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Abstract

Protein sub-cellular localization is defined as predicting the functioning
location of a given protein in the cell. It is considered an important step
towards protein function prediction and drug design. In this study, we
used structural and evolutionary based features to represent the sequences
of gram-positive and gram-negative bacteria protein dataset. In recent
years all the works done in this sector are based on mainly PSSM features,
they have not used SPIDER feature. PSSM gives us mainly evolutionary
features and SPIDER gives us mainly structural features. In our study, we
have extracted features from both PSSM and SPIDER. We have extracted
a lot of features (total 46 features using 10 categories for both dataset)
from both PSSM and SPIDER and choosed best features (total 6 features
among 46 features for both dataset) among them. Our achieved result
shows that SPIDER feature along with PSSM feature gives best
performance than previous result with gram-positive benchmark, but gives
a little low result for gram-negative benchmark. In this study, we have
tried different kinds of classifier but among them Support Vector Machine
(SVM) gives the best result.
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Chapter 1

Introduction

In this section, we present an overview of the motivation of our research and
the aims and objectives identied during literature review. We also give a
brief summary of the methodology applied to achieve the research aims and
present a summary of the contributions made by our research reported in
this thesis.

1.1 Protein Sub-Cellular Localization

Protein sub-cellular localization prediction or just protein localization pre-
diction involves the prediction of where a protein resides in a cell. In general,
prediction tools take as input information about a protein, such as a protein
sequence of amino acids, and produce a predicted location within the cell
as output, such as the nucleus, Endoplasmic reticulum, Golgi apparatus,
extracellular space, or other organelles. The aim is to build tools that can
accurately predict the outcome of protein targeting in cells. Prediction of
protein sub-cellular localization is an important component of bioinformat-
ics based prediction of protein function and genome annotation, and it can
aid the identification of drug targets. Protein sub-cellular localization is
considered an importent step towards protein function prediction and con-
sequently, drug design.

The predication of protein sub-cellular localization is based on determin-
ing the location sites of unknown protein in a cell. A cell consists of many
different compartments that are specialized to carry out different tasks [16].
One of the fundamental goals in cell biology is to identify the sub-cellular
location site of proteins and their functions [16]. Information about sub-
cellular location can provide useful characteristics of its functions. Of all
proteins, bacteria proteins are the most important proteins to determine
their functions because of its biological aspects which are both harmful and
useful [88]. Some bacteria can cause a wide range of diseases while some oth-
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ers play the role of catalyst in biological interactions. Somme bacteria are
also widely used to produce antibiotics. Bacteria are categorized as a kind of
prokaryotic microorganism that can be divided in two groups, gram-positive
and gram-negative [71]. Gram-positive bacteria are those that are stained
dark blue or violet by gram staining while gram-negative bacteria cannot
retain the stain, instead taking up the counter-stain and appearing red or
pink [88]. As pointed in a recent review [14], in the last decade or so, a num-
ber of web-servers were developed for predicting the subcellular localization
of proteins with both single site and multiple sites based on their sequences
information alone. They can be roughly classified into two series [14]. One
is the PLoc series and the other is iLoc series. The PLoc series contains the
six web-servers [71], [18], [72], [19], [73], [74] to deal with eukaryotic, human,
plant, Gram positive, Gram negative, and virus proteins, while the iLoc
series contains the seven web-servers [90], [21], [87] , [54], [88], [90], [89] to
deal with eukaryotic, human, plant, animal, Gram positive, Gram negative,
and virus proteins, respectively.

Most proteins can only function in one specific place in the cell (e.g nucleus,
membrane) while some other proteins can function in several places in the
cell. For a given protein to function properly it needs to be in one or a few
specific locations int the cell as it malfunctions in all other places. Therefore,
the newly synthesized proteins play a critical role, if only they are placed in
their correct sub-cellular compartments [96]. The sub-cellular location of a
protein can be determined by various biological experiments, but it is costly
and time consuming. The exponential increase in the number of sequenced
proteins and the much slower rate of determining protein structure using
experimental approaches highlights the demands for a fast computational
approach to address this problem as an alternative to experimental meth-
ods. Recently computational methods have become increasingly important
and recognized. Researches prefer to use predication system to identify the
sub-cellular localization of proteins [83], [84], [80], [81]. Fast computational
approaches address the problems of costly and time consuming experimen-
tal methods. A wide range of pattern recognition approaches has been
used to solve sub-cellular localization problem which have given the most
promising result. These approaches either involves classifier development
or feature extraction development. The performance of pattern recognition
technique to address protein sub-cellular localization prediction problem de-
pends on the classification technique as well as features being used. Sev-
eral classifiers have been developed and analyzed which includes: Artificial
Neural Network (ANN), K-Nearest Neighbor (KNN) [31], Bayesian classi-
fiers, Linear Discriminant Analysis (LDA), Hidden Markov Model (HMM),
Nave Bayes [29], Support Vector Machine (SVM) [30], [37], and ensemble
of classifiers. Amongst these classifiers Support Vector Machine (SVM) and
K-Nearest Neighbour (KNN) based classifiers have given the most promising
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results [37]. Studies have shown that most significant enhancement in pred-
ication system is achieved by developing feature extraction method rather
than improving the classifiers.

1.2 Motivation

Previously used features were mainly sequence based or PSSM profile based.
In this area of research the researcher did not used SPIDER information
which gives structural information. In literature [59] structure based fea-
tures were used. We believe structure based features play an important role
in protein sub-cellular localization as structural based feature contains a lot
of information about a protein.

There are several features used in different literatures, but comprehensive
analysis of these features were not done. Most of the literatures did not
used previous literature features or did not combined new features with old
one. We believe combining new features with old one will increase the per-
formance of prediction. We believe if we select best features from combining
all the features used previously with all our new extracted features from
evolutionary based information or PSSM and structural based information
or SPIDER, it will increase the sub-cellular localization prediction rate.

1.3 Research Aims

The main aim of our research is to extract best features that gives best
performance for predicting gram-positive and gram-negative bacteria protein
sub-cellular localization. Our aim in this research is to extract features from
SPIDER as well as extract new features from PSSM. In recent years all the
research done in this sector are mainly based on PSSM matrix. In this
sector there is no research done using SPIDER spd3 matrix. We think using
SPIDER along with PSSM will give good performance. So we have extracted
both old and new features from both PSSM and SPIDER, and combined
them to get the best features. Finally we have got that, features extracted
from PSSM along with features extracted from SPIDER gives higher result
than previous literature published in this sector. The aim of our research is
enumerated shortly in below:

1. Extract features from SPIDER spd3 matrix.

2. Extract new features from PSSM.

3. Extract the features that were used in different literatures in protein
sub-cellular localization field.

4. Combine all the features and choose best features among them.
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5. Do a comprehensive analysis.

1.4 Methodology

Considering the scope of the research and the objectives discussed in the
last two sections, we focus our goal to develop effective strategies that
improve the performance of predicting protein sub-cellular localization for
gram-positive and gram-negative bacteria protein dataset. Throughout this
research, we have focused on selecting best features. In this sub-cellular
prediction problem we have used gram-positive and gram-negative bacteria
protein dataset. We have extracted features from both PSSM and SPIDER
for both dataset. We have used Naive Baise Classifier (SVM), used 10-fold
cross validation and jackknife test for validation. We have calculated single
label classification accuracy, locative and absolute accuracy for multi label
protein. A conceptual framework for predicting gram-positive and gram-
negative bacteria protein is shown in figure 1.1.

1.5 Research Contribution

The key contributions of the research are as follows:

1. We have extracted features from SPIDER, which was not done before.

2. We have extracted features from PSSM which are already reported in
various literatures.

3. We have extracted new features from PSSM.

4. Combined all the features and choose best features among them.

5. We have done a comprehensive analysis.

1.6 Thesis Organization

The report is furnished as follows. In chapter 2, we have explained in short
about biological background, machine learning background and literature
review to understand about protein, protein structure, how sub-cellular lo-
cations are defined, how machine learning works in this sector and previous
works in this area. In chapter 3, we explain our work and all the neces-
sary definitions to understand the research and explain the related task. In
chapter 4, we explain how we have run our experiment, how classifiers are
selected, how when which validation method was selected, how final features
are chosen and results. In chapter chapter 5, we conclude with a discussion,
limitations of our work and a possible outlines for future work.
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Figure 1.1: Conceptual framework for predicting bacteria proteins
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Chapter 2

Background

2.1 Biological Background

2.1.1 Proteins

Proteins are one of the most important biological macromolecules, as they
play important parts in almost all biological reactions. Some of the func-
tions performed by proteins include determining the structure and shape of
cells, bringing other proteins together so they can perform specific functions
more efficiently, catalyzing chemical reactions, acting as signals, sensors and
switches to control the activities of cells, and moving other proteins or even
whole organisms around [58]. Proteins are polymers of amino acids linked
together by peptide bonds. A diagram of an amino acid can be seen in
Figure 2.1. An amino acid consists of 3 main groups: an amino group, a
carboxyl group and an R group or side chain [58]. The R group determines
the type of amino acid, of which there are 20 main types, shown in table 2.1.

Figure 2.1: Structure of an amino acid
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One of the most important concepts regarding proteins is that the function

Table 2.1: A list of the 20 standard amino acids

Amino Acid 3 Letter 1 Letter

Alanine Ala A

Arginine Arg R

Asparagine Asn N

Aspartic acid Asp D

Cysteine Cys C

Glutamic acid Glu E

Glutamine Gln Q

Glycine 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 Y

Valine Val V

of a protein is derived from its three dimensional structure [9][54], and the
three dimensional structure is determined primarily by the linear sequence
of amino acids. Afinsen [2] found that proteins can fold into their native
structures spontaneously, from this it was concluded that the folding is gov-
erned by the amino acid sequence itself. Understanding how proteins fold
in space can reveal how they function in biological reactions. Determining
the structure of a protein given its sequence is an open problem of much
interest in computational biology.

Protein structure can be broken up into a hierarchy consisting of Primary,
Secondary, Tertiary and Quaternary structure. For the sake of example, a
short protein has been chosen so that examples of primary, secondary and
tertiary structure can be shown.

An example of the primary structure of a protein sequence (Human Re-
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laxin, 6rlxA) can be seen below:

ELY SALANKCCHV GCTKRSLARFC

This consists of a sequence of letters where each letter represents an amino
acid from table 2.1. The next level of structure is the secondary structure,
which primarily consists of the alpha helix, beta sheet and beta turn. These
secondary structures are stable arrangements of short segments of a protein.
The secondary structure of 6rlxA can be seen below (taken from PDB):

ELY SALANKCCHV GCTKRSLARFC

HHHHHHHHHHHT EEHHHHHTT

where H is an alpha helix, E is a beta strand, T is a turn and an empty spot
means no secondary structure has been assigned.

Tertiary structure refers to the overall conformation of a ploy-peptide chain.
The chemical properties of individual amino acid side chains influence the
tertiary structure. The tertiary structure of the example protein 6rlxA is
shown in figure 2.2

Figure 2.2: 3D structure of 6rlxA (taken from PDB)

The protein shown in figure 2.2 is a short, relatively simple protein. Proteins
can be much longer with extremely complex tertiary structure. In addition,
some proteins consist of multiple protein subunits; each subunit has its own
tertiary structure, and the arrangement that the subunits assemble in is
known as the quaternary structure.
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For determining protein structure there are some methods. Among those
some are explained here in short:

1. Genetic sequencing projects rapidly produce new protein sequences,
but the number of sequences with known 3D structure increases
much more slowly. This is because the laboratory methods for
determining protein structure, namely Nuclear Magnetic Resonance
(NMR) and X-ray crystallography are expensive and time
consuming. To illustrate this point, the Universal Protein Resource
(UniProt) contains about 8,000,000 protein sequences, while the
number of protein structures stored in the Protein Data Bank (PDB)
is around 95,000.

2. X-ray crystallography involves firing x-rays at a crystal and
measuring the diffraction pattern that results. This allows a 3D
picture of the crystal structure to be determined. The protein must
be purified and concentrated, and a crystal of the protein formed,
this requires a sufficient amount of protein to be present. The
process is complex and time consuming, and some proteins are very
difficult to crystallize.

3. NMR is another method of determining protein structure. In this
case the proteins are in a solution of water. The sample is placed in a
powerful magnetic field and radio waves are sent through the sample
so that the absorption can be measured. Since different atomic nuclei
absorb different frequencies, and the absorption spectra is perturbed
by adjacent nuclei both the type and distances between nuclei can be
determined. NMR is usually limited to shorter proteins due to
limitations of the process.

4. Given the difficulty of experimentally determining protein structure,
computational methods are desirable. Abinitio methods build the 3D
structure of a protein from physical principles, these methods are
based on various optimization schemes trying to minimize the
protein free energy. This method is impractical for large proteins and
high resolution models due to the large search space.

5. Homology based methods find proteins with known structure that
have sequences similar to a protein with unknown structure. It is
assumed that the structure of homologous proteins will be similar,
and can at least be used as a starting point for inferring the
structure of new proteins. Unfortunately, proteins with sequential
similarities as low as 15% can have similar tertiary structure, but
homology based approaches are unsuitable for these cases.

6. Protein Threading is a method of determining the fold of a protein
by comparing it to a set of templates. Threading and homology
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based methods are similar, however homology based methods are
restricted to proteins with high sequential similarity, while threading
is used for proteins with lower sequential similarity. Popular
threading methods include HHsearch and SPARKS-X.

2.1.2 Position Specific Score Matrices (PSSM)

PSSM or Position-Specific Scoring Matrix, is a type of scoring matrix used
in protein BLAST searches in which amino acid substitution scores are given
separately for each position in a protein multiple sequence alignment. PSI-
BLAST (Position-Specific Iterative Basic Local Alignment Search Tool) [1]
derives a position-specific scoring matrix (PSSM) or profile from the multi-
ple sequence alignment of sequences detected above a given score threshold
using proteinprotein BLAST [2].

BLAST (Basic Local Alignment Search Tool) is a sequence similarity search
method that compares a protein to a set of protein sequences in a tar-
get database to identify regions of local alignment and report those align-
ments that score above a given score threshold [2]. The Basic Local Align-
ment Search Tool (BLAST) finds regions of local similarity between se-
quences. The program compares nucleotide or protein sequences to sequence
databases and calculates the statistical significance of matches. BLAST can
be used to infer functional and evolutionary relationships between sequences
as well as help identify members of gene families. PSI-BLAST uses the re-
sults of BLAST run for several iterations, with the best matches from each
iteration used in the next iteration.

The PSSM captures the conservation pattern in alignment and stores it
as a matrix of scores for each position in the alignment - highly conserved
positions receive high scores and weakly conserved positions receive scores
near zero [2].

PSSM scores are generally shown as positive or negative integers. Pos-
itive scores indicate that the given amino acid substitution occurs more
frequently in the alignment than expected by chance, while negative scores
indicate that the substitution occurs less frequently than expected. Large
positive scores often indicate critical functional residues, which may be ac-
tive site residues or residues required for other intermolecular interactions.

The PSI-BLAST tool returns 2 matrices for each input protein. Each ma-
trix is L × 20 in size, where L is the length of the input protein. Both of
these matrices store substitution probabilities, one contains linear proba-
bilities and the other contains log-odds. The feature extraction algorithms
introduced in this thesis uses log-odds probabilities of PSSM.
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2.1.3 Scoring Protein Interaction Decoys using Exposed Residues
(SPIDER)

SPIDER (Scoring Protein Interaction Decoys using Exposed Residues) is
developed as a knowledge-based scoring function for protein-protein inter-
action decoys. SPIDER is a novel multi-body pose-scoring function that has
no theoretical limit on the number of residues contributing to the individ-
ual interaction terms. SPIDER’s score relies on the geometric similarity of
interfacial residues between docking poses and naturally occuring (native)
poses.

A coarse-grain representation of a protein-protein complex was used where
each residue is represented by its side chain centroid. A computational
geometry approach called Almost-Delaunay tessellation was applied that
transforms protein-protein complexes into a residue contact network, or an
un-directional graph where vertex-residues are nodes connected by edges.
This treatment forms a family of inter facial graphs representing a dataset
of protein-protein complexes. Then frequent subgraph mining approach was
employed to identify common inter facial residue patterns that appear in at
least a subset of native protein-protein interfaces. The geometrical param-
eters and frequency of occurrence of each ”native” pattern in the training
set are used to develop the new SPIDER scoring function.

SPIDER scoring function ranks native and native-like poses above geomet-
rical decoys; SPIDER was ranked among the top 6 (out of 28) scoring func-
tions in a recent round 21 of CAPRI (Critical Assessment of PRedicted
Interactions) blind test of protein-protein docking methods [48], [36].

2.2 Machine Learning Background

Machine learning is a subfield of computer science and a fascinating field
of artificial intelligence (AI) research where we investigate how computer
agents can improve their perception, cognition, and action with experience.
According to Arthur Samuel in 1959 machine learning is ”computers the
ability to learn without being explicitly programmed” [61]. Evolved from
the study of pattern recognition and computational learning theory in arti-
ficial intelligence, machine learning explores the study and construction of
algorithms that can learn from and make predictions on data [50] such al-
gorithms overcome following strictly static program instructions by making
data-driven predictions or decisions, through building a model from sample
inputs. In simple words we can say that machine learning is the science
of getting computers to act without being explicitly programmed. Machine
learning is employed in a range of computing tasks where designing and
programming explicit algorithms with good performance is difficult or in-
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feasible, for example email filtering, detection of network intruders or mali-
cious insiders working towards a data breach, optical character recognition
(OCR) [43] [77] [52], learning to rank, computer vision etc.

There are mainly two types of machine learning algorithms - one is su-
pervised learning and another is unsupervised learning. Supervised learning
is the machine learning task of inferring a function from labeled training
data [60]. In supervised learning, each example is a pair consisting of an
input object (typically a vector) and a desired output value (also called the
supervisory signal). On the other hand unsupervised machine learning is the
machine learning task of inferring a function to describe hidden structure
from ”unlabeled” data (a classification or categorization is not included in
the observations).

Our experimental data sets are labeled data set. So here we have tried
supervised learning algorithms. There are lots of supervised learning al-
gorithms, such as - Linear Regression, Logistic Regression, Decision Tree,
Support Vector Machine (SVM), Naive Bayes, KNN, K-Means, Random
Forest etc. It has been shown in previous literatures [82], [69] that support
vector machine (SVM) gives the promising result in protein sub-cellular lo-
calization area. So in this research we have adopted SVM as our classifier.

2.2.1 Support Vector Machine (SVM)

SVM is considered to be one of the best pattern recognition techniques [79].
It is also widely used in Bioinformatics and has outperformed other classifiers
and obtained promising results for protein subcellular localization. It aims to
reduce the prediction error rate by finding the hyperplane that produces the
largest margin based on the concept of support vector theory. It transforms
the input data to higher dimensions using the kernel function to be able to
find support vectors (for non linear cases). The classification of some known
points in 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′ = sin(

n∑
i=1

aiyiK(xi, x
′) + b)

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. In this study, the SVM classifier is implemented with the
LIB SVM tool box using the Radial Basis Function(RBF) as its kernel [3].
RBF kernel is adopted in our experiments due to its better performance than
other kernels functions (e.g.polynomialkernel, linearkernel, and sigmoid).
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RBF kernel is defined as follows:

K(xi, xj) = e−γ‖xi−xj‖
2

where γ is the regularization parameter, xi and xj are input feature vectors.
In this study, the γ in addition to the cost parameter C (also called the soft
margin parameter) of the SVM classifier are optimized using a grid search
algorithm which is also implemented in the LIB SVM package. Despite its
simplicity, grid search has been shown to be an effective method to optimize
these parameters.

2.3 Literature Review

With the explosive growth of biological sequences in the post-genomic era,
one of the most important but also most difficult problems in bioinformatics
and system biology is how to express a biological sequence with a discrete
model or a vector, yet still keep considerable sequence-order information or
key pattern characteristic. This is because all the existing machine-learning
algorithms can only handle vector but not sequence samples, as elucidated
in a recent review [14]. However, a vector defined in a discrete model may
completely lose all the sequence-pattern information. To avoid completely
losing the sequence-pattern information for proteins, the pseudo amino acid
composition [88], [47], [56], [12], [10], [49], [66] was proposed. Ever since then,
the approach of PseAAC has penetrated into nearly all the computational
proteomics [47], [49], [66] as well as a long list of references cited in [10]). Be-
cause it has been widely and increasingly used, recently three powerful open
access soft-wares, called ’PseAAC-Builder’, ’propy’, and ’PseAAC-General’,
were established: the former two are for generating various modes of Chou’s
special PseAAC; while the 3rd one for those of Chou’s general PseAAC [12],
including not only all the special modes of feature vectors for proteins but
also the higher level feature vectors such as ”Functional Domain” mode,
”Gene Ontology” mode, and ”Sequential Evolution” or ”PSSM” mode. En-
couraged by the successes of using PseAAC to deal with protein/peptide
sequences, similar web-servers [7] were developed for generating various fea-
ture vectors for DNA/RNA sequences as well. Particularly, an extremely
powerful web-server called Pse-in-One [56] and its very recently updated ver-
sion Pse-in-One 2.0 [56] have been established that can be used to generate
any desired feature vectors for protein/peptide and DNA/RNA sequences
according to the need of users’ studies.

In the case of developing features for protein subcellular localization, most
of the feature extracting techniques started from using simple AAC feature
which resulted in loss of sequence order information. To retain sequence or-
der information, Chou presented PseAAC and since then it has been proven
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to be one of the popular methods for feature extraction. The AAC has 20
features since it is derived from the 20 common amino acids present in the
protein sequence; it is simply represented as its normalize occurrence fre-
quency. To avoid losing sequence order information, PseAAC uses features
where the first 20 elements of the features are the AAC components with
additional elements which are used to incorporate the sequence order in-
formation. These elements are series of different rank of correlation factors
and combination of factors. The concept of PseAAC has been widely used in
predicting protein related problems. Several works have used the PseAAC
feature with combination of the other features to predict protein subcellular
localization.

Huang and Yuan analyzed series of classifiers for sub-cellular localization,
but these were limited to single location site. For multi label prediction,
Gpos-mplock and Gneg-mplock (predictor) are proposed [72], [73] to pre-
dict protein localization in gram positive and gram negative bacteria; and
Plant-mploc (predictor) is developed [19] which uses top down strategy to
predict single or multiple protein localization in plant protein. Virus-mploc
(predictor) [74] was developed with fusion of classifiers and features of func-
tional domain and gene ontology to predict virus proteins. To increase the
quality of prediction, three revised version of the prediction systems were
developed: iloc-Gpos (predictor) [88], iloc-plant (predictor) [87], iloc-virus
(predictor) [89]. Huang and Yuan used AAC, evolution information and
PseACC with backward propagation (BP) and radial basis function (RBF)
neural network to predict both single and multi-site subcellular proteins.

A number of machine learning methods have been developed with many
different combination and types of features along with different classifiers.
For example, PSORT (predictor) [40] uses sequence features based on sort-
ing signal, SubLoc (predictor) [5] uses SVM with AAC to obtain higher
accuracy. TargetP (predictor) [34] uses ANN and N-terminal sequence to
predict subcellular locations. Pierleoni et al. [65] used N-terminal, AAC and
alignment profile to predict the subcellular localization. Similarly, Tamura
and Akutsu [76] used alignment of block sequence. Chang et al. [4] devel-
oped and used gapped-dipeptide and probabilistic latent semantic analysis
method for prediction of gram negative bacteria protein. Lee et al. [51] pre-
dicted protein localization by integrating an extensive set of protein physical
characteristics over a proteins extended proteinprotein interaction neighbor-
hood, using a classification framework called divide and conquer k-nearest
neighbor (DC-KNN) to improve accuracy.

As demonstrated by a series of recent publications [6], [91], [53], [55], [44]
and according to the Chou’s 5-step rule [13], to establish a really useful
sequence-based statistical predictor for a biological system, we should con-
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sider the following five guidelines:

1. Construct or select a valid benchmark dataset to train and test the
predictor.

2. Formulate the biological sequence samples with an effective mathemat-
ical expression that can truly reflect their intrinsic correlation with the
target to be predicted.

3. Introduce or develop a powerful algorithm (or engine) to operate the
prediction.

4. Properly perform cross validation tests to objectively evaluate the an-
ticipated accuracy of the predictor.

5. Establish a user-friendly web-server for the predictor that is accessible
to the public.

Below, we are to describe how to deal with these steps one by one. In
this study, we attempted to predict the sub-cellular location of both gram-
positive and gram-negative bacterial proteins using structural and evolu-
tionary based features.
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Chapter 3

Materials and Methods

3.1 Data Set

In this research we have used two dataset which have been used widely
among this field of literature [41], [20], [17], [70], [63] for Gram-positive and
Gram-negative sub-cellular localizations. The details of this two dataset are
described below:

3.1.1 Gram-Positive Bacteria Protein Dataset

For gram-positive sub-cellular localizations we have used dataset that was
introduced in the literature [41], [20], [17], [70]. This dataset contains total
523 protein samples which belongs to four gram positive sub-cellular localiza-
tions. Among this 523 samples there are total 519 different protein sample.
Among 519 proteins there are total 515 protein samples which belongs to
only one or single location while the rest 4 protein samples belongs to two lo-
cation. Thus gram-positive bacteria protein dataset contains total 523 (515
+ 4 * 2) protein samples. The four locations name and total number of pro-
tein samples each location contains are shown at Table 3.1. This dataset is
available at the web-link http://www.csbio.sjtu.edu.cn/bioinf/Gpos-multi.

3.1.2 Gram-Negative Bacteria Protein Dataset

For gram-negative sub-cellular localizations we have used dataset that was
introduced in the literature [63], [20], [17], [15]. This dataset contains total
1456 protein samples which belongs to eight gram negative sub-cellular local-
izations. Among this 1456 samples there are total 1392 different protein sam-
ple. Among 1392 proteins there are total 1328 protein samples which belongs
to only one or single location while the rest 64 protein samples belongs to two
location. Thus gram-negative bacteria protein dataset contains total 1456
(1328 + 64 * 2) protein samples. The eight locations name and total num-
ber of protein samples each location contains are shown at Table 3.2. This
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dataset is available at the web-link http://www.csbio.sjtu.edu.cn/bioinf/Gneg-
multi.

For classifying multi location proteins we have used the same method which
was used in the literature [41], [63]. In gram positive and gram negative bac-
teria protein dataset which samples are in multi location means more than
one location, we have used those multi labeled proteins as several single la-
beled protein samples based on their labels or classes which they belongs to.
For example a protein sample which has two label or class location, we have
used them in our experiment as two single labeled protein sample. Then we
have performed our experimental classification task. Thus by making and
adding extra protein samples, we have calculated the possible worst case sce-
nario as we might not be able to predict the multi labeled protein samples
or the extra label of a single protein that has more than one label. In this
way, predicting a protein’s sub-cellular location, we guarantee that we have
considered all the worst case that can occur in performing my prediction
task.

Table 3.1: Details of gram-positive bacteria protein dataset

No. Sub-cellular location Total protein samples

1 Cell membrane 174

2 Cell wall 18

3 Cytoplasm 208

4 Extracellular 123

Total number of locative proteins 523

Total number of different proteins 519

Table 3.2: Details of gram-negative bacteria protein dataset

No. Sub-cellular location Total protein samples

1 Cell inner membrane 557

2 Cell outer membrane 124

3 Cytoplasm 410

4 Extracellular 133

5 Fimbrium 32

6 Flagellum 12

7 Nucleoid 8

8 Periplasm 180

Total number of locative proteins 1456

Total number of different proteins 1392
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3.2 Normalization of PSSM

In our experiment, we have made two main groups of PSSM matrix named
as Normalized PSSM matrix and Non-Normalized PSSM matrix. Non-
Normalized PSSM is the exact PSSM matrix which is the output matrix
of PSSIBLAST software. Normalized PSSM matrix was used in the litera-
ture [69]. According to this [41] literature PSSM matrix can be represented
as:

P =



U1,1 U1,2 ... U1,19 U1,20

U2,1 U2,2 ... U2,19 U2,20

. . ... . .

. . ... . .

. . ... . .
UL,1 UL,2 ... UL,19 UL,20


The size of the PSSM matrix is L × 20, here L is the length of the amino
acid sequence or simply primary protein sequence, Ui,j represents the score
of amino acid which is located at the i-th location of the protein sequence
which is changed into amino acid j during the process of evolution. In
order to make the normalization of PSSM matrix, we have computed and
formulated a new PSSM matrix N using the information from original PSSM
matrix P. We are refering this new matrix N as my new normalized PSSM
in this paper. The normalized matrix N is computed as follows:

N =



V1,1 V1,2 ... V1,19 V1,20
V2,1 V2,2 ... V2,19 V2,20
. . ... . .
. . ... . .
. . ... . .

VL,1 VL,2 ... VL,19 VL,20


where, Vi,j =

Ui,j − Zy
Zx − Zy

; i = 1,2,.....,L; Zx = max(P ) & Zy = min(P )

We have normalized all PSSM matrix one by one. First we have took one
PSSM file and find out the highest score Zx and lowest score Zy of the
matrix. Then putting this maximum and minimum value in my formula
we have calculated the normalized score. Algorithm for converting a PSSM
matrix to its corresponding Normalized PSSM matrix is shown at Algorithm
1.

From Normalized PSSM matrix we have extracted 7 features:

1. PSSM-AAO (Feature vector size 20)

2. PSSM-SD (Feature vector size 80)

3. PSSM-SAC (Feature vector size 100)
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Algorithm 1: Normalization of PSSM Matrix

1 Zx ← P[0, 0];
2 Zy ← P[0, 0];
3 L← Length of PSSM Matrix;
4 P ← Original PSSM Matrix;
5 V ← Empty Array of Size L× 20;

6 for i = 0; i < L; i = i+ 1 do
7 for j = 0; j < 20; j = j + 1 do
8 if P[i, j] > Zx then
9 Zx ← P[i, j];

10 if P[i, j] < Zy then
11 Zy ← P[i, j];

12 for i = 0; i < L; i = i+ 1 do
13 for j = 0; j < 20; j = j + 1 do

14 Vi,j =
Pi,j − Zy
Zx − Zy

;

4. Composition of Normalized PSSM (Feature vector size 20)

5. Bi-gram of Normalized PSSM (Feature vector size 400)

6. One-lead Bi-gram of Normalized PSSM (Feature vector size 400)

7. Auto Covariance of Normalized PSSM (Feature vector size 200)

From Non-Normalized PSSM matrix we have extracted 4 features:

1. Composition of Non-Normalized PSSM (Feature vector size 20)

2. Bi-gram of Non-Normalized PSSM (Feature vector size 400)

3. One-lead Bi-gram of Non-Normalized PSSM (Feature vector size 400)

4. Auto Covariance of Non-Normalized PSSM (Feature vector size 200)

3.3 Constructing the Consensus Sequence

The consensus sequence is also an amino acid sequence which is generated
from a Position Specific Score Matrix (PSSM). For each amino acid in a
protein, the corresponding row of the PSSM is extracted and the amino
acid with the highest substitution probability value is substituted for the
original amino acid. In this way a new sequence is generated of the same
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length as the original sequence. Figure 3.1 shows how a consensus sequence
is generated from a Position Specific Score Matrix generated by PSIBLAST.
On the left, the original sequence is displayed. The amino acid with maxi-
mum probability value is identified with a box around the probability. The
consensus sequence is listed on the right hand side of the image. Note that
for some of the amino acids e.g. lines 1, 6 and 10 the original sequence and
consensus sequence are both same. The others, however are different.

Figure 3.1: Extracting the consensus sequence from a PSSM file

From consensus sequence we have extracted only one feature:

1. Occurrence of Consensus Sequence (Feature vector size 20)

3.4 Feature Extraction Method

Feature extraction is the process of keeping information relevant to the clas-
sification task, and discarding other irrelevant information. Feature extrac-
tion involves reducing the amount of resources required to describe a large
set of data. When performing analysis of complex data one of the major
problems stems from the number of variables involved. Analysis with a
large number of variables generally requires a large amount of memory and
computation power, also it may cause a classification algorithm to overfit to
training samples and generalize poorly to new samples. Feature extraction
is a general term for methods of constructing combinations of the variables
to get around these problems while still describing the data with sufficient
accuracy. Since most classifiers only accept fixed length feature vectors, the
feature extraction step is also a way of creating a fixed length feature vector
from the variable length protein sequences.
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We have extracted total 46 features from both PSSM matrix and Spider
SPD3 matrix. All the features and their corresponding feature vector size
are shown in Table 3.4. We have extracted this 46 features from 10 feature
extraction method which are described below:

3.4.1 Occurrence Feature

This feature is extracted from amino acid sequence or protein sequence, con-
sensus sequence and Spider SS sequence. The dimensionality of this feature
vector is 20 for amino acid sequence, consensus sequence and 3 for Spider
SS sequence.

There are 20 distinct element in amino acid sequence or protein sequence
and consensus sequence which are ’A’, ’C’, ’D’, ’E’, ’F’, ’G’, ’H’, ’I’, ’K’, ’L’,
’M’, ’N’, ’P’, ’Q’, ’R’, ’S’, ’T’, ’V’, ’W’, ’Y’. The length of the protein se-
quence vary from protein to protein, thus the sequence and element number
in protein sequence vary from protein to protein. For extracting this feature
we have taken this 20 elements one by one and counted how many times this
element occur in the corresponding protein sequence or consensus sequence.
Thus we have looped it for 20 times and found a feature of vector size 20.

There are 3 distinct element in Spider SS Sequence which are ’C’, ’E’, ’H’.
The length of the Spider SS sequence vary from protein to protein, thus
the SS sequence and element number in the sequence vary from protein to
protein. For extracting this feature we have taken this 3 elements one by
one and counted how many times this element occur in the corresponding
Spider SS sequence. Thus we have looped it for 3 times and found a feature
of vector size 3.

Using occurrence feature extraction method we have extracted 3 features:

1. Occurrence of Protein Sequence (Feature vector size 20)

2. Occurrence of Consensus Sequence (Feature vector size 20)

3. Occurrence of Spider SS Sequence (Feature vector size 3)

3.4.2 Composition Feature

This feature is extracted from both PSSM matrix and Spider SPD3 matrix.
To calculate this feature we have taken one column by one column at a
time from the respective matrix and summed up all the rows value of this
particular column and finally divided it with the length of the protein. The
equation for this feature is given below:

Compositionj =
1

L

L∑
i=1

Ni,j
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Here N is the corresponding matrix, L is the protein length and j is the re-
spective column. The dimensionality of this feature vector will be (Number of columns).
Algorithm for extracting composition feature is shown at Algorithm 2.

Algorithm 2: Composition Feature Extraction

1 N ← Matrix from which feature will be extracted;
2 L← Length of the Protein;
3 C ← Number of matrix column;
4 V ← Empty array of size C;

5 for j = 0; j < C; j = j + 1 do
6 sum← 0;
7 for i = 0; i < L; i = i+ 1 do
8 sum = sum+Ni,j ;

9 Vj =
sum

L
;

We have extracted total 8 composition features from both PSSM matrix
and Spider SPD3 matrix. Using composition feature extraction method we
have extracted 2 features from PSSM matrix:

1. Composition of PSSM (Feature vector size 20)

2. Composition of Normalized PSSM (Feature vector size 20)

Using composition feature extraction method we have extracted 6 features
from Spider SPD3 matrix:

1. Composition of Spider (Feature vector size 8)

2. Composition of Spider with Torsion Angles (Feature vector size 12)

3. Composition of ASA (Feature vector size 1)

4. Composition of Angles (Feature vector size 4)

5. Composition of Angles with Torsion Angles (Feature vector size 8)

6. Composition of P(C), P(E), P(H) (Feature vector size 3)

3.4.3 Bi-Gram Feature

The equation for this feature is given below:

Bigramk,l =
1

L

L−1∑
i=1

Ni,kNi+1,l
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The dimensionality of this feature vector will be (Number of columns) ×
(Number of columns). Algorithm for extracting bi-gram feature is shown
at Algorithm 3.

Algorithm 3: Bi-gram Feature Extraction

1 N ← Matrix from which feature will be extracted;
2 L← Length of the Protein;
3 C ← Number of matrix column;
4 V ← Empty array of size C × C;

5 for k = 0; k < C; k = k + 1 do
6 for l = 0; l < C; l = l + 1 do
7 sum← 0;
8 for i = 0; i < L− 1; i = i+ 1 do
9 sum = sum+Ni,kNi+1,l;

10 Vk,l =
sum

L
;

We have extracted total 8 bi-gram features from both PSSM matrix and
Spider SPD3 matrix. Using bi-gram feature extraction method we have
extracted 2 features from PSSM matrix:

1. Bi-Gram of PSSM (Feature vector size 400)

2. Bi-Gram of Normalized PSSM (Feature vector size 400)

Using bi-gram feature extraction method we have extracted 6 features
from Spider SPD3 matrix:

1. Bi-Gram of Spider (Feature vector size 64)

2. Bi-Gram of Spider with Torsion Angles (Feature vector size 144)

3. Bi-Gram of ASA (Feature vector size 1)

4. Bi-Gram of Angles (Feature vector size 16)

5. Bi-Gram of Angles with Torsion Angles (Feature vector size 64)

6. Bi-Gram of P(C), P(E), P(H) (Feature vector size 9)
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3.4.4 One-Lead Bi-Gram Feature

The equation for this feature is given below:

OneLeadBigramk,l =
1

L

L−2∑
i=1

Ni,kNi+2,l

The dimensionality of this feature vector will be (Number of columns) ×
(Number of columns). Algorithm for extracting one-lead bi-gram feature
is shown at Algorithm 4.

Algorithm 4: One-Lead Bi-Gram Feature Extraction

1 N ← Matrix from which feature will be extracted;
2 L← Length of the Protein;
3 C ← Number of matrix column;
4 V ← Empty array of size C × C;

5 for k = 0; k < C; k = k + 1 do
6 for l = 0; l < C; l = l + 1 do
7 sum← 0;
8 for i = 0; i < L− 2; i = i+ 1 do
9 sum = sum+Ni,kNi+2,l;

10 Vk,l =
sum

L
;

We have extracted total 8 one-lead bi-gram features from both PSSM
matrix and Spider SPD3 matrix. Using one-lead bi-gram feature
extraction method we have extracted 2 features from PSSM matrix:

1. One-Lead Bi-Gram of PSSM (Feature vector size 400)

2. One-Lead Bi-Gram of Normalized PSSM (Feature vector size 400)

Using one-lead bi-gram feature extraction method we have extracted 6
features from Spider SPD3 matrix:

1. One-Lead Bi-Gram of Spider (Feature vector size 64)

2. One-Lead Bi-Gram of Spider with Torsion Angles (Feature vector
size 144)

3. One-Lead Bi-Gram of ASA (Feature vector size 1)

4. One-Lead Bi-Gram of Angles (Feature vector size 16)

5. One-Lead Bi-Gram of Angles with Torsion Angles (Feature vector
size 64)

6. One-Lead Bi-Gram of P(C), P(E), P(H) (Feature vector size 9)
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3.4.5 Tri-Gram Feature

The equation for this feature is given below:

TriGramk,l,m =
1

L

L−2∑
i=1

Nj,kNj+1,lNj+2,m

The dimensionality of this feature vector will be (Number of columns)3.
Algorithm for extracting tri-gram feature is shown at Algorithm 5.

Algorithm 5: Tri-Gram Feature Extraction

1 N ← Matrix from which feature will be extracted;
2 L← Length of the Protein;
3 C ← Number of matrix column;
4 V ← Empty array of size C × C × C;

5 for k = 0; k < C; k = k + 1 do
6 for l = 0; l < C; l = l + 1 do
7 for m = 0; m < C; m = m+ 1 do
8 sum← 0;
9 for j = 0; j < L− 2; i = i+ 1 do

10 sum = sum+Nj,kNj+1,lNj+2,m;

11 Vk,l,m =
sum

L
;

Being large feature vector size while extracting features from PSSM
matrix, we have extracted tri-gram features from only Spider SPD3
matrix. Using tri-gram feature extraction method we have extracted 6
features from Spider SPD3 matrix:

1. Tri-Gram of Spider (Feature vector size 512)

2. Tri-Gram of Spider with Torsion Angles (Feature vector size 1728)

3. Tri-Gram of ASA (Feature vector size 1)

4. Tri-Gram of Angles (Feature vector size 64)

5. Tri-Gram of Angles with Torsion Angles (Feature vector size 512)

6. Tri-Gram of P(C), P(E), P(H) (Feature vector size 27)

31



3.4.6 Auto Covariance Feature

A correlation factor coupling adjacent residues along the protein sequence
[92] is known as Auto covariance (AC). It is also known as a kind of variant
of auto cross covariance. It is a very powerful statistical tool which is used to
analyze sequences of vectors [85], the Auto Covariance transformation has
been widely applied in various fields of bioinformatics [38], [39], [32], [86],
[93], [57]. Auto Covariance variables are able to avoid producing too many
variants. The equation for this feature is given below:

AutoCovariancek,j =
1

L

L−k∑
i=1

Ni,jNi+k,j (j = 1, ..., 20 and k = 1...DF )

where DF is the distance factor. Different values have been tested to find
out the effective value of DF which gives the highest accuracy rate of pre-
diction. In this research we have tested total 15 values for DF (DF =
1,2,3,4,.......,12,13,14,15) and took only one value which is DF = 10. We
have observed that only DF = 10 gives the highest accuracy rate for my
task. So, the effective value of DF is used as 10 for the employed benchmark
since this value was investigated in other literature [23] which gives promis-
ing results for other benchmark datasets. The dimensionality of this feature
vector will be (Number of columns)×DF . Algorithm for extracting auto
covariance feature is shown at Algorithm 6.

Algorithm 6: Auto Covariance Feature Extraction

1 DF ← 10;
2 P ← Matrix from which feature will be extracted;
3 L← Length of the Protein;
4 V ← Empty array of size L× (Number of matrix column);
5 C ← Number of matrix column;

6 for k = 0; k < DF ; k = k + 1 do
7 for j = 0; j < C; j = j + 1 do
8 sum← 0;
9 for i = 0; i < L− k; i = i+ 1 do

10 sum = sum+ Pi,jPi+k,j ;

11 Vk,j =
sum

L
;

We have extracted total 8 auto covariance features from both PSSM
matrix and Spider SPD3 matrix. Using auto covariance feature extraction
method we have extracted 2 features from PSSM matrix:

1. Auto Covariance of PSSM (Feature vector size 200)
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2. Auto Covariance of Normalized PSSM (Feature vector size 200)

Using auto covariance feature extraction method we have extracted 6
features from Spider SPD3 matrix:

1. Auto Covariance of Spider (Feature vector size 80)

2. Auto Covariance of Spider with Torsion Angles (Feature vector size
120)

3. Auto Covariance of ASA (Feature vector size 10)

4. Auto Covariance of Angles (Feature vector size 40)

5. Auto Covariance of Angles with Torsion Angles (Feature vector size
80)

6. Auto Covariance of P(C), P(E), P(H) (Feature vector size 30)

3.4.7 PSSM-AAO Feature

PSSM-AAO is amino acid occurrence based on PSSM. This feature group is
directly extracted from PSSM matrix. It aims at capturing global discrim-
inatory information regarding the substitution probabilities of the amino
acids with respect to their positions in the protein sequence. This feature
is extracted by summation of the substitution score of a given amino acid
with all the amino acids along the protein sequence. The equation for this
feature is given below:

PSSM −AAOj =

L∑
i=1

Ni,j (j = 1, ..., 20)

Here N is the corresponding matrix, L is the protein length and j is the re-
spective column. The dimensionality of this feature vector is 20. Algorithm
for extracting composition feature is shown at Algorithm 7.

The main advantage of using the occurrence feature group over using the
composition feature group (in both Occurrence and PSSM-AAO feature
groups) is that it captures information regarding the length of the proteins
whereas this information is disregarded in the composition feature
group [75]. To extract the occurrence features, we have calculated the
summation of the total substitution score for a given amino acids while in
composition based features, we have divided this number with the length
of the corresponding protein sequence. In fact, in composition method, we
have normalized the occurrence of the amino acids, for a given protein,
based on its length. In PSSM-AAO we do not do this normalization which
maintain the general total occurrence of the amino acids based on their
substitution scores. Since we do not normalize by dividing it by length, it
becomes implicitly a part of that feature [75], [24], [67].
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Algorithm 7: PSSM-AAO Feature Extraction

1 N ← PSSM Matrix;
2 L← Length of the Protein;
3 C ← Number of matrix column;
4 V ← Empty array of size C;

5 for j = 0; j < C; j = j + 1 do
6 sum← 0;
7 for i = 0; i < L; i = i+ 1 do
8 sum = sum+Ni,j ;

9 Vj = sum;

3.4.8 PSSM-SD Feature

This method is specifically proposed to add more local discriminatory infor-
mation about how the amino acids, based on their substitution probabilities
(extracted from PSSM), are distributed along the protein sequence [25]. We
propose this segmentation method in the manner where segments of a pro-
tein sequence are of unequal lengths and each segment is represented by a
distribution feature which is computed as follows. First, for the jth column
in PSSM, we calculate the total substitution probability Tj =

∑L
i=1 Pij.

Then, starting from the first row of PSSM, we calculate the partial sum
S1 of the substitution probabilities of the first i amino acids until reaching

Fp% of the total sum S1 =
∑I1j

i=1 Pij. Using the distribution factor Fp%,
we calculate the I1j , where I1j corresponds to the number of the amino acids
such that the summation of their substitution probabilities is less than or
equal to the Fp% of Tj . Similarly, we continue to calculate the partial sum
of the first i amino acids (starting from the first row of PSSM) until reach-

ing n × Fp% = 50% of the total sum (Sn =
∑Inj

i=1 Pij) and calculate the
Inj corresponding to the number of amino acids such that the summation of
their substitution probabilities is less than or equal to 50% of Tj . Therefore,
starting from the first row of PSSM, we extract n features ()I1j , I

2
j , ..., I

n
j )

corresponding to the number of segments until reaching 50% of Tj .

We repeat the same process beginning from the last row of PSSM for the
jth column. We calculate the partial sum of the substitution probabilities
of the first i amino acids until reaching n× Fp% = 50% of the total sum

which is Sn+1 =
∑In+1

j

i=1 Pij until reaching S2n =
∑I2j n

i=1 Pij, respectively and
calculate In+1

j until reaching I2j n.In+1
j and I2j n correspond to the number

of amino acids such that the summation of their substitution probabilities
are less than or equal to Fp% and n× Fp% = 50% of Tj , respectively
(starting from the last row of PSSM). Therefore, starting from the last row
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of the PSSM, we extract n features (In+1
j , In+2

j , ..., I2nj ) corresponding to
the number of segments until reaching 50% of Tj . In this manner we
extract 2n segmented distribution features for each column in PSSM. The
method used to calculat ePSSM-SD feature group from the jth column of
PSSM is shown in Fig. 3.2. We repeat the same process for all 20 columns
corresponding to 20 amino acids in PSSM.

Figure 3.2: The segmentation method used to extract PSSM-SD
feature group from the jth column of PSSM

In this study, we adopt three values for Fp (5, 10, and 25)to investigate the
effectiveness of the number of segments on the achieved results and find
the suitable number of segments to explore local discriminatory
information embedded in PSSM. We have used other choices for Fp but
these three remains the best representatives of all the choices. To maintain
the generality and simplicity of the segmentation method, we avoid a very
specific segmentation method as it might not be applicable for all cases.
For PSSM-SD feature group, using Fp = 5, we divide the protein sequence
into 20 segments (n = 10from each side) and extract 400 features in total
in this feature group (20× 20 = 400). Similarly, using Fp = 10 (n = 5 from
each side) we divide the protein sequence into 10 segments and extract 200
features in total (10× 20 = 200) and by using Fp = 25 (n = 2 from each
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side), we extract 80 features in total (4× 20 = 80). General formula for
feature vector size of PSSM-SD is
(100÷ Fp)× (Number of columns in the matrix).

However, in literature [22] has proven that Fp = 25 gives the best result
and we also investigate the same result, so in our final experiment we have
adopt Fp = 25 which gives 80 ((100÷ 25)× 20 = 80) as feature vector size.
Thus in this report we have only mentioned the feature vector size of
PSSM-SD as 80. Algorithm for extracting PSSM-SD feature is shown at
Algorithm 8.

Algorithm 8: PSSM-SD Feature Extraction

1 N ← PSSM Matrix;
2 L← Length of the Protein;
3 C ← Number of matrix column;
4 Fp ← Desired value of Fp, e.g 5, 10, 25;
5 V ← Empty array of size (100÷ Fp)× C;
6 k ← 0 ;

7 for j = 0; j < C; j = j + 1 do

8 Tj ← Sum of jth column;
9 partialSum← 0;

10 i← 0;

11 for tp = Fp; tp <= 50; tp = tp+ Fp do
12 while partialSum <= tp× (Tj ÷ 100) do
13 partialSum = partialSum+Ni,j ;
14 i = i+ 1;

15 Vk = i;
16 k = k + 1;

17 partialSum← 0;
18 i← L;
19 index← 0;

20 for tp = Fp; tp <= 50; tp = tp+ Fp do
21 while partialSum <= tp× (Tj ÷ 100) do
22 partialSum = partialSum+Ni,j ;
23 i = i− 1;
24 index = index+ 1;

25 Vk = index;
26 k = k + 1;

36



3.4.9 PSSM-SAC Feature

This feature was introduced in the literature [22]. It was shown that infor-
mation about the interaction of neighboring aminoacids along the protein
sequence can play an important role in providing significant local discrim-
inatory information and enhancing protein subcellular localization predic-
tion accuracy [11], [67]. To extract this information, the concept of auto
covariance has been widely used in the literature in different ways (e.g.bi-
gram( [67]), tri-gram ( [64]), auto correlation ( [27], [24])). Among all these
methods, pseudo amino acids composition has attained the best results to
extract local information ( [20], [82], [35]). In the present study, we extend
the concept of segmented distribution features as described in the previ-
ous subsection to compute the auto covariance features from the segmented
protein sequence. This is done to enforce local discriminatory information
extracted from PSSM.

To extract this feature group, we calculate the auto covariance of the substi-
tution probabilities of the amino acids using Kp as the distance factor in the
following manner. Starting from the first row of PSSM, for the jth column
of PSSM, we calculate Kp auto covariance features for the first I1j . Similarly,
we calculate auto covariance until reaching the first Inj amino acids. Then
starting from the last row of PSSM for the jth column of PSSM, We repeat
the same process for In+1

j and until reaching I2j n (I1j to Inj and In+1
j until

reaching to I2j n are calculated in the way that is explained in the previ-
ous subsection). This process is repeated for all 20 columns of PSSM and
corresponding features are calculated as follows:

PSSM − segq,m,j =
1

Iqj −m

Iqj−m∑
i=1

(Pi,j − Pave,j)(P(i+m),j − Pave,j),

(q = 1, ..., 2n & m = 1, ..., kp & j = 1, ..., 20)

Thus, we have extracted a total of (nKp + nKp + Kp) = (2n + 1)Kp) auto
covariance features in this manner (for the jth column of the PSSM). For
all 20 columns of the PSSM, segmented auto covariance of the substitution
probabilities of the amino acids are extracted and combined to build the cor-
responding feature group which will be referred to as PSSM-SAC (PSSM-seg
+ PSSM-AC which consists of 20× (2n+ 1)×Kp features in total).

In the literature [22] the authors have tried different values for Kp start-
ing from 1 to 10 (1,2,3,.......,8,9,10). They have reported that Kp = 10 gives
the best result for PSSM-SAC. So in our experiment we have used 10 as a
value for Kp. Thus our feature vector size for PSSM-SAC is 100. General
formula for feature vector size for PSSM-SAC is Kp × 20× 5.
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3.4.10 Dubchak Feature

Dubchak feature is based on Physicochemical attributes. Physicochemical
attributes refer to properties of the individual amino acids e.g. hydropho-
bicity or polarity. Dubchak et al. [33] proposed a set of features based on
physicochemical properties of amino acids. The properties they chose were
hydrophobicity, normalised van der Waals volume, polarity, polarizability
and normalized frequency of alpha helix. The physicochemical attributes
used in Dubchak method are shown in table 3.3. They used three descrip-
tors: composition, transition and distribution. As an example, consider just
the hydrophobicity attribute. These are split into polar, neutral, and hy-
drophobic. The composition descriptor records the percent compositions of
the polar, neutral, and hydrophobic residues in the protein (3 numbers).
The transition descriptor also consists of 3 numbers, the percent frequency
of a polar→ neutral or neutral→ polar transition, the percent frequency of
a polar → hydrophobic or hydrophobic → polar transition, or the percent
frequency of a neutral→ hydrophobic or hydrophobic→ neutral transition.
The distribution descriptor consists of 5 numbers for each of the 3 groups:
the fraction of the entire sequence where the first residue of a given group
is located, and where 25%, 50% 75% and 100% of those are contained. The
total feature vector consists of 3 composition, 3 transition, and 15 distribu-
tion features (21 total) per physicochemical attribute. For 5 attributes this
gives 105 features in total.

The features described above have been widely used for protein fold recog-
nition [8], [46], [30], [26], [46], [45], [25], [9], [78]. Other physicochemical
attributes explored include solvent accessibility [94], flexibilty [62], bulki-
ness [42], first and second order entropy [95], and size of the amino acid side
chain [20]. Considering the number of possible physicochemical attributes,
methods have also been proposed that systematically identify the attributes
that work best for protein fold recognition [68].

Table 3.3: The physicochemical attributes used in Dubchak

Property Group 1 Group 2 Group 3

Hydrophobicity Polar
R,K,E,D,Q,N

Neutral
G,A,S,T,P,H,Y

Hydrophobic
C,V,L,I,M,F,W

Normalised van der
Waals volume

0 - 2.78
G,A,S,C,T,P,D

2.95 - 4.0
N,V,E,Q,I,L

4.43 - 8.08
M,H,K,F,R,Y,M

Polarity 4.9 - 6.2
L,I,F,W,C,M,V,Y

8.0 - 9.2
P,A,T,G,S

10.4 - 13.0
H,Q,R,K,N,E,D

Polarizability 0 - 0.108
G,A,S,T,D

0.128 - 0.186
C,P,N,V,E,Q,A,L

0.219 - 0.409
K,M,H,F,R,Y,W

Continued on next page
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Table 3.3 – continued from previous page

Property Group 1 Group 2 Group 3

Normalized frequency
of alpha helix

0.57 - 0.83
G,P,N,Y,C,S,T

0.98 - 1.08
R,H,D,V,W,I

1.11 - 1.51
Q,F,K,L,A,M,E

Table 3.4: Feature Extraction Methods and Feature Vector Size

No. Feature Extraction Method Feature
Vector Size

1 Occurrence of Protein Sequence 20

2 Occurrence of SS sequence 3

3 Occurrence of Consensus Sequence 20

4 PSSM-AAO 20

5 PSSM-SD 80

6 PSSM-SAC 100

7 Dubchak of Protein Sequence 105

8 Dubchak of Consensus Sequence 105

9 Composition of PSSM 20

10 Composition of Normalized PSSM 20

11 Composition of Spider 8

12 Composition of Spider With Torsion Angles 12

13 Composition of ASA 1

14 Composition of Angles 4

15 Composition of Angles With Torsion Angles 8

16 Composition of P(C) P(E) P(H) 3

17 Bi-Gram of PSSM 400

18 Bi-Gram of Normalized PSSM 400

19 Bi-Gram of Spider 64

20 Bi-Gram of Spider With Torsion Angles 144

21 Bi-Gram of ASA 1

22 Bi-Gram of Angles 16

23 Bi-Gram of Angles With Torsion Angles 64

24 Bi-Gram of P(C), P(E), P(H) 9

25 One-Lead Bi-Gram of PSSM 400

26 One-Lead Bi-Gram of Normalized PSSM 400

27 One-Lead Bi-Gram of Spider 64

28 One-Lead Bi-Gram of Spider With Torsion Angles 144

29 One-Lead Bi-Gram of ASA 1

30 One-Lead Bi-Gram of Angles 16

Continued on next page
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Table 3.4 – continued from previous page

No. Feature Extraction Method Feature
Vector Size

31 One-Lead Bi-Gram of Angles With Torsion Angles 64

32 One-Lead Bi-Gram of P(C), P(E), P(H) 9

33 Tri-Gram of Spider 512

34 Tri-Gram of Spider With Torsion Angles 1728

35 Tri-Gram of ASA 1

36 Tri-Gram of Angles 64

37 Tri-Gram of Angles With Torsion Angles 512

38 Tri-Gram of P(C), P(E), P(H) 27

39 Auto Covariance of PSSM 200

40 Auto Covariance of Normalized PSSM 200

41 Auto Covariance of Spider 80

42 Auto Covariance of Spider With Torsion Angles 120

43 Auto Covariance of ASA 10

44 Auto Covariance of Angles 40

45 Auto Covariance of Angles With Torsion Angles 80

46 Auto Covariance of P(C), P(E), P(H) 30
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Chapter 4

Experimentation, Result and
Discussion

4.1 Feature Extraction

In our research first step is to extract desired features from desired data sets.
In Chapter 3 a brief description has been given about dataset, manipula-
tion of dataset and feature extraction methods. We have used two dataset
named as Gram-Positive Bacteria Protein dataset and Gram-Negative Bac-
teria Protein dataset. We have implemented total 10 types (Occurrence,
Composition, Bi-Gram, Obe-Lead Bi-Gram, Tri-Gram, Auto Covariance,
PSSM-AAO, PSSM-SD, PSSM-SAC, Dubchak) of feature extraction meth-
ods from where we have extracted total 46 features per data set.

Note, in this research we have extracted 46 features for only Gram-positive
dataset, not for Gram-negative dataset. We have run experiment using this
46 features and found that 6 features gives us our desired result. Then we
have extracted those 6 features from Gram-negative dataset and reported
our result.

4.2 Choosing Classifier and Parameter Tunning

For choosing appropriate classifiers firstly we have extracted those features
which have been reported in these literature [22], [69]. These two literature
have reported that they have used Support Vector Machine (SVM) with RBF
kernel and used 3000 as a value for cost parameter (C), 0.005 as a value for
gamma (γ). We have tried other classifier such as Naive Bayes, Nearest
Neighbor, Decision Tree and Random Forest, but these classifiers did not
gave the promising result. We have also tried a little to change SVM kernal
and tune parameters (C & γ). But we did not get the promising result.
So for our experimental purpose we have chosen Support Vector Machine
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(SVM) as our classifier and values for γ and C are 0.005 and 3000. Using this
classifier and parameters we have run our experiment to get final features
set among 46 features. After getting the final features set we have tried to
tune SVM parameters, but these did not give us the good result. So in this
paper our reported classifier is Support Vector Machine (SVM), kernal is
RBF, value of C is 3000 and value of γ is 0.005.

4.3 Choosing Validation Method

For our experiment we have adopted two types of validation method, one
is 10-fold cross validation and another one is jackknife test also named as
leave-one-out cross validation.

10-Fold Cross Validation: In 10-fold cross-validation, the original sample
is randomly partitioned into 10 equal sized subsamples. Of the 10 subsam-
ples, a single subsample is retained as the validation data for testing the
model, and the remaining 9 subsamples are used as training data. The
cross-validation process is then repeated 10 times, with each of the 10 sub-
samples used exactly once as the validation data. The 10 results from the
folds can then be averaged to produce a single estimation. The advantage
of this method is all observations are used for both training and validation,
and each observation is used for validation exactly once.

Jackknife Test: this is also known as leave one out cross validation method.
In this method, the original sample is randomly partitioned into n equal sized
subsamples where n is the total samples in the dataset. Of the n subsamples,
a single subsample (means exactly one sample from the sample dataset) is
retained as the validation data for testing the model, and the remaining n-1
subsamples are used as training data. The cross-validation process is then
repeated n times, with each of the n subsamples used exactly once as the
validation data. The n results from the folds can then be averaged to pro-
duce a single estimation. The advantage of this method is all observations
are used for both training and validation, and each observation is used for
validation exactly once. The main disadvantage of jackknife test is it takes
more time to complete a full training and testing process.

For our primary experiment we have performed 10-fold cross validation and
for our final experiment we have performed jackknife test. Our main target
for this experiment is to find out the novel features among our selected 46
features that gives the best result. As there are lots of combination (about
246 − 1 combinations, though we have not performed all this combinations,
but we have performed a lots of combinations by adopting some mechanism
which will be discussed in later section which reduces the combination size)
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for feature and 10-fold cross validation takes less time and is a remarkable
validation method, therefor we have performed 10-fold cross validation for
selecting best features. After selecting best features we have performed jack-
knife test as it has been widely used in the literature for this task and has
been shown to be the most consistent and reliable method. In this thesis
paper all our reported result is using jackknife test.

4.4 Choosing The Final Features Set

The main aim of this research is to extract novel features for gram-positive
and gram-negative benchmark. In earlier sections we have discussed in de-
tails how we have extracted features, how many features are there, how
many methods are there for extracting features. In this section we are going
to describe how we have got our final 6 features.

There are total 46 feature set in our hand and we want to know which
features combination gives us good result. So we have to run about 246 − 1
combinations which is totally impossible to run and it needs lots of time.
So we have skipped all this features together and took about 10 features
at a time. This gives about 1023 combinations. There are total 8 (4 + 4
= 8) features in the literature [22], [69]. For our first run or cycle we have
took these 8 features plus another 2 features in total 10 features from our
features set. We have run these combinations and got a good combination
from these which gives the highest result. For second iteration we took the
highest prediction resulted combination and add some other features from
the rest of the features that has not been taken yet, so that total features
become 10 (every time a good combination features number is less than 10,
so we add extra features from the features set that has not been taken yet to
make total features 10 for the next iteration). We repeat this process as long
as there is no feature in the features set that has not been taken yet. Thus
we have complete our first cycle. After 1 cycle means taking all 46 features
in iteration, we have got a good combination features which gives the best
result. Again we took the best combination features from first cycle and add
some other features to make total feature 10 and run our experiment. Thus
we have performed second cycle. We take the highest resulted features from
second cycle which is our final features set. We have got total 6 features
with total feature vector size 235 which gives us best result (note that, we
have only run these two cycles upon gram-positive bacteria protein dataset,
not for gram-negative bacteria protein dataset. We have only extracted final
6 features from gram-negative benchmark), they are:

1. PSSM-AAO (feature vector size 20)

2. PSSM-SD (feature vector size 80)
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Table 4.1: Comparing of single label classification result of gram-
positive & gram-negative bacteria protein dataset

Gram-positive benchmark accuracy Gram-negative benchmark accuracy

Overall Average Overall Average

K-Fold
test

Jackknife
test

Jackknife
test

K-Fold
test

Jackknife
test

Jackknife
test

Huang and Yuan [41] 83.7 - - - - -

Pacharawongsakda [63] - - - 73.2 - -

Dehzangi [28] 83.6 - - 76.6 - -

Dehzangi [22] 87.7 88.2 - 79.6 80 -

Ronesh [69] 84.3 85 89.8 85 86 95.1

This Paper - 91.01 95.4 - 81.66 95.1

3. PSSM-SAC (feature vector size 100)

4. Composition of Angles (feature vector size 4)

5. Auto Covariance of P(C) P(E) P(H) (feature vector size 30)

6. One-Lead Bi-gram of ASA (feature vector size 1)

4.5 Single Label Classification

In this paper we have first calculated the single label classification result.
For single label classification we have calculated two types of accuracy, one
is overall accuracy and another one is average accuracy. To calculate overall
accuracy we have used sensitivity which will be discussed in later section
and to calculate average accuracy we have used average accuracy. Average
accuracy is computed as follows:

Average Accuracy =
1

n

n∑
j=1

accuracyj

here n is the number of class in the dataset. In later section we will discuss
how we have calculated accuracy. A comparison of single label classifi-
cation result for both benchmark (gram-positive & gram-negative) among
recently published result and our result is shown in the table 4.1. This ta-
ble shows that for gram-positive benchmark our result is best result among
other paper, for gram-negative benchmark our result is a little lower than
other result.

4.6 Multi Label Classification

Since the two benchmark datasets used in this thesis contains multi labeled
proteins, so besides single label classification we have also performed multi
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Table 4.2: Comparing of multi label classification result of gram-
positive & gram-negative bacteria protein dataset

Gram-positive benchmark Gram-negative benchmark

Locative
Accuracy

Absolute
Accuracy

Locative
Accuracy

Absolute
Accuracy

Ronesh [69] 84.8 85.16 86.3 86

This Paper 91.71 90.94 83.84 81.25

label classification. For calculating multi-label classification result, we have
used overall locative accuracy and overall absolute accuracy. The overall
locative accuracy and overall absolute accuracy are defined as follows:

Locative Accuracy =
1

Ndif

Ndif∑
i=1

Zi

Absolute Accuracy =
1

Ndif

Ndif∑
i=1

Ci

here Ndif is the number of different proteins, Zi = 1 if at least one sub-
cellular locations of the i−th protein are correctly predicted and 0 otherwise,
Ci = 1 if all the sub-cellular locations of query protein are exactly predicted
and 0 otherwise. Therefore the overall absolute accuracy is striker than
overall locative accuracy. A comparison of multi label classification result for
both benchmark (gram-positive & gram-negative) among recently published
result and our result is shown in the table 4.2.

4.7 Sensitivity, Specificity, MCC and Accuracy

To provide more information about the statistical significance of our achieved
results, we have also performed Sensitivity, Specificity, Matthew’s Correla-
tion Coefficient (MCC) and accuracy. Sensitivity, specificity, MCC and ac-
curacy are statistical measures of the performance of a binary classification
test, also known in statistics as classification function. Sensitivity (also
called the true positive rate, the recall, or probability of detection in some
fields) measures the proportion of positives that are correctly identified.
Specificity (also called the true negative rate) measures the proportion of
negatives that are correctly identified. The value of sensitivity and speci-
ficity varies between 0 and 1. Having specificity, and sensitivity equal to 1
represents a fully accurate model while 0 represents a fully inaccurate. On
the other hand, MCC measures the prediction quality of the model. MCC
takes into account true and false positives and negatives and is generally
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regarded as a balanced measure which can be used even if the classes are of
very different sizes. The MCC is in essence a correlation coefficient between
the observed and predicted binary classifications; it returns a value between
1 and +1. A coefficient of +1 represents a perfect prediction, 0 no better
than random prediction and 1 indicates total disagreement between predic-
tion and observation. The accuracy refers to the total correctly classified
instances over the number of samples present in the dataset. The value of
accuracy varies between 0 and 1. The equation for calculating sensitivity,
specificity, MCC and accuracy are given below:

Sensitivity =
TP

TP + FN
× 100

Specificity =
TN

TN + FP
× 100

MCC =
(TN × TP )− (TN × FP )√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
× 100

Accuracy =
TP + TN

TP + FN + FP + TN
× 100

where TP is the number of correctly identified (true positive) samples, FN
is the number of incorrectly rejected samples (false negative), TN is the
number of correctly rejected (true negative) samples, and FP is the number
of incorrectly accepted samples (false positive).

In earlier section we have told that we have got final 6 features. The to-
tal combination of these 6 features is 63. In below tables we have shown
sensitivity, specificity and MCC for these 63 combinations. Sensitivity for
gram-positive bacteria protein dataset is shown in table 4.3. Sensitivity for
gram-negative bacteria protein dataset is shown in table 4.6. Specificity
for gram-positive bacteria protein dataset is shown in table 4.4. Specificity
for gram-negative bacteria protein dataset is shown in table 4.7. MCC for
gram-positive bacteria protein dataset is shown in table 4.5. MCC for gram-
negative bacteria protein dataset is shown in table 4.8.

Table 4.3: Sensitivity For Gram-Positive Bacteria Protein Dataset

No. Feature Combinations Class1 Class2 Class3 Class4

1 One-Lead Bi-gram of ASA 0.402 0.000 0.832 0.000

2 PSSM-SAC 0.632 0.167 0.933 0.618

3 PSSM-SD 0.529 0.111 0.933 0.894

4 PSSM-AAO 0.580 0.167 0.913 0.821

5 Auto Covariance of P(C) P(E) P(H) 0.586 0.000 0.793 0.553

6 Composition of Angles 0.534 0.000 0.841 0.285

7 Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.586 0.000 0.793 0.553

Continued on next page
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Table 4.3 – continued from previous page

No. Feature Combinations Class1 Class2 Class3 Class4

8 PSSM-AAO, One-Lead Bi-gram of ASA 0.638 0.167 0.904 0.764

9 PSSM-AAO, PSSM-SAC 0.678 0.111 0.913 0.854

10 PSSM-AAO, PSSM-SD 0.805 0.333 0.928 0.919

11 PSSM-AAO, Auto Covariance of P(C) P(E) P(H) 0.655 0.222 0.938 0.748

12 PSSM-AAO, Composition of Angles 0.603 0.167 0.947 0.724

13 PSSM-SD, One-Lead Bi-gram of ASA 0.684 0.111 0.889 0.862

14 PSSM-SD, PSSM-SAC 0.753 0.222 0.928 0.935

15 PSSM-SD, Auto Covariance of P(C) P(E) P(H) 0.672 0.167 0.885 0.789

16 PSSM-SD, Composition of Angles 0.586 0.222 0.918 0.837

17 PSSM-SAC, One-Lead Bi-gram of ASA 0.678 0.167 0.889 0.699

18 PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.661 0.111 0.909 0.756

19 PSSM-SAC, Composition of Angles 0.632 0.167 0.942 0.724

20 One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.615 0.000 0.755 0.553

21 One-Lead Bi-gram of ASA, Composition of Angles 0.638 0.000 0.755 0.333

22 One-Lead Bi-gram of ASA, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.638 0.000 0.784 0.545

23 PSSM-SAC, Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.713 0.167 0.913 0.740

24 PSSM-SAC, One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.690 0.167 0.923 0.780

25 PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles 0.678 0.111 0.918 0.691

26 PSSM-SD, Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.672 0.222 0.894 0.813

27 PSSM-SD, PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.799 0.222 0.923 0.870

28 PSSM-SD, PSSM-SAC, Composition of Angles 0.805 0.222 0.933 0.911

29 PSSM-SD, One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.701 0.222 0.870 0.797

30 PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles 0.695 0.222 0.894 0.837

31 PSSM-AAO, Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.644 0.222 0.923 0.772

32 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA 0.810 0.222 0.899 0.902

33 PSSM-AAO, PSSM-SD, Auto Covariance of P(C) P(E) P(H) 0.782 0.278 0.933 0.902

34 PSSM-AAO, PSSM-SD, Composition of Angles 0.799 0.333 0.947 0.919

35 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA 0.678 0.111 0.904 0.789

36 PSSM-AAO, PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.707 0.111 0.928 0.772

37 PSSM-AAO, PSSM-SAC, Composition of Angles 0.690 0.111 0.928 0.789

38 PSSM-AAO, One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.672 0.222 0.928 0.780

39 PSSM-AAO, One-Lead Bi-gram of ASA, Composition of Angles 0.661 0.167 0.938 0.715

40 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA 0.833 0.389 0.928 0.927

41 PSSM-AAO, PSSM-SD, PSSM-SAC 0.833 0.556 0.909 0.927

42 PSSM-AAO, PSSM-SD, PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.851 0.500 0.952 0.943

43 PSSM-AAO, PSSM-SD, PSSM-SAC, Composition of Angles 0.833 0.556 0.942 0.935

44 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA, Auto Covariance of P(C)
P(E) P(H)

0.816 0.278 0.947 0.878

45 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles 0.828 0.278 0.933 0.919

46 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA 0.856 0.556 0.928 0.927

47 PSSM-AAO, One-Lead Bi-gram of ASA, Composition of Angles, Auto Co-
variance of P(C) P(E) P(H)

0.661 0.167 0.918 0.772

48 PSSM-AAO, PSSM-SAC, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.730 0.111 0.933 0.772

49 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA, Auto Covariance of
P(C) P(E) P(H)

0.701 0.111 0.928 0.772

50 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles 0.701 0.111 0.923 0.780

Continued on next page
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Table 4.3 – continued from previous page

No. Feature Combinations Class1 Class2 Class3 Class4

51 PSSM-AAO, PSSM-SD, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.787 0.278 0.938 0.894

52 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Auto Covariance of P(C)
P(E) P(H)

0.833 0.333 0.928 0.886

53 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles 0.793 0.278 0.938 0.902

54 PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles, Auto Covari-
ance of P(C) P(E) P(H)

0.724 0.222 0.875 0.821

55 PSSM-SD, PSSM-SAC, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.793 0.278 0.913 0.894

56 PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles, Auto Co-
variance of P(C) P(E) P(H)

0.713 0.167 0.913 0.748

57 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles,
Auto Covariance of P(C) P(E) P(H)

0.856 0.389 0.918 0.894

58 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles,
Auto Covariance of P(C) P(E) P(H)

0.718 0.111 0.933 0.764

59 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Auto Co-
variance of P(C) P(E) P(H)

0.891 0.500 0.957 0.943

60 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composi-
tion of Angles

0.862 0.500 0.933 0.927

61 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles,
Auto Covariance of P(C) P(E) P(H)

0.822 0.278 0.933 0.878

62 PSSM-AAO, PSSM-SD, PSSM-SAC, Composition of Angles, Auto Covari-
ance of P(C) P(E) P(H)

0.868 0.500 0.942 0.919

63 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composi-
tion of Angles, Auto Covariance of P(C) P(E) P(H)

0.897 0.500 0.957 0.935

Table 4.4: Specificity For Gram-Positive Bacteria Protein Dataset

No. Feature Combinations Class1 Class2 Class3 Class4

1 One-Lead Bi-gram of ASA 0.751 1.000 0.389 1.000

2 PSSM-SAC 0.936 0.992 0.749 0.899

3 PSSM-SD 0.991 0.996 0.707 0.919

4 PSSM-AAO 0.954 0.996 0.836 0.854

5 Auto Covariance of P(C) P(E) P(H) 0.893 1.000 0.707 0.846

6 Composition of Angles 0.907 1.000 0.502 0.909

7 Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.872 0.998 0.720 0.851

8 PSSM-AAO, One-Lead Bi-gram of ASA 0.922 0.994 0.849 0.859

9 PSSM-AAO, PSSM-SAC 0.945 0.992 0.878 0.856

10 PSSM-AAO, PSSM-SD 0.971 0.998 0.887 0.914

11 PSSM-AAO, Auto Covariance of P(C) P(E) P(H) 0.942 0.994 0.846 0.876

12 PSSM-AAO, Composition of Angles 0.936 0.994 0.810 0.876

13 PSSM-SD, One-Lead Bi-gram of ASA 0.965 0.994 0.804 0.919

14 PSSM-SD, PSSM-SAC 0.971 0.994 0.871 0.922

15 PSSM-SD, Auto Covariance of P(C) P(E) P(H) 0.933 0.996 0.781 0.907

16 PSSM-SD, Composition of Angles 0.965 0.994 0.746 0.929

17 PSSM-SAC, One-Lead Bi-gram of ASA 0.887 0.992 0.846 0.869

18 PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.922 0.994 0.830 0.879

19 PSSM-SAC, Composition of Angles 0.907 0.994 0.810 0.884

Continued on next page

48



Table 4.4 – continued from previous page

No. Feature Combinations Class1 Class2 Class3 Class4

20 One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.875 1.000 0.714 0.861

21 One-Lead Bi-gram of ASA, Composition of Angles 0.823 1.000 0.621 0.902

22 One-Lead Bi-gram of ASA, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.864 0.998 0.743 0.861

23 PSSM-SAC, Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.919 0.990 0.830 0.881

24 PSSM-SAC, One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.919 0.994 0.855 0.884

25 PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles 0.904 0.994 0.846 0.881

26 PSSM-SD, Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.936 0.994 0.791 0.912

27 PSSM-SD, PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.942 0.986 0.875 0.944

28 PSSM-SD, PSSM-SAC, Composition of Angles 0.959 0.992 0.894 0.939

29 PSSM-SD, One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.936 0.994 0.810 0.912

30 PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles 0.939 0.994 0.801 0.934

31 PSSM-AAO, Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.930 0.994 0.833 0.876

32 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA 0.933 0.988 0.900 0.929

33 PSSM-AAO, PSSM-SD, Auto Covariance of P(C) P(E) P(H) 0.959 0.994 0.871 0.939

34 PSSM-AAO, PSSM-SD, Composition of Angles 0.974 0.998 0.875 0.932

35 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA 0.916 0.992 0.881 0.864

36 PSSM-AAO, PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.933 0.988 0.871 0.886

37 PSSM-AAO, PSSM-SAC, Composition of Angles 0.928 0.992 0.878 0.879

38 PSSM-AAO, One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.925 0.992 0.842 0.884

39 PSSM-AAO, One-Lead Bi-gram of ASA, Composition of Angles 0.928 0.992 0.839 0.889

40 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA 0.962 0.998 0.894 0.922

41 PSSM-AAO, PSSM-SD, PSSM-SAC 0.968 0.992 0.878 0.952

42 PSSM-AAO, PSSM-SD, PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.974 0.986 0.900 0.967

43 PSSM-AAO, PSSM-SD, PSSM-SAC, Composition of Angles 0.977 0.994 0.891 0.970

44 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA, Auto Covariance of P(C)
P(E) P(H)

0.968 0.990 0.894 0.934

45 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles 0.962 0.998 0.897 0.932

46 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA 0.971 0.994 0.900 0.955

47 PSSM-AAO, One-Lead Bi-gram of ASA, Composition of Angles, Auto Co-
variance of P(C) P(E) P(H)

0.925 0.992 0.849 0.884

48 PSSM-AAO, PSSM-SAC, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.930 0.984 0.871 0.874

49 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA, Auto Covariance of
P(C) P(E) P(H)

0.928 0.990 0.881 0.879

50 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles 0.919 0.992 0.881 0.879

51 PSSM-AAO, PSSM-SD, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.971 0.986 0.887 0.934

52 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Auto Covariance of P(C)
P(E) P(H)

0.939 0.990 0.894 0.949

53 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles 0.951 0.992 0.887 0.942

54 PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles, Auto Covari-
ance of P(C) P(E) P(H)

0.930 0.998 0.820 0.922

55 PSSM-SD, PSSM-SAC, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.942 0.986 0.878 0.937

56 PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles, Auto Co-
variance of P(C) P(E) P(H)

0.916 0.992 0.852 0.884

57 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles,
Auto Covariance of P(C) P(E) P(H)

0.951 0.988 0.900 0.949
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Table 4.4 – continued from previous page

No. Feature Combinations Class1 Class2 Class3 Class4

58 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles,
Auto Covariance of P(C) P(E) P(H)

0.919 0.984 0.891 0.874

59 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Auto Co-
variance of P(C) P(E) P(H)

0.968 0.982 0.916 0.970

60 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composi-
tion of Angles

0.971 0.996 0.910 0.957

61 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles,
Auto Covariance of P(C) P(E) P(H)

0.965 0.986 0.897 0.932

62 PSSM-AAO, PSSM-SD, PSSM-SAC, Composition of Angles, Auto Covari-
ance of P(C) P(E) P(H)

0.974 0.986 0.900 0.965

63 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composi-
tion of Angles, Auto Covariance of P(C) P(E) P(H)

0.974 0.988 0.923 0.967

Table 4.5: MCC For Gram-Positive Bacteria Protein Dataset

No. Feature Combinations Class1 Class2 Class3 Class4

1 One-Lead Bi-gram of ASA -0.071 0.000 -0.034 0.000

2 PSSM-SAC 0.513 -0.087 0.410 0.269

3 PSSM-SD 0.619 0.000 0.345 0.556

4 PSSM-AAO 0.526 0.104 0.549 0.275

5 Auto Covariance of P(C) P(E) P(H) 0.356 0.000 0.247 0.047

6 Composition of Angles 0.351 0.000 0.049 -0.009

7 Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.305 -0.231 0.265 0.062

8 PSSM-AAO, One-Lead Bi-gram of ASA 0.475 0.000 0.567 0.249

9 PSSM-AAO, PSSM-SAC 0.576 -0.189 0.633 0.307

10 PSSM-AAO, PSSM-SD 0.756 0.440 0.666 0.554

11 PSSM-AAO, Auto Covariance of P(C) P(E) P(H) 0.549 0.088 0.587 0.293

12 PSSM-AAO, Composition of Angles 0.490 0.000 0.527 0.274

13 PSSM-SD, One-Lead Bi-gram of ASA 0.645 -0.103 0.470 0.532

14 PSSM-SD, PSSM-SAC 0.717 0.088 0.632 0.595

15 PSSM-SD, Auto Covariance of P(C) P(E) P(H) 0.536 0.104 0.427 0.430

16 PSSM-SD, Composition of Angles 0.569 0.088 0.394 0.555

17 PSSM-SAC, One-Lead Bi-gram of ASA 0.414 -0.087 0.549 0.231

18 PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.494 -0.103 0.533 0.307

19 PSSM-SAC, Composition of Angles 0.431 0.000 0.523 0.300

20 One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.335 0.000 0.229 0.091

21 One-Lead Bi-gram of ASA, Composition of Angles 0.237 0.000 0.114 0.017

22 One-Lead Bi-gram of ASA, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.326 -0.231 0.291 0.084

23 PSSM-SAC, Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.526 -0.163 0.537 0.303

24 PSSM-SAC, One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.508 0.000 0.595 0.343

25 PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles 0.459 -0.103 0.572 0.266

26 PSSM-SD, Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.545 0.088 0.451 0.467

27 PSSM-SD, PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.660 -0.209 0.634 0.642

28 PSSM-SD, PSSM-SAC, Composition of Angles 0.718 0.000 0.684 0.650

29 PSSM-SD, One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.567 0.088 0.467 0.455

30 PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles 0.572 0.088 0.468 0.576

31 PSSM-AAO, Composition of Angles, Auto Covariance of P(C) P(E) P(H) 0.505 0.088 0.550 0.311
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Table 4.5 – continued from previous page

No. Feature Combinations Class1 Class2 Class3 Class4

32 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA 0.643 -0.146 0.670 0.602

33 PSSM-AAO, PSSM-SD, Auto Covariance of P(C) P(E) P(H) 0.701 0.164 0.635 0.644

34 PSSM-AAO, PSSM-SD, Composition of Angles 0.761 0.440 0.654 0.624

35 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA 0.491 -0.189 0.632 0.283

36 PSSM-AAO, PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.563 -0.326 0.632 0.345

37 PSSM-AAO, PSSM-SAC, Composition of Angles 0.533 -0.189 0.645 0.332

38 PSSM-AAO, One-Lead Bi-gram of ASA, Auto Covariance of P(C) P(E) P(H) 0.511 0.000 0.573 0.343

39 PSSM-AAO, One-Lead Bi-gram of ASA, Composition of Angles 0.510 -0.087 0.574 0.310

40 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA 0.749 0.494 0.680 0.589

41 PSSM-AAO, PSSM-SD, PSSM-SAC 0.768 0.373 0.630 0.716

42 PSSM-AAO, PSSM-SD, PSSM-SAC, Auto Covariance of P(C) P(E) P(H) 0.800 0.116 0.713 0.797

43 PSSM-AAO, PSSM-SD, PSSM-SAC, Composition of Angles 0.796 0.453 0.684 0.803

44 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA, Auto Covariance of P(C)
P(E) P(H)

0.755 0.000 0.695 0.605

45 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles 0.745 0.380 0.691 0.624

46 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA 0.794 0.453 0.694 0.727

47 PSSM-AAO, One-Lead Bi-gram of ASA, Composition of Angles, Auto Co-
variance of P(C) P(E) P(H)

0.502 -0.087 0.578 0.337

48 PSSM-AAO, PSSM-SAC, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.572 -0.437 0.635 0.303

49 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA, Auto Covariance of
P(C) P(E) P(H)

0.542 -0.262 0.652 0.320

50 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles 0.517 -0.189 0.648 0.326

51 PSSM-AAO, PSSM-SD, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.743 -0.133 0.673 0.617

52 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Auto Covariance of P(C)
P(E) P(H)

0.677 0.070 0.680 0.676

53 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles 0.682 0.077 0.673 0.655

54 PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles, Auto Covari-
ance of P(C) P(E) P(H)

0.568 0.312 0.488 0.512

55 PSSM-SD, PSSM-SAC, Composition of Angles, Auto Covariance of P(C)
P(E) P(H)

0.655 -0.133 0.633 0.628

56 PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles, Auto Co-
variance of P(C) P(E) P(H)

0.518 -0.087 0.581 0.318

57 PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles,
Auto Covariance of P(C) P(E) P(H)

0.730 0.064 0.686 0.682

58 PSSM-AAO, PSSM-SAC, One-Lead Bi-gram of ASA, Composition of Angles,
Auto Covariance of P(C) P(E) P(H)

0.530 -0.437 0.677 0.297

59 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Auto Co-
variance of P(C) P(E) P(H)

0.811 0.000 0.754 0.809

60 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composi-
tion of Angles

0.799 0.492 0.719 0.739

61 PSSM-AAO, PSSM-SD, One-Lead Bi-gram of ASA, Composition of Angles,
Auto Covariance of P(C) P(E) P(H)

0.750 -0.133 0.691 0.595

62 PSSM-AAO, PSSM-SD, PSSM-SAC, Composition of Angles, Auto Covari-
ance of P(C) P(E) P(H)

0.813 0.116 0.706 0.768

63 PSSM-AAO, PSSM-SD, PSSM-SAC, One-Lead Bi-gram of ASA, Composi-
tion of Angles, Auto Covariance of P(C) P(E) P(H)

0.834 0.180 0.769 0.791
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Table 4.6: Sensitivity For Gram-Negative Bacteria Protein Dataset

No. Feature Combinations Class1 Class2 Class3 Class4 Class5 Class6 Class7 Class8

1 Composition of Angles 0.745 0.476 0.878 0.143 0.000 0.000 0.000 0.000

2 PSSM-SAC 0.833 0.435 0.959 0.489 0.031 0.917 0.000 0.572

3 PSSM-SD 0.806 0.226 0.961 0.451 0.000 0.000 0.000 0.461

4 PSSM-AAO 0.840 0.444 0.954 0.571 0.125 0.750 0.000 0.450

5 One-Lead Bi-gram of ASA 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

6 Auto Covariance of P(C) P(E) P(H) 0.829 0.524 0.827 0.444 0.094 0.083 0.000 0.100

7 Auto Covariance of P(C) P(E) P(H), One-
Lead Bi-gram of ASA

0.844 0.524 0.824 0.421 0.156 0.000 0.000 0.100

8 PSSM-AAO, Composition of Angles 0.840 0.516 0.937 0.571 0.750 0.750 0.000 0.506

9 PSSM-AAO, PSSM-SAC 0.837 0.492 0.946 0.586 0.594 0.917 0.000 0.667

10 PSSM-AAO, PSSM-SD 0.882 0.468 0.954 0.586 0.375 0.917 0.000 0.706

11 PSSM-AAO, One-Lead Bi-gram of ASA 0.856 0.468 0.941 0.571 0.344 0.750 0.000 0.550

12 PSSM-AAO, Auto Covariance of P(C)
P(E) P(H)

0.858 0.524 0.920 0.647 0.813 0.750 0.000 0.539

13 PSSM-SD, Composition of Angles 0.813 0.492 0.898 0.534 0.438 0.167 0.000 0.394

14 PSSM-SD, PSSM-SAC 0.838 0.444 0.949 0.586 0.250 0.917 0.000 0.711

15 PSSM-SD, One-Lead Bi-gram of ASA 0.844 0.234 0.927 0.459 0.000 0.000 0.000 0.533

16 PSSM-SD, Auto Covariance of P(C) P(E)
P(H)

0.846 0.492 0.917 0.556 0.688 0.583 0.000 0.439

17 PSSM-SAC, Composition of Angles 0.829 0.476 0.944 0.549 0.531 0.833 0.000 0.522

18 PSSM-SAC, One-Lead Bi-gram of ASA 0.855 0.452 0.944 0.541 0.063 0.917 0.000 0.594

19 PSSM-SAC, Auto Covariance of P(C) P(E)
P(H)

0.858 0.508 0.922 0.632 0.719 0.917 0.000 0.561

20 Composition of Angles, One-Lead Bi-gram
of ASA

0.808 0.500 0.824 0.188 0.000 0.000 0.000 0.000

21 Composition of Angles, Auto Covariance of
P(C) P(E) P(H)

0.837 0.500 0.824 0.436 0.594 0.000 0.000 0.106

22 Composition of Angles, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.844 0.508 0.824 0.406 0.688 0.000 0.000 0.111

23 PSSM-SAC, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.858 0.524 0.934 0.647 0.781 0.917 0.000 0.583

24 PSSM-SAC, Composition of Angles, One-
Lead Bi-gram of ASA

0.853 0.492 0.929 0.579 0.531 0.833 0.000 0.578

25 PSSM-SAC, Composition of Angles, Auto
Covariance of P(C) P(E) P(H)

0.862 0.492 0.934 0.609 0.781 0.917 0.000 0.578

26 PSSM-SD, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.864 0.492 0.915 0.564 0.719 0.583 0.000 0.439

27 PSSM-SD, PSSM-SAC, One-Lead Bi-gram
of ASA

0.864 0.468 0.937 0.586 0.250 0.917 0.000 0.717

28 PSSM-SD, PSSM-SAC, Auto Covariance of
P(C) P(E) P(H)

0.874 0.524 0.924 0.617 0.781 1.000 0.000 0.667

29 PSSM-SD, Composition of Angles, One-
Lead Bi-gram of ASA

0.847 0.508 0.907 0.511 0.406 0.167 0.000 0.433

30 PSSM-SD, Composition of Angles, Auto
Covariance of P(C) P(E) P(H)

0.851 0.484 0.910 0.534 0.813 0.500 0.000 0.483

31 PSSM-AAO, Auto Covariance of P(C)
P(E) P(H), One-Lead Bi-gram of ASA

0.860 0.516 0.922 0.624 0.813 0.750 0.000 0.567
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Table 4.6 – continued from previous page

No. Feature Combinations Class1 Class2 Class3 Class4 Class5 Class6 Class7 Class8

32 PSSM-SD, PSSM-SAC, Composition of
Angles

0.846 0.516 0.941 0.571 0.688 0.917 0.000 0.667

33 PSSM-AAO, PSSM-SD, One-Lead Bi-gram
of ASA

0.903 0.460 0.944 0.602 0.531 0.917 0.000 0.689

34 PSSM-AAO, PSSM-SD, Auto Covariance
of P(C) P(E) P(H)

0.903 0.516 0.937 0.654 0.813 1.000 0.000 0.617

35 PSSM-AAO, PSSM-SAC, Composition of
Angles

0.833 0.548 0.941 0.602 0.781 0.917 0.000 0.611

36 PSSM-AAO, PSSM-SAC, One-Lead Bi-
gram of ASA

0.856 0.500 0.944 0.579 0.656 0.917 0.000 0.650

37 PSSM-AAO, PSSM-SAC, Auto Covariance
of P(C) P(E) P(H)

0.862 0.524 0.934 0.662 0.813 1.000 0.000 0.633

38 PSSM-AAO, Composition of Angles, One-
Lead Bi-gram of ASA

0.856 0.516 0.929 0.541 0.750 0.750 0.000 0.522

39 PSSM-AAO, Composition of Angles, Auto
Covariance of P(C) P(E) P(H)

0.862 0.581 0.922 0.579 0.813 0.750 0.000 0.556

40 PSSM-AAO, PSSM-SD, Composition of
Angles

0.887 0.532 0.941 0.617 0.813 0.917 0.000 0.667

41 PSSM-AAO, PSSM-SD, PSSM-SAC 0.896 0.484 0.946 0.624 0.625 1.000 0.000 0.756

42 PSSM-AAO, PSSM-SD, PSSM-SAC, One-
Lead Bi-gram of ASA

0.916 0.492 0.944 0.602 0.656 1.000 0.000 0.733

43 PSSM-AAO, PSSM-SD, PSSM-SAC, Auto
Covariance of P(C) P(E) P(H)

0.899 0.516 0.939 0.654 0.813 1.000 0.000 0.661

44 PSSM-AAO, PSSM-SD, Composition of
Angles, One-Lead Bi-gram of ASA

0.903 0.540 0.932 0.617 0.781 0.917 0.000 0.633

45 PSSM-AAO, PSSM-SD, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H)

0.905 0.540 0.929 0.639 0.813 1.000 0.000 0.644

46 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles

0.896 0.532 0.944 0.594 0.844 1.000 0.000 0.722

47 PSSM-AAO, Composition of Angles, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.858 0.581 0.920 0.602 0.813 0.750 0.000 0.561

48 PSSM-AAO, PSSM-SAC, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.865 0.540 0.934 0.662 0.813 1.000 0.000 0.628

49 PSSM-AAO, PSSM-SAC, Composition of
Angles, One-Lead Bi-gram of ASA

0.855 0.548 0.937 0.594 0.813 0.917 0.000 0.639

50 PSSM-AAO, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H)

0.862 0.524 0.937 0.662 0.813 1.000 0.000 0.672

51 PSSM-AAO, PSSM-SD, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.905 0.532 0.932 0.669 0.813 1.000 0.000 0.622

52 PSSM-SD, PSSM-SAC, Composition of
Angles, One-Lead Bi-gram of ASA

0.865 0.556 0.937 0.564 0.750 0.917 0.000 0.689

53 PSSM-SD, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H)

0.882 0.516 0.929 0.609 0.813 1.000 0.000 0.694
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54 PSSM-SD, Composition of Angles, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.855 0.492 0.910 0.541 0.813 0.500 0.000 0.506

55 PSSM-SD, PSSM-SAC, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.878 0.532 0.929 0.632 0.781 1.000 0.000 0.639

56 PSSM-SAC, Composition of Angles, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.867 0.500 0.932 0.602 0.781 0.833 0.000 0.561

57 PSSM-SD, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.880 0.516 0.920 0.624 0.781 1.000 0.000 0.656

58 PSSM-AAO, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.858 0.516 0.939 0.654 0.813 1.000 0.000 0.650

59 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles, One-Lead Bi-gram of
ASA

0.903 0.565 0.937 0.609 0.813 1.000 0.000 0.711

60 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles, Auto Covariance of
P(C) P(E) P(H)

0.898 0.540 0.934 0.669 0.813 1.000 0.000 0.694

61 PSSM-AAO, PSSM-SD, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.907 0.540 0.929 0.669 0.813 1.000 0.000 0.622

62 PSSM-AAO, PSSM-SD, PSSM-SAC, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.907 0.532 0.934 0.647 0.813 1.000 0.000 0.689

63 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles, Auto Covariance of
P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.905 0.524 0.937 0.647 0.812 1.000 0.000 0.683

Table 4.7: Specificity For Gram-Negative Bacteria Protein Dataset

No. Feature Combinations Class1 Class2 Class3 Class4 Class5 Class6 Class7 Class8

1 Composition of Angles 0.879 0.968 0.587 0.976 1.000 1.000 1.000 0.999

2 PSSM-SAC 0.939 0.983 0.833 0.971 0.999 0.999 0.999 0.924

3 PSSM-SD 0.945 0.991 0.679 0.964 1.000 1.000 0.998 0.903

4 PSSM-AAO 0.921 0.988 0.823 0.959 0.995 0.996 0.999 0.930

5 One-Lead Bi-gram of ASA 0.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

6 Auto Covariance of P(C) P(E) P(H) 0.855 0.951 0.739 0.943 0.998 1.000 1.000 0.969

7 Auto Covariance of P(C) P(E) P(H), One-
Lead Bi-gram of ASA

0.842 0.955 0.737 0.944 0.998 1.000 1.000 0.963

8 PSSM-AAO, Composition of Angles 0.933 0.975 0.851 0.963 0.983 0.997 0.999 0.949

9 PSSM-AAO, PSSM-SAC 0.957 0.983 0.883 0.959 0.994 0.999 0.999 0.931

10 PSSM-AAO, PSSM-SD 0.959 0.981 0.875 0.959 0.996 0.999 0.999 0.932

11 PSSM-AAO, One-Lead Bi-gram of ASA 0.920 0.984 0.849 0.956 0.992 0.996 0.999 0.935

12 PSSM-AAO, Auto Covariance of P(C)
P(E) P(H)

0.926 0.982 0.882 0.952 0.988 0.997 0.999 0.947

Continued on next page

54



Table 4.7 – continued from previous page

No. Feature Combinations Class1 Class2 Class3 Class4 Class5 Class6 Class7 Class8

13 PSSM-SD, Composition of Angles 0.927 0.973 0.769 0.961 0.993 1.000 0.999 0.942

14 PSSM-SD, PSSM-SAC 0.965 0.979 0.865 0.964 0.999 0.999 0.998 0.913

15 PSSM-SD, One-Lead Bi-gram of ASA 0.915 0.988 0.761 0.964 1.000 1.000 0.998 0.898

16 PSSM-SD, Auto Covariance of P(C) P(E)
P(H)

0.920 0.978 0.838 0.945 0.989 0.999 0.999 0.939

17 PSSM-SAC, Composition of Angles 0.926 0.980 0.850 0.967 0.992 0.999 0.999 0.935

18 PSSM-SAC, One-Lead Bi-gram of ASA 0.909 0.983 0.859 0.968 0.999 0.999 0.999 0.929

19 PSSM-SAC, Auto Covariance of P(C) P(E)
P(H)

0.921 0.981 0.886 0.956 0.989 0.999 0.999 0.946

20 Composition of Angles, One-Lead Bi-gram
of ASA

0.828 0.956 0.670 0.966 1.000 1.000 1.000 0.997

21 Composition of Angles, Auto Covariance of
P(C) P(E) P(H)

0.846 0.970 0.741 0.939 0.989 1.000 1.000 0.956

22 Composition of Angles, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.846 0.976 0.747 0.949 0.989 1.000 1.000 0.955

23 PSSM-SAC, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.921 0.979 0.889 0.955 0.990 0.999 0.999 0.946

24 PSSM-SAC, Composition of Angles, One-
Lead Bi-gram of ASA

0.926 0.977 0.869 0.967 0.993 0.999 0.999 0.933

25 PSSM-SAC, Composition of Angles, Auto
Covariance of P(C) P(E) P(H)

0.922 0.979 0.887 0.958 0.990 0.999 0.999 0.946

26 PSSM-SD, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.920 0.978 0.846 0.947 0.989 0.999 0.999 0.942

27 PSSM-SD, PSSM-SAC, One-Lead Bi-gram
of ASA

0.949 0.979 0.883 0.963 0.996 0.999 0.999 0.922

28 PSSM-SD, PSSM-SAC, Auto Covariance of
P(C) P(E) P(H)

0.946 0.979 0.898 0.956 0.988 0.999 0.999 0.943

29 PSSM-SD, Composition of Angles, One-
Lead Bi-gram of ASA

0.913 0.968 0.799 0.964 0.996 0.999 0.998 0.946

30 PSSM-SD, Composition of Angles, Auto
Covariance of P(C) P(E) P(H)

0.916 0.977 0.833 0.952 0.991 0.999 0.999 0.941

31 PSSM-AAO, Auto Covariance of P(C)
P(E) P(H), One-Lead Bi-gram of ASA

0.934 0.979 0.876 0.955 0.988 0.997 0.999 0.950

32 PSSM-SD, PSSM-SAC, Composition of
Angles

0.958 0.976 0.885 0.961 0.988 0.999 0.999 0.931

33 PSSM-AAO, PSSM-SD, One-Lead Bi-gram
of ASA

0.949 0.982 0.885 0.958 0.993 0.999 0.999 0.943

34 PSSM-AAO, PSSM-SD, Auto Covariance
of P(C) P(E) P(H)

0.951 0.982 0.906 0.952 0.986 0.998 0.999 0.948

35 PSSM-AAO, PSSM-SAC, Composition of
Angles

0.935 0.983 0.885 0.963 0.988 0.999 0.999 0.944

36 PSSM-AAO, PSSM-SAC, One-Lead Bi-
gram of ASA

0.939 0.980 0.894 0.960 0.993 0.999 0.999 0.942

37 PSSM-AAO, PSSM-SAC, Auto Covariance
of P(C) P(E) P(H)

0.937 0.983 0.900 0.957 0.988 0.999 0.999 0.945

38 PSSM-AAO, Composition of Angles, One-
Lead Bi-gram of ASA

0.938 0.972 0.874 0.967 0.986 0.997 0.999 0.948

39 PSSM-AAO, Composition of Angles, Auto
Covariance of P(C) P(E) P(H)

0.927 0.978 0.882 0.952 0.989 0.996 0.999 0.952
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40 PSSM-AAO, PSSM-SD, Composition of
Angles

0.958 0.979 0.884 0.963 0.988 0.999 0.999 0.948

41 PSSM-AAO, PSSM-SD, PSSM-SAC 0.976 0.979 0.902 0.960 0.993 0.999 0.999 0.935

42 PSSM-AAO, PSSM-SD, PSSM-SAC, One-
Lead Bi-gram of ASA

0.963 0.978 0.910 0.959 0.992 0.999 0.999 0.941

43 PSSM-AAO, PSSM-SD, PSSM-SAC, Auto
Covariance of P(C) P(E) P(H)

0.962 0.982 0.914 0.956 0.988 0.999 0.999 0.948

44 PSSM-AAO, PSSM-SD, Composition of
Angles, One-Lead Bi-gram of ASA

0.958 0.974 0.894 0.962 0.990 0.999 0.999 0.950

45 PSSM-AAO, PSSM-SD, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H)

0.950 0.979 0.906 0.953 0.989 0.999 0.999 0.946

46 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles

0.969 0.983 0.901 0.960 0.989 0.999 0.999 0.942

47 PSSM-AAO, Composition of Angles, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.934 0.972 0.887 0.956 0.988 0.997 0.999 0.946

48 PSSM-AAO, PSSM-SAC, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.939 0.977 0.902 0.953 0.988 0.999 0.999 0.946

49 PSSM-AAO, PSSM-SAC, Composition of
Angles, One-Lead Bi-gram of ASA

0.943 0.979 0.893 0.964 0.991 0.999 0.999 0.946

50 PSSM-AAO, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H)

0.937 0.979 0.897 0.958 0.990 0.999 0.999 0.946

51 PSSM-AAO, PSSM-SD, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.949 0.977 0.908 0.951 0.987 0.999 0.999 0.944

52 PSSM-SD, PSSM-SAC, Composition of
Angles, One-Lead Bi-gram of ASA

0.958 0.974 0.889 0.965 0.989 0.999 0.999 0.936

53 PSSM-SD, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H)

0.944 0.973 0.902 0.956 0.990 0.999 0.999 0.941

54 PSSM-SD, Composition of Angles, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.926 0.977 0.843 0.951 0.991 0.999 0.999 0.941

55 PSSM-SD, PSSM-SAC, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.951 0.975 0.900 0.950 0.988 0.999 0.999 0.937

56 PSSM-SAC, Composition of Angles, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.928 0.976 0.891 0.954 0.990 0.999 0.999 0.949

57 PSSM-SD, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.953 0.971 0.908 0.950 0.989 0.999 0.999 0.944

58 PSSM-AAO, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.941 0.979 0.901 0.954 0.988 0.999 0.999 0.941
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59 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles, One-Lead Bi-gram of
ASA

0.963 0.976 0.908 0.959 0.991 0.999 0.999 0.947

60 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles, Auto Covariance of
P(C) P(E) P(H)

0.958 0.976 0.910 0.955 0.990 0.999 0.999 0.943

61 PSSM-AAO, PSSM-SD, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.958 0.977 0.908 0.952 0.988 0.999 0.999 0.947

62 PSSM-AAO, PSSM-SD, PSSM-SAC, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.966 0.978 0.918 0.952 0.988 0.999 0.999 0.950

63 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles, Auto Covariance of
P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.970 0.977 0.911 0.949 0.989 0.999 0.999 0.941

Table 4.8: MCC For Gram-Negative Bacteria Protein Dataset

No. Feature Combinations Class1 Class2 Class3 Class4 Class5 Class6 Class7 Class8

1 Composition of Angles 0.503 0.164 -0.060 -0.129 0.000 0.000 0.000 -0.070

8 PSSM-SAC 0.706 0.330 0.433 0.231 0.000 0.833 -0.352 0.055

3 PSSM-SD 0.700 0.235 0.119 0.121 0.000 0.000 -0.610 -0.168

4 PSSM-AAO 0.670 0.416 0.404 0.176 -0.158 0.308 -0.352 -0.021

5 One-Lead Bi-gram of ASA 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

6 Auto Covariance of P(C) P(E) P(H) 0.520 0.023 0.138 -0.093 0.000 0.288 0.000 -0.184

7 Auto Covariance of P(C) P(E) P(H), One-
Lead Bi-gram of ASA

0.505 0.062 0.133 -0.102 0.124 0.000 0.000 -0.233

8 PSSM-AAO, Composition of Angles 0.698 0.283 0.464 0.226 0.025 0.399 -0.352 0.164

9 PSSM-AAO, PSSM-SAC 0.754 0.372 0.558 0.197 0.371 0.720 -0.352 0.177

10 PSSM-AAO, PSSM-SD 0.796 0.325 0.540 0.189 0.248 0.720 -0.352 0.213

11 PSSM-AAO, One-Lead Bi-gram of ASA 0.680 0.374 0.462 0.144 0.000 0.308 -0.352 0.104

12 PSSM-AAO, Auto Covariance of P(C)
P(E) P(H)

0.695 0.389 0.535 0.179 0.271 0.399 -0.352 0.182

13 PSSM-SD, Composition of Angles 0.662 0.239 0.244 0.167 0.143 0.407 -0.498 0.006

14 PSSM-SD, PSSM-SAC 0.777 0.267 0.508 0.248 0.332 0.833 -0.610 0.105

15 PSSM-SD, One-Lead Bi-gram of ASA 0.659 0.182 0.247 0.129 0.000 0.000 -0.610 -0.128

16 PSSM-SD, Auto Covariance of P(C) P(E)
P(H)

0.671 0.303 0.416 0.034 0.202 0.611 -0.498 0.028

17 PSSM-SAC, Composition of Angles 0.672 0.322 0.467 0.250 0.199 0.666 -0.352 0.079

18 PSSM-SAC, One-Lead Bi-gram of ASA 0.654 0.334 0.491 0.252 0.000 0.720 -0.352 0.105

19 PSSM-SAC, Auto Covariance of P(C) P(E)
P(H)

0.684 0.363 0.549 0.197 0.227 0.833 -0.352 0.196

20 Composition of Angles, One-Lead Bi-gram
of ASA

0.450 0.047 0.021 -0.178 0.000 0.000 0.000 -0.139

21 Composition of Angles, Auto Covariance of
P(C) P(E) P(H)

0.507 0.207 0.140 -0.133 0.120 0.000 0.000 -0.274
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22 Composition of Angles, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.512 0.286 0.151 -0.075 0.202 0.000 0.000 -0.276

23 PSSM-SAC, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.684 0.355 0.567 0.202 0.309 0.833 -0.498 0.216

24 PSSM-SAC, Composition of Angles, One-
Lead Bi-gram of ASA

0.691 0.292 0.505 0.267 0.236 0.666 -0.352 0.118

25 PSSM-SAC, Composition of Angles, Auto
Covariance of P(C) P(E) P(H)

0.690 0.325 0.561 0.201 0.309 0.833 -0.352 0.205

26 PSSM-SD, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.686 0.303 0.435 0.055 0.227 0.611 -0.498 0.051

27 PSSM-SD, PSSM-SAC, One-Lead Bi-gram
of ASA

0.754 0.302 0.551 0.231 0.146 0.833 -0.498 0.159

28 PSSM-SD, PSSM-SAC, Auto Covariance of
P(C) P(E) P(H)

0.757 0.344 0.586 0.192 0.216 0.880 -0.352 0.262

29 PSSM-SD, Composition of Angles, One-
Lead Bi-gram of ASA

0.656 0.195 0.316 0.179 0.281 0.166 -0.610 0.069

30 PSSM-SD, Composition of Angles, Auto
Covariance of P(C) P(E) P(H)

0.667 0.284 0.398 0.079 0.399 0.407 -0.498 0.089

31 PSSM-AAO, Auto Covariance of P(C)
P(E) P(H), One-Lead Bi-gram of ASA

0.716 0.348 0.520 0.182 0.241 0.399 -0.352 0.226

32 PSSM-SD, PSSM-SAC, Composition of
Angles

0.764 0.304 0.560 0.201 0.170 0.720 -0.498 0.177

33 PSSM-AAO, PSSM-SD, One-Lead Bi-gram
of ASA

0.786 0.330 0.562 0.194 0.275 0.720 -0.352 0.280

34 PSSM-AAO, PSSM-SD, Auto Covariance
of P(C) P(E) P(H)

0.792 0.382 0.620 0.177 0.183 0.670 -0.352 0.256

35 PSSM-AAO, PSSM-SAC, Composition of
Angles

0.698 0.422 0.560 0.252 0.246 0.720 -0.352 0.221

36 PSSM-AAO, PSSM-SAC, One-Lead Bi-
gram of ASA

0.725 0.344 0.589 0.199 0.347 0.720 -0.352 0.242

37 PSSM-AAO, PSSM-SAC, Auto Covariance
of P(C) P(E) P(H)

0.724 0.413 0.600 0.238 0.241 0.771 -0.352 0.246

38 PSSM-AAO, Composition of Angles, One-
Lead Bi-gram of ASA

0.722 0.252 0.519 0.243 0.133 0.399 -0.352 0.173

39 PSSM-AAO, Composition of Angles, Auto
Covariance of P(C) P(E) P(H)

0.701 0.383 0.537 0.113 0.301 0.308 -0.352 0.235

40 PSSM-AAO, PSSM-SD, Composition of
Angles

0.797 0.351 0.557 0.265 0.271 0.720 -0.352 0.298

41 PSSM-AAO, PSSM-SD, PSSM-SAC 0.850 0.307 0.615 0.238 0.358 0.771 -0.352 0.275

42 PSSM-AAO, PSSM-SD, PSSM-SAC, One-
Lead Bi-gram of ASA

0.832 0.303 0.638 0.203 0.310 0.880 -0.352 0.297

43 PSSM-AAO, PSSM-SD, PSSM-SAC, Auto
Covariance of P(C) P(E) P(H)

0.816 0.382 0.647 0.223 0.241 0.880 -0.352 0.294

44 PSSM-AAO, PSSM-SD, Composition of
Angles, One-Lead Bi-gram of ASA

0.810 0.295 0.580 0.248 0.309 0.720 -0.352 0.283

45 PSSM-AAO, PSSM-SD, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H)

0.790 0.358 0.615 0.180 0.301 0.771 -0.352 0.268

Continued on next page

58



Table 4.8 – continued from previous page

No. Feature Combinations Class1 Class2 Class3 Class4 Class5 Class6 Class7 Class8

46 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles

0.832 0.408 0.610 0.212 0.325 0.771 -0.352 0.300

47 PSSM-AAO, Composition of Angles, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.715 0.300 0.550 0.171 0.271 0.399 -0.352 0.190

48 PSSM-AAO, PSSM-SAC, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.732 0.337 0.606 0.199 0.271 0.771 -0.352 0.254

49 PSSM-AAO, PSSM-SAC, Composition of
Angles, One-Lead Bi-gram of ASA

0.732 0.377 0.580 0.254 0.399 0.720 -0.352 0.257

50 PSSM-AAO, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H)

0.724 0.344 0.592 0.246 0.365 0.771 -0.352 0.284

51 PSSM-AAO, PSSM-SD, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.787 0.329 0.623 0.182 0.211 0.771 -0.352 0.231

52 PSSM-SD, PSSM-SAC, Composition of
Angles, One-Lead Bi-gram of ASA

0.780 0.309 0.568 0.236 0.253 0.720 -0.498 0.233

53 PSSM-SD, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H)

0.757 0.262 0.602 0.177 0.333 0.880 -0.352 0.267

54 PSSM-SD, Composition of Angles, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.692 0.292 0.423 0.071 0.399 0.544 -0.498 0.109

55 PSSM-SD, PSSM-SAC, Auto Covariance
of P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.772 0.298 0.596 0.143 0.216 0.880 -0.352 0.198

56 PSSM-SAC, Composition of Angles, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.708 0.278 0.571 0.155 0.309 0.782 -0.352 0.215

57 PSSM-SD, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.779 0.232 0.614 0.137 0.277 0.880 -0.352 0.259

58 PSSM-AAO, PSSM-SAC, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.732 0.348 0.607 0.200 0.271 0.771 -0.352 0.230

59 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles, One-Lead Bi-gram of
ASA

0.822 0.347 0.627 0.217 0.399 0.771 -0.352 0.328

60 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles, Auto Covariance of
P(C) P(E) P(H)

0.806 0.315 0.631 0.220 0.365 0.880 -0.352 0.284

61 PSSM-AAO, PSSM-SD, Composition of
Angles, Auto Covariance of P(C) P(E)
P(H), One-Lead Bi-gram of ASA

0.813 0.337 0.621 0.197 0.271 0.771 -0.352 0.255

62 PSSM-AAO, PSSM-SD, PSSM-SAC, Auto
Covariance of P(C) P(E) P(H), One-Lead
Bi-gram of ASA

0.834 0.340 0.654 0.179 0.241 0.880 -0.352 0.335

Continued on next page
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Table 4.8 – continued from previous page

No. Feature Combinations Class1 Class2 Class3 Class4 Class5 Class6 Class7 Class8

63 PSSM-AAO, PSSM-SD, PSSM-SAC, Com-
position of Angles, Auto Covariance of
P(C) P(E) P(H), One-Lead Bi-gram of
ASA

0.842 0.322 0.636 0.149 0.301 0.880 -0.352 0.263

4.8 Summary

This chapter explained the way we have performed our experiment and pre-
pared result. We have mentioned here how we have extracted our features,
how we have choose classifier, how we have done parameter tunning, how
we have choose validation method and when we have used which validation
method, how we have choose the final features set which is our ultimate
goal. A detail comparison has been made with previous literatures for both
single label and multi label classification.
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Chapter 5

Conclusion

5.1 Summary

In this study, we have proposed some novel feature extraction techniques for
predicting gram-positive bacteria protein and gram-negative bacteria pro-
tein sub-cellular localization. We have extract these features from PSSM
matrix, Normalized PSSM matrix and Spider SPD3 matrix. We have ex-
tracted total 46 features using total 10 feature extraction methods from
gram-positive bacteria protein dataset. We have found that among these
46 features combination only 6 features which total feature vector size is
235 gives us our desired result. These features are PSSM-AAO (feature vec-
tor size 20), PSSM-SD (feature vector size 80), PSSM-SAC (feature vector
size 100), Composition of Angles (feature vector size 4), Auto Covariance of
P(C) P(E) P(H) (feature vector size 30), One-Lead Bi-gram of ASA (feature
vector size 1). We have extracted only these 6 features from gram-negative
bacteria protein dataset and produced our result. In our final experiment
means from which we have reported results in this paper, we have used these
6 features for both data set, Support Vector Machine (SVM) with RBF ker-
nel, Cost parameter (C) = 3000, γ = 0.005 as classifier and jackknife test
as validation method. As both datasets are multi-label dataset, so we have
reported both single label and multi label prediction accuracy. For single la-
bel classification our reported result for gram-positive benchmark is 91.01%
which is higher than any other literature published in this sector, for gram-
negative benchmark is 81.66% which is little lower then previous study. For
multi label classification our reported result for gram-positive benchmark is
for locative accuracy 91.71%, for absolute accuracy 90.94% which is higher
than any other literature published in this sector, for gram-negative bench-
mark is for locative accuracy 83.84%, for absolute accuracy 81.25 which is
little lower then previous study. These enhancements highlight the effective-
ness of the proposed method to explore the potential information embedded
in the PSSM matrix and Spider SPD3 matrix.
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5.2 Limitations

Though we have done a lot of experiments for producing the best result,
there are some limitations in our work. These limitations are described
below:

1. We have only extracted PSSM-SD feature from PSSM matrix not
from Spider SPD3 matrix.

2. In PSSM-SD feature extraction method we have only tried three
values (5, 10 and 25) for Fp.

3. We have only extracted PSSM-SAC feature from PSSM matrix not
from Spider SPD3 matrix.

4. In PSSM-SAC feature extraction method we have only tried ten
values (1,2,3,.......,8,9,10) for Kp.

5. In Auto Covariance feature extraction method we have only tested
15 values (1,2,3,........13,14,15) for distance factor (DF) and took
DF = 10 as it is reported in literature [69] which gives the best
result and we have also investigated that this gives the best result
among these 15 values.

6. In this literature we have only used Support Vector Machine (SVM)
as our classifier.

7. In this experiment we have performed a little optimization for SVM
parameters (γ and C).

8. In this experiment we have extracted 46 features using 10 extraction
methods only for gram-positive bacteria protein dataset. We have
got 6 best features from these 46 features and only extracted those 6
features for gram-negative bacteria protein dataset.

9. In this experiment we have only tried two types (gram-positive
bacteria protein and gram-negative bacteria protein) of protein
dataset.

5.3 Future Work

As there are some limitations in our current work, so we have planned to
eliminate these limitations in future work. Besides this we have planned to
do some extra things which may increase our accuracy rate. These future
works are described below:

1. Try new different feature extraction methods.
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2. We will try to extract PSSM-SD feature from Spider matrix.

3. In PSSM-SD feature extraction method we will try other value of Fp
along with previous value to extract features from both PSSM
matrix and Spider matrix.

4. We will try to extract PSSM-SAC feature from Spider matrix.

5. In PSSM-SAC feature extraction method we will try other value of
Kp along with previous value to extract features from both PSSM
matrix and Spider matrix.

6. In Auto Covariance feature extraction method we will try other valu
es along with previous values which have been mentioned in previous
section for distance factor (DF) to see the effectiveness of our result.

7. We will try other supervised learning algorithm for e.g. Decision
Tree, Random Forest, Naive Base Classifier, K-Nearest Neighbor,
AdaBoost etc along with SVM to see the effectiveness of our result.

8. We will try to optimize SVM parameters (γ and C) more to see
whether it increases the accuracy or not.

9. In this paper our reported result for gram-negative bacteria protein
dataset is little lower than previous literature result published in this
sector. We think the main reason for getting lower result for this
dataset is extracting preselected 6 features and produce the result
using them. In future, we have planned to extract all these 46
features for gram-negative bacteria protein dataset and find out the
best feature combinations to see whether this improves our current
result or not.

10. We will try to make a web application for global users, so that they
can give a protein or amino acids sequence as input and our web
application will analyze it and predict which location(s) this protein
sits as an output. This is our main goal in future.

11. We will try our new method and technique to predict other protein
dataset such as eukaryotic, human, animal, virus protein dataset etc.
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