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Abstract

DNA-binding proteins play a very important role in the structural composi-
tion of the DNA. In addition to that they regulate and effect various cellular
processes like transcription, DNA replication, DNA recombination, repair
and modification. The experimental methods used to identify DNA-binding
proteins are expensive and time consuming and thus attracted researchers
from computational field to address the problem. In this paper, we present
iDNAProt-ES, a DNA binding protein prediction method that utilizes both
sequence based evolutionary and structure based features of proteins to iden-
tify their DNA-binding functionality. We used recursive feature elimination
to extract an optimal set of features and train them using support vector
machine with linear kernel to select the final model. Our proposed method
significantly outperforms the existing state-of-the-art predictors on standard
benchmark dataset. The accuracy of the predictor is 90.18% using jack knife
test and 88.87% using 10-fold cross validation on the benchmark dataset.
The accuracy of the predictor on the independent dataset is 80.64% which
is also significantly improved than the state-of-the-art methods. iDNAProt-
ES is a novel prediction method that uses evolutionary and structure based
features. We believe the superior performance of iDNAProt-ES will mo-
tivate the researchers to use these set of features and the methods and
also help the researchers interested in identification of DNA-binding pro-
teins. iDNAProt-ES is readily available to be use as a web server from:
http://brl.uin.ac.bd/iDNAProt-ES/.
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Chapter 1

Introduction

DNA (Deoxyribonucleic Acid) binding proteins play a very important role
in the structural composition of the DNA. In addition to that they regulate
and effect various cellular processes like transcription, DNA replication, DNA
recombination, repair and modification. The experimental methods used to
identify DNA-binding proteins are expensive and time consuming and thus
attracted researchers from computational field to address the problem.

1.1 Problem Description

DNA (Deoxyribonucleic Acid) binding proteins are those proteins that bind
with single or double stranded DNA. DNA-binding proteins plays an impor-
tant role in the structural composition of the DNA and in gene regulations.
Non-specific structural proteins often help to organize and compact the chro-
mosomal DNA. The other important role is to regulate and a effect various
cellular processes like transcription, DNA replication, DNA recombination,
repair and modification. These proteins in their independently folded do-
mains have at least one structural motif that recognizes and has an affinity
to DNA [I3]. DNA binding proteins or ligands have many important ap-
plications as antibiotics, drugs, steroids for various biological effects and in
bio-physical, bio-chemical and biological studies of DNA [14].
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Many experimental methods are being used to identify DNA-binding pro-
teins: filter binding assays [15], genetic analysis [16], X-ray crystallography
[17], chromatin immunoprecipitation on microarrays [I§], Nuclear Magnetic
Resonance (NMR) [19] etc. Due to excessive cost of these techniques [20],
many computational methods have been applied by the researchers to identify
DNA-binding proteins. Moreover, the number of newly discovered protein
sequences has been increasing extremely fast due to the advent of modern
protein sequencing technologies. For example, in 1986 the Swiss-Prot [21]
database contained only 3,939 protein sequence entries, but now the number
has jumped to 554515 according to the release 2017_05 of May, 10, 2017 by
the UniProtKB/Swiss-Prot EI It means that the number of protein sequence
entries now is more than 140 times the number from about 25 years ago.
Facing the flood of new protein sequences generated in the post genomic
age, it is highly desirable to develop automated computational prediction
approaches for rapidly and effectively identifying and characterizing DNA-
binding proteins.

1.2 Motivation

The method of DNA-binding Protein has various functions in the cell and
plays an important role in the structural composition of the DNA and in
gene regulations. Non-specific structural proteins often help to organize and
compact the chromosomal DNA. The other important role is to regulate and
effect various cellular processes like transcription, DNA replication, DNA
recombination, repair and modification. So our study and result would be
notably helpful for many researchers in these areas. We expect that our
contribution will speed up the future research.

1.3 Aims & Objectives

This research aims to establish a DNA-binding protein prediction method
that utilizes both sequence based evolutionary and structural based features

Ihttp://web.expasy.org/docs/relnotes/relstat.html
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of proteins to identify their DNA-binding functionality. It is intended that
the research findings will contribute to the development of a web server to
predict new protein sequences.

These above aims raise the following core objectives:

- To find out and prepare a Benchmark data set.

- To extract adequate number of features from the protein evolutionary
and structural information of protein.

- To design and run different machine learning classification algorithms.

- To analyze data and results to find the best algorithm for the Bench-
mark data set..

- To reduce the feature set to improve accuracy than the state-of-the-
art.

- To develop a prediction web server based on our methodology to
predict the protein.

1.4 Methodology

According to the methodology mentioned by Liu[6]we followed the below
procedures to establish a predictor for DNA-binding Protein identification
with a novel feature set.

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

- Formulate the protein samples with an effective mathematical expres-
sion that can truly reflect their intrinsic correlation with the attribute
to be predicted.

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

14



- Perform properly cross-validation tests to objectively evaluate the
anticipated accuracy of the predictor.

1.5 Contribution

Our contribution in this thesis is mentioned below.

At first we select two reliable datasets -one as the Benchmark and the
other as the independent set. Then we prepared the feature set from both
the datasets. After that we implement a feature reduction method to en-
hance prediction accuracy. Then we train and test the model by using
the Support Vector Machine (SVM) and perform cross-validation tests to
evaluate the accuracy of our predictor. Finally we developed a web-server
to predict DNA-binding protein. This web-server is publicly available at
http://brl.uin.ac.bd /iDNAProt-ES/.

1.6 Organization

The organization of this document is described below. In this first chapter
we discussed the problem description, motivation, aims & objectives of the
thesis, methodology and our main contribution. In the next chapter we will
discuss some terminologies and background of the DNA-binding protein. In
the third chapter we will focus on materials and methods including datasets,
feature selection method, algorithm, description of the classifier and per-
formance evaluation process etc. In the fourth chapter we will present and
discuss about all kinds of experiments and results thereof which we got in this
study. In the fifth chapter we will conclude briefly identifying the limitation
of this research and discussing possible future works.
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Chapter 2

Background

This chapter describes the notions and notations on DNA, protein, structure
of the protein, Central Dogma, DNA-binding protein and PSSM etc. And
finally it will show some related work on DNA-binding proteins and their
usefulness and limitation.

2.1 Biological Preliminaries

2.1.1 DNA

The full form of DNA is deoxyribonucleic acid. It is a molecule. The smallest
unit of DNA is atom. Lots of atom join as a string and makes the long spiral
shape of ladder to form DNA [22]. DNA are the blueprint of the living
things. The chemical that made the DNA structure is called nucleotides. It
has four types of nucleotides i.e., adenine, thymine, cytosine and guanine.
Short form of nucleotides are A, T,C and G. To make the ladder A pairs with
T and C pair with G. A-T base pairs connected with 2 hydrogen bonds and
C-G base pair is connected with 3 hydrogen bonds. This type of structure is
called the double stranded DNA. Figure shows the DNA structure with
major and minor grooves. When the DNA strands are close together called
minor grooves, when the distance is high between the strands is called major

16
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Figure 2.1: The DNA structure with major and minor groove. [IJ.

groove.The grooves are important for the DNA-protein interaction.

2.1.2 Protein

Proteins are the poly-peptide chains [23]. poly-peptide chains are made of
a string of smaller building blocks called amino acids. Amino acids join
together and form different structures. When we eat food we breaks down the
proteins that we ate into amino acids and then we stick them back together
again to make lots of different types of proteins to do the jobs in cell. For
example, Proteins can do the jobs like, detect light, form hair, fight disease
by antibody etc. The sequence of amino acids in any protein is decided by
the sequence of genes which is encoded in the genetic code. We have different
types of protein functionalities. Some example are listed below.

- Protein can moves us. The reason is that meat is muscle. It has
contract to move our body.

- Protein can kill us. Botox (Botulinum Toxin) is a protein. Botox cuts
up the molecules in nerve cells which control our muscles This means
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the Botox makes our muscle relax. The muscles which control our lungs
stop working after taking food contaminated with botulism.

- Protein speed things up. Enzymes are that makes reactions go more
quickly. For example, those helps break down starch to sugar.

- Its transport oxygen in our body by red blood cell which contain
protein compound called hemoglobin.

2.1.3 Protein Structure

To understand the protein structures we have to know about the basic struc-
ture of an amino acid. There is a carbolic acid group (-COOH) on one side
and an amino group (-NH2) on the other side. They may have the side chains
which are unique to each individual amino acid. There are 20 different stan-
dard amino acids used by cells for protein construction[2]. Biochemists often
refer to four distinct aspects of a protein’s structure. For levels of protein
structures is shown in fig

1.

11.

iii.

Primary structure: It’s nothing but amino acids attached with each
other.Its a linear chain of amino acid resedues in a polypeptide chain.
Each polypeptide chain has a N-Terminus and C-Terminus. Bonding
is done by covalent forces like peptide bonds.

Secondary structure: There are hydrogen bonds forming between the
residues of main-chain peptide groups. As a result, it gives structures
Alpha Helix, Beta Sheet and Beta Turn [2]. Alpha Helices are the
right-handed spiral strands. The Beta sheet consists of pairs of strands
lying side-by-side.

Tertiary structure: Two or more Alpha Helices and/or Beta sheets
further fold to form the Tertiary Structure. The tertiary structures are
formed by non-covalent bonds such as hydrogen bonding and Van-der
Waals forces and covalent bonds such as disulfied bonds. Insulin is an
example of this type of structure.

18
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Figure 2.2: Lavels of Protein Structure [2].

iv. Quaternary structure: Two or more polypeptide units form the Qua-
ternary structure by different interactions. All the polipeptide units
must contain tertiary structures. Bonding is via non-covalent bonds
such as hydrogen bondings, salt bridges etc. Hemoglobin is an example
of a Quaternary structure.
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2.1.4 Protein Synthesis

Cell is the basic unit of all living tissues. There is a structure called nu-
cleus in the cell. The nucleus contains the genome, and it can be spitted
in different pair of chromosomes based on the living things. Each chromo-
some contains the long strand of DNA, tightly packaged around the histones
protein. DNA sections are called the gene or genetic code. Each gene con-
tains the instruction for making proteins. When a gene is switched on an
enzyme called RNA polymerase is attached to the gene. It moves along the
DNA strand to make the messenger RNA (mRNA) out of free bases in the
nucleus. In the DNA strand C-G nucleotides match up and A-T nucleotides
match up. But free bases are added to mRNA and A matches up with U
(Urasil) in place of T. This process of DNA portion to mRNA production is
called transcription. After forming the mRNA it moves from the nucleus to
cytoplasm.In this stage mRNA needs a ribosome, which is called the protein
factory in the cytoplasm.Ribosomes are bound to the mRNA and reads the
code in the mRNA to produce a chain made up of amino acids. There are
20 different types of amino acid. The Transfer RNA (tRNA) molecules carry
the amino acids to the ribosome. Three bases (or codon) are read at a time
from mRNA and delivers the corresponding amino acid. This is added to a
growing chain of amino acids. The amino acid chain grows until a stop codon
is reached. Once the stop codon is read, the chain folds into a complex three
dimensional shape to form the protein. The process of mRNA to protein by
tRNA is called translation. The whole process of transcription and transla-
tion to produce protein from DNA is called the protein synthesis, shown in
Figure [2.3] In molecular biology, the precess of making proteins from DNA
is also known as Central Doghma.

2.1.5 DNA-binding Protein

DNA-binding proteins are the proteins that are able bind to the single or
double stranded DNA. Sequence specific DNA-binding proteins normally in-
teract with the major groove of DNA [24]. Non-specific interaction occurs
with DNA phosphate backbones. DNA-binding proteins contain the DNA-
binding domain. The example of DNA-binding domains are zinc finger, helix-
turn-helix and leucine zipper etc. These are the different types of structural
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Figure 2.3:  The Central Dogma of molecular biology (left): replication,
transcription and translation [3]. Translation of mRNA (right) to a protein
by the ribosome which consists of a small and large subunit [4].

domain in protein. Figure [2.4] shows a DNA-binding protein.

Figure 2.4: The lambda repressor helix-turn-helix transcription factor bound
to its DNA target[5].
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2.1.6 PSSM

Position-Specific Scoring Matrix (PSSM) used to represent the patterns of
biological sequence. The matrices are derived from the set of aligned se-
quences. The PSSM'’s profiles are the matrices without gap information and
without substitution table information of the alignment of the biological se-
quence. Smith-Waterman algorithm[25] is used to find the scoring matrix.
PSSMs can be created using PSI-BLAST [26], which finds similar protein se-
quences to a query sequence, and then constructs a PSSM from the resulting
alignment. PSSM scores are generally shown as positive or negative integers.
Positive 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.

2.2 Literature Review

Computational methods that have been used to predict the DNA-binding
proteins can be broadly categorized into two groups: structure based methods
[27, [11] and sequence based methods [28] [0, 29] [30]. In most of the cases,
DNA-binding protein identification is formulated as a binary classification
problem in the supervised learning setting. The sequence based methods are
built depending only on the sequence based information extracted from the
training data where structure based methods also exploits structure based
features. In [12], structural motifs and electrostatic potentials were used to
predict DNA-binding proteins. The iDBPs server was proposed in [31] that
used global features like average surface electrostatic potential, the dipole
moment and cluster-based amino acid conservation patterns. Omne of the
major difficulties in structure based methods is that the structure of most of
the proteins are unknown. However, structural information like presence of
motifs and other information are very crucial in DNA recognition of binding
proteins. Therefore, we hypothesize that even partial information of the
protein structure could play very important role in identifying their functions
of binding DNA.

Many machine learning algorithms are applied to solve this problem in the
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literature. Among these are: Logistic Regression [10], Hidden Markov Models
[12], Random Forest [31], 8, [7], Artificial Neural Network [32], Support Vec-
tor Machines [9, 6], Naive Bayes classifier [29] etc. A number of softwares,
web-servers and prediction methods are available in the literature for DNA-
Binding protein prediction. Among these are: DNABinder [9], DNA-Prot
[8], iDNA-Prot [7], iDNA-Prot|dis [28], DBPPred [29], iDNAPro-PseAAC
[6], PseDNA-Pro [33], Kmerl+ACC [34], Local-DPP [30], etc. Kumar et al.
[9] used evolutionary information from PSSM profiles with support vector
machines and established a web-server called DNABinder. They compared
the effectiveness of the PSSM based features with amino acid compositions,
di-peptide compositions and 4-parts amino acid compositions as features.

DNA-Prot is another software proposed in [§]. They used amino-acid com-
positions, physio-chemical properties and secondary structure information as
features and trained their model using a Random Forest classifier. Lin et al.
[7] presented a web-server named iDNA-Prot where they used grey model to
incorporate amino-acid sequences as features into the general form of pseudo
amino acid compositions and trained their model using Random Forest clas-
sifier. Amino acid distance-pair coupling information and the amino acid
reduced alphabet profile was incorporated into the general form of pseudo
amino acid composition [35] by Liu et al. [28]. They also offered a freely
available web-server called iDNA-Prot|dis. One of the most successful pre-
diction methods so far is DBPPred proposed in [29]. They used a wrapper
based best first feature selection technique to select the optimal set of fea-
tures. They used features based on amino-acid compositions, PSSM scores,
secondary structures and relative solvent accessibility and trained their model
using Random Forest and Gaussian Naive Bayesian classifiers.

Liu et al. [0] presented iDNAPro-PseAAC as a web server. They used
evolutionary information as features by using profile-based protein represen-
tation and selected a set of 23 features by discriminant analysis. Their model
was trained using Support Vector Machine classifier. K-mer composition[36]
and auto-cross covariance transformation was used in [34] in a subsequent
work. Their method, trained by Support Vector machine, is known as K-
merl+ACC in the literature. They also developed another server called
PseDNA-Pro [33]. PseDNA-Pro used amino acid composition, pseudo amino
acid composition and physico-chemical distance transformation based fea-
tures to train their model. Wei et al. proposed Local-DPP [30] by using
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Random Forest classifier on local pseudo position specific scoring matrix fea-
tures. Among other recent works are SVM-PSSM-DT [37], PNImodeler [3§],
CNNsite [39], BindUP [40] etc.

In this paper, we propose iDNAProt-ES, identification of DINA-binding
Proteins using Evolutionary and Structural Features. In our proposed
method, a number of novel features have been exploited that are derived
from sequence based evolutionary information and structural information
of a given protein to train a support vector machine with linear kernel. We
used recursive feature elimination technique to reduce the number of features
and to derive an optimal set of features for DNA-binding protein prediction.
We have tested our method on standard benchmark datasets. Experimental
results show that iDNAProt-ES significantly outperforms other state-of-the-
art methods and thus have potentials to be used as a DNA-binding protein
prediction tool.
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Chapter 3

Materials & Methods

In this chapter the different techniques we used in our thesis, will be presented
to give a better understanding on how they were employed to perform the
experiments. We will describe about the datasets, system overview, feature
extraction method, feature selection method, description of the classifier and
performance evaluation.

3.1 Datasets

We require a set of reliable benchmark datasets in order to develop an effec-
tive predictor using suitable classification algorithms and feature sets. Any
dataset consists of positive and negative samples and can be formally denoted

as follow.
S=StTuUS~ (3.1)

Here ST represents the set of positive instances or DNA-binding proteins
and S™ denotes the negative samples or non DNA-binding proteins. In this
paper, we have selected to use two datasets that are extensively used in the
literature of DNA-binding protein prediction [33], B0, 28, 41} [6]. The first
dataset, that we refer to as the benchmark dataset throughout this thesis
was first introduced in [28]. The DNA-binding proteins were extracted from
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Protein Database (PDB) [42] with the mmCIF keyword of DNA-binding
protein using the advanced search interface. The query results were first
filtered by removing all the sequences with length less than 50. The proteins
of length under 50 often represents fragments. Then, all the protein sequences
with non-standard symbol ‘X’ were removed.

First one is the Benchmark dataset, constructed based on the latest version
of protein Data Bank (PDB) [42]. The datasets consists of 525 DNA-binding
proteins and 550 non DNA-binding proteins. Protein sequences are selected
based on some criterias i.e, Protein length less than 50 amino acids were
removed the sequence similarity less than 25% between any two proteins
were cut off by using PISCES [43] and finally proteins are randomly selected
and combined.

Second one is the Independent test dataset PDB186 constructed by Lou et
al [29]. Here, 93 proteins are DNA-binding proteins and 93 proteins are non-
DNA-binding proteins. The NCBIs BLASTCLUST [44] was used to remove
those proteins from the dataset that have more than 25% sequence identity
to any protein within a same subset of the PDB186 dataset to avoid the
homology bias. We have taken the datasets from Lou et al[29].

Table 3.1: Summary of Benchmark Datasets explored in this paper

Benchmark +ve protein -ve protein Total Ref
Independent dataset 93 93 186  [29]
Benchmark dataset 520 550 1070 [42]

3.2 System Overview

To establish a novel feature set and good predictor we first collected two
benchmark datasets, extracted features from the data sets which are able to
discriminate the DNA-binding proteins, develop the list of reduced features
from the global set of features which can contribute to improve prediction
accuracy, selected and developed powerful classification algorithms to per-
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form prediction, performed cross-validation tests to evaluate the accuracy of
the predictor.

Training Procedure Prediction Procedure

Query Protein

Sequence Training Dataset —Sequence Sequence Sequence Sequence
PSI-BLAST SPIDER3 PSI-BLAST SPIDER3
’, PSSM Files SPD3 Files —‘ ’— PSSM Files SPD3 Files
Evolutionary Ii;ﬁ;ﬁgﬁén Evolution_ary Structur._':ll
Information iDNAProt-ES Information iDNAProt- Information
Extractor ES Extractor

|

Extracted Features Extracted Features
(1548)
iDNAProt-ES iDNAProt-ES
Selector Selector

Feature Reduction {
Reduced/Selected
Features

4 /
Classifier > Trained >

Model

Feature Reduction i)

Reduced/Selected
Test the query Features

Predicted

Prediction Result(Yes/No)

Training

Figure 3.1: System flow diagram of iDNAProt-ES showing the training and
prediction procedure as flowchart.

The framework of our proposed method iDNAProt-ES is depicted in the
Figure [3.1L There are two phases in the framework for prediction: training
phase and prediction phase. In training phase, at first a training dataset
is selected. Next, each protein sequence from the training dataset is then
passed to the PSI-BLAST [44] and SPIDER3 [45] softwares, that provide
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two output files PSSM and SPD3 respectively. PSSM file is responsible for
evolutionary information and SPD3 is responsible for structural information.
These two files are then passed to the iDNAProt-ES feature extractor, which
extract 14 sets of features. These 14 feature sets contains 1548 sub-features
in total. Then sub-features (1548) are passed to the iDNAProt-ES feature
selector to reduced the features to improve the prediction accuracy. Now
we can get the list of reduced feature set. The reduced features are used
to train a model using support vector machine classifier and stored later for
prediction.

In the prediction phase, iDNAProt-ES first takes a query protein sequence
and pass it to the PSI-BLAST and SPIDER3 to generate two output files
PSSM and SPD3, respectively similarly to the training phase. These two files
are then used by the feature extractor and feature selector of iDNAProt-ES.
The reduced features are passed to the previously saved model in training
phase to predict whether the protein is DNA-binding or not. These phase
takes very little time compared to the training phase.

3.3 Feature Extraction

Different types of feature extraction methods are used in the literature of
DNA-binding protein prediction. These include: pseudo position specific
scoring matrix based features [30], pseudo amino acid composition proposed
by Chou’s[46] physicochemical distance transformation [33] etc. In this study,
we explore evolutionary and structural information embedded in the protein
sequences as features. Protein sequences are used to fetch evolutionary infor-
mation extracted as PSSM (Position-Specific Scoring Matrix) files generated
by PSI-BLAST [44]. In addition to that, structural information are extracted
from the SPD files, output of SPIDER2 [47] software. Following sections de-
scribes the feature extraction in detail.
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3.3.1 PSSM Based Features

We used evolutionary information from PSSM files generated using three it-
erations of the PSI-BLAST algorithm [44] using the non-redundant database
(NR) provided by NCBI. The cut-off threshold value of E was set to 0.001.
PSSM file returns the log-odds of the substitution probabilities of a given
protein at each position for all possible amino-acid symbols after the align-
ment [48]. This is a L x 20 matrix which we refer in this paper as PSSM
matriz. Suppose we are given a protein sequence P consisting of L amino
acid residues as follow.

P=RiRoRy.oocooo... R. (3.2)

The frequency profile of P generated by the PSI-BLAST [44] and matrix M
can be represented as:

mia mi2 -+ MMiL
ma1 Mmoo -+ ML

M = ' ‘ . . (3.3)
M2p,1 M202 - M2o,L

Here 20 is the number of standard amino acids; m, ; is the target frequency
representing the log-odds probability of amino acid i (i = 1, 2, , 20) appearing
in sequence position j (j = 1, 2, 3,... L) of protein P during evolutionary
process. We first normalize the pssm matrix using the procedure proposed in
[46] for protein sub-cellular localization. After normalization, we generated
five groups of features from the normalized PSSM matrix. We will denote the
normalized matrix throughout this section as N which is a two dimensional
matrix of dimension L x 20. The features generated from PSSM file are
enumerated in the following:

1. Amino acid composition : The PSSM file is used to generate a
consensus sequence. A consensus sequence is built by taking the amino-
acid with the highest substitution probability or frequency in the PSSM
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matrix at each position. Amino Acid composition then counts the
occurrences of each amino-acid residue and normalizes by the length of
the protein sequence.

L
AAC; = %Z aa(i,j),1 <i <20 (3.4)

=1

Here,

L. 1, if S; = Q;
aa(i, j) = {0 elsej

where s; is an amino acid in the protein sequence and a; is one of the
20 different amino-acid symbols [49].

. Dubchak features: Theses features were previously used for protein
fold recognition [50] and protein sub-cellular localization [46]. They
group the amino-acid residues according to various physico-chemical
properties polarity, solvability, hydro-phobicity etc and calculates the
composition, transition and distribution of these groupings. The size
of the feature vector is 105.

. PSSM Bigram: PSSM bigram represents the transition probabilities
of two adjacent amino-acid residue positions. These features are previ-
ously used in solving protein sub-cellular localization and protein fold
recognition [50, [46] and defined as below:

L-1

1
PSSM-bigram(k, ) = — > NipNia(1 <k <20,1<1<20) (3.5)
=1

. PSSM 1-lead Bigram[?]: PSSM 1-lead bigram is defined as the
transition probabilities of the amino-acid residue positions at 1 distance
or separation. It can be formally defined as:

L—2
ZNi,kNiJrQ,l(l <k <20,1<1<20)

=1

1

PSSM-1-lead-bigram(k, ) = 7

(3.6)
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5. PSSM Composition: PSSM composition is created by taking the
normalized sum of the values in each of the columns of the PSSM
matrix [46]. Each column of the PSSM matrix represents one of the 20
amino-acid residues. It is defined as:

L
PSSM — Composition(k,l) = Z ;(1 <7 <20) (3.7)

6. PSSM Auto-Covariance: Auto-Covariance of PSSM is a feature
[46], 51] depending of a distance factor, DF as parameter. In this study
we used, DF = 10. The feature is formally defined as:

PSSM-Auto-Covariance(k, ) Z Nitj(1<j<20,1<k<DF)
(3.8)

7. PSSM Segmented Distribution: Previously, the segmented distri-
bution of the PSSM matrix proposed in [52] was used as feature for
sub-cellular localization of proteins in [53]. The idea is to find the dis-
tribution of the values in the PSSM matrix column wise by calculating
the partial sums columnwise starting from the first row and the last
row and iterating until the partial running sum is F,, % of the total
sum. The details of the procedure for this feature generation can be
found in [52, 53, 54]. In this paper, we used F, = 5,10, 25.

3.3.2 SPIDER Based Features

We used SPIDER2 [47], a freely available software that provides information
on accessible surface area, torsion angles, structure motifs in each amino acid
residue position. We then extract a novel set of features from the informa-
tion provided by SPIDER2 as SPD file. The feature extraction is enumerated
here in details:

1. Secondary Structure Occurence: There are three types of struc-
tural motifs in proteins: a-helix (H), 8-sheet (E) and random coil (C).
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Secondary Structure Occurrence is the count or frequency of each type
present in mino-acid residue positions.

L
SS-Occurence(i) = Z sm;j,1 <1<3 (3.9)

J=1

Here, L is the length of the protein and

1, if SS] = Wi
Smy;; =
! 0, else

where SS; is the structural motif at position j of the protein sequence
and p; is one of the 3 different motif symbols.

. Secondary Structure Composition: This feature is secondary struc-
ture motif occurrence normalized by the length of the phage protein
length. This is similar to the amino-acid composition except that here
we are taking the count of motif symbols in stead of amino-acid sym-
bols.

L
1
SS-Occurence(i) = 7 Z smi;, 1 <1<3 (3.10)

j=1

Here, L is the length of the protein and

Smy;; =
! 0, else

where S'S; is the structural motif at position j of the protein sequence
and p; is one of the 3 different motif symbols.

. Accessible Surface Area Composition: The accessible surface area
composition is the normalized sum of accessible surface area defined by:

L
. 1 ,
ASA-Composition = 17 E ASA(1) (3.11)

i=1
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4. Torsional Angles Composition: For four different types of torsional
angles: ¢, ¥, 7 and 6 we first convert each of them into radians from
degree angles and then take sign and cosine of the angles at each residue
position. Thus we get a matrix of dimension L x 8. We denote this ma-
trix by T for torsional angles. Torsional angles composition is defined
as:

L
1
Torsional-Angles-Composition(k) = 17 Zﬂk(l <k<8 (3.12)

=1

5. Structural Probabilities Composition: Structural probabilities for
each position of the amino-acid residue are given in spd3 file as a ma-
trix of dimension L x 3. We denote it by P. Structural probabilities
composition is defined as:

| L
Structural-Probabilities-Composition(k) = 17 Z Pr(1<k<3)

=1

(3.13)

6. Torsional Angles Bigram: Bigram for the torsional angles is similar
to that of PSSM matrix and defined as:

L-1

1
> TikTii(1 <k <8,1<1<8)
=1

Torional-angles-bigram(k, ) = T

(3.14)
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7. Structural Probablities Bigram: Bigram of the structural proba-
bilities is similar to that of PSSM matrix and defined as:

L1
1
Structural-Probabilities-bigram(k, [) Z P yPi1 (1 <k<3,1<1<3)
1=1

(3.15)

8. Torsional Angles Auto-Covariance: This feature is also derived
from torsional angles and defined as:

Torsional-Angles-Auto-Covariance(k, j) Z Tk (1 <5 <8 1<k<DF)
(3.16)

9. Structural Probablities Auto-Covariance: This feature is also de-
rived from structural probabilities and defined as:

Lk
1
Structural-Probabilities- Auto-Covariance(k, j) Z P, ;P;(1<j<3,1<k<DF)

(3.17)

The features generated and used in this paper are summarized in Table [3.2]

3.4 Feature Selection

We worked and experimented on following two types of feature selection or
elimination method. Both methods described in the next section.

1 Subset Feature Selection

ii Recursive Feature Elimination
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Feature Name Feature Type Feature Vector Size

Amino acid composition Evolutionay (PSSM) 20
Dubchak feature Evolutionay (PSSM) 105
Bigram Evolutionay (PSSM) 400
PSSM composition Evolutionay (PSSM) 20
PSSM auto covariance Evolutionay (PSSM) 200
One lead bigram Evolutionay (PSSM) 400
Segmented distribution Evolutionay (PSSM) 200
Secondary structure composition Structural(SPD3) 3

Secondary structure occurrence Structural(SPD3) 3

ASA;, Angle occurrence, probability of CHE  Structural(SPD3) 12
Bigram of angle sine cosine Structural(SPD3) 64
Angles auto covariance Structural(SPD3) 80
Bigram probabilities Structural(SPD3) 9

Probabilities auto covariance Structural(SPD3) 30

Table 3.2: Summary of evolutionary and structural features used in this
paper.

3.4.1 Subset Feature Selection

In this study, we have extracted 1548 features. By using these large number
of features our prediction accuracy didn’t show satisfactory result. So we ex-
perimented with reducing features. The objectives of feature reduction is to
avoid over-fitting, improve model performance and improve prediction accu-
racy.In the literature, genetic algorithms have been applied for feature reduc-
tion techniques like tree-based feature selection [29], Fast Correlation Based
Filter [55] and clustering based feature selection [?] etc. In this study we used
two types of feature reduction techniques|[?]. One is GreedyStepwise[56, 7]
and another one is Best-First Search (BFS) [56]. GreedyStepwise [50] is a
searching method that performs a greedy forward or backward search through
the space of attribute subsets.
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3.4.2 Recursive Feature Elimination

As the number of features extracted is large, we apply feature reduction to
derive an optimal set of features for DNA-binding protein prediction. Previ-
ously several feature elimination techniques including correlation-based fea-
ture subset selection method [§], tree-based feature selection [29], best-first
greedy feature selection [29], etc are found in the literature. In this paper,
we have used Recursive feature elimination (RFE) which was first proposed
in [57]. The algorithm is depicted as pseudo-code in Algorithm . This algo-
rithm uses backward correlation based feature elimination technique. This
algorithm starts with a dataset D, a classifier C and &k the number of reduced
features as parameter. In each iteration of the algorithm, the dataset is used
to train a model, M and based on that the lowest ranked feature is removed.
The dataset is then transformed using the resulting features. This process is
continues until the number of features is equal to k.

Recursive Feature Elimination Algorithm

Algorithm 1: RecursiveFeatureElimination( D, C, k)
D'« D

F = D.extractAll Features()

while |F| > k do

M « C.train(D’)

F.compute Ranks(M)

fr < F.select Lowest Rank()

FF-{f}

D' = transform(D,F)
end
return D/
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3.5 Description of the Classifier

To investigate the performance of our proposed approaches, several classifi-
cation techniques such as, Logistic Regression, Random Forest, Naive Bayes,
AdaBoost.M1, SGD and SVM are used in this study.

3.5.1 Logistic Regression:

Logistic regression tries to learn a single line from the given data to classify
data which works as the decision boundary for the binary classes. In logistic
regression, one requires to learn the co-efficients or weights those are param-
eters of the decision line. A sigmoid function is typically used as the decision
rule. Gradient descent algorithms are generally used to learn the parameters.

3.5.2 Random Forest:

Random Forest is a classification technique by ensemble learning method.
Random forests [58] combines bootstrap aggregating and random feature
selection techniques to produce several tree predictors. The decision is a
combination of the predictions by the tree classifiers.

3.5.3 Naive Bayes:

Naive Bayes [59] classifier is built on a special type of Bayesian network with
only two levels of random variables. The decision variable is put in the root
of the network and the feature variables are used as children dependent on
it. It is built with the powerful independence assumption among features.
Parameters learning is done by maximum likelihood estimator[60].

37



3.5.4 SGD:

SGD is a Stochastic Gradient Descent model. It is implemented for learning
of different linear models i.e., SVM, logistic regression, squared loss, Huber
loss and epsilon-insensitive loss linear regression. In our case we used binary

class SVM.

3.5.5 BayesNet:

BayesNet or Bayes network is a probabilistic DAG model. DAG represents
directed acyclic graph. BayesNet are adaptable because it allows to update
all the probabilities in net for every single changes.

3.5.6 AdaBoost:

AdaBoost technique is introduced by Freund and Schapire[61] for multi class
classification. It is a machine learning meta-algorithm. It may be used
combined with other learning algorithms to enhance accuracy. It creates a
strong classifier from the ensemble of different weak classifiers[62].

3.5.7 Support Vector Machine:

We have used Support vector machine (SVM) as the classifier in our method,
iDNAProt-ES. Support Vector Machines (SVM) [63], [64] construct a separat-
ing hyper-plane to maximize the margin between the positive and negative
instances. The nearest two points in the hyper-plane are called support vec-
tors. SVM first constructs a hyper-plane based on the training dataset, and
then maps an input vector from the input space into a vector in a higher
dimensional space, where the mapping is determined by a kernel function. A
trained SVM can output a class label (in our case, DNA-binding protein or
non DNA-binding protein) based on the mapping vector of the input vector.
There are a number of popular kernels. In this paper, we explore three kernel
functions as described below:
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1. The Linear kernel function can be defined as

2. The (Gaussian) radial basis function kernel, or RBF kernel can be
defined as
K (X, X;) = exp(—(|X; — X;[)?) (3.19)

3. The Sigmoid kernel function can be defined as

Here v and r are the kernel parameters. Gamma must be greater than 0.
The best kernel was the linear kernel with the parameters, C' = 1000 and
v = 0.01.

3.6 Performance Evaluation

Many comparison metrics are used in the literature to compare the perfor-
mance of different algorithms that employs supervised learning for prediction
[53, 165, 66, 67]. Among them most important are: accuracy (Acc), sensitivity
(Sn), specificity (Sp), Mathew’s correlation co-efficient (MCC), area under
Receiver Operating Characteristic curve (auROC) curve (AUC) and area
under precision recall curve (auPR).

For a binary classifier, let us assume TP is the number of true positives or
positive samples correctly classified by the classifier, T'N is the number of
true negatives or correctly classified negative samples, F'P is the number of
false positives or incorrectly classified negative samples as positive and F'N
is the number of false negatives or positive examples incorrectly classified as
negatives. The sensitivity of a classifier is the true positive rate defined by

the following equation: ,
TP

Sen = F 5 TN

(3.21)

It denotes the predictor performance to correctly predict DNA-Binding Pro-
tein and the metrics vary from 0 to 1. Higher the value of sensitivity, the
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better the predictor is to predict DNA-Binding Protein. Specificity is 1-false
positive rate. It is define as in the following equation:

TN

SPC= TN FP

(3.22)

Accuracy is the ratio of correctly classified instances to the total number of
instances in a dataset defined as in following:

TP+ TN
Acc = 2
“TTPYFN+TN+FP (3:23)

It also varies from 0 to 1. The higher the value is more accurate the classifier
or predictor is. Mathew’s correlation coefficient (MCC) is another measure of
the quality of the classification model. It varies from -1 to +1 which respec-
tively denotes negative classification correlation and positive classification
correlation. MCC is defined as in the following equation:

MO — (TP x TN) — (FP x FN) (3.24)
~ /(TP +FP)(TP+ FN)(TN + FP)(TN + FN) '

AUC and auPR are two other important evaluation metrics. AUC is the
area under the ROC curve which is a plot of true positive rate against false
positive rate at different thresholds. auPR is the area under the precision vs
recall curve. Here, precision is the ratio of true positives to the total number
of predictions as positives and recall is same as the sensitivity.
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Chapter 4

Result & Discussion

This chapter presents the results obtained from the experiments with the
iDNAProt-ES investigation. The experiments carried out on two different
processes, one is Subset Feature Selection and another one is Recursive Fea-
ture Elimination. All the experimental results on above both processes are
conducted here on two different datasets. We also present a brief description
on our publicly available web server implementation.

4.1 Experiments with Subset Feature Selec-
tion

Feature Selection or attribute selection [?] is a process by which we can au-
tomatically search for the best subset of attributes in our dataset. Attribute
Evaluator is a method by which attribute subsets are assessed. The Search
Method is the structured way in which the search space of possible attribute
subsets is navigated based on the subset evaluation.

Our method is implemented by using two types search method ” GreedyStep-
Wise” and ”BestFirst”; and one types of Attribute Evaluator 7 CfsSubsetE-
val” from Weka. GreedyStepWise[?] Uses a forward (additive) or backward
(subtractive) step-wise strategy to navigate attribute subsets. BestFirst [?]
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Uses a best-first search strategy to navigate attribute subsets. CfsSubsetEval
[?7] Values subsets that correlate highly with the class value and low correla-
tion with each other. Our total features 1548 reduced to 36 set feature by
using 7 GreedyStepWise” and ”CfsSubsetEval”. The total features also re-
duced to 53 by using ”BestFirst” and ” CfsSubsetEval”. All the experiments
have been conducted by using Waikato Environment for Knowledge Analysis
(WEKA) [56]. The reduced set of 36 features and reduced set of 53 features
enlisted in the Table and Table respectively.

Comparison among different classifier

To compare the performance of different classifier we used benchmark dataset
and performed 10 fold cross validation test and reported accuracy, sensitivity,
specificity and MCC in Table and Table by using search method
GreedyStepWise and BestFirst respectively. From the result we can observe
that SMO with RBF kernel achieves the best accuracy for benchmark dataset
with reduced set of 36 features (Table [4.1]). But Logistic classifier [68] shows
the best accuracy for the benchmark dataset with a reduced set of 53 features
(Table [4.2). From Tables and we can see that the reduced set of 36
features by GreedyStepWise technique perform better than the reduced set
of 53 features by BestFirst Search.

From the results shown in the tables, we notice that there were not a single
classification algorithm that performed superior compared to others on both
of the datasets. In the case of benchmark dataset, we found logistic regression
and SVM with RBF kernel to perform the best among all the classifiers
in terms of accuracy. However, when the reduced set of 36 features were
used with SVM slightly better performance is achieved. Logistic regression,
despite its simplicity, performed well in terms of other evaluation metrics.

We also show Receiver Operating Characteristic (ROC) curves for each of

these reduced feature sets using the logistic regression classifier in Figure
and Figure [£.2] The ROC plots for other classifiers are also similar.
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Classifier Acc Sn Sp MCC auROC

Logistic 76.54%  79.30 73.70  0.530 0.839
BayesNet 72.05% 77.30 66.50 0.441 0.802
NaiveBayes 70.37% 82.70 57.30 0.415 0.781
SGD 77.19%  77.30  77.10  0.544 0.772
AdaBoost 75.51%  75.10 76.00 0.510 0.811

Random Forest  75.88%  78.00 73.70 0.517 0.831
SMO with RBF 77.76% 77.80 77.70 0.555 0.778

Table 4.1: Comparison of performance of different Classifiers on the bench-
mark dataset using 10-fold cross validation. Feature reduction using
GreedyStepwise-cfsSubsetEval and reduced to 36 features.

Classifier Acc Sn Sp MCC auROC
Logistic 77.10% 80.20 73.80 0.542 0.834
BayesNet 71.77%  77.10  66.20  0.436 0.800
NaiveBayes 71.77%  77.10  66.20  0.436 0.800
SGD 75.61%  76.00 75.20 0.512 0.756
AdaBoost 70.93% 70.90 71.00 0.419 0.785

Random Forest  75.23%  77.10 73.30 0.504 0.824
SMO with RBF  76.63% 75.10 78.30 0.533 0.767

Table 4.2: Comparison of performance of different Classifiers on the bench-
mark dataset using 10-fold cross validation. Feature reduction using BF'S-
CfsSubsetEval and reduced to 53 features.

Comparison with other Methods

Table shows the comparison of our method with the other state-of-art
methods applied on the independent dataset and reports the accuracy, sen-
sitivity, specificity and MCC. We compare our predictor performance with
other state-of-art in the literature: iDNAPro-PseAAC [6], iDNA-Prot [7],
DNA-Prot [§], DNAbinder [9], DNABIND [10], DNA-Threader [11]. We also
compare our prediction performance with other state-of art prediction per-
formance for the benchmark dataset shows in Table For both datasets
our method showed the best prediction accuracy of other Methods.
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Figure 4.1: Classifier Analysis. Receiver Operation Characteristics (ROC)
curve of benchmark dataset reduced set of feature-36 dataset
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Figure 4.2: Classifier Analysis. Receiver Operation Characteristics (ROC)
curve of benchmark dataset reduced set of feature-53 dataset

4.2 Experiments with RFE

In this section, we present the results of the experiments which we found
in Recursive Feature Elimination (RFE). All the methods were implemented
in Python language using Python3.4 version and Scikit-learn library [69] of
Python was used for the implementation of machine learning algorithms. All
experiments were conducted on a Computing Machine provided by CITS,
United International University. The machine was equipped with 8 core
processors each core having a Dell R 730 Intel Xeon Processor (E5-2630 V3)
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Method Acc Sn Sp MCC auROC

Our Method 75.81% 80.60 71.00 0.519 0.822
iDNAPro-PseAAC 69.89%  77.41 62.37 0.402 0.775
iDNA-Prot 67.20% 67.70 66.70 0.344 NA
DNA-Prot 61.80% 69.90 53.80 0.240 NA
DNAbinder 60.80%  57.00 64.50 0.216 0.607
DNABIND 67.70%  66.70 68.80 0.355 0.694
DNA-Threader 59.70%  23.70 95.70 0.279 NA

Table 4.3: Comparison of the results obtained by our method and the other
methods on the independent dataset. The results of iDNAPro-PseAAC
[6], iDNA-Prot [7], DNA-Prot [8], DNAbinder [9], DNABIND [10], DNA-
Threader [11],and DBPPred[I1] were obtained from[I2]. '"NA’ represents the
unreported values.

Method Acc Sn Sp MCC auROC
Our method 77.76% 778 777 0.55 0.778
iDNAPro-PseAAC 76.56% 75.62 77.45 0.53 0.839

DNAbinder(dimension 21)  73.95%  68.57 79.09  0.48 0.814
DNAbinder(dimension 400)  73.58%  66.47 80.36  0.47 0.815
DNA-Protc 72.55% 82.67 59.76  0.44 0.789
iDNA-Protd 75.40% 83.81 64.73  0.50 0.761

Table 4.4: Comparison of the results obtained by our method and the other
methods on the benchmark dataset.

with 2.4 GHz speed and 18.5 GB memory. Each of the experiments were
carried 5 times and only the average is reported as results. Table contain
the list of features selected by the recursive feature elimination technique from
all the combined evolutionary and structural features. The mentioned table
contains the feature number and the feature group from where it comes.
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Method Acc Sn Sp MCC auROC

iDNAPro-PseAAC 76.76%  0.7562  0.7745 0.53 0.8392
DNAbinder (dimension 21)  73.95%  0.6857 0.7909  0.48 0.8140
DNAbinder (dimension 400) 73.58%  0.6647  0.8036 0.47 0.8150

DNA-Prot 72.55%  0.8267  0.5976 0.44 0.7890
iDNA-Prot 75.40%  0.8381  0.6473 0.50 0.7610
iDNA-Prot|dis 77.30%  0.7940  0.7527 0.54 0.8310
PseDNA-Pro 76.55%  0.7961  0.7363 0.53 -

Kmerl+ACC 75.23%  0.7676  0.7376 0.50 0.8280
Local-DPP 79.20%  0.8400  0.7450 0.59 -

iDNAProt-ES 90.18% 0.9038 0.9000 0.8036 0.9412

Table 4.5: Comparison of performance of the proposed method with other
state-of-the-art predictors using jack knife test on the benchmark dataset.

Method Acc Sn Sp MCC auROC
iDNAPro-PseAAC  69.89%  0.7741  0.6237 0.402  0.7754
iDNA-Prot 67.20% 0.6770 0.6670 0.344 -
DNA-Prot 61.80%  0.6990 0.5380  0.240 -
DNAbinder 60.80%  0.5700 0.6450 0.216  0.6070
DNABIND 67.70% 0.6670 0.6880 0.355  0.6940
DNA-Threader 59.70%  0.2370 0.9570 0.279 —
DBPPred 76.90%  0.7960 0.7420 0.538  0.7910
iDNA-Prot|dis 72.00%  0.7950 0.6450 0.445  0.7860
Kmer14+ACC 70.96% 0.8279 0.5913 0.431  0.7520
Local-DPP 79.00% 0.9250 0.6560 0.625 -
iDNAProt-ES 80.64% 0.8131 0.8000 0.6130 0.8434

Table 4.6: Comparison of performance of the proposed method with other
state-of-the-art predictors on the independent dataset.

4.2.1 Comparison With Other Methods

To compare the performance of our predictor iDNAProt-ES with other state-
of-the-art algorithms, we first used the benchmark dataset. Using this dataset,
we performed jack knife test and report accuracy, sensitivity, specificity,
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MCC and auROC values in Table [.5] We compare the results achieved
by iDNAProt-ES with previous state-of-the-art methods in the literature:
DNABinder [9], DNA-Prot [§], iDNA-Prot [7], iDNA-Prot|dis [28], DBP-
Pred [29], iDNAPro-PseAAC [6], PseDNA-Pro [33], Kmerl+ACC [34] and
Local-DPP [30]. The results reported in this paper for these methods are
taken from [30), [6].

The best values in Table 5] are shown in bold faced font. For the bench-
mark dataset our method iDNAProt-ES significantly outperforms the pre-
vious state-of-th-art in terms of all the evaluation metrics used. Accuracy
of iDNAProt-ES is 90.18% compared to the previous best 79.20% by Local-
DPP [30]. The higher MCC value and auROC also depicts the effective ness
of our method.

To assess the performance further, we applied iDNAProt-ES on the indepen-
dent dataset introduced in [29]. Here, we used the same model trained using
iDNAProt-ES on the benchmark dataset and tested using the independent
dataset. We report the performance metrics in Table for the independent
dataset. Here too, the best values are shown in bold faced font. We could
notice that our algorithm is showing slightly better performance in terms
of accuracy and auROC compared to the other state-of-the-art algorithms.
However, the sensitivity, specificity and MCC values are not the best, but
comparable to the other methods.
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Figure 4.3: Effect of number of features selected on the accuracy on the
benchmark dataset
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Method Acc Sn Sp MCC auROC auPR

RFE 88.87% 0.8945 0.8826 0.7788 0.9391 0.8828
Tree Based Method ~ 70.93%  0.7627 0.6480 0.4196  0.7775  0.6470
Sparse Elimination 75.98%  0.7727  0.7461 0.5210  0.8308  0.7464
No Feature Selection 74.01%  0.7581  0.7211 0.4835  0.8224  0.7242

Table 4.7: Comparison of performance of different feature selection methods
on the benchmark dataset using 10-fold cross validation.

4.2.2 Effect of Feature Selection

In this section, we show the effect of the feature selection algorithm that
we used. For this experiment we used 10-fold cross validation on both of
the datasets to find the optimal set of features using recursive feature elim-
ination technique. We varied the number of features from 25---100 using
the recursive feature elimination technique for two SVM kernels: sigmoid
and linear. The highest accuracy was found when the number of reduced
features were set to 86. Figure [4.3] shows the plot of accuracy against the
number of reduced features using recursive feature selection algorithm using
two classifiers.

Color map of the rankings of the features as ranked by the RFE algorithm
is given in [4.4] This color map depicts the distribution of selected features
over all the features. Selected features include Dubchuck features, PSSM
bigram, PSSM Auto-Covariance, PSSM 1-lead bigram and PSSM segmented
distribution from the evolutionary group of features extracted for PSSM and
the rest of the features were structural features generated by SPIDER2. It
reveals the importance of both type of features: evolutionary and structural.

We then compared the performance of this feature selection technique with
other feature selection techniques: tree based method [70] and randomized
sparse elimination [71, [72] and no feature elimination. We performed 10-
fold cross validation for these experiments too and applied different feature
elimination techniques on the benchmark dataset and report the results in

Table [4.7.

Here too, we show the best values achieved in bold faced fonts. We could
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Figure 4.4: Color map showing the importance or ranking of the features
on the benchmark dataset
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Figure 4.5:  Receiver Operating Characteristic (ROC) curve of different
feature selection methods on the benchmark dataset.

easily note that recursive feature elimination technique was the best among
the feature elimination techniques that were used in the experiments. We
also show the Receiver Operating Curve (ROC) for each of these methods
for the benchmark dataset in Figure
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Figure 4.6:  Receiver Operating Characteristic (ROC) curve of different
classifiers for the benchmark dataset.

Classifier Acc Sn Sp MCC auROC auPR
SVM (linear kernel) 88.87% 0.8945 0.8826 0.7788 0.9391 0.8828
SVM (rbf kernel) 81.96%  0.8309 0.8076 0.6415 0.8866  0.8117
SVM (sigmoid kernel) 56.07%  0.5672  0.5538 0.1218  0.6010  0.5527
Random Forest 70.56%  0.7636  0.6442 0.4107  0.7881  0.6451
Naive Bayes 61.58%  0.7545  0.4692 0.2362  0.7005  0.4726
Logistic Regression 86.72%  0.8800 0.8538 0.7359  0.9359  0.8567

Table 4.8: Comparison of performance of different Classifiers on the bench-
mark dataset using 10-fold cross validation.

4.2.3 Effect of Classifier Selection

To justify the classifier selection for our algorithm, we ran another set of
experiments on the benchmark dataset using 10-fold cross validation. Sev-
eral classifiers were tested in the experiments: Support Vector Machine with
linear kernel, Support Vector Machine with RBF kernel, Support Vector Ma-
chine with sigmoid kernel, Random Forest Classifier, Naive Bayes Classifier
and Logistic Regression Classifier. The results achieved in these experiments
are shown in Table [4.8]

The best values in Table (4.8 are shown in bold faced fonts. We could see
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the SVM classifier with linear kernel outperformed all other classifiers. The
closest competitor to linear kernel was the logistics regression classifier and
the SVM with rbf kernel. We also show the ROC curve for this experiment

in Figure [4.6]

4.3 iDNAProt-ES Web Server Implementa-
tion

To make the predictor iDNAProt-ES freely available for use and test we
implemented a web server. This web application is freely available for use
from the web address http://brl.uin.ac.bd/iDNAProt-ES/. The predictor is
very easy to use and the model is trained using the benchmark dataset. To
use this site for identification of DNA-binding proteins, one has to provide
two input files: PSSM file generated by PSI-BLAST [44] and a SPD file
generated by SPIDER2 [47]. After these files are uploaded iDNAProt-ES,
will extract features and follow a similar procedure as shown in figure 3.1 A
detail guideline is provided in the website to use the predictor. Some screen

shots of the web server is given in Figure 4.7 from Figure

[ brl.uiu.ac bd/IDNAProt-E5/

;5;? iDNAProt-ES: Identification of DNA-binding
5 Proteins Using Evolutionary and Structural
Features

Upload your two input files(PSSM and SPD3):
PSSM File: Choose File No file chosen

SPD3 File: Choose File No file chosen

Upload & Process Files | Reset

Copyright © UIU 2017

Image used from Wikipedia

Figure 4.7: Screen shot of Web-Server homepage.
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) bri uiu.acbd/IDNAProt-ES/processed-result.php

- iDNAProt-ES: Identification of DNA-binding
Proteins Using Evolutionary and Structural
Features

Results
[Protein Name |[Prediction Results I
[2L16A |DNA-Binding Protein I
Back
Copyright@2017

Image used from Wikipedia

Figure 4.8: Screen shot of Web-Server Result of positive data.

) brl uiu.ze b/ D1AP

iDNAProt-ES: Identification of DNA-binding
Proteins Using Evolutionary and Structural
Features

| Home | Readme | Data Set | Citation | Contact us |

Data Sets

Benchmark Dataset -- The dataset constructed based on the latest version of protein
Data Bank (PDB). The datasets consists of 520 DNA binding protein and 550 non DNA
binding protein. Protein sequences are selected based on some criterias i.e: Protein
length less than 50 amino acid were removed the sequence similarity less than 25%
between any two proteins were cut of by using PISCES and finally proteins are
randomly selected and combined.

Independent Dataset -- In the Independent dataset 93 proteins are DNA-binding
proteins and 93 proteins are non-DNA-binding proteins. We use the NCBIs BLASTCLUST
[22] to remove those proteins from the dataset that have more than 25% sequence
identity to any proteln within a same subset of the PDB186 dataset to avoid the
homology bias.

Copyright © UIU 2017
mage used from Wikipedia

Figure 4.9: Screen shot of Web-Server Datasets.

Data and Material Availability

All the data and materials used in this paper are available at: http://brl.uiu.ac.bd /iDNAProt-
ES/.
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[ brl.uiu & b/ DNAProf

"~ IDNAProt-ES: Identification of DNA-binding
Proteins Using Evolutionary and Structural
Features

Guide

Step 1. Open the web-server by clicking the link at htp:/brl.uiu.ac bd/ilDNAProt-ES/ and you will see
the web-server. Click on the link of Readme to see a brief introduction about the server.

Step 2. Choose two files. One is PSSM and other is SPD3. You may get sample pssm and sample
spd3

« How to produce PSSM: Use PSI-BLAST from https:/blast.nchinim.nih.gov/ to generate PSSM
using threshold 0.003 and 3 iterations.

« How to produce spd: Use SPIDER? from hitp://sparks-lab.org/server/SPIDER2/
Step 3. Click on the Upload & Process Files button to upload the files in the server and to see the

predicted results.After processing you will see on your screen that the predicted resuits for the
proteins are DNA-binding Protein, and the others are Non DNA-binding Protein.

Copyright © UIU 2017

Image used flom Wikipedia

Figure 4.10: Screen shot of Web-Server Guide or Readme.

03 brl uiu.ac.bd/DNAProt-ES citation

DNAProt-ES: Identification of DNA-binding
Proteins Using Evolutionary and Structural
Features

| Home | Readme | Data Set | Citation | Contact us |

Citation

Please cite the following paper when using the server and data at this
website:

Shahana Yasmin chowdhury, Swakkhar Shatabda and Abdollah
Dehzangi. IDNAProt-ES: Identification of DNA-binding Proteins Using
Evolutionary and Structural Features.

Copyright © UIU 2017

Image used from Wikipeda

Figure 4.11: Screen shot of Journal citation.
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Chapter 5

Conclusion & Future Research

5.1 Summary

In this paper, we present iDNAProt-ES, a novel prediction method for identi-
fication of DNA-binding proteins. We have used evolutionary and structural
features for the classification extracted from PSSM files and SPD files gen-
erated by PSI-BLAST and SPIDER2 respectively. We also used recursive
feature elimination to select an optimal set of features. The final model for
prediction was developed using Support Vector Machine (SVM) with linear
kernel. iDNAProt-ES was tested on a standard benchmark dataset and an in-
dependent dataset and achieved significantly improved results on both of the
datasets. The method is freely available for use at: http://brl.uin.ac.bd /iDNAProt-
ES/.

The superiority of iDNAProt-ES was clearly noticeable in the experiments
done in this study. The insights gained from this study are not limited to
the iDNAProt-ES but could be applied to other DNA-protein interaction
researches.
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5.2 Limitations

Generally non-DNA-binding proteins dominate in a proteomes. So there is
a chance to preferred to have high specificity to avoid over-predicting DNA-
binding proteins for real-world applications. Though we have address this
issue but it’s not solve in our study.

In our experimental result, for the independent dataset on different our
method iDNAProt-ES shows the best prediction performance 80.64%. Though
the AUC gives the higher result, but other metrics such as sensitivity(Sn),
specificity (Sp) and MCC is not the best in any of them in the same test.

5.3 Future Work

In future, we wish to update the prediction method by incorporating an
enhanced dataset. In practice, we know that the number of negative samples
are much higher than that of the positive samples. Therefore, an enhanced
dataset with balancing methods could further enhance the performance of
the predictor.
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Appendix A

Appendix A

SL No. | Feature Number | Feature Group
1 attribute 8 Amino Acid Composition
2 attribute 23 Dubchak
3 attribute 29 Dubchak
4 attribute 33 Dubchak
5 attribute 40 Dubchak
6 attribute 42 Dubchak
7 attribute 44 Dubchak
8 attribute 46 Dubchak
9 attribute 51 Dubchak
10 attribute 52 Dubchak
11 attribute 67 Dubchak
12 attribute 68 Dubchak
13 attribute 71 Dubchak
14 attribute 86 Dubchak
15 attribute 87 Dubchak
16 attribute 92 Dubchak
17 attribute 95 Dubchak
18 attribute 97 Dubchak
19 attribute 107 Dubchak
20 attribute 114 Dubchak
21 attribute 115 Dubchak
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22 attribute 116 Dubchak

23 attribute 127 Dubchak

24 attribute 539 PSSM Composition

25 attribute 773 PSSM 1 Lead Bigram

26 attribute 1088 PSSM 1 Lead Bigram

27 attribute 1224 PSSM Segmented Distrubution
28 attribute 1354 Angle Bigram

29 attribute 1355 Angle Bigram

30 attribute 1359 Angle Bigram

31 attribute 1449 ASA Occurance

32 attribute 1455 ASA Occurance

33 attribute 1511 Probabilities Auto Convariance
34 attribute 1513 Probabilities Auto Convariance
35 attribute 1515 Probabilities Auto Convariance
36 attribute 1538 Probabilities Auto Convariance

Table A.1: Reduced set of 36 features: Produced by using

GreedyStepWise Search
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Appendix B

Appendix B

SL No | Feature Number | Feature Group
1 attribute 8 Amino Acid Composition
2 attribute 13 Amino Acid Composition
3 attribute 23 Dubchak

4 attribute 24 Dubchak

5 attribute 29 Dubchak

6 attribute 33 Dubchak

7 attribute 35 Dubchak

8 attribute 36 Dubchak

9 attribute 40 Dubchak

10 attribute 41 Dubchak

11 attribute 42 Dubchak

12 attribute 44 Dubchak

13 attribute 51 Dubchak

14 attribute 52 Dubchak

15 attribute 53 Dubchak

16 attribute 55 Dubchak

17 attribute 67 Dubchak

18 attribute 68 Dubchak

19 attribute 71 Dubchak

20 attribute 85 Dubchak

21 attribute 86 Dubchak
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22 attribute 87 Dubchak

23 attribute 88 Dubchak

24 attribute 89 Dubchak

25 attribute 92 Dubchak

26 attribute 95 Dubchak

27 attribute 97 Dubchak

28 attribute 107 Dubchak

29 attribute 114 Dubchak

30 attribute 115 Dubchak

31 attribute 116 Dubchak

32 attribute 122 Dubchak

33 attribute 127 Dubchak

34 attribute 353 PSSM Bigram

35 attribute 539 PSSM Composition

36 attribute 773 PSSM 1 Lead Bigram

37 attribute 1088 PSSM 1 Lead Bigram

38 attribute 1224 PSSM Segmented Distrubution
39 attribute 1354 Angle Bigram

40 attribute 1355 Angle Bigram

41 attribute 1359 Angle Bigram

42 attribute 1387 Angle Bigram

43 attribute 1407 Angle Bigram

44 attribute 1440 Angle Auto Covariance

45 attribute 1448 Angle Auto Covariance

46 attribute 1449 Angle Auto Covariance

47 attribute 1453 Angle Auto Covariance

48 attribute 1455 Angle Auto Covariance

49 attribute 1457 Angle Auto Covariance

50 attribute 1511 Probabilities Auto Convariance
51 attribute 1513 Probabilities Auto Convariance
52 attribute 1515 Probabilities Auto Convariance
53 attribute 1538 Probabilities Auto Convariance

Table B.1:  Reduced set of 53 features: Produced by
using BestFirst Search
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Appendix C

Appendix C
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22 Feature_386 PSSM Bigram

23 Feature_393 PSSM Bigram

24 Feature_427 PSSM Bigram

25 Feature_444 PSSM Bigram

26 Feature_459 PSSM Bigram

27 Feature 475 PSSM Bigram

28 Feature 479 PSSM Bigram

29 Feature_496 PSSM Bigram

30 Feature_522 PSSM Bigram

31 Feature_574 PSSM Auto-Covariance
32 Feature 577 PSSM Auto-Covariance
33 Feature_590 PSSM Auto-Covariance
34 Feature_593 PSSM Auto-Covariance
35 Feature_601 PSSM Auto-Covariance
36 Feature_610 PSSM Auto-Covariance
37 Feature_622 PSSM Auto-Covariance
38 Feature_640 PSSM Auto-Covariance
39 Feature_641 PSSM Auto-Covariance
40 Feature_666 PSSM Auto-Covariance
41 Feature_690 PSSM Auto-Covariance
42 Feature_694 PSSM Auto-Covariance
43 Feature_703 PSSM Auto-Covariance
44 Feature_714 PSSM Auto-Covariance
45 Feature_736 PSSM Auto-Covariance
46 Feature_742 PSSM Auto-Covariance
47 Feature_754 PSSM 1-lead Bigram
48 Feature_767 PSSM 1-lead Bigram
49 Feature 775 PSSM 1-lead Bigram
50 Feature_799 PSSM 1-lead Bigram
o1 Feature_808 PSSM 1-lead Bigram
52 Feature_815 PSSM 1-lead Bigram
53 Feature_858 PSSM 1-lead Bigram
54 Feature_862 PSSM 1-lead Bigram
55 Feature_ 908 PSSM 1-lead Bigram
56 Feature 911 PSSM 1-lead Bigram
o7 Feature 928 PSSM 1-lead Bigram
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o8

Feature_946

PSSM 1-lead Bigram

29

Feature_951

PSSM 1-lead Bigram

60

Feature_ 974

PSSM 1-lead Bigram

61

Feature_992

PSSM 1-lead Bigram

62

Feature_1004

PSSM 1-lead Bigram

63

Feature_1029

PSSM 1-lead Bigram

64

Feature_1040

PSSM 1-lead Bigram

65

Feature_1064

PSSM Segmented Distribution

66

Feature_1075

PSSM Segmented Distribution

67

Feature_1089

PSSM Segmented Distribution

68

Feature_1090

PSSM Segmented Distribution

69

Feature_1094

PSSM Segmented Distribution

70

Feature_1104

PSSM Segmented Distribution

71

Feature_1119

PSSM Segmented Distribution

72

Feature_1131

PSSM Segmented Distribution

73

Feature_1134

PSSM Segmented Distribution

74

Feature_1219

PSSM Segmented Distribution

1)

Feature_1273

PSSM Segmented Distribution

76

Feature_1283

PSSM Segmented Distribution

7

Feature_1308

PSSM Segmented Distribution

78

Feature_1373

Angles Bigram

79

Feature_1376

Angles Bigram

30

Feature_1386

Angles Bigram

81

Feature_1392

Angles Bigram

82

Feature_1393

Angles Bigram

83

Feature_1486

Angles Auto-Covariance

84

Feature_1519

Probabilities Auto-Covariance

85

Feature_1528

Probabilities Auto-Covariance

86

Feature_1537

Probabilities Auto-Covariance

Table C.1: The list of features selected by the Recursive
Feature Elimination (RFE) technique.
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