 15.9 14.8 18.7 19.9 19.1

103 14.0 15.9 15.6 23.0 18.7 21.8

104 14.1 19.1 17.5 23.6 20.7 23.0

105 12.7 15.5 15.7 22.4 24.5 23.4

106 12.6 12.7 12.8 22.0 23.7 25.0

107 12.1 14.4 12.4 24.7 24.9 26.9

108 10.6 11.0 10.5 20.2 21.8 20.8

109 9.6 12.5 12.2 19.3 21.0 23.0

110 17.2 16.6 17.6 21.9 20.0 22.2

111 11.0 11.1 10.9 21.3 22.4 21.4

112 14.8 12.3 14.5 22.1 22.0 23.3

113 13.4 14.4 13.3 22.4 24.2 25.6

114 11.6 10.7 10.7 18.2 19.7 22.0

115 11.7 12.3 10.7 20.0 20.1 21.6

116 12.5 11.8 12.6 12.4 11.6 17.9

117 10.3 12.5 13.4 20.8 22.4 25.3

Table A.5: The results achieved (in percentage) by applying the Naive Bayes to the fea-

tures extracted from the 117 physicochemical attributes for the EDD benchmark. The six

feature groups used in this part are referred by their numbers.

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4 Extraction No.5 Extraction No.6
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1 9.7 10.2 17.8 15.9 17.2 20.7

2 10.5 10.7 23.6 16.9 18.3 23.0

3 9.6 10.1 20.0 14.4 14.6 20.8

4 13.5 12.2 20.5 19.6 18.8 24.8

5 9.5 11.4 20.4 13.2 10.3 20.5

6 12.5 11.4 22.6 16.1 15.5 21.4

7 13.8 16.2 26.5 24.7 22.6 26.7

8 11.9 12.6 23.9 16.9 16.3 21.9

9 11.8 9.9 24.7 17.4 17.1 21.9

10 12.1 10.6 26.5 19.9 20.1 24.4

11 11.9 10.2 19.0 15.9 16.5 20.4

12 11.3 11.6 19.9 17.4 19.1 23.0

13 10.9 10.4 22.7 16.3 13.4 22.7

14 10.2 9.9 20.3 13.1 14.1 19.2

15 13.1 15.2 26.8 24.3 21.8 28.0

16 10.6 12.8 22.3 14.4 16.0 21.7

17 13.0 14.1 27.7 21.6 19.7 21.9

18 13.9 10.2 25.1 17.9 17.7 22.6

19 10.3 10.7 21.2 17.4 17.6 22.3

20 12.3 10.5 19.9 17.0 15.4 21.6

21 8.6 10.7 19.2 12.4 10.5 20.7

22 12.2 11.1 19.9 17.7 19.0 22.3

23 8.5 11.6 20.3 13.3 11.8 20.5

24 12.5 14.0 24.4 21.3 21.9 25.2

25 11.0 11.0 22.4 15.2 13.2 21.9

26 4.5 12.0 17.9 9.4 7.3 17.0

27 14.6 13.5 27.2 21.3 21.0 24.7

28 14.1 13.8 27.5 23.5 21.0 28.2

29 11.2 10.5 21.8 11.6 13.0 15.2

30 12.7 11.4 22.7 13.0 9.9 16.3

31 11.9 11.5 20.8 15.4 16.5 18.9

32 11.3 9.4 19.4 15.2 16.9 19.4

33 14.5 12.2 22.4 13.8 13.4 18.9

34 15.5 8.6 22.2 13.9 13.5 20.5

35 13.5 11.0 21.3 17.7 17.7 22.4

36 14.0 10.9 20.9 18.0 18.0 20.2

37 10.8 13.3 24.5 16.6 17.0 24.1

38 10.5 13.0 26.3 17.2 19.9 21.1

39 10.7 10.1 18.1 13.6 14.4 19.9

40 13.0 12.4 23.8 15.0 13.8 21.6

41 11.3 8.5 19.4 12.0 12.6 15.3

42 10.2 9.9 18.7 13.9 11.6 18.8

43 12.4 12.7 24.6 18.2 19.8 23.8

44 9.8 12.8 22.5 14.1 14.1 22.4

45 13.0 11.7 24.4 17.1 14.5 22.8

46 6.9 11.4 18.0 10.1 7.2 16.1

47 8.6 9.3 22.0 12.2 11.0 19.1

48 10.7 10.7 26.6 17.4 18.8 23.8

49 8.4 10.9 18.0 11.6 9.4 17.7

50 8.3 11.0 19.6 10.9 10.8 13.3

51 10.1 9.5 20.2 18.0 18.6 22.3
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52 10.9 11.4 19.6 17.5 17.7 23.8

53 10.6 10.8 20.8 17.4 19.0 20.9

54 14.6 12.2 23.1 17.0 18.0 20.9

55 12.4 12.5 21.9 15.6 13.0 20.9

56 9.2 12.9 20.2 13.3 13.0 19.7

57 9.4 12.1 18.6 11.0 9.5 18.7

58 11.2 13.7 21.3 14.3 12.4 24.4

59 12.0 12.9 20.0 18.4 17.5 24.2

60 11.6 14.6 18.9 15.7 14.9 20.8

61 14.4 12.0 21.3 16.6 16.4 19.8

62 14.2 12.0 23.0 17.3 19.7 23.7

63 12.7 12.4 23.1 19.2 16.9 21.5

64 11.1 8.6 22.3 15.4 14.7 23.8

65 8.2 12.4 19.3 16.3 14.9 19.7

66 13.7 13.0 24.7 18.3 20.1 22.0

67 11.1 11.7 19.2 16.1 16.6 22.2

68 10.3 10.7 20.8 12.3 13.3 16.9

69 8.8 8.6 18.8 12.7 11.3 19.1

70 11.3 10.9 24.1 14.1 15.8 20.2

71 14.6 11.7 27.8 21.2 22.6 21.8

72 7.6 7.3 16.3 13.5 15.1 17.7

73 12.8 11.5 26.1 16.5 20.4 21.3

74 10.5 11.5 23.4 15.8 12.5 21.9

75 10.4 10.8 23.4 17.0 17.4 23.6

76 14.1 17.3 27.5 26.3 24.3 28.1

77 14.0 16.3 28.0 26.7 24.9 27.4

78 13.9 16.2 26.9 26.1 24.2 27.4

79 14.6 18.0 24.9 18.3 17.0 23.0

80 14.1 15.5 24.7 19.3 18.5 22.3

81 15.2 17.2 25.5 20.7 17.9 22.3

82 14.7 10.9 26.9 19.9 19.3 24.7

83 14.1 10.3 27.5 19.7 19.6 24.7

84 14.7 10.9 26.9 19.9 19.3 24.7

85 12.4 12.5 20.1 19.4 17.2 24.7

86 11.2 11.5 19.3 16.8 18.4 23.2

87 11.9 12.4 25.5 20.4 22.2 23.8

88 10.3 11.4 26.7 18.8 21.7 21.5

89 13.5 19.4 23.0 18.3 17.4 19.6

90 9.8 9.6 20.9 14.1 12.5 21.8

91 12.5 11.8 22.8 17.7 15.8 21.3

92 10.8 10.6 26.5 19.0 21.2 23.5

93 7.9 9.9 16.9 14.1 14.6 19.4

94 15.4 11.3 19.7 13.3 14.4 20.7

95 13.2 10.7 20.3 17.5 17.4 19.5

96 11.7 12.5 21.2 17.5 17.6 19.9

97 10.9 10.9 19.7 18.8 19.4 22.6

98 9.5 10.5 25.2 16.5 18.2 23.3

99 13.0 10.5 23.6 19.1 20.9 22.4

100 13.3 17.9 24.1 17.7 17.5 20.0

101 15.2 19.4 21.9 18.0 17.3 19.3

102 12.0 20.7 18.6 16.6 15.8 18.4
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103 13.3 18.3 19.8 14.7 16.6 17.8

104 14.7 20.8 22.5 18.5 17.4 18.7

105 13.1 21.3 24.0 19.7 18.3 19.9

106 10.4 9.6 22.2 14.0 14.1 22.2

107 13.5 12.0 24.1 19.1 19.7 22.4

108 11.6 11.5 19.5 17.7 17.7 21.9

109 12.1 10.7 19.7 15.2 15.5 21.8

110 13.4 13.0 21.1 16.3 18.8 22.0

111 11.9 9.3 19.5 14.6 16.2 18.8

112 12.1 9.9 21.9 15.5 14.6 21.0

113 9.9 10.7 23.7 14.9 13.1 23.2

114 8.3 9.9 20.7 13.5 13.3 19.3

115 14.6 12.2 23.0 17.1 17.7 20.8

116 12.2 11.2 21.3 16.7 15.5 19.3

117 11.7 10.7 24.4 16.3 17.1 20.2
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A.2 The Results Achieved for the TG Benchmark

Table A.6: The results achieved (in percentage) by applying the AdaBoost.M1 to the

features extracted from the 117 physicochemical attributes for the TG benchmark. The six

feature groups used in this part are referred by their numbers.

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4 Extraction No.5 Extraction No.6

1 11.4 16.6 14.4 24.9 29.0 27.3

2 13.4 17.4 17.0 28.4 28.9 31.6

3 15.0 18.8 16.6 26.7 27.1 27.9

4 19.9 22.4 18.0 29.2 29.3 30.3

5 13.4 19.1 18.9 26.5 25.1 28.6

6 19.8 16.1 22.4 27.3 26.2 30.9

7 18.0 20.5 22.7 29.5 27.0 29.7

8 17.2 19.2 20.0 27.9 29.2 29.7

9 19.1 23.8 20.7 25.2 28.4 28.7

10 13.1 19.4 15.0 24.6 27.1 27.0

11 14.8 18.3 16.3 29.0 29.7 29.7

12 16.6 18.8 21.6 28.5 27.5 28.2

13 15.3 16.6 17.7 24.0 24.9 26.7

14 17.5 22.6 22.4 27.1 29.8 29.5

15 16.4 20.2 17.5 28.1 29.2 28.9

16 19.4 24.0 23.5 26.7 28.6 30.6

17 17.0 18.6 21.9 26.5 30.0 27.9

18 13.7 18.0 18.5 27.8 27.9 29.5

19 20.4 20.7 21.5 27.1 29.7 29.8

20 15.3 16.3 21.0 27.1 27.1 27.5

21 15.6 16.7 18.1 27.0 29.3 32.5

22 13.9 17.8 21.5 26.2 29.2 28.9

23 18.8 19.1 22.1 30.3 28.9 30.4

24 18.9 20.8 24.1 26.7 29.7 30.0

25 13.7 17.8 19.6 23.2 24.9 26.3

26 19.1 20.4 21.9 31.9 33.9 33.1

27 15.9 20.4 19.9 27.0 29.3 29.3

28 14.4 18.3 19.4 26.0 29.2 28.4

29 19.9 15.3 18.5 24.3 25.1 24.1

30 16.9 17.5 17.0 25.1 29.5 29.0

31 15.3 19.3 18.8 26.7 26.0 29.0

32 19.4 18.0 20.2 24.0 27.3 25.7

33 19.1 16.4 21.8 24.8 25.6 26.3

34 18.0 19.9 20.2 26.2 27.1 27.6

35 15.6 19.6 19.1 27.4 26.0 29.3

36 16.4 21.0 20.0 27.1 30.6 28.6

37 15.3 17.8 16.7 25.2 26.5 29.0

38 12.8 17.0 15.6 24.7 26.5 25.6

39 17.5 20.2 23.5 27.0 27.6 27.9

40 16.7 14.0 18.5 24.3 25.6 26.8

41 15.6 20.2 16.7 24.8 27.3 27.1

42 21.5 19.2 23.3 28.7 29.5 32.2

43 15.8 20.8 20.7 30.6 34.2 31.6

44 17.8 22.1 20.2 28.1 29.2 31.2
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45 14.8 15.1 19.4 24.5 24.0 26.3

46 14.7 16.1 20.2 25.1 25.2 26.5

47 20.0 18.9 21.8 27.8 27.1 28.1

48 14.0 16.3 17.7 25.2 24.9 26.7

49 15.1 20.8 18.5 23.0 26.0 26.0

50 11.7 19.1 16.4 26.5 28.7 29.3

51 15.5 20.0 16.7 28.9 29.5 29.7

52 16.1 18.3 17.5 26.5 28.1 27.4

53 16.9 19.4 18.9 25.2 25.9 28.2

54 18.9 19.6 18.6 27.8 28.7 28.2

55 15.6 17.5 19.6 25.2 24.1 27.1

56 14.8 16.1 15.5 23.5 24.5 25.6

57 16.1 16.7 22.4 28.1 26.2 30.9

58 15.0 18.1 16.1 25.9 29.2 29.7

59 14.8 19.1 17.8 26.7 26.8 29.5

60 17.2 19.6 22.1 23.7 28.4 27.9

61 15.5 17.5 19.1 27.1 25.9 26.7

62 16.7 21.6 21.0 26.5 26.3 30.0

63 15.3 19.1 18.1 27.8 27.8 27.6

64 17.4 23.7 20.5 27.8 26.5 27.9

65 12.8 20.0 17.5 25.1 24.6 24.0

66 21.0 21.0 24.0 33.1 30.8 32.7

67 14.7 19.6 18.8 28.6 27.9 28.9

68 14.8 18.6 18.0 24.1 24.5 27.8

69 12.6 18.0 17.7 23.8 29.3 24.9

70 15.1 16.6 17.0 26.0 25.1 24.8

71 16.6 19.6 21.0 27.1 27.4 27.0

72 14.8 17.0 13.7 23.8 24.9 24.8

73 18.0 19.9 21.6 27.0 27.3 28.4

74 17.4 20.7 22.4 27.9 26.5 26.7

75 14.2 15.8 19.4 28.1 30.4 30.3

76 16.3 23.3 21.0 30.1 28.9 30.9

77 18.1 21.0 20.8 28.9 30.8 30.8

78 17.4 23.8 21.5 29.2 29.3 30.3

79 18.6 22.2 22.6 26.2 26.8 30.4

80 18.8 23.3 21.5 26.5 27.1 29.7

81 18.9 24.0 20.0 26.3 26.8 30.1

82 17.4 20.8 20.2 27.3 28.1 30.0

83 16.9 21.0 20.7 27.3 28.4 30.3

84 17.4 20.8 20.2 27.3 28.1 30.0

85 13.4 16.1 17.2 27.6 28.1 29.3

86 15.0 15.3 14.7 26.3 27.1 28.6

87 17.0 20.4 23.5 30.1 33.4 32.2

88 17.4 19.1 19.1 27.0 27.4 27.4

89 18.5 23.3 20.2 25.9 26.2 28.1

90 18.0 21.6 21.1 28.9 27.8 30.8

91 15.1 19.6 19.7 27.3 28.6 28.2

92 19.1 19.2 19.1 29.5 29.2 31.9

93 12.5 19.7 17.7 26.7 23.2 25.9

94 17.4 19.6 19.9 25.1 25.4 26.5

95 16.6 17.8 17.5 27.1 26.8 26.5
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96 12.2 16.1 17.2 24.3 24.8 27.6

97 14.5 19.2 16.3 28.4 26.2 31.6

98 16.4 16.9 21.0 27.0 27.1 29.8

99 20.5 20.0 20.7 31.1 31.7 30.8

100 18.0 24.0 21.0 26.2 27.4 29.8

101 21.3 23.0 21.1 26.8 25.1 25.1

102 17.2 21.0 18.5 21.5 21.6 23.3

103 16.3 24.0 19.6 25.9 26.0 26.3

104 18.3 22.2 22.1 26.3 26.3 27.6

105 19.3 23.7 22.2 27.9 28.1 28.2

106 14.4 17.2 19.9 26.2 29.5 29.3

107 18.8 20.5 21.5 29.2 31.2 29.0

108 12.9 17.8 15.1 25.3 25.1 26.8

109 14.5 17.2 17.5 27.9 28.4 29.0

110 17.8 20.0 17.8 31.1 29.0 28.7

111 14.7 16.6 16.4 26.2 27.1 28.1

112 17.2 18.9 20.7 26.8 28.9 28.9

113 15.8 20.2 20.4 26.3 27.3 28.4

114 14.5 17.2 16.1 24.1 24.9 26.8

115 17.2 19.2 18.0 24.9 26.8 26.2

116 17.7 13.3 22.9 28.4 23.8 30.4

117 17.5 18.6 19.7 26.2 26.7 28.4

Table A.7: The results achieved (in percentage) by applying the Random Forest to the

features extracted from the 117 physicochemical attributes for the TG benchmark. The six

feature groups used in this part are referred by their numbers.

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4 Extraction No.5 Extraction No.6

1 12.9 17.7 16.6 25.6 27.1 28.9

2 14.2 17.8 19.6 29.7 29.0 30.6

3 12.9 20.5 19.9 27.6 29.2 28.6

4 19.4 21.9 20.0 29.0 31.7 31.7

5 13.6 18.9 20.5 27.8 28.6 29.3

6 18.9 17.0 21.3 28.1 28.6 30.6

7 20.8 24.9 22.1 30.1 29.3 32.8

8 19.1 21.6 19.4 30.1 31.9 31.7

9 20.4 24.6 22.6 27.3 28.2 29.7

10 14.8 20.2 18.1 28.6 27.9 28.6

11 14.7 18.1 16.6 30.3 30.6 30.9

12 17.0 22.9 20.7 29.5 30.8 30.3

13 15.8 17.7 20.0 26.2 27.6 27.8

14 19.7 23.8 21.6 30.3 31.6 32.3

15 17.4 20.8 18.9 29.3 30.8 30.9

16 21.5 27.3 22.4 29.2 30.0 31.7

17 16.7 21.6 19.2 29.2 29.2 30.4

18 14.2 22.2 18.6 30.3 29.2 30.0

19 20.4 23.8 23.7 30.0 29.2 29.8

20 14.2 18.3 20.8 28.6 27.9 30.1

21 17.7 18.8 17.8 29.2 29.2 28.9
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22 15.0 20.5 20.2 29.0 29.2 28.9

23 18.1 20.7 18.6 28.7 29.8 29.5

24 17.0 22.7 23.0 29.2 30.3 31.9

25 15.1 19.1 19.1 26.7 28.6 30.3

26 21.1 21.9 22.6 33.4 32.0 32.3

27 15.5 20.8 20.5 29.5 31.7 30.8

28 15.5 19.4 18.8 25.9 30.3 27.8

29 18.8 17.4 20.2 24.9 24.9 26.7

30 17.0 19.1 19.7 29.5 29.7 29.2

31 17.2 19.9 19.6 26.8 26.7 28.9

32 19.9 19.6 17.8 25.4 27.9 28.1

33 21.5 18.8 23.0 26.0 28.1 27.3

34 18.6 18.5 20.0 28.6 28.7 30.3

35 16.7 21.1 20.0 27.9 28.7 30.1

36 16.6 22.1 19.1 29.8 31.9 30.4

37 15.9 20.2 19.6 28.1 28.2 28.2

38 14.4 19.6 15.6 26.3 26.0 29.5

39 17.2 21.5 21.9 28.6 30.0 30.3

40 15.9 17.7 19.7 25.1 27.0 27.8

41 15.1 22.6 18.6 26.5 28.2 29.0

42 20.2 19.4 24.1 31.6 30.9 33.4

43 17.5 21.5 21.1 32.0 30.6 31.1

44 19.7 20.8 20.4 29.2 28.6 31.2

45 17.7 16.1 18.0 26.0 24.8 29.0

46 15.6 17.4 21.3 26.7 25.6 28.9

47 19.9 20.2 21.9 28.9 28.2 31.2

48 13.9 17.8 18.6 27.6 27.0 29.8

49 16.6 20.4 19.6 25.4 29.3 26.2

50 13.7 19.7 16.6 28.2 29.0 30.9

51 18.0 19.4 19.1 28.9 30.0 31.2

52 15.1 20.4 16.6 25.9 27.9 30.3

53 18.6 19.2 20.5 27.1 27.4 28.9

54 19.1 21.9 20.8 29.2 29.3 29.0

55 17.5 19.3 20.5 26.7 27.8 29.2

56 14.7 18.1 16.7 22.7 27.0 26.3

57 17.5 17.5 21.9 30.3 29.3 29.7

58 14.0 19.9 16.7 29.2 29.3 30.6

59 18.6 20.2 18.6 26.5 28.4 29.5

60 18.8 19.7 20.4 25.1 26.7 27.9

61 17.7 19.6 21.1 27.3 29.0 29.2

62 17.4 24.3 19.4 28.6 29.3 29.5

63 17.5 21.1 18.3 27.9 28.1 31.6

64 14.5 20.8 19.4 25.9 25.2 24.9

65 22.2 21.9 24.3 31.4 32.8 33.1

66 15.5 21.3 18.6 30.8 31.2 29.7

67 17.5 19.1 19.6 25.1 25.2 28.1

68 13.7 18.9 19.1 23.7 25.6 27.1

69 14.2 18.5 17.7 26.7 27.1 29.7

70 16.3 19.9 21.0 27.1 27.9 27.4

71 12.9 18.3 14.8 24.1 25.6 26.8

72 18.6 22.4 24.1 27.8 26.7 27.8
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73 19.9 22.6 23.2 31.4 30.6 29.8

74 14.4 18.3 19.1 29.3 31.2 30.9

75 18.5 25.7 19.4 31.1 31.7 31.7

76 20.0 26.3 21.9 31.1 31.4 31.7

77 18.9 24.3 20.5 30.4 30.4 32.5

78 19.3 24.1 23.2 28.7 28.6 30.3

79 18.3 22.4 21.3 28.9 27.6 29.3

80 21.1 24.5 22.2 28.2 29.0 31.2

81 17.8 21.8 20.4 28.7 30.1 31.2

82 17.8 22.7 21.9 28.1 28.7 31.9

83 17.8 21.8 20.4 28.7 30.1 31.2

84 13.9 18.5 19.1 29.5 28.2 30.0

85 14.7 17.8 18.1 27.1 29.0 29.8

86 17.4 19.7 22.2 32.3 33.9 30.8

87 18.3 21.8 19.2 27.6 28.4 28.7

88 19.9 25.7 22.7 29.0 30.6 29.7

89 17.2 21.5 22.1 29.0 30.1 31.6

90 15.3 20.5 19.2 28.2 29.5 30.3

91 16.9 19.2 19.6 31.7 31.7 31.1

92 11.2 21.0 16.6 24.3 24.8 28.6

93 18.9 21.1 20.0 26.2 26.8 27.6

94 16.7 18.3 20.5 28.1 28.4 29.5

95 15.8 18.0 18.1 25.9 27.8 28.4

96 15.0 21.3 18.6 29.0 30.6 31.1

97 16.1 18.1 19.9 27.8 27.0 29.5

98 17.0 20.7 18.5 28.6 29.2 28.7

99 18.6 19.2 22.6 28.4 31.1 32.3

100 19.9 24.9 23.8 30.4 30.9 30.9

101 22.2 24.0 22.2 28.9 28.6 28.1

102 16.6 21.3 19.6 23.0 26.8 25.1

103 18.9 23.3 21.6 27.1 27.8 28.6

104 20.7 24.6 21.3 28.6 28.7 30.0

105 17.8 23.7 21.6 30.0 30.0 29.5

106 15.3 18.3 20.5 29.3 30.0 31.1

107 20.0 19.4 22.1 30.6 30.8 30.6

108 15.1 19.2 17.4 25.7 28.1 29.2

109 14.8 17.0 18.8 28.7 30.0 30.6

110 17.7 20.8 19.4 28.4 28.9 31.4

111 14.8 20.4 18.3 27.4 28.6 28.6

112 19.4 21.0 19.7 27.8 29.8 29.2

113 17.5 21.3 22.6 27.8 30.8 30.0

114 15.5 16.4 16.7 27.3 28.4 29.2

115 18.3 19.6 19.1 26.7 27.6 29.0

116 16.1 14.4 20.5 27.3 27.4 31.1

117 16.4 19.7 21.1 27.1 30.4 29.7
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Table A.8: The results achieved (in percentage) by applying the SVM to the features

extracted from the 117 physicochemical attributes for the TG benchmark. The six feature

groups used in this part are referred by their numbers.

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4 Extraction No.5 Extraction No.6

1 13.1 20.3 13.7 29.0 28.9 28.4

2 13.3 20.7 15.3 33.1 33.3 33.1

3 13.3 21.6 13.1 32.2 32.8 32.5

4 20.2 22.4 21.6 32.0 31.9 32.3

5 18.3 21.8 16.3 29.5 30.0 29.8

6 21.3 18.9 18.5 32.2 30.0 31.2

7 24.0 28.7 22.2 33.6 30.9 32.7

8 18.1 24.1 20.2 30.8 30.6 32.0

9 20.5 27.0 20.8 30.4 30.8 30.1

10 16.4 21.0 14.8 31.1 31.1 30.1

11 15.5 20.7 15.6 33.1 34.7 33.4

12 18.8 23.4 19.4 32.5 31.2 32.5

13 14.5 21.1 15.6 24.8 27.1 27.3

14 20.8 28.2 19.9 33.8 33.3 31.9

15 17.2 23.3 18.1 31.6 34.2 31.1

16 20.2 28.7 21.1 33.0 31.7 31.2

17 19.1 25.1 19.7 31.1 31.4 30.4

18 15.8 22.9 16.1 31.1 31.4 29.8

19 21.9 24.9 21.6 31.2 32.7 32.2

20 17.8 22.4 17.5 29.7 31.2 29.8

21 18.0 20.0 17.8 32.3 31.9 33.4

22 18.3 22.1 17.7 30.4 32.5 30.4

23 15.0 20.2 14.4 32.5 32.2 31.9

24 18.1 22.9 18.9 31.1 30.6 33.1

25 15.6 19.9 16.3 27.6 26.5 30.1

26 19.4 21.5 18.9 34.1 34.1 34.9

27 21.1 25.4 18.6 32.0 32.7 30.9

28 17.4 20.0 16.9 26.2 29.2 27.6

29 21.0 18.8 21.1 25.2 25.6 26.7

30 18.1 21.9 18.8 31.4 29.3 30.1

31 15.9 22.7 15.5 30.6 29.7 30.0

32 19.9 20.2 19.9 28.2 27.9 28.2

33 23.2 20.4 22.9 26.0 26.7 25.4

34 22.7 23.0 23.0 28.4 28.4 27.6

35 22.1 23.5 22.7 28.9 28.7 28.6

36 16.4 20.2 17.8 32.2 31.9 33.6

37 16.6 23.3 18.0 31.2 32.8 29.3

38 13.7 22.9 14.7 27.1 26.2 28.4

39 18.9 22.2 18.5 29.5 30.4 30.4

40 15.1 16.7 17.4 24.1 29.0 25.2

41 17.4 23.3 16.6 31.1 31.2 30.1

42 21.3 21.3 19.7 33.4 30.8 30.1

43 21.9 24.8 18.1 33.3 34.5 32.2

44 20.8 21.9 19.4 33.1 32.0 32.2

45 15.0 19.2 16.4 25.6 25.2 25.7

46 14.8 19.6 15.9 26.5 27.0 27.8

Protein Fold Recognition Using Segmentation-based Features 160



Appendix: A A.2. The Results Achieved for the TG Benchmark

47 17.4 17.2 18.8 29.5 28.9 31.2

48 15.9 18.6 16.9 28.7 27.4 27.3

49 18.5 20.8 16.3 26.8 31.4 27.0

50 13.3 20.4 13.7 31.1 31.9 31.7

51 16.7 20.5 15.6 32.8 33.1 33.0

52 16.1 23.7 16.6 31.9 30.0 31.4

53 17.8 19.1 12.9 29.0 29.7 29.2

54 20.0 23.3 20.5 30.0 29.7 30.0

55 18.5 21.0 18.5 28.9 29.3 27.6

56 14.0 21.1 15.1 25.2 25.2 27.9

57 14.0 18.0 13.1 30.6 29.5 30.4

58 16.1 22.7 16.6 33.1 31.9 32.2

59 17.8 21.9 19.1 30.4 29.2 30.4

60 21.0 18.8 22.1 29.7 28.2 27.8

61 21.5 21.0 21.3 28.7 30.3 30.4

62 18.3 27.6 19.2 32.0 32.7 32.5

63 18.1 22.4 17.4 30.6 30.9 30.4

64 16.9 25.6 17.5 28.7 29.2 29.2

65 21.3 21.0 21.6 33.8 34.4 32.5

66 14.4 23.0 16.7 33.4 35.3 31.7

67 17.8 21.3 16.6 28.1 29.7 28.1

68 15.8 21.6 17.2 25.6 26.7 27.1

69 16.7 21.5 16.1 27.4 27.6 27.3

70 19.6 22.9 19.4 29.5 29.0 29.7

71 15.5 21.9 15.8 27.9 28.1 26.2

72 19.1 23.0 19.2 31.7 30.4 32.3

73 18.3 23.5 19.1 31.4 32.2 31.7

74 16.1 20.2 16.6 33.8 34.2 32.2

75 21.0 29.0 18.8 32.3 32.3 32.3

76 21.6 28.6 20.8 33.9 33.1 31.7

77 21.1 29.0 19.3 33.0 32.3 32.0

78 20.2 24.9 20.7 31.4 30.9 32.0

79 18.5 26.0 19.6 31.9 31.2 32.3

80 20.4 25.4 20.4 30.6 31.9 32.3

81 17.4 28.1 19.4 31.7 32.7 30.4

82 17.0 26.7 19.1 31.6 31.7 30.3

83 17.4 28.1 19.4 31.7 32.7 30.4

84 16.3 22.6 16.3 33.3 32.0 32.0

85 15.1 19.9 16.9 32.2 31.4 33.3

86 18.8 19.7 19.2 31.7 35.8 32.3

87 17.4 22.1 17.8 33.4 32.3 30.3

88 19.2 25.2 20.7 30.1 30.8 30.4

89 17.0 20.2 17.4 30.0 31.9 32.7

90 17.4 18.9 16.6 28.1 28.7 28.6

91 16.9 20.8 17.7 33.3 34.1 32.8

92 13.7 23.5 17.2 29.0 28.9 30.0

93 21.3 22.4 21.6 27.9 27.1 27.8

94 17.7 21.3 17.2 31.6 30.6 29.0

95 12.5 19.2 13.9 29.3 29.7 29.2

96 17.0 22.9 15.9 33.3 32.8 32.3

97 17.0 18.1 17.4 29.5 30.4 29.7
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98 16.6 22.4 17.2 32.0 30.8 30.6

99 20.2 23.0 20.4 31.1 33.4 31.7

100 20.8 27.0 20.7 32.5 31.2 33.3

101 23.0 27.9 23.8 30.9 31.4 30.9

102 18.8 25.2 20.2 27.8 27.6 27.1

103 18.9 26.3 20.8 29.3 29.0 30.4

104 20.0 26.5 21.6 30.8 29.8 30.9

105 20.2 27.4 21.1 30.4 30.3 30.8

106 18.6 22.1 17.2 31.1 33.1 31.1

107 18.8 21.8 18.1 33.1 34.1 33.4

108 13.4 22.2 14.4 32.5 29.0 31.6

109 14.0 18.3 15.9 32.3 30.6 32.2

110 21.6 27.4 22.4 29.7 29.2 28.6

111 19.2 20.7 16.7 30.6 32.5 30.8

112 21.1 22.6 18.9 31.7 32.2 29.2

113 18.1 23.8 21.5 31.1 32.8 30.4

114 15.0 15.9 15.5 28.6 27.0 29.2

115 17.4 19.4 13.6 29.2 30.3 28.4

116 13.1 15.1 12.9 22.4 22.7 26.2

117 19.7 13.9 18.9 32.0 30.6 32.3

Table A.9: The results achieved (in percentage) by applying the KNN to the features

extracted from the 117 physicochemical attributes for the TG benchmark. The six feature

groups used in this part are referred by their numbers.

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4 Extraction No.5 Extraction No.6

1 8.7 9.5 9.0 17.5 16.9 19.6

2 7.3 10.4 7.9 16.1 18.5 21.9

3 9.6 9.9 10.6 20.0 21.3 21.0

4 13.9 10.9 11.5 19.6 22.1 18.6

5 7.9 9.9 11.8 19.4 18.1 21.5

6 9.3 9.3 10.1 20.2 18.9 19.1

7 12.5 12.5 9.8 21.9 21.5 21.9

8 10.4 12.6 9.0 20.2 24.3 23.0

9 8.8 13.3 8.5 18.5 23.2 21.8

10 12.6 12.9 13.6 20.2 19.7 20.8

11 9.0 11.0 8.4 15.9 17.7 19.4

12 7.1 10.4 9.0 19.4 19.2 19.9

13 10.7 11.7 10.9 21.1 21.6 19.9

14 11.0 8.4 7.7 15.8 17.7 15.3

15 11.8 10.4 9.0 19.4 23.2 19.4

16 9.3 9.6 8.5 20.7 22.4 20.4

17 9.6 13.9 12.5 20.8 24.8 24.1

18 10.4 13.1 10.1 17.0 17.8 19.1

19 10.0 10.9 10.7 18.6 21.5 17.8

20 15.8 12.0 14.5 20.5 19.2 21.5

21 9.8 9.6 10.4 20.2 17.5 21.0

22 10.3 9.8 10.6 18.0 18.8 20.2

23 9.5 9.8 12.5 18.3 19.9 21.0
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24 9.5 8.0 7.4 19.9 18.1 21.6

25 8.7 14.0 10.6 20.4 20.0 20.7

26 8.0 8.7 9.6 15.1 18.0 18.8

27 12.9 10.4 9.6 21.8 24.5 20.8

28 9.6 10.9 11.0 20.5 21.8 20.8

29 9.3 9.8 9.6 18.0 17.7 18.5

30 13.6 9.3 13.3 15.8 15.0 17.0

31 11.5 8.8 9.3 15.3 18.5 18.3

32 10.1 10.9 7.1 15.0 18.5 22.2

33 14.4 8.8 10.4 16.9 17.4 18.1

34 13.3 8.4 15.1 15.8 15.9 15.5

35 13.7 10.4 11.0 18.9 19.6 18.6

36 13.6 11.7 11.0 19.2 18.5 19.9

37 9.5 11.4 8.8 17.8 19.9 20.5

38 8.8 11.7 8.8 19.7 19.2 19.1

39 7.9 9.3 9.0 16.3 16.7 18.3

40 11.2 12.0 12.6 17.7 15.8 18.0

41 10.7 8.2 10.4 13.6 11.0 16.4

42 7.3 10.4 9.0 18.0 18.5 18.8

43 10.7 10.4 10.1 19.9 21.6 22.6

44 9.6 10.4 10.4 20.0 21.1 19.6

45 9.6 12.6 10.6 15.8 17.5 19.6

46 7.1 7.3 8.0 15.3 14.0 17.7

47 10.1 9.6 9.5 13.9 15.1 15.5

48 11.0 10.4 9.3 15.3 21.1 20.0

49 8.4 10.4 8.4 14.4 14.2 18.5

50 10.3 9.8 10.1 17.0 19.1 20.2

51 7.9 10.3 9.9 18.3 18.1 19.6

52 10.6 9.6 10.9 18.3 20.8 21.0

53 9.3 10.7 10.4 19.2 21.3 18.5

54 9.9 10.9 9.9 19.6 18.6 19.4

55 12.2 10.3 11.5 21.3 19.6 18.0

56 9.6 9.8 8.8 14.0 14.5 18.0

57 9.3 6.9 8.5 13.7 16.4 17.0

58 10.7 9.3 10.7 16.4 16.7 19.2

59 9.0 8.7 8.2 16.6 17.2 18.3

60 10.7 12.3 13.1 18.5 16.4 20.7

61 14.2 11.5 15.3 15.6 18.8 16.4

62 11.2 9.8 11.0 16.6 18.6 18.5

63 11.7 13.1 10.7 19.2 20.4 17.8

64 11.2 11.8 10.3 19.7 21.1 19.2

65 9.5 10.6 9.9 16.1 17.0 16.9

66 15.5 11.8 12.5 18.6 18.1 17.4

67 12.6 9.2 10.3 18.8 21.3 19.4

68 9.9 9.9 8.5 17.7 17.8 17.8

69 9.2 8.4 6.8 16.6 18.0 17.5

70 10.4 10.1 7.6 15.5 17.2 15.6

71 9.8 10.4 7.4 19.1 20.7 17.0

72 9.3 8.5 10.1 16.6 16.7 17.2

73 10.4 10.4 7.9 18.1 18.9 19.1

74 11.2 14.8 12.3 20.2 18.6 23.0
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75 9.6 9.9 8.5 16.4 18.9 20.4

76 11.2 12.6 10.4 20.5 19.4 21.6

77 11.8 12.2 10.4 23.2 21.3 22.9

78 10.9 12.9 11.8 21.3 21.3 21.9

79 11.0 12.0 12.2 17.5 20.0 20.7

80 9.6 12.9 12.2 20.7 20.7 22.4

81 11.2 13.3 11.8 17.4 19.6 22.2

82 11.0 12.9 12.3 19.2 22.6 22.7

83 10.7 11.7 11.7 18.6 21.6 22.1

84 11.0 12.9 12.3 19.2 22.6 22.7

85 7.1 7.3 10.1 16.3 16.4 20.2

86 9.3 10.3 10.3 17.4 19.6 19.7

87 11.0 12.6 9.5 19.2 23.0 22.4

88 9.9 10.4 8.5 19.7 22.2 21.0

89 11.7 13.6 13.4 19.6 18.0 19.7

90 10.1 11.8 11.4 18.6 19.1 21.9

91 10.6 10.4 12.6 15.0 16.6 17.0

92 9.2 10.4 10.3 19.6 18.9 21.3

93 7.9 10.3 9.5 17.2 16.6 20.4

94 11.5 11.2 9.8 18.1 16.3 19.4

95 11.7 10.3 10.4 18.5 18.0 18.1

96 10.3 10.1 11.2 17.5 17.8 19.4

97 9.8 10.9 10.9 18.5 20.2 21.3

98 8.8 10.3 7.7 15.3 21.0 20.4

99 9.5 9.9 12.2 18.9 22.9 22.1

100 14.4 14.0 12.3 20.4 23.2 20.4

101 12.8 15.0 12.8 18.3 18.6 18.9

102 10.4 14.4 13.1 14.8 16.6 15.6

103 12.8 13.1 11.8 16.7 17.5 18.0

104 12.0 14.5 14.4 20.7 20.0 19.1

105 11.8 14.2 9.8 20.5 22.9 19.6

106 8.8 8.4 10.9 16.9 20.4 19.9

107 10.9 8.8 10.9 19.1 20.0 22.2

108 9.9 10.1 9.6 18.0 22.6 19.2

109 9.0 8.5 9.2 20.0 18.1 21.1

110 11.5 8.0 9.3 20.8 22.9 21.3

111 9.5 8.2 8.2 15.6 17.4 17.8

112 14.0 11.5 13.3 18.9 18.6 18.3

113 10.6 12.5 8.4 20.5 19.1 17.7

114 8.2 6.5 7.9 13.4 14.8 15.1

115 10.3 10.4 10.3 19.7 18.8 19.6

116 10.1 9.9 10.7 9.9 10.3 14.0

117 12.5 14.4 10.4 17.4 18.8 22.1

Table A.10: The results achieved (in percentage) by applying the Naive Bayes to the

features extracted from the 117 physicochemical attributes for the TG benchmark. The six

feature groups used in this part are referred by their numbers.

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4 Extraction No.5 Extraction No.6
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1 7.6 9.2 13.7 13.3 14.4 17.7

2 7.9 9.3 20.8 13.1 13.9 19.2

3 7.2 11.0 15.6 14.5 14.7 16.7

4 12.8 14.7 17.5 14.8 16.4 21.0

5 9.9 11.7 19.4 13.9 12.5 16.4

6 12.5 9.8 20.8 14.2 13.1 19.3

7 10.6 18.3 21.5 20.4 19.3 25.2

8 13.1 14.0 20.0 17.5 17.4 19.6

9 12.8 13.9 20.8 17.8 16.9 19.3

10 11.2 14.5 19.7 16.7 16.6 15.8

11 8.5 9.6 15.3 12.8 15.0 18.6

12 9.6 8.8 17.7 13.7 15.3 21.0

13 12.8 9.6 23.0 15.6 15.0 18.6

14 10.3 13.1 16.4 14.7 15.0 18.3

15 11.4 16.6 21.5 20.0 20.5 24.0

16 12.2 13.3 17.0 18.1 16.1 19.4

17 9.5 16.6 21.1 16.7 16.4 18.5

18 13.9 15.0 19.6 15.3 16.1 15.0

19 11.2 10.1 17.4 13.7 15.0 19.1

20 14.2 13.6 18.3 13.6 12.3 17.7

21 9.3 9.8 20.7 13.4 11.4 16.9

22 10.9 8.8 15.5 12.6 14.4 20.2

23 10.1 11.0 20.7 13.9 13.1 16.1

24 12.3 11.5 21.9 18.5 19.6 20.8

25 10.1 11.7 21.1 14.0 12.3 16.9

26 7.7 10.3 18.0 12.9 12.6 18.8

27 16.7 12.5 24.8 18.6 17.0 22.2

28 10.7 13.9 20.7 20.2 21.3 24.1

29 11.2 12.3 19.2 15.6 14.0 15.0

30 15.0 8.2 19.2 11.7 10.7 16.7

31 14.0 11.4 18.0 13.4 12.5 18.0

32 11.2 11.5 15.9 13.1 12.0 18.6

33 13.9 10.1 16.7 15.3 12.5 19.1

34 14.4 10.4 18.3 11.5 12.3 15.3

35 12.8 11.5 18.0 14.0 12.5 16.6

36 13.4 12.3 17.2 17.2 18.8 21.8

37 12.8 10.4 21.5 16.4 16.1 21.5

38 10.1 13.4 18.5 14.8 14.5 15.0

39 8.2 12.2 14.8 12.3 11.5 14.8

40 12.3 11.8 20.7 14.5 11.7 16.6

41 11.2 11.2 18.6 14.4 10.4 15.3

42 6.3 10.6 17.4 11.7 10.4 17.2

43 12.5 11.8 20.7 18.0 17.2 21.3

44 10.3 10.1 20.8 13.7 14.8 20.4

45 14.2 12.0 20.8 17.0 14.7 17.5

46 9.2 9.6 17.2 10.4 8.4 13.7

47 9.9 9.5 17.4 11.7 10.9 14.2

48 10.9 10.7 21.6 14.4 15.3 19.4

49 10.6 9.8 17.7 13.9 10.7 15.5

50 11.7 10.3 20.0 12.8 11.4 13.7

51 7.4 11.0 16.3 13.7 14.0 18.9
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52 8.2 11.8 18.5 13.3 12.5 20.5

53 11.8 12.8 16.7 14.7 15.8 21.0

54 12.5 11.2 17.8 17.8 17.7 18.6

55 12.9 15.5 18.5 17.5 16.3 21.9

56 11.4 11.7 19.6 16.3 14.5 16.9

57 11.2 10.7 18.9 12.9 14.5 16.4

58 10.9 12.0 20.5 14.0 11.8 20.8

59 10.4 10.9 15.9 16.6 16.1 22.6

60 10.9 13.7 17.7 16.3 15.9 16.7

61 13.4 10.7 17.5 16.6 15.8 15.6

62 12.9 12.2 18.6 17.0 17.2 17.8

63 10.6 13.6 18.5 15.1 14.4 19.1

64 10.1 10.3 19.7 16.9 14.8 16.4

65 9.3 13.3 18.3 17.5 16.4 19.6

66 10.9 13.6 24.3 15.3 17.2 21.1

67 10.7 10.7 16.6 14.4 14.5 19.7

68 10.9 11.0 17.2 13.6 13.9 17.2

69 9.8 12.0 17.0 14.0 13.3 18.8

70 9.3 11.0 17.8 12.0 12.0 17.7

71 12.8 13.3 18.9 14.8 16.1 20.4

72 5.5 9.2 14.4 9.9 10.6 15.8

73 10.9 14.0 21.6 13.7 12.5 20.4

74 10.1 11.5 22.2 15.0 13.1 17.4

75 7.6 10.3 19.4 12.6 13.7 19.6

76 9.6 17.0 22.2 21.6 23.0 26.0

77 10.9 16.3 20.7 21.1 22.1 25.7

78 11.0 16.9 20.8 21.8 22.9 25.7

79 13.1 15.3 19.3 18.0 17.4 22.7

80 13.9 16.4 18.9 18.9 18.6 20.8

81 13.7 15.6 20.5 19.2 17.8 22.1

82 10.9 11.4 21.5 15.9 16.1 15.6

83 12.5 11.8 20.8 16.3 15.8 16.3

84 10.9 11.4 21.5 15.9 16.1 15.6

85 9.9 11.7 14.4 16.6 15.8 22.1

86 10.9 9.0 15.1 12.0 12.6 20.0

87 8.2 12.3 20.2 15.1 16.6 19.7

88 10.3 12.8 20.5 13.7 15.3 17.0

89 13.6 17.2 19.7 16.4 13.9 17.7

90 10.1 11.5 21.9 12.6 13.1 15.5

91 16.4 23.7 16.6 18.8 18.0 18.0

92 11.2 11.8 22.2 16.9 14.8 21.6

93 8.4 9.6 14.2 14.2 12.8 16.3

94 15.0 14.7 16.1 12.6 12.9 18.9

95 11.2 9.3 18.5 16.3 16.6 18.8

96 11.0 11.7 17.4 17.4 20.0 16.1

97 9.8 11.7 18.6 13.9 17.5 17.4

98 7.1 10.1 19.1 12.0 12.2 18.3

99 14.2 12.6 19.7 16.4 17.0 19.1

100 12.6 16.1 19.4 17.4 15.9 22.4

101 12.0 19.6 17.8 21.1 19.4 23.0

102 8.4 16.1 17.2 16.4 16.7 18.0
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103 11.0 17.7 18.0 17.4 18.5 19.9

104 12.2 18.3 20.0 19.1 18.0 20.5

105 13.1 18.1 19.7 17.5 18.0 20.7

106 9.5 11.2 21.9 14.8 12.8 21.0

107 12.6 12.2 21.8 16.6 16.7 19.2

108 8.4 10.4 16.4 17.2 15.3 21.6

109 11.2 11.4 16.3 13.9 13.4 21.9

110 15.8 20.4 16.4 20.0 19.6 19.7

111 11.5 9.9 15.9 12.3 13.9 15.5

112 13.1 11.5 18.9 15.0 12.0 20.0

113 10.3 12.2 19.2 14.8 14.2 19.9

114 6.3 7.6 18.3 10.3 9.8 15.9

115 12.3 10.6 18.1 17.5 17.7 18.3

116 9.0 10.9 19.1 13.7 12.5 17.0

117 9.6 9.9 18.6 13.4 13.6 19.2
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Here we present the experimental results achieved for applying five classifiers to four

feature groups extracted from 55 physicochemical attributes of the amino acids using

original protein sequence for feature extraction. This experimental study is conducted

on 55 different physicochemical attributes to investigate their potential with respect to

the segmentation-based feature extraction technique. As it was mentioned in Chapter 5,

we use five classification techniques namely, Naive Bayes, AdaBoost.M1, SVM, Random

Forest, and KNN as the most popular and effective classifiers used for protein fold recog-

nition. For a given physicochemical attribute, we also extract four feature groups namely,

(1) Segmented distribution using 5% segmentation factor, (2) Segmented distribution us-

ing 10% segmentation factor, (3) Segmented distribution using 25% segmentation factor,

(4) Segmented density using 5% segmentation factor. These feature extraction techniques

which are proposed in this study are explained in more detail in Chapter 5. We will refer

to these feature groups in each table by the number assign to them here (from 1 to 4). We

will also refer to these 55 physicochemical attributes by the number assigned to them in

Chapter 5, Table 5.1 (from 1 to 55).

We will present this results for the EDD and TG benchmarks, separately. We will

present the results achieved for each classifier for all four feature groups and all physic-

ochemical attributes in a single table. Therefore, for each benchmark, we produce five

tables. Hence, we will present all the results in 10 tables as follows.
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B.1 The Results Achieved for the EDD Benchmark

Table B.1: The results achieved (in percentage) by applying the AdaBoost.M1 to the fea-

tures extracted from the 55 physicochemical attributes for the EDD benchmark. The four

feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 15.5 20.6 23.4 24.2

2 11.9 16.9 19.5 22.7

3 16.3 21.9 25.2 25.8

4 12.0 17.8 21.3 24.1

5 15.6 22.2 24.9 25.7

6 12.7 18.9 20.3 20.8

7 12.7 17.7 20.4 24.1

8 13.2 19.7 20.9 22.2

9 12.8 19.6 21.0 24.6

10 14.1 19.9 20.8 22.3

11 11.7 18.3 21.6 24.1

12 12.4 17.1 19.1 22.2

13 11.9 19.0 22.2 22.9

14 13.2 19.1 21.9 25.6

15 16.8 20.5 23.5 22.7

16 14.2 20.3 22.7 27.4

17 15.8 19.2 23.9 25.7

18 12.0 19.0 23.0 22.6

19 11.6 18.3 21.4 24.6

20 13.8 18.0 19.9 26.9

21 13.8 17.4 22.4 24.7

22 11.9 17.9 21.7 24.3

23 14.6 18.3 21.6 24.7

24 12.7 19.3 23.5 24.9

25 12.9 18.8 21.3 24.1

26 13.8 20.6 23.3 23.8

27 15.2 20.8 21.8 22.7

28 12.8 17.5 20.2 24.5

29 11.3 18.3 21.0 24.6

30 13.6 19.0 23.3 24.0

31 14.3 20.3 23.2 26.3

32 12.7 18.9 21.0 24.2

33 12.7 18.0 20.9 22.7

34 14.8 19.9 23.5 24.4

35 13.7 18.3 21.0 25.5

36 12.5 17.7 21.1 23.7

37 12.2 18.1 21.0 24.7

38 12.0 19.6 21.0 23.0

39 15.3 23.2 23.9 23.0

40 14.6 18.0 21.6 23.3

41 23.1 23.4 26.1 26.5

42 11.9 19.5 21.0 24.1

43 13.2 17.7 21.3 24.0

44 13.7 22.2 22.9 23.6
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45 18.4 21.0 23.6 24.7

46 16.5 20.5 21.6 23.3

47 16.3 20.8 21.6 22.0

48 17.4 21.6 23.6 23.0

49 16.6 22.7 24.8 23.1

50 12.1 18.7 21.3 23.2

51 13.8 19.0 22.4 23.8

52 11.6 21.7 22.9 25.2

53 11.4 16.9 18.3 20.9

54 11.3 17.6 21.0 23.9

55 12.8 17.9 20.3 28.3

Table B.2: The results achieved (in percentage) by applying the Random Forest to the

features extracted from the 55 physicochemical attributes for the EDD benchmark. The

four feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 16.2 21.6 23.8 24.7

2 13.6 17.7 21.9 23.2

3 19.1 23.4 28.2 25.8

4 14.3 17.5 21.3 23.2

5 17.3 25.1 25.1 27.3

6 13.8 19.9 23.3 22.4

7 15.4 19.9 20.2 23.8

8 14.9 20.5 23.1 23.2

9 13.0 19.7 21.8 25.2

10 15.8 20.5 22.3 23.1

11 12.7 19.2 20.8 22.2

12 14.5 19.7 19.9 22.2

13 12.5 19.9 21.9 23.0

14 13.2 20.2 23.3 25.2

15 17.7 22.5 23.3 21.6

16 15.2 21.0 24.1 27.2

17 17.3 23.4 26.4 25.4

18 13.4 20.4 22.0 23.0

19 12.0 21.3 22.0 22.6

20 14.4 19.8 21.6 24.3

21 15.4 20.8 22.4 24.7

22 14.1 18.5 22.2 23.6

23 15.9 20.0 20.9 24.5

24 13.5 20.1 23.6 25.5

25 15.0 20.5 23.0 25.2

26 14.9 20.9 22.4 23.0

27 16.0 21.5 23.2 24.9

28 13.8 19.1 21.4 23.0

29 12.7 19.4 22.4 23.3

30 16.2 19.7 23.8 25.4

31 14.5 20.8 24.4 24.9

32 15.2 19.7 23.0 23.6
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33 14.8 21.6 20.8 21.9

34 14.5 21.0 23.0 23.0

35 14.8 19.7 23.1 25.5

36 12.4 18.5 20.3 25.2

37 14.3 20.3 21.8 24.7

38 13.1 19.4 22.2 22.0

39 15.8 23.3 24.9 24.4

40 14.8 19.2 21.9 24.4

41 19.7 24.2 25.1 27.5

42 13.6 19.7 21.5 25.2

43 15.1 19.0 21.8 24.3

44 15.0 21.9 23.6 23.7

45 19.4 22.7 24.3 24.3

46 16.9 21.3 23.0 23.8

47 16.2 23.1 23.3 23.7

48 19.9 23.2 24.4 24.6

49 17.3 23.3 26.3 24.8

50 12.6 19.5 21.0 23.0

51 14.1 20.1 21.5 22.7

52 13.3 21.9 24.8 25.4

53 12.7 18.3 19.1 22.0

54 12.9 18.5 21.7 25.8

55 15.1 19.1 21.5 28.7

Table B.3: The results achieved (in percentage) by applying the SVM to the features

extracted from the 55 physicochemical attributes for the EDD benchmark. The four feature

groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 19.2 19.9 20.5 21.4

2 15.1 16.6 17.6 17.6

3 20.7 21.3 24.7 24.1

4 14.3 17.1 20.6 21.3

5 19.4 22.1 23.6 23.7

6 12.5 16.3 18.4 18.5

7 15.1 16.4 18.0 19.9

8 13.6 17.5 18.4 19.4

9 16.8 17.9 19.0 19.4

10 17.7 18.0 19.1 19.2

11 13.2 16.3 17.4 18.4

12 16.0 16.8 17.2 18.1

13 12.1 13.8 16.9 18.7

14 16.9 19.2 19.7 20.2

15 16.9 18.9 21.3 19.1

16 15.1 17.9 19.9 23.3

17 20.8 22.0 23.4 22.8

18 12.9 17.1 19.0 19.0

19 16.3 18.8 19.7 20.3

20 16.6 18.0 19.9 18.0

Protein Fold Recognition Using Segmentation-based Features 172



Appendix: B B.1. The Results Achieved for the EDD Benchmark

21 15.9 14.6 19.8 20.9

22 14.0 20.5 20.9 21.0

23 16.6 17.1 19.4 19.9

24 15.5 17.7 20.0 20.2

25 16.5 18.3 19.7 21.0

26 14.0 17.6 18.5 19.2

27 17.1 18.3 19.6 20.9

28 14.4 16.0 18.9 18.5

29 17.3 18.8 19.9 19.7

30 18.4 19.4 21.2 21.2

31 16.8 18.0 20.3 19.9

32 16.4 18.8 19.2 21.3

33 18.1 19.7 20.5 21.3

34 16.8 19.1 21.2 20.0

35 16.6 17.4 18.4 20.1

36 14.9 17.6 19.4 19.3

37 14.1 15.3 19.0 19.9

38 17.9 18.9 20.4 19.4

39 17.5 20.8 21.9 20.9

40 15.6 16.8 17.1 18.1

41 23.7 27.5 29.7 24.4

42 17.1 17.2 18.8 18.8

43 14.6 17.5 18.7 18.5

44 17.4 19.3 20.1 20.8

45 18.9 20.5 22.3 21.4

46 17.3 20.8 22.6 20.9

47 19.0 21.2 22.2 21.7

48 18.3 20.7 22.0 21.9

49 16.9 20.1 22.1 21.0

50 13.1 18.5 20.2 20.5

51 17.5 18.0 19.0 18.5

52 13.8 17.3 19.7 19.5

53 12.1 16.3 17.9 18.8

54 13.9 17.5 19.7 20.8

55 16.6 17.1 16.9 17.7

Table B.4: The results achieved (in percentage) by applying the KNN to the features

extracted from the 55 physicochemical attributes for the EDD benchmark. The four feature

groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 12.3 13.2 13.3 12.7

2 8.8 13.2 12.5 13.0

3 13.5 13.0 14.9 12.8

4 9.9 11.6 13.5 13.0

5 11.3 13.0 13.5 12.4

6 9.6 12.1 12.6 12.4

7 11.7 11.3 11.5 13.4

8 9.4 12.9 13.2 13.8
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9 9.5 14.1 13.1 12.0

10 11.1 13.5 14.1 13.8

11 10.4 12.7 13.0 12.5

12 10.0 13.5 13.7 12.4

13 9.5 12.1 13.1 12.4

14 10.5 13.5 13.7 14.6

15 15.5 13.0 13.6 15.7

16 12.1 14.2 14.0 13.2

17 13.5 14.4 12.9 12.1

18 10.1 12.1 13.1 13.0

19 9.7 12.4 11.8 12.9

20 9.8 12.0 11.3 13.7

21 12.5 12.6 12.6 13.7

22 9.4 13.5 12.4 12.4

23 12.4 13.4 13.2 12.0

24 11.9 13.0 12.6 11.3

25 11.4 12.8 12.7 13.0

26 10.8 13.5 10.9 11.3

27 10.6 13.2 12.9 11.7

28 9.9 11.9 14.1 13.6

29 11.0 12.4 12.9 14.0

30 13.4 13.9 13.2 16.1

31 12.8 13.7 12.4 12.7

32 10.6 12.5 12.4 12.6

33 11.2 13.0 10.2 12.3

34 12.1 11.6 11.9 12.7

35 11.1 12.4 12.7 14.5

36 9.0 12.2 12.1 11.8

37 10.5 12.7 13.8 14.3

38 11.6 13.6 13.3 13.5

39 13.8 14.6 13.8 15.3

40 10.3 12.8 13.6 15.7

41 20.2 18.9 18.6 20.8

42 9.9 12.0 11.9 13.0

43 10.5 11.9 11.3 10.9

44 12.9 13.2 13.4 15.0

45 16.2 14.7 12.0 16.4

46 14.7 13.4 12.7 15.3

47 14.4 13.8 12.4 16.9

48 16.8 16.2 16.3 16.7

49 14.4 14.1 15.1 15.1

50 9.9 11.7 11.5 13.0

51 10.2 13.2 13.2 11.9

52 9.6 12.7 13.2 11.3

53 9.7 11.0 10.2 13.1

54 10.5 13.3 13.6 13.1

55 11.0 12.4 12.6 12.1
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Table B.5: The results achieved (in percentage) by applying the Naive Bayes to the fea-

tures extracted from the 55 physicochemical attributes for the EDD benchmark. The four

feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 21.6 18.9 16.1 28.0

2 16.7 15.3 13.2 25.0

3 21.7 19.9 16.9 28.7

4 18.1 17.6 15.7 25.3

5 19.4 18.5 14.0 28.7

6 16.9 17.2 15.0 25.6

7 17.1 14.6 12.7 25.9

8 19.3 16.7 13.1 24.2

9 18.2 16.3 13.0 24.4

10 18.2 15.8 15.4 22.2

11 17.9 15.6 13.0 26.6

12 16.7 15.5 13.1 24.8

13 18.7 18.1 15.6 27.9

14 18.8 17.0 14.6 26.3

15 16.3 20.3 19.9 19.9

16 21.6 18.5 16.9 29.2

17 21.0 18.3 16.8 29.7

18 19.5 18.3 16.6 27.6

19 18.3 18.2 15.1 29.0

20 18.7 16.5 13.5 26.6

21 20.7 16.8 15.1 28.0

22 19.1 17.9 15.0 25.2

23 18.8 17.4 15.0 27.2

24 18.4 17.8 15.3 28.3

25 19.1 17.7 14.7 28.6

26 18.4 18.2 14.0 27.5

27 19.0 17.7 15.2 24.6

28 18.5 16.8 14.6 26.7

29 19.9 16.0 13.8 24.2

30 20.5 15.3 13.1 24.9

31 18.5 17.0 15.7 26.0

32 19.7 17.3 13.9 25.5

33 19.7 18.0 15.2 29.4

34 20.1 17.5 14.6 28.9

35 18.2 17.4 14.1 25.5

36 18.7 17.5 14.9 25.7

37 18.5 17.3 15.2 26.9

38 17.8 16.2 13.9 28.6

39 19.3 21.9 19.5 23.2

40 19.2 15.8 13.0 24.4

41 26.5 28.3 27.3 15.4

42 19.4 18.3 14.4 27.7

43 16.8 15.5 13.5 28.6

44 21.6 20.9 18.2 25.2

45 21.8 23.7 20.8 21.5

46 20.1 21.5 21.0 18.5
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47 19.9 21.7 20.5 19.3

48 21.0 23.3 21.4 21.0

49 20.5 21.9 20.3 22.7

50 18.2 16.0 13.8 25.0

51 19.4 17.7 15.7 26.9

52 18.6 18.3 15.5 27.3

53 18.2 15.4 12.3 23.0

54 15.9 16.3 13.0 26.7

55 18.6 16.1 13.6 24.2
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B.2 The Results Achieved for TG Benchmark

Table B.6: The results achieved (in percentage) by applying the AdaBoost.M1 to the fea-

tures extracted from the 55 physicochemical attributes for the TG benchmark. The four

feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 13.1 16.7 20.5 22.1

2 11.2 14.4 17.0 18.9

3 11.7 15.3 17.8 20.2

4 9.9 15.5 18.5 19.9

5 12.8 15.8 20.0 22.4

6 10.1 14.2 17.4 19.1

7 14.5 15.6 16.3 18.9

8 9.9 13.6 15.6 16.9

9 10.9 14.2 16.1 20.4

10 9.8 15.8 17.0 19.2

11 8.0 12.8 15.0 18.8

12 8.8 13.3 17.0 17.8

13 8.5 12.2 17.0 19.9

14 12.3 15.9 18.9 20.5

15 13.9 18.5 18.0 17.4

16 14.5 18.3 21.5 23.0

17 11.2 14.2 17.2 19.7

18 11.4 17.5 18.3 20.8

19 8.2 14.4 16.3 16.9

20 11.7 14.2 17.7 21.3

21 10.7 16.3 18.6 22.9

22 11.7 15.9 17.5 21.0

23 12.6 15.8 19.4 20.0

24 12.3 15.6 17.7 21.6

25 11.0 16.3 18.8 20.2

26 12.0 12.5 14.0 18.5

27 11.0 14.5 15.9 19.2

28 8.7 12.9 14.5 19.6

29 9.8 15.6 19.6 19.4

30 9.5 16.1 18.9 19.2

31 11.4 18.9 19.6 25.6

32 12.5 15.3 18.9 19.9

33 11.4 14.0 16.7 19.7

34 9.9 14.0 18.3 20.7

35 12.9 15.6 18.3 22.7

36 8.2 14.8 16.4 18.1

37 9.2 15.3 17.5 21.6

38 8.8 16.4 17.8 17.4

39 14.5 16.7 21.9 20.0

40 11.5 16.6 17.7 19.7

41 20.2 20.2 23.0 21.9

42 9.2 17.0 16.4 18.6

43 11.0 12.8 14.7 18.8

44 14.4 17.4 21.8 19.4
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45 16.6 19.6 20.8 19.9

46 13.9 17.0 18.1 17.7

47 14.2 18.5 18.1 16.4

48 13.1 19.7 21.6 20.5

49 15.0 19.2 21.9 20.8

50 9.0 13.7 17.8 17.2

51 10.4 17.0 19.2 19.1

52 11.0 17.7 18.6 21.0

53 9.3 12.6 17.5 18.3

54 9.3 14.4 19.6 17.4

55 10.4 12.2 12.9 23.7

Table B.7: The results achieved (in percentage) by applying the Random Forest to the

features extracted from the 55 physicochemical attributes for the TG benchmark. The four

feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 14.0 17.0 20.2 22.1

2 10.9 15.8 17.8 19.4

3 12.8 19.6 20.0 23.3

4 12.0 17.0 18.6 20.0

5 15.8 18.6 20.2 21.0

6 11.5 16.4 18.8 18.5

7 13.6 18.0 20.0 21.5

8 11.2 15.9 16.6 18.8

9 11.4 15.0 19.1 21.3

10 12.2 14.4 19.6 19.1

11 10.1 14.4 15.6 20.0

12 9.9 17.0 18.6 19.1

13 12.3 13.9 18.1 19.6

14 13.4 17.5 21.6 20.4

15 14.7 18.8 20.0 18.6

16 15.3 19.2 21.6 21.6

17 11.5 16.6 18.3 21.0

18 12.5 18.8 18.1 21.1

19 8.7 14.2 17.2 18.6

20 11.7 18.6 18.8 23.0

21 12.9 18.3 22.2 23.8

22 13.4 17.4 19.7 19.7

23 13.6 18.6 21.0 21.8

24 13.3 19.1 21.5 21.9

25 12.3 17.7 18.8 21.3

26 11.8 14.4 16.7 20.4

27 11.8 19.1 19.2 21.5

28 9.3 12.6 16.1 18.1

29 10.9 17.5 19.7 21.3

30 12.5 17.7 20.5 18.9

31 15.0 20.7 21.3 25.1

32 13.4 18.3 19.7 19.1
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33 12.9 15.3 18.9 20.5

34 12.5 17.0 18.5 22.9

35 13.6 17.0 20.0 22.9

36 8.7 15.6 18.8 17.4

37 10.1 17.0 22.2 20.2

38 8.0 15.1 18.8 18.6

39 14.8 21.3 22.2 21.1

40 12.2 19.2 18.3 18.0

41 20.2 22.2 22.7 22.6

42 11.4 16.7 17.5 19.7

43 11.5 14.8 16.4 20.8

44 15.6 19.4 23.2 20.2

45 18.0 20.8 21.6 21.1

46 13.6 18.9 21.1 18.6

47 17.0 22.4 21.0 20.0

48 15.5 19.2 21.5 20.5

49 15.5 21.3 24.1 21.5

50 10.7 14.4 17.7 18.5

51 11.7 18.5 18.8 21.6

52 11.4 18.0 18.1 20.5

53 12.9 15.6 16.6 18.1

54 10.6 15.8 18.0 22.6

55 11.4 14.0 15.6 22.9

Table B.8: The results achieved (in percentage) by applying the SVM to the features

extracted from the 55 physicochemical attributes for the TG benchmark. The four feature

groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 14.4 18.5 19.1 20.5

2 12.3 15.5 18.9 16.9

3 17.7 19.1 21.3 20.5

4 13.6 15.3 16.9 19.6

5 17.8 19.9 20.0 20.0

6 10.9 13.4 14.4 15.5

7 15.0 16.6 18.3 17.7

8 12.3 14.7 16.7 16.3

9 15.1 17.5 18.8 17.0

10 16.4 18.5 19.1 19.4

11 10.9 13.1 15.9 15.9

12 12.8 16.1 18.5 16.9

13 10.9 10.9 14.7 12.0

14 16.9 18.3 19.4 18.1

15 17.0 18.3 19.7 19.6

16 11.4 14.0 17.0 17.7

17 15.0 15.3 18.5 17.8

18 11.0 14.2 16.3 17.8

19 12.3 15.1 15.9 17.0

20 12.9 16.7 17.0 16.9
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21 13.1 16.7 18.1 21.0

22 11.2 18.3 18.1 17.7

23 14.7 17.5 20.4 18.8

24 14.2 16.1 17.4 18.1

25 13.3 16.1 16.9 19.2

26 11.0 11.8 16.7 14.7

27 13.6 16.4 17.5 17.8

28 12.0 11.8 11.4 13.4

29 17.8 17.4 19.2 19.2

30 18.5 18.3 21.1 21.0

31 14.8 18.5 19.6 19.9

32 13.4 17.2 17.5 18.0

33 16.6 17.4 16.4 18.6

34 12.6 12.5 16.6 16.6

35 15.8 17.8 19.4 19.1

36 10.9 14.4 16.4 17.7

37 13.1 14.5 16.6 18.9

38 13.9 15.5 17.7 17.7

39 17.0 18.8 20.8 19.7

40 14.4 13.6 15.6 13.6

41 22.2 25.7 25.9 24.0

42 13.4 15.0 16.1 17.5

43 11.7 15.3 16.9 16.4

44 17.5 18.1 19.1 20.5

45 19.4 20.7 22.1 20.8

46 17.2 19.2 20.8 19.9

47 18.8 20.5 21.9 20.7

48 18.3 20.4 20.8 20.7

49 17.0 17.7 19.4 19.6

50 10.4 15.9 16.4 16.4

51 14.4 16.7 17.8 18.8

52 10.7 12.5 12.3 17.8

53 10.9 14.5 15.6 15.8

54 13.7 17.5 18.6 19.6

55 12.3 12.3 13.7 12.6

Table B.9: The results achieved (in percentage) by applying the KNN to the features

extracted from the 55 physicochemical attributes for the TG benchmark. The four feature

groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 11.2 12.2 11.2 9.9

2 9.3 9.8 9.0 11.2

3 12.0 9.9 8.7 11.5

4 9.5 10.7 12.5 10.6

5 10.1 11.2 12.0 11.2

6 8.5 9.9 10.1 7.9

7 9.3 11.2 11.7 9.9

8 9.5 10.9 10.7 9.3

Protein Fold Recognition Using Segmentation-based Features 180



Appendix: B B.2. The Results Achieved for TG Benchmark

9 8.8 10.6 11.2 10.7

10 8.5 10.1 10.9 11.0

11 6.9 8.5 9.6 9.6

12 6.9 11.5 9.9 10.9

13 7.1 8.8 9.0 7.4

14 11.0 10.4 11.5 10.1

15 11.8 9.3 10.6 12.0

16 12.5 10.1 10.7 9.3

17 8.2 9.3 9.6 9.9

18 9.8 10.4 10.1 10.6

19 5.7 10.4 9.6 9.3

20 7.7 10.7 9.5 10.9

21 8.7 11.8 11.4 10.3

22 8.8 10.6 9.2 9.6

23 9.6 12.2 11.5 10.6

24 12.2 11.7 10.7 9.2

25 9.2 9.6 9.3 9.5

26 8.8 8.4 8.8 5.2

27 8.7 12.0 8.7 11.7

28 8.4 8.7 7.7 7.9

29 9.2 11.0 12.0 10.3

30 9.9 11.4 11.2 9.9

31 10.3 11.4 11.2 9.8

32 9.6 9.2 9.0 10.4

33 10.4 10.9 9.2 8.4

34 8.7 7.6 9.9 9.3

35 11.8 9.3 12.6 10.3

36 6.3 10.6 9.9 9.5

37 9.9 9.0 11.8 9.2

38 6.6 8.8 8.5 8.2

39 12.2 10.4 11.7 14.0

40 10.7 9.0 9.8 9.6

41 19.9 17.0 15.0 17.5

42 8.4 8.7 9.6 9.0

43 7.4 9.9 9.6 8.0

44 13.1 11.8 9.8 11.0

45 13.3 12.8 15.1 13.7

46 10.9 10.1 10.7 12.3

47 12.0 11.7 11.7 12.6

48 12.6 11.4 13.4 12.3

49 12.0 14.2 12.9 11.7

50 8.7 8.5 9.8 10.4

51 9.3 10.4 9.6 10.3

52 8.4 11.7 6.9 9.2

53 9.2 9.8 10.7 9.0

54 8.0 13.3 10.4 8.4

55 7.7 10.4 10.4 9.6
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Table B.10: The results achieved (in percentage) by applying the Naive Bayes to the

features extracted from the 55 physicochemical attributes for the TG benchmark. The

four feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 19.6 18.0 17.4 23.7

2 16.9 13.6 12.5 20.0

3 18.8 18.1 17.5 22.1

4 16.4 16.1 15.9 21.0

5 18.5 18.8 17.4 23.0

6 15.8 13.6 12.9 21.1

7 18.3 15.1 11.5 24.1

8 14.7 14.2 12.5 18.9

9 17.8 15.5 14.2 21.5

10 17.8 14.8 14.8 19.4

11 14.4 13.4 11.8 21.0

12 17.0 14.2 12.2 21.1

13 17.2 14.8 12.9 22.6

14 17.8 13.3 12.3 22.7

15 19.9 18.8 18.5 17.8

16 18.9 18.8 15.8 23.0

17 15.3 14.4 13.7 24.6

18 17.0 14.8 13.4 23.2

19 15.9 15.3 14.8 21.5

20 18.5 18.9 14.2 21.8

21 17.7 16.1 13.4 22.4

22 15.6 14.2 12.5 22.7

23 17.0 16.9 15.3 23.5

24 15.8 13.3 12.0 23.0

25 14.8 14.5 14.4 22.6

26 15.8 14.4 12.5 22.6

27 18.3 17.0 15.5 21.0

28 16.1 15.1 12.6 22.4

29 17.0 15.1 14.2 20.7

30 18.5 14.0 14.7 21.6

31 19.6 18.5 15.8 23.3

32 17.4 14.5 12.3 22.2

33 17.0 15.8 12.2 21.1

34 19.1 17.8 15.6 23.2

35 17.8 15.0 12.6 23.2

36 15.9 15.5 12.6 19.7

37 15.5 15.9 16.1 21.9

38 14.4 15.1 13.1 22.1

39 18.1 18.8 16.9 19.6

40 16.7 14.0 12.3 22.9

41 24.1 23.8 24.0 15.0

42 14.8 14.5 13.3 22.2

43 13.9 11.4 12.5 21.9

44 20.4 19.4 18.9 21.6

45 19.4 19.2 17.5 17.5

46 16.4 18.0 16.1 15.9
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47 19.4 18.6 19.1 20.0

48 19.1 17.4 18.3 19.6

49 19.9 20.8 19.4 19.6

50 15.5 14.8 13.4 21.9

51 16.4 16.3 13.6 23.7

52 15.1 15.5 13.7 22.6

53 17.8 13.9 12.0 19.1

54 14.5 14.4 13.4 22.2

55 15.1 13.7 11.7 20.5
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Appendix C

Here we present the experimental results achieved for applying five classifiers to four fea-

ture groups extracted from 55 physicochemical attributes of the amino acids using consen-

sus sequence for feature extraction. This experimental study is conducted on 55 different

physicochemical attributes to investigate the the effectiveness of extracting physicochemical-

based features from original protein sequence compared to protein consensus sequence.

As it was mentioned in Chapter 5, we use five classification techniques namely, Naive

Bayes, AdaBoost.M1, SVM, Random Forest, and KNN as the most popular and effective

classifiers used for protein fold recognition. For a given physicochemical attribute, we

also extract four feature groups namely, (1) Segmented distribution using 5% segmenta-

tion factor, (2) Segmented distribution using 10% segmentation factor, (3) Segmented dis-

tribution using 25% segmentation factor, (4) Segmented density using 5% segmentation

factor. These feature extraction techniques which are proposed in this study are explained

in more detail in Chapter 5. We will refer to these feature groups in each table by the

number assign to them here (from 1 to 4). We will also refer to these 55 physicochemical

attributes by the number assigned to them in Chapter 5, Table 5.1 (from 1 to 55).

We will present this results for the EDD and TG benchmarks, separately. We will

present the results achieved for each classifier for all four feature groups and all physic-

ochemical attributes in a single table. Therefore, for each benchmark, we produce five

tables. Hence, we will present all the results in 10 tables as follows.
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C.1 The Results Achieved for the EDD Benchmark

Table C.1: The results achieved (in percentage) by applying the AdaBoost.M1 to the fea-

tures extracted from the 55 physicochemical attributes for the EDD benchmark. The four

feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 17.4 23.2 28.6 30.7

2 14.3 20.8 21.9 26.3

3 18.6 24.8 27.1 29.1

4 14.6 21.9 26.9 25.8

5 18.4 24.8 26.7 28.5

6 13.6 18.8 22.9 25.2

7 14.6 18.9 22.7 27.3

8 15.4 20.2 24.2 26.5

9 14.7 21.2 22.7 27.6

10 15.7 21.0 24.7 24.4

11 14.0 19.5 21.4 26.9

12 15.9 19.4 21.7 25.4

13 14.5 19.9 24.4 24.1

14 15.6 23.7 26.0 29.1

15 16.9 21.9 24.8 27.2

16 15.8 23.6 28.3 29.1

17 18.9 25.5 29.3 28.9

18 13.8 20.5 23.2 26.6

19 12.6 21.2 24.0 25.8

20 16.6 20.3 24.3 30.4

21 16.7 22.2 26.0 28.3

22 13.8 20.5 23.1 26.1

23 14.1 18.6 23.3 27.9

24 14.4 22.9 25.8 26.9

25 13.8 19.1 23.7 29.4

26 14.9 24.2 24.7 26.2

27 15.8 23.3 23.5 26.1

28 15.3 24.5 26.1 27.7

29 15.0 20.4 25.1 27.1

30 15.0 24.1 27.8 28.6

31 15.8 21.3 24.4 27.5

32 16.3 20.1 23.6 26.9

33 15.5 23.7 26.3 26.3

34 15.4 21.6 23.6 27.0

35 14.5 20.8 24.9 26.8

36 15.2 20.9 23.5 26.0

37 14.7 21.3 26.4 26.8

38 14.0 22.5 23.9 25.8

39 16.8 21.6 26.5 26.0

40 15.7 21.2 24.3 27.2

41 24.5 27.1 25.7 28.6

42 13.8 20.5 25.3 28.9

43 14.4 20.7 23.3 26.3

44 18.5 23.2 25.8 24.4
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45 17.8 23.0 24.4 26.2

46 20.2 20.8 24.1 24.8

47 19.5 21.5 25.2 24.7

48 19.1 23.6 25.2 26.2

49 16.5 23.3 26.6 25.0

50 13.8 19.4 22.7 26.9

51 15.1 20.9 24.3 26.4

52 13.5 22.4 24.7 27.5

53 13.8 19.5 20.2 25.1

54 13.9 21.9 23.8 29.6

55 14.9 22.7 24.5 32.6

Table C.2: The results achieved (in percentage) by applying the Random Forest to the

features extracted from the 55 physicochemical attributes for the EDD benchmark. The

four feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 20.1 25.3 28.8 29.8

2 15.5 21.9 22.6 25.4

3 19.9 25.9 30.2 28.2

4 16.4 22.8 26.1 27.5

5 20.4 25.2 28.5 28.6

6 15.1 20.2 22.2 26.3

7 15.5 21.0 23.2 27.3

8 17.4 21.8 23.9 26.3

9 16.9 22.7 24.6 28.0

10 17.4 20.5 23.8 24.6

11 14.7 20.7 23.6 24.7

12 16.7 20.8 23.0 24.9

13 14.3 21.9 23.6 24.5

14 18.7 25.0 25.5 28.9

15 18.1 22.9 26.4 25.7

16 19.1 25.6 28.3 30.9

17 21.3 29.0 30.8 30.7

18 15.6 23.8 25.2 25.2

19 14.9 22.4 22.7 24.7

20 17.4 22.5 26.3 27.3

21 16.9 24.4 27.1 28.8

22 14.8 22.2 24.4 25.6

23 14.9 19.9 23.7 28.9

24 15.8 24.1 26.3 26.4

25 15.5 21.6 25.5 26.6

26 15.7 25.1 25.1 25.4

27 17.0 22.9 24.2 25.5

28 16.1 25.5 25.3 28.5

29 16.5 22.8 25.4 26.5

30 19.1 27.2 28.4 29.7

31 17.4 20.9 24.7 29.1

32 17.2 21.3 24.5 25.8
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33 18.1 24.8 27.1 27.4

34 16.2 21.6 25.0 26.8

35 14.5 22.7 24.4 27.9

36 15.8 21.5 23.1 27.2

37 16.9 21.2 25.9 27.3

38 15.5 23.3 24.1 27.0

39 19.0 23.6 26.1 26.3

40 18.0 23.6 24.9 25.9

41 23.5 28.0 27.8 29.8

42 14.9 21.5 24.6 27.2

43 14.5 21.9 23.8 24.7

44 19.4 25.8 26.5 26.3

45 19.4 23.6 25.7 27.5

46 19.7 24.0 24.5 24.5

47 19.9 22.7 26.8 26.2

48 19.3 25.0 26.3 25.6

49 18.8 24.3 26.6 26.6

50 14.9 20.3 22.8 26.6

51 15.6 22.4 25.3 27.5

52 13.9 24.1 25.3 25.7

53 15.7 22.0 21.7 24.4

54 14.7 24.1 26.3 28.1

55 17.6 24.1 24.9 31.4

Table C.3: The results achieved (in percentage) by applying the SVM to the features

extracted from the 55 physicochemical attributes for the EDD benchmark. The four feature

groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 19.7 20.0 21.0 22.9

2 17.0 18.1 19.9 20.8

3 22.4 25.2 26.1 25.5

4 17.6 19.4 21.4 23.2

5 20.1 24.0 25.1 25.5

6 14.0 17.7 18.6 20.8

7 16.0 19.0 21.6 23.8

8 16.7 20.0 21.5 21.8

9 19.1 19.1 21.6 22.0

10 17.5 19.5 21.4 22.3

11 13.7 18.8 19.9 19.5

12 16.9 18.0 20.6 21.9

13 12.7 16.2 17.1 21.0

14 18.8 20.6 23.3 23.4

15 18.1 20.0 24.7 20.8

16 16.0 19.8 22.7 23.8

17 24.0 25.6 27.1 26.5

18 13.0 17.5 19.6 20.5

19 17.5 19.4 20.2 20.8

20 18.3 18.7 20.7 20.8
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21 17.0 19.1 22.4 24.8

22 16.6 20.3 21.3 23.8

23 17.7 19.3 22.0 22.1

24 18.8 20.2 22.0 22.2

25 18.6 20.1 21.7 22.3

26 17.1 18.8 19.0 20.9

27 18.9 22.3 24.0 22.8

28 16.9 20.2 21.2 21.5

29 19.5 21.3 23.4 22.4

30 20.1 23.4 26.1 25.3

31 19.1 19.2 22.2 23.6

32 18.3 19.9 20.3 21.3

33 20.0 21.1 22.6 24.0

34 18.8 20.6 20.7 22.1

35 18.8 19.7 22.7 21.9

36 17.7 20.2 21.3 21.3

37 19.4 19.5 21.9 23.5

38 18.8 20.2 21.5 21.4

39 18.8 20.7 21.2 22.2

40 20.7 20.9 21.1 21.1

41 26.1 28.0 30.8 25.8

42 18.3 19.3 21.8 21.9

43 17.1 18.3 20.3 20.6

44 18.5 19.7 21.9 21.7

45 20.3 21.3 24.8 23.5

46 18.8 21.1 22.2 21.7

47 21.2 22.7 23.4 23.9

48 20.7 22.2 23.2 23.6

49 18.8 20.1 21.9 21.0

50 16.3 20.6 21.9 23.4

51 18.6 19.4 21.0 20.8

52 16.5 18.5 19.8 19.6

53 18.2 20.8 21.9 22.0

54 15.3 19.7 23.8 23.2

55 21.7 21.5 21.3 22.6

Table C.4: The results achieved (in percentage) by applying the KNN to the features

extracted from the 55 physicochemical attributes for the EDD benchmark. The four feature

groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 14.4 15.2 16.5 17.7

2 10.8 14.6 15.9 16.4

3 16.8 17.7 16.3 16.5

4 11.4 15.5 15.7 16.2

5 16.0 16.0 17.4 17.3

6 11.5 14.4 15.0 14.6

7 11.4 13.8 14.1 17.3

8 12.0 13.1 15.0 14.4

Protein Fold Recognition Using Segmentation-based Features 189



Appendix: C C.1. The Results Achieved for the EDD Benchmark

9 11.1 15.0 17.6 17.8

10 13.8 14.6 15.8 14.9

11 11.1 15.4 16.1 15.8

12 12.8 14.9 16.1 16.6

13 11.7 14.9 16.1 17.1

14 11.4 15.9 15.9 18.5

15 17.7 14.7 13.5 15.9

16 13.5 15.2 17.4 16.9

17 15.1 18.8 19.1 20.2

18 11.0 13.8 14.9 16.2

19 10.9 15.3 15.0 15.8

20 12.5 14.4 13.9 18.8

21 12.8 16.7 16.6 18.5

22 12.9 14.4 14.0 14.6

23 11.3 15.8 16.6 16.7

24 12.3 14.2 16.2 17.4

25 13.7 15.9 16.4 18.0

26 11.9 16.5 17.0 15.2

27 13.5 14.5 14.9 14.2

28 12.1 17.5 16.6 16.9

29 11.9 16.0 16.2 15.8

30 14.8 15.5 16.6 16.5

31 13.7 15.5 16.6 17.1

32 13.2 14.1 15.8 16.6

33 11.6 16.6 15.3 17.2

34 12.4 15.4 16.2 16.1

35 10.2 15.4 16.5 17.2

36 11.6 14.0 15.2 15.2

37 12.8 16.5 16.7 18.9

38 11.6 15.8 15.0 17.0

39 15.7 15.8 13.3 16.3

40 14.3 15.4 15.1 17.1

41 22.2 21.7 20.2 24.3

42 10.6 16.0 16.3 16.0

43 11.6 14.4 13.8 14.7

44 16.1 15.1 15.1 16.9

45 17.6 18.0 16.4 18.3

46 18.0 15.2 14.5 18.6

47 18.0 13.8 12.6 17.7

48 18.7 15.5 14.4 18.7

49 15.5 16.3 14.4 16.8

50 11.9 14.1 15.6 16.6

51 11.7 13.6 15.2 16.4

52 11.9 17.1 16.6 15.8

53 10.3 14.6 15.2 13.5

54 11.4 17.2 15.1 17.4

55 13.5 15.6 17.1 17.7
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Table C.5: The results achieved (in percentage) by applying the Naive Bayes to the fea-

tures extracted from the 55 physicochemical attributes for the EDD benchmark. The four

feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 22.4 20.4 17.7 30.0

2 18.0 17.1 14.7 25.1

3 24.9 22.2 21.3 31.7

4 20.5 21.6 20.5 28.7

5 24.4 22.0 18.8 30.9

6 19.0 18.2 17.0 27.6

7 20.1 17.1 13.7 27.7

8 19.2 16.8 13.5 26.7

9 21.5 19.7 15.2 29.4

10 19.4 18.3 17.7 24.7

11 17.7 19.5 16.8 28.8

12 18.5 18.5 15.5 25.3

13 18.5 19.3 17.8 28.6

14 22.1 18.6 15.3 30.4

15 21.0 21.3 21.0 23.0

16 23.9 21.2 17.4 31.8

17 24.7 22.5 21.4 32.5

18 20.2 20.6 18.4 29.3

19 19.0 19.2 17.9 30.0

20 21.3 19.7 16.5 30.3

21 21.0 19.2 17.2 31.1

22 18.3 16.9 14.5 27.7

23 19.6 19.4 17.1 31.6

24 19.9 20.5 18.4 32.1

25 19.6 19.6 18.0 30.7

26 19.4 18.3 15.3 30.3

27 21.4 20.3 18.9 27.0

28 19.2 19.0 17.4 29.6

29 21.6 19.9 16.6 27.8

30 21.8 19.1 16.0 30.6

31 21.6 20.2 15.8 29.2

32 18.5 14.6 12.1 28.0

33 22.9 20.0 17.9 32.6

34 19.9 18.0 15.1 28.7

35 20.8 19.8 16.3 29.3

36 19.4 17.7 16.7 28.8

37 21.3 20.2 15.4 30.9

38 21.1 19.9 17.4 31.4

39 21.6 21.3 19.3 25.0

40 21.3 18.8 15.5 29.9

41 27.8 30.1 28.8 19.0

42 20.8 19.7 18.0 31.2

43 18.5 18.6 15.7 29.4

44 21.1 20.2 18.3 25.2

45 23.5 23.7 20.1 23.8

46 20.8 23.6 22.2 19.9
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47 21.5 23.0 21.0 21.4

48 23.0 23.8 24.1 22.9

49 21.0 22.7 20.0 23.7

50 20.7 16.4 15.2 29.2

51 20.1 18.3 15.5 29.7

52 20.1 19.6 16.5 30.0

53 17.8 15.9 14.2 26.4

54 17.2 16.9 15.2 27.9

55 21.7 18.0 15.7 30.0
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C.2 The Results Achieved for the TG Benchmark

Table C.6: The results achieved (in percentage) by applying the AdaBoost.M1 to the fea-

tures extracted from the 55 physicochemical attributes for the TG benchmark. The four

feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 14.0 18.5 18.6 22.1

2 12.3 16.6 16.4 20.7

3 14.0 17.8 20.2 22.2

4 11.5 20.2 21.3 21.3

5 12.9 18.8 21.6 22.6

6 9.0 16.4 20.0 18.6

7 11.4 15.8 18.1 20.4

8 11.2 16.3 17.0 19.4

9 12.2 15.6 16.6 21.0

10 12.6 16.1 18.1 21.3

11 9.5 16.6 17.5 20.5

12 11.2 15.8 16.7 18.9

13 9.6 16.7 17.5 18.3

14 12.3 18.3 19.9 20.4

15 15.1 18.5 21.9 19.6

16 13.6 19.4 23.8 23.2

17 12.2 18.3 19.2 23.7

18 8.7 12.3 15.8 19.7

19 8.5 14.5 18.0 21.0

20 15.0 17.7 20.2 23.0

21 11.8 17.8 20.5 21.1

22 11.7 15.6 17.5 21.8

23 12.0 16.3 18.0 18.8

24 12.5 17.7 20.5 19.7

25 10.3 15.5 19.1 20.0

26 11.7 15.8 18.1 22.2

27 14.4 16.4 16.4 19.6

28 9.5 13.9 15.8 19.2

29 11.5 19.1 19.7 21.3

30 12.5 18.9 21.3 22.1

31 13.7 18.0 21.3 24.8

32 11.8 15.0 20.4 21.1

33 12.8 16.6 18.9 23.5

34 12.5 18.1 19.4 22.7

35 13.3 15.1 20.2 21.8

36 9.9 14.5 18.8 17.8

37 10.9 17.0 18.8 21.1

38 11.2 15.5 17.4 18.8

39 14.8 19.2 22.2 19.2

40 11.8 16.6 19.1 20.2

41 22.1 23.7 24.6 24.3

42 10.3 16.9 20.5 20.7

43 9.9 15.9 16.3 19.9

44 15.0 15.6 18.9 19.1
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45 13.9 20.4 22.4 20.4

46 13.1 16.1 17.2 18.1

47 16.1 16.9 20.7 21.1

48 15.3 18.8 21.1 18.0

49 13.7 20.0 22.6 19.4

50 8.2 13.7 18.3 18.3

51 11.5 16.6 18.6 21.3

52 11.0 17.8 18.5 21.5

53 9.8 16.3 14.5 18.6

54 11.4 16.9 18.9 23.7

55 11.5 15.8 17.2 26.2

Table C.7: The results achieved (in percentage) by applying the Random Forest to the

features extracted from the 55 physicochemical attributes for the TG benchmark. The four

feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 15.5 19.7 21.0 24.8

2 12.9 17.8 20.0 20.4

3 15.8 20.7 23.0 26.2

4 11.8 20.5 18.9 22.1

5 15.0 20.4 24.3 25.1

6 10.4 19.1 19.6 19.7

7 14.8 16.1 18.8 22.4

8 12.9 16.6 18.8 21.0

9 15.0 16.4 19.1 19.7

10 13.1 18.1 20.2 23.2

11 11.4 17.5 18.3 21.9

12 12.6 16.6 18.1 21.1

13 9.5 16.3 18.1 20.5

14 13.6 18.9 22.2 21.3

15 15.1 20.5 23.5 21.1

16 15.8 19.6 22.9 22.9

17 15.6 21.1 23.8 22.7

18 9.2 13.4 17.7 18.0

19 10.9 16.3 18.0 19.6

20 18.6 20.5 20.5 25.6

21 12.6 18.1 20.4 21.8

22 12.5 18.5 18.8 19.7

23 14.5 16.1 19.6 21.0

24 14.2 20.4 21.1 23.3

25 12.0 18.6 19.9 21.5

26 11.5 18.9 18.1 24.1

27 14.5 18.9 18.1 21.5

28 12.6 14.8 18.6 22.7

29 12.6 20.0 24.3 23.0

30 15.8 20.7 21.5 25.1

31 14.5 19.9 23.0 24.0

32 13.9 17.8 20.0 20.5
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33 13.3 18.5 20.5 23.8

34 13.4 17.7 23.3 23.2

35 13.9 18.5 20.0 22.6

36 11.8 15.8 18.8 18.6

37 13.7 17.4 19.2 21.9

38 11.5 16.4 19.4 20.4

39 17.4 21.0 24.8 20.5

40 13.4 17.4 18.0 22.2

41 20.0 25.1 25.9 24.1

42 12.0 18.1 18.1 21.5

43 12.2 15.3 18.9 20.0

44 14.7 21.3 22.7 21.5

45 16.7 20.4 23.0 21.6

46 14.0 19.1 20.0 19.1

47 17.5 18.6 21.6 20.5

48 16.1 20.4 22.2 20.7

49 14.0 21.3 23.7 19.7

50 11.0 14.0 18.0 20.4

51 12.6 18.1 19.4 21.8

52 12.5 16.7 19.7 21.9

53 10.4 17.8 15.9 16.7

54 12.0 16.9 19.7 24.6

55 13.6 15.5 19.9 26.7

Table C.8: The results achieved (in percentage) by applying the SVM to the features

extracted from the 55 physicochemical attributes for the TG benchmark. The four feature

groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 17.7 18.8 19.7 21.1

2 16.4 16.9 18.3 17.8

3 19.4 20.4 23.2 21.9

4 13.6 15.9 17.0 20.5

5 18.3 19.7 22.4 22.4

6 10.9 15.0 17.0 18.5

7 16.3 18.6 18.8 19.6

8 13.9 15.5 17.2 18.8

9 17.0 17.5 18.9 18.5

10 18.5 18.9 22.1 21.0

11 10.9 12.3 16.6 17.8

12 16.1 17.2 18.8 18.6

13 10.9 10.9 14.2 14.2

14 17.4 18.1 21.1 19.9

15 18.3 20.2 21.3 20.2

16 12.8 14.7 18.8 20.2

17 18.5 19.2 21.3 19.7

18 10.3 13.9 16.7 18.1

19 15.0 16.9 17.7 18.9

20 18.1 18.0 18.8 20.5
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21 17.4 18.3 19.6 21.0

22 12.2 16.9 18.1 17.5

23 16.3 16.6 18.8 20.0

24 13.1 18.1 18.0 21.5

25 16.4 17.8 18.9 20.4

26 12.5 14.2 18.5 16.4

27 15.9 17.0 16.3 17.0

28 12.0 13.1 15.1 15.3

29 17.0 17.2 19.7 20.8

30 18.3 19.2 21.0 22.1

31 14.8 18.6 20.8 21.5

32 13.6 15.5 18.5 18.6

33 17.5 18.3 18.6 20.8

34 13.9 17.5 19.4 19.4

35 17.7 18.0 18.8 20.0

36 13.6 17.0 18.9 19.4

37 14.7 14.8 17.0 18.9

38 15.9 16.3 17.0 18.0

39 16.6 19.4 20.5 19.4

40 16.4 16.9 18.1 18.3

41 23.7 26.7 28.1 25.6

42 15.3 16.1 17.2 17.8

43 15.5 17.2 16.9 17.7

44 16.6 17.7 19.6 20.8

45 19.4 21.1 21.0 20.8

46 18.0 19.7 20.5 19.2

47 16.7 20.0 20.5 20.8

48 18.0 19.1 20.4 21.3

49 16.7 18.1 19.9 19.9

50 12.0 16.4 17.5 18.1

51 15.3 17.5 18.5 18.9

52 12.2 15.0 15.9 16.7

53 12.9 14.8 16.4 16.9

54 12.9 16.9 18.9 21.8

55 15.8 15.0 15.3 16.9

Table C.9: The results achieved (in percentage) by applying the KNN to the features

extracted from the 55 physicochemical attributes for the TG benchmark. The four feature

groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 13.1 14.5 12.8 14.0

2 12.6 10.3 12.6 11.2

3 12.9 14.2 14.4 16.9

4 10.4 13.6 11.0 10.7

5 10.4 11.2 11.7 12.6

6 8.7 12.3 9.9 11.2

7 11.7 11.5 9.5 10.9

8 9.3 10.9 9.8 10.9
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9 10.4 10.7 12.0 13.4

10 8.2 12.6 13.4 14.2

11 8.7 10.4 10.7 10.1

12 9.8 12.5 12.2 10.9

13 7.9 11.2 12.0 11.4

14 10.3 14.0 12.3 11.5

15 12.2 12.5 12.0 16.9

16 11.0 14.8 12.2 12.9

17 10.7 13.7 12.5 15.0

18 9.0 9.5 9.3 11.0

19 9.9 12.3 12.0 8.4

20 12.2 12.3 12.9 12.8

21 9.9 11.8 10.4 9.8

22 10.4 11.7 12.8 10.7

23 8.7 10.1 12.8 11.2

24 10.6 11.4 11.0 9.2

25 8.8 12.8 11.5 9.6

26 10.1 11.0 11.0 10.1

27 13.3 11.4 10.1 9.0

28 9.6 9.8 11.7 10.3

29 10.4 12.5 13.4 13.9

30 11.2 12.0 12.2 12.6

31 11.8 13.1 11.5 13.6

32 12.2 12.5 10.1 11.5

33 10.1 11.4 11.2 12.0

34 9.9 9.5 11.2 11.4

35 10.7 11.7 11.5 11.0

36 8.8 12.2 10.1 11.0

37 9.8 11.7 12.9 10.3

38 8.7 10.7 10.9 10.6

39 14.2 12.8 14.0 13.9

40 11.5 12.2 14.2 11.7

41 18.9 16.7 16.4 18.3

42 8.5 12.6 10.9 9.8

43 8.8 9.3 10.4 10.3

44 11.7 13.1 12.0 12.3

45 13.3 14.2 13.4 14.2

46 13.7 12.9 15.1 15.6

47 15.8 12.2 13.4 14.8

48 13.1 14.8 12.0 14.4

49 13.3 14.4 11.5 13.9

50 8.4 10.1 9.6 10.4

51 9.5 12.9 10.4 10.1

52 9.2 12.6 11.4 11.5

53 7.4 10.4 9.2 10.3

54 9.0 10.9 11.8 12.3

55 9.2 10.9 12.5 11.0
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Table C.10: The results achieved (in percentage) by applying the Naive Bayes to the

features extracted from the 55 physicochemical attributes for the TG benchmark. The

four feature groups used in this part are referred by their numbers

No. Extraction No.1 Extraction No.2 Extraction No.3 Extraction No.4

1 20.2 18.6 16.1 23.3

2 16.6 14.4 13.4 20.0

3 20.2 17.7 16.7 25.9

4 16.4 18.6 17.4 22.9

5 19.4 18.5 17.4 26.0

6 15.6 16.7 13.4 24.3

7 16.7 14.5 14.4 22.4

8 14.7 12.2 10.4 22.2

9 18.1 15.6 13.6 22.9

10 16.9 16.7 16.7 21.9

11 13.6 13.6 12.0 24.3

12 16.3 14.5 13.6 21.3

13 16.1 16.1 17.0 24.5

14 16.3 14.8 13.6 23.2

15 19.6 19.6 19.1 19.9

16 19.4 17.2 15.6 27.0

17 18.9 14.7 13.4 27.8

18 17.0 16.1 14.0 22.2

19 15.5 17.5 16.1 23.0

20 20.8 18.5 15.9 23.7

21 16.3 16.1 14.7 25.1

22 16.7 16.6 12.6 24.3

23 17.7 15.0 14.5 23.3

24 17.8 16.1 14.4 22.6

25 17.5 17.5 13.9 23.7

26 17.2 14.0 11.2 23.3

27 18.9 16.9 16.9 20.5

28 15.8 15.3 12.6 24.3

29 18.3 14.8 14.5 22.4

30 16.7 15.5 14.7 22.9

31 18.1 17.5 15.6 24.9

32 17.5 13.3 10.7 23.2

33 20.8 19.7 17.4 24.0

34 18.0 17.7 14.4 22.7

35 17.0 14.7 13.6 20.7

36 16.3 14.2 11.5 23.3

37 16.7 16.6 14.5 24.3

38 17.8 16.7 15.5 23.3

39 18.5 18.6 17.0 20.7

40 17.8 16.4 13.4 23.8

41 24.0 25.6 25.6 18.1

42 17.5 14.5 12.3 24.6

43 16.7 13.7 12.0 22.7

44 17.8 15.9 16.3 20.0

45 20.5 20.2 19.6 18.3

46 20.0 16.9 15.3 16.7
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47 18.1 17.8 16.6 18.9

48 17.8 17.7 17.2 18.9

49 18.8 17.4 16.6 19.2

50 16.7 14.7 13.3 23.5

51 18.3 15.6 12.5 23.3

52 16.1 18.5 15.8 22.9

53 15.5 13.9 12.2 18.9

54 15.6 17.0 17.0 22.7

55 16.6 16.7 14.8 25.4
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