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Abstract

Antimicrobial peptides (AMPSs) play a key role in the innateniome response. They can be ubiquitously
found in a wide range of eukaryotes including mammals, amphibians, insects, plants, and protozoa. In
lower organisms, AMPs function merely as antibiotics by permeabilizing cell membranes and lysing in-
vading microbes. Prediction of antimicrobial peptides is important because experimental methods used
in characterizing AMPs are costly, time consuming and resource intensive and identification of AMPs in
insects can serve as a template for the design of novel antibiotic. In order to fulfil this, firstly, data on
antimicrobial peptides is extracted from UniProt, manually curated and stored into a centralized database
called dragon antimicrobial peptide database (DAMPD). Secondly, based on the curated data, models to
predict antimicrobial peptides are created using support vector machine with optimized hyperparameters.
In particular, global optimization methods such as grid search, pattern search and derivative-free methods
are utilised to optimize the SVM hyperparameters. These models are useful in characterizing unknown
antimicrobial peptides. Finally, a webserver is created that will be used to predict antimicrobial peptides

in haemotophagous insects suchzdgssina morsitaandAnopheles gambiae

Keywords: antimicrobial peptides, innate immune, machine learning, pattern search, simulated annealing,

support vector machine, global optimization, database, in€ta$sina morsistan
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Chapter 1

| ntroduction

Multicellular organisms defend themselves against invasion by pathogens by mounting immune responses.
An immune system is a network of cells, tissues and organs that work together to defend the organism
against attacks by microbes and is divided into two categories namely adaptive immunity and innate im-

munity (Brahmachary et al., 2004).

Adaptive immunity refers to antigen-dependent immune response. The exposure in adaptive immunity
results in immunology memory and there is a lag time between exposure and maximal response. The
receptors in adaptive immunity recognize a particular part of the an antigen (epitope) to which an antibody
binds. On the other hand, innate immunity refers to nonspecific defense mechanisms that come into
play immediately after the appearance of an antigen in the body. The response of innate immunity is
immediate, antigen-independent and the repercussion of the exposure is immunologically memoryless.
The receptors in innate immunity have a broad specificity i.e., recognize many related molecular structures
called pathogen associated molecular patterns (PAMPs). PAMPs are polysaccharides that vary little from
one pathogen to another but are not found in the host. The defense mechanism in innate immunity involves
physical, chemical and cellular approaches such as the use of antimicrobial peptides, phagocytosis and
melanization (Yassine and Osta, 2010). All metazoans have inborn defense mechanisms that constitute
innate immunity. Vertebrates have not only innate immunity but also an adaptive immunity (Steiner et al.,

1981).

Antimicrobial peptides (AMPSs) is a subset of proteins that plays an essential role in an innate immunity
system. They are the first line of defense and widely distributed in plants, invertebrates and vertebrates

and show activity against a broad spectrum of pathogens. They have antibacterial, antifungal, antiviral
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and even antiprotozoal activities. Their resistance toqeghs has certainly contributed to their diversity

and survival. Many similar AMPs have been identified from different organisms, proving their evolution-
ary importance in the defense mechanism. They are mostly cationic (positively charged), however there
are examples of anionic peptides which also kill pathogens. Examples of cationic AMPs include but not
restricted to cecropin, andropin, drosocin, metchnikowin, attacin, abaediefensin,S-defensin, penaei-

din, drosomycin and gambicin. On other hand, maximins, dermicidin enkelytin, lactoferrin, hemocyanin,
N-s-alanyl-5-S-glutathionyl-3,4-dihydroxyphenylalanine are examples of non-cationic AMPs (Vizioli and
Salzet, 2002). The antimicrobial peptides selectively target the microbial membrane and takes advantage of
the inherent difference between microbial cell membrane and multicellular plants and animals. The outer
membrane of the microbe is composed of negatively charged phospholipids, whereas the outer membrane

of plant and animal is populated with neutral lipids (Zasloff, 2002).

Antimicrobial peptides have 50% hydrophobic residues within a peptide and this feature enhances
membrane permeabilization of the microbial. They are usually less than 100 amino acid residues in length
(Hancock and Diamond, 2000). Many of these peptides are gene-encoded and synthesized by ribosomes
(Tossi et al., 2002) though some are derived as cleaved sections from larger proteins such as lactoferrin
(Bellamy et al., 1992) and buforin Il from histone 2A (Park et al., 1998). Most of AMPs are generated
from larger precursors that include a signal portion. They undergo post-translational modifications that
involve proteolytic processing such as glycosylation (Bulet et al., 1993), carboxyl terminal amidation and

amino-acid isomerization and halogenation (Zasloff, 2002).

These peptides are known to be so diverse that the same peptide sequence is rarely recovered from
two different species of animal, even those closely related (Maxwell et al., 2003). Exceptions include
peptides cleaved from highly conserved proteins, such as buforin Il (Zasloff, 2002). However, within the
antimicrobial peptides from a single species, and between certain classes of different peptides from diverse
species, significant conservation of amino-acid sequences can be recognized in the pre-proregion of the
precursor molecules (Simmaco et al., 1998). This suggests that the pre-proregion is probably conserved, as
they are involved in secretion and intracellular trafficking of the peptide. The precursor molecule consists
of the pre-proregion (signal peptides and preprotein sequences) and the matured peptides. It is in the
mature peptide sequence that results in diversity in the AMPs structure and functions. The highly diverse
nature of antimicrobial peptides arises from the need of each organism to adapt and survive in different
microbial environments. Hence, even single mutations can dramatically alter the biological activity of

these peptides (Boman, 2000).
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This research is concerned with the characterization ofréeribbial peptides using machine learning.
A number of methods have been implemented to characterize AMP by either using experimental or com-
putational approaches. We will review these approaches later in the chapter. In the next section, we will

present the biophysical properties, mode of action of AMPs and application of AMPs in medicine.

1.1 Biophysical characteristics of antimicrobial peptide activity

Despite the diversity of antimicrobial peptides in various organisms, many of them share common bio-
physical properties that endow them with the power to attack the microbial target. These properties in-
clude amphipathicity, charge (cationicity), hydrophobicity and conformation. We discuss these properties

separately though they function holistically (Yount et al., 2006).

o Amphipathicity ( A): Amphipathicity is a measure of abundance of hydrophobic and hydrophilic
domains in a protein and is calculated using a hydrophobic moméni) (Amphipathicity enables

permeabilization of the peptide against the microbial target (Yeaman and Yount, 2003).

e Charge (Q): Many of the antimicrobial peptides are cationic with a net positive charge ranging
from +2 to +9. This is due to the fact that cationic peptides are rich in positively charged residues
such as arginine and lysine. Cationicity plays an important role in the initial electrostatic attrac-
tion of antimicrobial peptides to negatively charged phospholipid membranes of bacteria and other

microorganisms (Giangaspero et al., 2001; Yeaman and Yount, 2003).

e Hydrophobicity ( H): Peptide hydrophobicity is the percentage of hydrophobic residues within
a peptide. It is on average 50% for most antimicrobial peptides. Hydrophobicity is an essential
property for antimicrobial peptide membrane interactions, as it enhances effective membrane per-
meabilization and also governs the extent to which a peptide can patrtition into the lipid bilayer of

target membranes (Yeaman and Yount, 2003).

e Conformation (x): Although antimicrobial peptides differ widely in primary sequence and source,
AMPs assume a variety of secondary structures. Majority of the peptidesHaetical and3-sheet
structures, whereas the remaining peptides can be classified as those that are enriched in one or more
amino acid residues e.g., proline-arginine or tryptophan-rich. Peptideswtitical structure and

two antiparallel3-sheets are very active (Yeaman and Yount, 2003).
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1.2 Mode of action of AMPs

Antimicrobial peptides act by targeting only the microbial membranes which have a clearcut difference
from the membranes found in multicellular animals. The outermost leaflet of the microbial membrane
bilayer, which is an exposed surface, is densely populated with lipids which have negatively charged
phospholipids head groups. In comparison, the outer leaflet of the membranes of plants and animals are
composed of neutral charged lipids (Matsuzaki, 1999). The antimicrobial interaction initially starts by
disruption of the target membranes resulting into changed membrane potential, metabolite leakage and
ultimately cell death (Carter and Hurd, 2010). Three mechanism have been proposed for antimicrobial

peptide membrane permeabilization, namely, barrel stave, carpet and torroid-pore as shown in Figure 1.1.

1.2.1 Barrel stave mechanism

In this model, the peptides bind to the membrane through electrostatic interactions. The peptides will
take up am-helical structure and grouped into bundles on the surface of the membrane. The bundles are
inserted into the membrane bilayer such that the hydrophobic peptide regions are facing the lipid core of
the membrane and the interior of the pore is formed by hydrophilic regions of the peptide. Continuous

recruitment of additional peptide monomers leads to an increase in the size of the pore, ultimately resulting
to leakage of intracellular components via these pores and subsequently leading to cell death (van 't Hof
et al., 2001). Alamenthicin peptide is an AMP that kills microbes using a barrel stave model (Brogden,

2005).

1.2.2 Toroidal pore mechanism

This model is similar to the barrel stave model, but there is no formation of bundle. Throughout the
whole process, the hydrophilic surface of the peptide is in contact with the hydrophilic head groups of the
cell membrane. The peptides and lipids bend inwards together to form well-defined pores. Examples of

peptides that employs the toroidal pore mechanism are magainin, protegrin and melittin (Brogden, 2005).
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1.2.3 Carpet mechanism

The carpet model proposes that the AMP clusters cover the surface of the membrane like a carpet. The
membrane then collapses at the point of saturation of the concentration of the AMPs. Within a short span
of time, wormholes are formed all over the membrane leading to an abrupt lysis of the microbial cell. The
lipid layer bends back on itself like the inside of a torus. The lateral expansions in the polar head group
region of the bilayer are filled up by individual peptide molecules (Shai, 2002). This model has been the

proposed mechanism for dermaseptin, cecropin, melittin, caerin and olispirin (Brogden, 2005).

Inner membrane

(a) Barrel/Stave mechanism (b) Torroidal pore (c) Carpet mechanism
TRENDS in Parasitology

Figure 1.1: Mechanism of peptide action.The three main motlastion for peptide interaction with target membranes are: (a)

Barrel stave. (b) Torroidal pore. (c) Carpet mechanism (Carter and Hurd, 2010).

1.3 Approaches to characterize AMPs

Antimicrobial peptides have either antifungal, antibacterial, antiviral or antiprotozoal activities. The de-
termination of the activities of an antimicrobial peptide can be assayed in vivo or prettietéido, i.e.,

classified into experimental approaches and computational approaches.

Experimental approaches for determining antimicrobial peptide activity include microscopy, floures-
cent dyes, ion channel formation, circular dichroism and oriented circular dichroism, solid-state NMR
spectroscopy and neutron diffraction. Microscopy is used to visualize the effects of antimicrobial pep-
tides on microbial cells. Fluorescent dyes measures the extent at which antimicrobial peptides perme-
abilize membrane vesicles of microbial targets. lon channel formation assess the formation and stability
of an antimicrobial peptide induced pore. Circular dichroism and orientated circular dichroism measures
the orientation and secondary structure of an antimicrobial peptide bound to a lipid bilayer. Solid-state

NMR spectroscopy measures the secondary structure, orientation and penetration of antimicrobial peptides
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into lipid bilayers. Finally, neutron diffraction quantifiehe diffraction patterns of peptide-induced pores
within membranes in oriented multilayers or liquids (Brogden, 2005). Although, experimental methods
are getting more sophisticated to determine the antimicrobial peptide activities, computational methods
take important precedence because of their inherent advantages. Currently, computational methods not
only work as necessary supplements for experimental methods but also work as validation methods to
remove false positive antimicrobial peptides verified through experimental approaches. Computational
methods can be categorised using different approaches. These approaches include similarity search based
techniques BLAST (Altschul et al., 1990) and PSI-BLAST (Altschul et al., 1997), profile search meth-
ods (profile hidden Markov model) and multivariate classification methods. Both similarity and profile
search methods fail to predict new protein when query protein does not have significant similarity with
the database proteins. In order to overcome this problem, we developed a support vector machine (SVM)
based prediction method in this thesis. The machine learning technique called SVM was used because it
extract complex patterns from biological sequence data. These techniques are highly successful for residue
state prediction where fixed pattern length is used (Yang, 2004). In addition, SVM gives the best predic-
tion performance because SVMs are designed to maximize the margin to separate two classed so that the
trained model generalizes well on unseen data. Nonetheless, SVMs are able to minimize the structural
risk by finding a unique hyperplane with maximum margin to separate the data from two classes. Because
of this, SVM classifiers provide the best generalized ability to classified unseen data compared with oter

classifiers (Yang, 2004).

1.4 Classification paradigm

Classification is an important research area. Itinvolves classifying samples according to a multivariate data
by assigning each one of them a defined class. The objective in classification is to infer a classification rule
from a sample of labelled training examples so that it classifies new examples with high accuracy. More

formally, the classifie€ is given a training sample-ain of n examples, i.e.,

(:_C)layl)> a(fnayn) (ll)

drawn independently and identically distributed (i.i.d). Each example consists of the v&etod the
class labely. The vector? describes the problem. The form of the class label depends on the type of

classification task, and is divided into two main groups namely single-label classification and multi-label



1.4 Classification paradigm 7

classification (Joachims, 1998).

Single-label classification is concerned with learning from a set of examples that are associated with a
single label from a set of disjoint label&, where|L| > 1. If |L| = 2, then the learning problem is called
a binary classification problem while if.| > 2, then it is called a multi-class classification problem. In
binary classification, there are exactly two classes. For example, these two classes can be "normal” and ”
abnormal“. This implies that the class lahehas only two possible values. For notational convenience,
let these values be +1 and -1. $o= {—1,+1}. Example of binary classification include but are not
restricted to classification of drug-likeness and agrochemical-likeness for a large compound collections
(Zernov et al., 2003), classification of HIV-1 coreceptor usage i.e., CCR5 or CXCR4 which is useful in
developing novel drug class of coreceptor antagonists (Sander et al., 2007). On the other hand multi-class
classification involves more than two classes. For example, classifying unknown protein to one out of the
ten protein families. This means that the class lapehn assume 10, or in generatlifferent values.
So without loss of generality; € 1,- - ,{. The reduction of a multi-class problem intdinary tasks is
often called a one-versus-rest (OVR) strategy. In OVR, the simplest approach is to reduce the problem of
classifying among: classes intd binary problems, where each problem discriminates a given class from
the otherk — 1 classes (Statnikov et al., 2005). For this approach, we reglineary classifiers, where the
k™ classifier is trained with positive examples belonging to the dtamsd negative examples belonging
to the otherk — 1 classes. When testing an unknown example, the classifier producing the maximum
output is considered the winner, and this class label is assigned to that example. Another multi-class
approach is all-versus-all (AVA). In this approach, each class is compared to each other class (Statnikov
et al., 2005). A binary classifier is built to discriminate between each pair of classes, while discarding
the rest of the classes. This requires buildﬁtﬁéz_—l) binary classifiers. In testing a new example, a
voting is performed among the classifiers and the class with the maximum number of votes wins. Multi-
class classification as been used to classify microarray gene expression for cancer diagnosis (Statnikov
et al., 2005) and classification of diabetic retinopathy stages into normal retina, non-proliferative diabetic
retinopathy, proliferative diabetic retinopathy and macular edema (Acharya et al., 2011). In addition, it as

been implemented to identify the states of histidines and cysteines (Passerini et al., 2006).

In multi-label classification, the examples are associated with a set of [EbélsL. Unlike in the
single-label case, there is no one-to-one correspondence between class and examples in multi-label clas-
sification. Instead, for a fixed numbegiof categories, each example can be in multiple, exactly one or

no category at all. For example, in medical diagnosis, a patient may belong to more than one conceptual



1.5 Rationale of the thesis 8

class. For example, a patient may be suffering from diabetésih blood pressure. Example of multi-
label classification include predicting gene function using hierarchical multi-label decision tree ensembles
(Schietgat et al., 2010), hierarchical multi-label prediction of gene function (Barutcuoglu et al., 2006) and

multi-label literature classification based on the gene ontology graph (Jin et al., 2008).

Multivariate classification methods are divided into two main branches, namely, multivariate statis-
tics and machine learning. Multivariate statistics is where mathematical models are built to relate data to
specific patterns of interest. The main disadvantage of statistical methods is that they are too restrictive
and they rely on strict assumptions about the data being analysed. In particular, statistical methods tend
to be tailored to modelling linear relationships. As opposed to these methods, machine learning simply
learn a mathematical relationship that relates one set of data (the inputs) to another (the outputs). They
are not statistically based and make no assumption about the data being analysed. For this reason, in this
thesis, we concentrate on machine learning methods, especially support vector machine with hybridized
optimization methods. Examples of multivariate statistics methods inélutEarest neighbour approach
(Korn et al., 2007), linear discriminant analysis (Ye et al., 2005), principal component analysis (Tipping
and Bishop, 1999), Naive Bayes (Zhang et al., 2005), logistic regression (Popescul et al., 2003) random
forest (Breiman, 2001). Examples of machine learning methods include artificial neural networks (Simp-

son, 1990) and support vector machines (Boser et al., 1992; Vapnik, 2000).

1.5 Rationale of the thesis

The rationale of the thesis derives from the following gaps in the literature, that is,

e The number of uncurated antimicrobial peptides is increasing and therefore there is need to clean and
store these peptides. Efforts has been made to create AMP database to act as a repository for AMPSs.
Some of these databases on AMPs include APD (Wang et al., 2009; Wang and Wang, 2004), AMSdb
(http:/imvww.bbem.units.it/ tossi/famsdb.html), bactibase (Hammami et al., 2009, 2007) and defensin
knowledgebase (Seebah et al., 2007; Verma et al., 2007), ANTIMIC (Brahmachary et al., 2004),
PenBase (Gueguen et al., 2006), peptaibol (Whitmore et al., 2003), SAPD (Wade and Englund,
2002), AMPer (Fjell et al., 2007), BAGEL (de Jong et al., 2010, 2006) CAMP (Thomas et al., 2010)
CyBase (Mulvenna et al., 2006; Wang et al., 2008a) and PhytAMP (Hammami et al., 2009). These
databases have some inherent limitations. Firstly, some of the AMP databases are specialized such

as PenBase (penaedin), Cybase (cyclic protein), BAGEL (bacteriocin) and efensin knowledgebase
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(defensin). Secondly, they contain few analytical toolsitbia the analysis of AMPs. Thirdly,
these databases are not updated on a regular basis. Lastly, they do not contain curated data on
experimentally validated AMPs, for example, CAMP contains experimental AMPs, where some of

them contain antitumor activities.

e Several computational approaches have been implemented to classify or rather characterize novel
antimicrobial peptides from protein sequences. Recently, random forest, SVM and discriminant
analysis has been applied in predicting antimicrobial peptides (Thomas et al., 2010). Artificial Neu-
ral Networks (ANN), Quantitative Matrices (QM) and Support Vector Machines (SVM) has been
designed to predict antibacterial peptides (Lata et al., 2010, 2007). Quadratic discriminant analysis
was used in classification of antimicrobial peptides using diversity measure with quadratic discrim-
inant analysis (Chen and Luo, 2009). Fourier transform based method with property based coding
strategy could be used to scan the peptide space for discovering new potential antimicrobial peptides
(Nagarajan et al., 2006). Decision trees have been developed in for classification of antimicrobial

peptides (Lee et al., 2004).

e Characterization of antimicrobial peptides in most of the insects have been well experimented and
documented. However, there is less characterization of AMPs in the ongoing genoBledsina
morsitans(Tsetse fly) (Hu and Aksoy, 2005; Wang et al., 2008b). Tsetse flies are the medically and
agriculturally important vectors of African trypanosomes. Nevertheless, no resource exist to predict

antimicrobial peptides with statistical confidence measure in haemotophagous insect.

In order to fill these gaps, we have made a first step towards extracting and curating antimicrobial pep-
tide sequences into a centralized database. This forms a basis for further analysis. Information gained from
such analysis is useful for developing models for predicting novel antimicrobial sequences. In summary,

the objectives of the thesis is to:
1. build a database of antimicrobial peptides with integrated query, extraction and sequence analysis
tools,

2. design a methodology for predicting families of antimicrobial peptides using hybrid of SVM, pattern

search and derivative-free simulated annealing method, and

3. create a web server for predicting antimicrobial peptides in haemotophagous (blood feeding insects),

coupled with statistical confidence measure.
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1.6 The structure of the thesis

The rest of the thesis is organized as follows. Chapter 2, presents the database for antimicrobial peptides

termed as Dragon Antimicrobial Peptide Database (DAMPD).

Chapter 3 proposes two new hybrid methods to predict AMPs. This methods are based on the pattern
search method and the simulated annealing method for optimizing the hyperparameters of the support

vector machine.

Chapter 4 implements a specialized webserver called HAPP which is based on support vector machine
to predict antimicrobial peptides in insects. We also discuss methodology for complementing SVM scores

with statistical confidence measure, which forms the heart of this chapter.

Chapter 5 summarizes the work in this thesis and propose further avenues to extend and enhance this
research. Finally, we give a description of the pattern search method, grid search method, keyword for

negative set and feature indices in the appendices.

Chapter 2, 3 and 4 are in the process of being submitted to scholarly journals. In addition, the work

presented in this thesis has been presented in the following workshop and conferences:

Oral presentation on DAD: A database of antimicrobial peptidscond Southern African Bioin-

formatics Workshop held in Johanneshuighhanesburg, South Africa, 2009.

e Poster onn-silico prediction of antimicrobial peptides in Tsetse fly using profile hidden Markov
model and support vector machinédSCB Africa ASBCB joint conference on Bioinformatics of

Infectious DiseasefBamako, Mali, 2009.

e Oral presentation on Dragon antimicrobial peptide database: A collection of manually curated an-

timicrobial peptides22™? International CODATA Conferengc&outh Africa, Stellenbosch, 2010.

e Poster on Happ: Haemotophagous antimicrobial peptide predi8i©B Africa ASBCB Conference

on Bioinformatics Cape Town, South Africa, 2011.



Chapter 2

Antimicrobial peptide database: A
collection of manually curated

antimicrobial peptides

Abstract

Background: Antimicrobial peptides (Amps) are important components of the innate immune system widely
distributed in prokaryote and eukaryotes. The interest in (AMPS) is increasing due to an increased tolerance of
pathogens to conventional antibiotics.

Methods: The number of AMPs in public databases are not highly curated. In this study, over 4000 AMPs are
extracted from UniProt and these peptides are manually curated.

Description: Manually curated 1232 experimentally validated AMPs are contained in the database. An integrated
online user interface allows for querying along six search possibilities (taxonomy, species, family, citation, keyword
and advance search). Tools such as BLAST, Clustalww, HMMER, hydrocalculator, SignalP, and Graphical views
are integrated into the database to augment biological analysis of AMPs. The resulting database is called DAMPD.
Conclusion: This resource will serve as a useful complement to the existing public resources and as a good start-
ing point for researchers interested in AMPs. DAMPD is freely accessible to academic and non-profit users at

http://apps.sanbi.ac.za/dampd. DAMPD will be updated twice a year.

11
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2.1 Introduction

Antimicrobial peptides (AMPs) are known for their significant role in the innate immune defense for all
species of life. AMPs are found in eukaryotes, including mammals, amphibians, insects and plants, as
well as in prokaryotes (Cole and Ganz, 2000; Garcia-Olmedo et al., 1998; Hancock and Diamond, 2000;
Hoffmann and Hetru, 1992; Lehrer and Ganz, 2002; Rinaldi, 2002). A range of properties have been
reported for AMPs including signaling molecular activity, low toxicity to mammals, broad target spectrum,
and they may represent natural templates for anti-infectious agents in humans, since many microbes are
showing resistance to current antibiotics (Hancock and Lehrer, 1998; Kamysz et al., 2003; van 't Hof
et al., 2001). Microbial resistance to AMPs is highly reduced, as it would prove considerably difficult
for microbes to modify their cell wall composition or each of the multiple targets of AMPs. Apart from
naturally occurring AMPs, the design of novel peptides is receiving increased attention. The synthetic

peptides are designed to have specific and enhanced activity in combating infectious agents.

AMPs vary in their mode of action as well as their biological activity. AMPs can cause cell death either
by disruption of the microbial cell membrane, inhibiting extracellular polymer synthesis or intracellular
functions (Hancock and Diamond, 2000). Studies on AMPs have shown that they are mostly cationic with
length ranging from 6 to 100 amino acids with a few exceptions like maximin H5, dermcidin and enkelytin
that has been shown to be anionic in nature (Brogden, 2005). AMPs also exhibit a high composition of
hydrophobic residues. The majority of AMPs are amphipathic in nature with hydrophilic domain on one
side and hydrophobic domain on the other. (Yeaman and Yount, 2003). It is proposed that the interaction
of AMPs with the microbial cell membranes leading to cell permeation and lysis, can be attributed to their

positive charge, hydrophobic nature and amphipathicity (Yeaman and Yount, 2003; Zasloff, 2002).

The number of uncurated antimicrobial peptides is increasing and therefore there is need to clean
and store these peptides. Efforts has been made to create AMP database to act as a repository for
AMPs. Some of these databases on AMPs include APD (Wang et al., 2009; Wang and Wang, 2004),
AMSdb (http://www.bbcm.units.it/ tossi/famsdb.html), bactibase (Hammami et al., 2009, 2007) and de-
fensin knowledgebase (Seebah et al., 2007; Verma et al., 2007), ANTIMIC (Brahmachary et al., 2004),
PenBase (Gueguen et al., 2006), peptaibol (Whitmore et al., 2003), SAPD (Wade and Englund, 2002),
AMPer (Fjell et al., 2007), BAGEL (de Jong et al., 2010, 2006) CAMP (Thomas et al., 2010) CyBase
(Mulvenna et al., 2006; Wang et al., 2008a) and PhytAMP (Hammami et al., 2009). These databases

have some inherent limitations. Firstly, some of the AMP databases are specialized such as PenBase (pe-
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naedin), Cybase (cyclic protein), BAGEL (bacteriocin) afehsin knowledgebase (defensin). Secondly,
they contain few analytical tools to aid in the analysis of AMPs. Thirdly, this databases are not updated on
a regular basis. Lastly, they do not contain curated data on experimentally validated AMPs, for example,
CAMP contains experimental AMPs, where some of them contain antitumor activities. For these reason, a
DragonAntiMicrobial PeptideDatabase (DAMPD) is created. Itis a comprehensive and manually curated

database of experimentally verified AMPs coupled with analytical bioinformatics tools.

This chapter is organized as follows: Section 2.2 gives the description of the database. Section 2.3
presents the methodology employed to build the database. Finally, future work and conclusion are made

in section 2.4 and 2.5 respectively.

2.2 Characteristics of the Database

The DAMPD database is the most elaborate repository of experimentally validated AMPs to date that has
been manually curated. The database currently has 1232 number of entries (last upd&teaf epril,

2011), extracted from UniProt. The entries contain peptides ranging from both eukaryotic and prokaryotic
organisms. The motivation for creating the database is to get reliable data that can be used for modeling of
AMPs into their respective families. This database is useful as it will form the dataset used in the modeling
processes of chapter 3 and 4.5. In addition to the peptide information, DAMPD database has utilities
which assist in searching for AMPs such as species search, families search, taxonomy search, keyword
search, citation search and advance search. It has an integrated analytical tools such as BLAST, ClustalW,
hydrocalculator, SignalP and HMMER. These tools enhances analysis and classification of AMPs. Figure
2.1 and Table 2.1 and gives the statistics of the data stored in DAMPD database. Figure 2.1, shows
that most of the peptides have amino acid sequence length varying from 20 to 50 residues. Table 2.1
summarizes the amino acid percentages where glycine (10.44%) is most abundant amino acid followed by

leucine (9.16%).

The characteristics of the database namely, its architecture, organization, utilities, graphical views
and tools are presented in subsection 2.2.1, 2.2.2, 2.2.3 and 2.2.5 respectively. Comparison of DAMPD

database with existing databases is discussed in section 2.2.6.
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Figure 2.1: Histogram of peptide distribution in the DAMP Diatzase.

Table 2.1:Amino acid frequency in the DAMPD database

250

Amino acid Number of residues % of total residues
C (Cysteine) 213 2.63
G (Glycine) 847 10.44
P (Proline) 417 5.14
A (Alanine) 860 10.6
V (Valine) 523 6.45
L (Leucine) 743 9.16
| (Isoleucine) 396 4.88
M (Methionine) 138 1.70
F (Phenylalanine) 367 452
Y (Tryrosine) 166 2.05
W (Tryptophan) 84 1.04
H (Histidine) 229 2.82
K (Lysine) 566 6.98
R (Arginine) 396 4.88
Q (Glutamine) 330 4.07
N (Asparagine) 428 5.27
E (Glutamic acid) 298 3.67
D (Aspatic acid) 298 3.67
S (Serine) 434 5.35
T (Threonine) 381 4.70
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2.2.1 Database architecture

The dampd database is built on a linux operating system using the Apache web server, perl, python, PHP
and MySQL relational database system. This architecture is shown in Figure 2.2, where PHP retrieves

MySQL data.

Dynamic

Request

Figure 2.2: PHP retrieves MySQL data to produce Web pages.

2.2.2 Database organization

Each DAMPD entry includes a description of the sequence, i.e., the entry information, name and origin,
bibliography, comments, cross-references, DAMPD annotation and sequence information. An example of
an entry in DAMPD database is shown in Figure 2.3. The annotation of each entry in the database con-
tains the following fields. A unigue DAMPD accession number that defines each record in the DAMPD
database. Next, the protein name field gives the name of the peptide according to UniProt nomenclature.
The field Entry date identifies the date when the entry was made and the description of the protein is
given in protein description field. The organism source of AMPs can be found in the species field and its
respective taxonomy is shown in the taxonomy field. The field protein existence gives proof of protein’s
existence be it at protein level, transcript level, inferred from homology or predicted . The bibliography
field contains the literature references of the peptide in question. Relevant comments or remarks can be
found in the comment field. The field comments gives the antimicrobial activity (antifungal, antibacterial,

antiviral, antiprotozoal), subcellular location and AMP family of the peptide. In cross reference section,
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the accession number used in UniProt to identify a given prdtegether with the hyperlink of the cor-

responding entry. In addition it provides useful links such as gene ontology (GO) and, other family and
domain databases. The DAMPD curated keyword together with its reference is given in DAMPD manual
curation field. The details of the sequence regarding the features, length, information (molecular weight)
and the peptide sequence is given in the fields “features”, “length”, “sequence info” and “sequence” re-

spectively.

2.2.3 Catalogue utilities

The DAMPD database contains several catalogues and integrated tools to help in data extraction and anal-
ysis of AMP sequence. One can extract peptides from the database using the following catalogues namely,
taxonomy catalogue, species catalogue, citation catalogue, keyword catalogue, family catalogue and ad-
vance search catalogue. This catalogues have vocabulary of terms whereby the entries in the database is
retrieved. It also have additional functionality, which allows the user to choose individual entries from a
search pool. That is, after generating a search result, the user can select individual records [from the result

pool] for further processing.

In taxonomy catalogue, each peptide entry has a corresponding taxonomical classification, where each
catalogue is made up of unique classification along with its corresponding total number of peptides en-
closed in bracket. In the species catalogue, each peptide entry comes from a specific species and this is
stored with its corresponding peptide ID with its corresponding peptide ID and a catalogue is made with to-
tal numbers shown in bracket. As for keyword catalogue, one can extract peptides using certain keywords
given in the catalogue. In the family catalogue, one can search peptides using different AMPs sub-classes.
The citation catalogue traces back all database entries to the original references. It is sub-divided into title
(RA), journal (RL), author (RA) and year of publication (YR). Hence users can track the contribution of
authors of a specific sequenced peptide. In advance search catalogue, there is a selection of search terms
where the user chooses his own variable. It also allows user to query the database using field names, which
are not listed in the other catalogues. For instance, one can search the entries in the database with the term

experimental in the comment field.

2.2.4 Graphical views

The graphical views menu gives an external links to different databases of the query sequence and outputs

the results in a graphical way. It furnishes additional information regarding a particular peptide. The fol-
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DAMPD: Dragon Antimicrobial Peptide Database

Home [ SelectDB [ GraphicalViews [ Tools O Ac dgerm [ Contacts | Links | FAQ | Help)

Complete Information for DAMPD ID Number : DAMPD:889 [Click WebBrowser Back Arrow to goto previous page]

ENTRY INFORMATION

Damp Accession

Kuribor DAMPD:889

Protein_Name B1DYC RANDY

13-NOV-2007, integrated into UniProtKB/Swiss-Prot.
Entry_Date 13-NOV-2007, sequence version 1.
05-APR-2011, entry version 16.

Protein_Description RecName: Full=Brevinin-1DYc;
NAME AND ORIGIN
Gene Name Nil
Species Rana dybowskii (Dybovsky's frog) (Korean brown frog).
organelle Nil
NCBI_ID NCBI_TaxID=71582
T Eukaryota; Metazoa: Chordata; Craniata: V Euteleostomi; ia; Batrachia; Anura: Neobatrachia;
Socanonmy Ranoidea; Ranidae; Raninae; Rana: Rana.
Protein_Existence 1: Evidence at protein level

BIBLIOGRAPHY

Ret.No 1: Conion J.M., Kolodzigjek J., Nowotny N., Leprince J., Vaudry H., Coquet L., Jouenne T., lwamuro S.;, Cytolytic peptides belonging to the brevinin-1
and brevinin-2 families isolated from the skin of the Japanese brown frog, Rana dybowskil., Toxicon 50:746-756(2007)., Position : PROTEIN SEQUENCE,
FUNCTION, AND MASS SPECTROMETRY., Research Comment : TISSUE=Skin secretion, Links : PubMed=17688900 [Abstract]

DOI=10.1016/.toxicon. 2007.06.023

COMMENTS

FUNCTION: Antimicrobial peptide. Has low activity against the Gram-positive bacterium S.aureus and the Gram-negative bacterium E.coli (MIC<15 uM). Has a
strong hemolytic activity.

SUBCELLULAR LOCATION: Secreted.

TISSUE SPECIFICITY: Expressed by the skin glands.

MASS SPECTROMETRY: Mass=2274.3; Method=MALDI. Range=1-20; Source=PubMed:17688900;

SIMILARITY: Belongs to the frog skin active peptide (FSAP) family. Brevinin subfamily.

Copyrighted by the UniProt Consortium, see hitp://www.uniprot.org/terms

Distributed under the Creative Commons Attribution-NoDerivs License

CROSS REFERENCES

UniProtkB : POC5W8

* Ontologies

® Family and domain databases

DAMPD MANUAL CURATION OF Key words; Validation; Protein Existence Level

Antibacterial; Hemolytic PubMed=17688300 2
SEQUENCE DETAILS

| e el T R

LENGTH 20

INFO 20 AA; 2278 MW; B9DB856FAS52C7595 CRCE4:

SEQUENCE FLPLLLAGLP KLLCLFFKKC

South Afncan National Bioinformatics Institute © 1395 - 2011
‘OronCell © 2008 - 2011

Figure 2.3: An example of DAMPD entry

lowing graphical views are integrateBrotParamcomputes the physico-chemical properties of a peptide
sequence (Gasteiger et al., 2006hmpute PI/MWallows user to compute isoelectric point and molecular

weight (Bjellgvist et al., 1994).ProtScalegenerates a profile of each amino acid on a selected protein
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(Gasteiger et al., 2005peptideMassomputes the masses of the generated peptides and also returns the-
oretical isoelectric point and mass values for the protein of interest (Wilkins et al., 108@lideCutter
predicts potential cleavage sites cleaved by proteases on a given protein sequence (Gasteiger et al., 2005).
ModBasds a database of predicted protein structure models (Pieper et al., B8R Ta (Simple Mod-

ular Architecture Research Tool) that maps a protein sequence to its catalogue of target domains (Letunic
et al., 2009). InterPro uses a host of member databases to generate protein signatures, which are used
as a basis to identify distant relationships between potentially novel sequences (Apweiler et al., 2000).
Pfamis a database of protein family classification, protein domain data and multiple sequence alignments
generated using Hidden Markov models (Finn et al., 20P@)siteis a database, which contains descrip-
tions and documentation relating to amino acid profiles, protein domains, families and functional sites
(Sigrist et al., 2010).ProtoNetis a database of computationally derived protein structures, which have
been clustered and then hierarchically structured using data, derived from UniProt/TrEMBL (Sasson et al.,

2003).

2.2.5 Tools

The DAMPD database contains the following tools to assist in the analysis of AMP sequences, namely
BLAST (Altschul et al., 1990) and ClustalW (Thompson et al., 1994), NJplot (Perriere and Gouy, 1996),
HMMER (Eddy, 1998) and Hydrocalculator (Tossi et al., 2002) and SignalP (Bendtsen et al., 2004). They

are integrated in the system and can be accessed either from the tool page or from the catalogue results

page.

Catalogue-integrated tool

Each catalogue page (taxonomy, species etc) contains integrated tools such as BLAST, ClustalW, HM-
MER, hydrocalculator and SignalP. When the user performs a search, the result page shows the summary
of the peptides and the user can choose to analyse (using tools) the entire result set or chosen set of se-

guences from the total set.

Standalone tool

The DAMPD database tools can also operate on a standalone basis, which is located on the tool menu.
That is, the user can process sequences contained in the database or any other sequences. For example,

one can perform multiple alignment of antimicrobial sequences using ClustalW and in addition, one can
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view phylogenetic tree of the aligned sequence generatedlustaBV using NJplot. HMMER allows

user to tentatively classify unknown sequences into a particular antimicrobial family using two ways:
(i) the user can either use 27 predefined antimicrobial library of profiles or (ii) use their own generated
profiles. The physicochemical properties of the peptides such as hydrophobicity, net charge, percentage
of hydrophobic residues, mean hydrophobicity and mean hydrophobic moment can be calculated using
the hydrocalculator tool. SignalP can be used to predict the signal cleavage site of a peptide. The results
page for ClustalWw, HMMER, hydrocalculator, signalP are given in the Appendix A.1, A.2, A.3 and A.4

respectively.

2.2.6 Comparison of DAMPD database with existing databases

Several database has been created to store AMPs. For example, in APD2 (Antimicrobial Peptide Database)
(Wang et al., 2009), the quality of annotation is poor in terms of function and the database does not have
links to other databases. CAMP (collection of Anti-Microbial Peptides) database (Thomas et al., 2010)
has quite good quality of functional annotation in the entries but not all entries have been fully anno-
tated. It contains 1216 experimentally verified proteins, but at least a hundred of their entries include
proteins that are annotated wrongly, or have antitumor activities only. AMSDb (Antimicrobial Sequences
Databasehttp://www.bbcm.units.it/ ~tossi/amsdb.htmi is another simplified mini-versions of

entries found in UniProt. The number of peptide entries has not been updated for the last seven years.
There is no analytical tools in this database. Defensin knowledgebase (defensin) (Seebah et al., 2007,
Verma et al., 2007) bactibase (bacteriocin) (Hammami et al., 2009, 2007), PenBase (penaeidin) (Gueguen
et al., 2006), peptaibol Database (peptaibols) (Whitmore et al., 2003), SAPD (Synthetic Antibiotic Pep-
tides Database) (Wade and Englund, 2002), CyBase (cyclic protein) (Mulvenna et al., 2006; Wang et al.,
2008a), BAGEL (bacteriocins) (de Jong et al., 2010, 2006) and PhytAMP (plant ) (Hammami et al., 2009)
are specialised database and not regularly updated. DAMPD database is the most elaborative warehouse
of natural AMPs to date, which has been manually curated. It contains 1232 antimicrobial peptides that
have entries obtained from UniProt. The entries come from both eukaryotic and prokaryotic organisms.
Nonetheless, the database has utilities and integrated data extraction tools such as search utilities (taxon-
omy, classification, keyword, citation, families and advance search), graphical views and analytical tools.

It is updated after six months. Comparison of DAMPD database with other databases is shown in Table

2.2.
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Table 2.2:Comparison of DAMPD database with other databases

Features | Nature | # of Expt. AMPs | Search tools| Analytical tools | Graphical views | AMP Prediction

Defensin | Specific 363 Absent Absent Absent Absent

PenBase | Specific 29 Absent Absent Absent Absent

Peptaibol | Specific 317 Absent Absent Absent Absent

AMSDb | Specific 895 Absent Present Absent Absent

SAPD Specific 200 Absent Present Absent Absent

APD General 1502 Absent Present Absent Based on similarity]
approach

PhytAMP | Specific 273 Present Absent Present Based on HMM pro-
files

CAMP General 1216 Present Absent Absent Based on SVM, ran
dom forest, discrimi-
nant analysis

DAMPD | General 1232 Present Present Present Based on HMM and
SVM model

2.3 Material and methods

The Dragon antimicrobial peptide database was createdarf April, 2011 with 1232 curated AMP that
have been experimentally validated. The schematic flowchart for building the database is given in Figure
2.4. The process for obtaining the DAMPD peptides involve extraction and curation. Then the clean data

is coupled with search and analytical tools.

2.3.1 Data extraction

The raw data was retrieved from UniProt database by using the search term “antimicrobial [KW-0929]".
Entries that had been assigned either to protein existence level “evidence at protein level” or "evidence at
transcript level” were concentrated on. The extracted raw data from UniProt contains misannotation and

hence there is need to curate them.

2.3.2 Data curation

The exponential growth in the amount of biological data means that revolutionary measures are needed for
data management, analysis and accessibility. Due to rapid release of new data from genome sequencing
projects, the majority of protein sequences in public databases have not been experimentally characterized;
rather, sequences are annotated using computational analysis. The level of misannotation and the types
of misannotation in large public databases are currently unknown and have not been analyzed in depth

(Harris, 2003; Schnoes et al., 2009). For example the entries in UniProtKB should be of high quality
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Figure 2.4: Flowchart describing the procedure for DAMPD database

annotation before they are made public. However, there are mistakes and some of these include but not

limited to

e wrong keywords, e.g. antibiotic or fungicide tagged in an entry where they should not be,

e incorrect function annotation of a particular entry, and
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One strategy to correct inconsistencies and errors in datagentation is through biocuration process.
Biocuration is the activity of organizing, representing and making biological information accessible to
both humans and computers (Howe et al., 2008). For this purpose, the raw (uncurated) data extracted
from UniProt was checked manually to ensure that they have the correct annotation by searching the lit-
erature. Some of the entries extracted from UniProt have wrong annotation attached to them especially
the keyword. An example of an entry in UniProt with wrong keyword (KW) annotation is located at
http://www.uniprot.org/uniprot/P83141 . This is shown in Figure 2.5, where the KW line has the
keyword antibiotic but the function line denoted by RT only mentions activity agRingtophthora infes-
tangfungi) but mentions nothing about activity against bacteria. The RT line talks about potent antifungal
proteins, meaning that the protein has been experimented on, and the paper only proves antifungal activity
but says nothing about the antibacterial activity. Another example of an entry in UniProt with wrong func-
tion annotation is of conolysin-Mt1 peptidétip://www.uniprot.org/uniprot/POC8S6 ). This

peptide has the following error in the function tag of the entry, i.e., the curators have introduced the term

"Michael Jackson” which is not listed in the original article.

.. Intracranial injection causes mice to shuffle backward until the encounter an obstacle, at which time
the mouse jump into the air. The backward shuffle is reminiscent to the signature dance 'moonwalk’ that

gained widespread popularity after being performed by Michael Jackson

Each annotation of the raw data was verified for its antimicrobial activity using published work. The
final curated data set was used as an input for the MySQL database and the online version of the DAMPD
database was uploaded in the lintp://apps.sanbi.ac.za/dampd/ . Supplementary material on
biocuration of AMPs is found in the linkttp://apps.sanbi.ac.za/dampd/biocuration.xls
The data in the DAMPD database was complemented by additional functionalities to aid in analysis.
This include graphical views, search utilities (keyword, family, taxonomy, species, citation, advance) and
analytical tools (BLAST, ClustalW, HMMER and hydrocalculator). The process for creating the models

using HMMER s discussed in the next section 2.3.3.

2.3.3 Building HMMER profiles for prediction of AMPs

An integrated antimicrobial peptide analysis tool called HMMER is created with the objective to infer
AMP family of a query sequence. The HMMER program has three functionalities hamely hmmbuild,
hmmcalibrate and hmmsearch (Eddy, 1998). The HMMER tool has precompiled libraries of AMP family

profiles by using “HMMER: Query Profile” option. Nevertheless, user can build tailored profiles based on
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AFP1L_MALPA Reviewed; 15 AA.

P83141;

06-DEC-2002, integrated into UniProtKB/Swiss-Prot.

01-DEC-2001, sequence version 1.

05-APR-2011, entry version 25.

RecName: Full=Antifungal protein 1 large subunit;

AltName: Full=CW-1;

Flags: Fragment;

Malva parviflora (Little mallow) (Cheeseweed mallow).

Eukaryota; Viridiplantae; Streptophyta; Embryophyta; Tracheophyta;

Spermatophyta; Magnoliophyta; eudicotyledons; core eudicotyledons;

rosids; malvids; Malvales; Malvaceae; Malvoideae; Malva.

NCBI_TaxID=145753;

[1]

PROTEIN SEQUENCE, AND FUNCTION.

TISSUE=Seed;

MEDLINE=20568734; PubMed=11118343; DOI=10.1006/bbrc.2000.3997;

Wang X., Bunkers G.J.;

"Potent heterologous antifungal proteins from cheeseweed (Malva

parviflora).";

Biochem. Biophys. Res. Commun. 279:669-673(2000) .

—!—- FUNCTION: Possesses antifungal activity against P.infestans but
not F.graminearum.

—!—- SUBUNIT: Heterodimer of a large and a small subunit.

—!—- MISCELLANEOUS: Antimicrobial activity is not affected by salt
concentration.

Copyrighted by the UniProt Consortium, see http://www.uniprot.org/terms

Distributed under the Creative Commons Attribution-NoDerivs License

GO; GO:0042742; P:defense response to bacterium; IEA:UniProtKB-KW.

GO; GO:0050832; P:defense response to fungus; IDA:UniProtKB.

GO; GO:0031640; P:killing of cells of other organism; IEA:UniProtKB-KW.

GO; GO:0006805; P:xenobiotic metabolic process; IDA:UniProtKB.

1: Evidence at protein level;

Antibiotic; Antimicrobial; Direct protein sequencing; Fungicide.

CHAIN 1 >15 Antifungal protein 1 large subunit.

/FTId=PRO_0000064478.

NON_TER 15 15

SEQUENCE 15 AA; 1783 MW; 2CB3079F53CC70F9 CRC64;

VAGPFRIPPL RREFQ

their own sequences by choosing the option “HMMER: Build Profile”. HMMER profiles has been created
out of mature peptide for different families. The procedure involved in building profiles is described as

follows:

Figure 2.5: Annotation error in a peptide with accession nemi83141

e each family protein sequence are aligned using ClustalW (Thompson et al., 1994).

e build HMM profile from the aligned sequences using hmmbuild module.
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e calibrate the profile HMM using hmmcalibrate modules in order to increase sensitivity of the database

search.

The profiles from the above procedure is saved as a specific AMP family library, for example defensin.hmm,

brevinin.hmm etc.

2.3.4 Methodology for hydrocalculator tool

The hydrophobic residues are |, V, L, F, C, M, A and W. The percentage of hydrophobic residues of a
peptide sequencedy) is

Number of hydrophobic residuesdng

% of hydrophobic residues: Length of the sequendecy)

2.1)

The positively charged residues are |, V, L, F, C, M, A, W, R, H and K. The negatively charged residues
are D and E. The remaining of the 20 amino acid residues are neutral. The net @hafrgesequence is

the summation of charges of each its residues.

Hydropobicity is a fundamental attributes of amino acid residues that determines protein folding, pro-
tein subunits interactions binding to receptors and interactions of proteins and peptides with biological

membranes (Tossi et al., 2002). The mean hydrophobiéitf a sequence is given by

)
H==L (2.2)
n

where

e n is the length of the primary protein sequence,
e i thei*" amino acid

e f%(i) is the value of theé'™ amino acid of the respectivé" amino acid property,

The hydrophobic moment of a sequengg gives an indication as to how the hydrophobicities of its
constituent residues if a particular segement of the the sequences happens to be folded into particular

conformation, i,eq-helix or 5-helix. The hydrophobic moment of a sequence is given by

2
MH:{[ Z H, sin(no) Z anos(na)]} (2.3)

residuen residuen

2
+

N

where
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® > .siduen IS the summation over all residues of the sequence,
e H, is the hydrophobicity of theth residue,

e o is the angle at which successive side chains emerge from the central axis of the secondary structure

segment where = 100 for a-helix (Tossi et al., 2002).

The mean hydrophobic momentig;/sequence length.

2.4 Future work

Antimicrobial database is important for scientists in academia and industry. In order for the database
to maintain its usefulness, regular updating and data enrichment with additional information on AMP is
crucial. Nonetheless, more analytical tools inform experimentalist is needed. Therefore, some of the future

work entails:

e furnishing information on promoter and transcription of AMP immunity genes

e including robust methods such as machine learning approach to aid in classification of AMPs into

distinct families.

2.5 Summary

DAMPD is a database that has been built with the aim of making a comprehensive repository of experi-
mentally validated AMPs complemented by search and analytical tools to help in extraction and analysis
of AMPs. DAMPD has useful tools such as BLAST, ClustalW, SignalP, hydrocalculator and HMMER.

The HMMER query profile module, enables users to predict the AMP families of a query sequence. It also

assists in capturing of new peptide homologs from other public databases and laboratories.



Chapter 3

Prediction of AMPs using parameter
optimized support vector machines

Abstract

Background: Antimicrobial peptides (AMPSs) are important components of the innate immune systems of many

species. The peptides can serve as a natural templates for the design of novel antibiotics. The number of unchar-
acterized proteins are increasing, there is need to develop robust computational techniques that can be used to mine
new potential AMPs from the protein universe.

Methods: Support vector machine (SVM) is a classification technique that highly depends on certain hyperparam-
eters that affects the classification accuracy. The aim of this study is to obtain the best hyperparameter values of
SVM. In particular, three optimization methods, namely grid search (GS), pattern search (PS) and derivative-free
simulated annealing (DFSA) are used to select SVM hyperparameters, denoted by GS-SVM, PS-SVM and DFSA-
SVM respectively.

Results: The SVM models were created using two experiments, first based on the whole AMPs of a particular tax-
onomy (generalized model), second, based on family classification of each taxonomy (specialised model). Results
indicates that DFSA-SVM method was the best overall with an accuracy of 97.95% using generalized model while
PS-SVM is the overall best method with an accuracy of 99.25% using specialized model.

Conclusion: The selection of SVM hyperparameters is important in order to get useful models to predict AMPs.

Prediction of AMPs using specialized models is more robust than generalized models.

26
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3.1 Introduction

Antimicrobial peptides (AMPs) are an important component of the natural defense system of most living
organisms against invading pathogens. They are widely distributed in eukaryotes and prokaryotes, such as
bacteria, insects, plants, amphibians and viruses. They are relatively small in size, less than 10 kDa in size.
These peptides either have cationic or amphiphatic forms with variable length, sequence and structures
which contribute to the diversity of the AMPs. They play an important role in innate immunity and are the

first line of defense (Hancock and Chapple, 1999; Wang and Wang, 2004).

The number of AMPs is increasing and there are well over four thousand peptides in UniProtkKB
(Bairoch and Apweiler, 2000) of which only 1232 are experimentally validated AMPs found in dragon
antimicrobial peptide database (see chapter 2). Experimental methods used in characterizing AMPs are
costly, time consuming and resource intensive. Thus, there is need to develop computational tool for
predicting AMPs, in order to inform experimental approaches. Furthermore, identification of AMPs can

serve as a hatural template for designing novel antibiotics useful in combating or controlling diseases.

In the past, computational approaches have been designed to predict novel antimicrobial peptide from
protein sequences. Recently, random forest has been applied in predicting antimicrobial peptides (Thomas
etal., 2010). Artificial Neural Networks (ANN), Quantitative Matrices (QM) and Support Vector Machines
(SVM) has been designed to predict antibacterial peptides (Lata et al., 2010, 2007). Quadratic discrimi-
nant analysis was used in classification of antimicrobial peptides using diversity measure with quadratic
discriminant analysis (Chen and Luo, 2009). Fourier transform based method with property based coding
strategy could be used to scan the peptide space for discovering new potential antimicrobial peptides (Na-
garajan et al., 2006). Decision trees have been developed for classification of antimicrobial peptides (Lee

et al., 2004).

To identify the AMPs computationally, a support vector machine (SVM) (Boser et al., 1992; Vapnik,
2000) is implemented. The SVM learn patterns based on examples and creates a model that classifies the
positive and negative AMPs. The discriminative quality of the model depends on two hyperparameters of
the SVM namely, trade offc) and RBF kernel parametes) (Duan et al., 2003). SVM has been used to
predict AMPs as mentioned above. Nonetheless, no effort has been made to optimize the hyperparameters

of the SVM, that ultimately improves the classification accuracy.

Several optimization methods have been suggested to select SVM model hyperparameters. For exam-

ple, a hybrid of SVM with a genetic algorithm (Samanta et al., 2006) and simulated annealing (Lin et al.,
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2008). However, these approaches are computationally sxeeand suffer from slow convergence. In
addition, direct search methods such as Nelder and Mead (DamaSevicius, 2010) have been employed.
One of the disadvantages of this method is that it lacks mathematical proof for convergence. Grid search
has also been used to select SVM hyperparameters (Samanta et al., 2006). Grid search is computation-
ally expensive for a larger number of parameters and the solution depends upon the coarseness of grid.

Nonetheless, it lacks optimality criteria for solution (DamasSevicius, 2010).

To ameliorate the above limitations of selecting hyperparameters, two approaches are utilized namely
pattern search (PS) (Abramson et al., 2004; Audet et al., 2008; Kolda et al., 2003) and derivative-free
simulated annealing (DFSA) (Gabere, 2007). Both PS and DFSA are recent direct search methods for
local and global optimization respectively. The important feature of these methods, is that they guarantee

mathematical convergence (Gabere, 2007; Torczon, 1991).

In this chapter, SVM is hybridized with three different optimization methods namely, GS, PS and
DFSA, where the fundamental structure of SVM is kept intact. These hybrid methods are denoted as
GS-SVM, PS-SVM and DFSA-SVM and are used to predict antimicrobial peptides in various taxa. The
proposed hybrid methods, GS-SVM, PS-SVM and DFSA-SVM methods are shown to be efficient methods
in predicting AMPs.

The chapter is organized as follows. Section 3.2 presents the algorithm, that is, support vector machine
and proposed algorithms for optimizing SVM hyperparameters. Section 3.3 discusses the material used
that is, dataset, multi-class strategy, feature representation, scaling and performance measure. Results are

presented in section 3.4 followed by discussion in section 3.5. Finally, summary is made in section 3.6.

3.2 Algorithm
3.2.1 Support vector machines

The Support vector machine is a modeling technique that performs data classification by constructing
ann—dimensional hyperplane that optimally separates the data into two classes (Cristianini and Shawe-

Taylor, 2001; Vapnik, 2000). The input of an SVM is a training set

S = (x_l»’yl)"" 7(x_n)ayn)
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of vector of features;; € X together with their known classes € {—1,+1}. On the other hand, the
output of SVM is a model
c: X —{-1,+1}

which predicts the clasg ) of any new object’ € X.

The essence in classification is to minimize the probability of error in using the trained classifier. This
is referred to as the structural risk and SVM are able to minimize the structural risk using four fundamental
concepts. These concepts are separating hyperplane, maximum-margin hyperplane, the soft margin and

the kernel function (Noble, 2006).

The separating hyperplane is the division that separates two or more classes. In case of a one-
dimensional problem, a single point can divide these classes. In a two dimensional case, the division is a
line. For a three dimensional problem, the division is a plane and in general, a hyperplane in case of higher
dimension. In searching for the maximum hyperplane, find a set of data point that are the most difficult
points to classify. These data points are called support vectors. In constructing an SVM classifier, the sup-
port vectors are closest to the hyperplane and are located in the boundaries of the margin between the two
classes. The maximum-margin hyperplane is the distance from the hyperplane to the nearest support vec-
tor. SVM selects the hyperplane by maximizing the margin between the support vector to the hyperplane
while minimizing the structural risk. The trade-off paramete@ontrols the trade-off between separating
margin and the error. The line shown in Figure 3.1 separates the two classes. However, in practical situ-
ations, datasets cannot be separated 100% as shown in the Figure 3.1 where there are misclassifications.
SVM allows for a number of misclassification through constructing a soft margin. Therefore, introducing
the soft margin requires the user to choose a parameter that controls misclassification of examples. This
soft margin parameter controls the trade off between allowing training errors and forcing rigid margins,

i.e., creates a soft margin that permits some misclassification. Increasing the valoereéses the cost of
misclassifying points and forces the creation of a more accurate model that may not generalize well. The
hyperplane presented in Figure 3.1 that separates the two classes is linear. However, in most problems, this
is not the case, as shown in Figure 3.2. This is an example of a non-separable one dimensional problem. In
order to separate them, a kernel trick is required so that it can transform the one-dimensional problem into
a two-dimensional problem as shown in Figure 3.3. In general, a kernel function projects non-separable
data from a lower dimensional space to a higher dimensional space in order to make it separable using a

hyperplane. There are several kernel tricks in SVM, namely, polynomial, radial basis function (rbf) and
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sigmoid. In this thesis, a radial basis function kernel éffnel) is employed and is defined by

2
K(z,z;) = exp <‘%072xj’>, (3.1)
wherez; andzx; are the two vectors where one of them is a support vectorasan adjustable parameter
that determine the area of influence of the support vector over the data space. Larger valegusie the

number of support vectors, since each support vector covers more data space.

separating hyperplane

A misclassification

maximum margin

support vectors

Figure 3.1: The figure illustrates positive and negative glam(represented by red and blue circle) in two dimensional space.

The SVM learned the representation of a hyperplane, here illustrated through an enclosed rectangle that best separates the two
classes of examples from each other. The examples that lie on the edge of the hyperplane (enclosed in a rectangle) are the so
called support vectors (the actual representation learned by the SVM).
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Figure 3.2: A non-separable one-dimensional problem (N&fl66).
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Figure 3.3: Separating the non-separable one-dimensioolaligon in Figure 3.2 using a kernel trick (Noble, 2006).
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The SVM implementation used in the present study is $¥MJoachims, 1999). This program is
freely downloadable fromittp://svmlight.joachim.org/ . SVM9"t has several hyperparameters
which should be optimized in order to obtain a generative model. These hyperparameters include but are
not restricted to the trade-off)and the RBF kernel parameter)( Optimization of these hyperparameters
can be treated as a black box and hence the need for derivative-free optimization methods. In the next

section, the three optimization methods for selecting the SVM hyperparameters are presented.

3.2.2 Proposed algorithms for optimizing SVM hyperparameters

The quality of an SVM model largely depends on the selection of the two model hyperparamaters
o. Without loss of generality, the selection of these model hyperparameters can be considered as a global
optimization problem, see Figure 3.4. The mathematical formulation of global optimization is defined as

follows:

maximise f(h) subject to h € €,

(3.2)

wheref : Q@ C R? — R is a continuous real-valued function atd= {(hy,hs) € R2|li < h; <
u;, Ui, u; € R} is the hyperparameter search region. In this formulattos; (hq, he) is a 2-dimensional
vector of the two SVM hyperparametersando, i.e.,h; = ¢ andhs = 0. The hyperparameter search
region is defined as

Q={(h1,h2) € R?27° < by < 2%, 271% < hy < 2%} (3.3)

In this study, the objective functiofi(h) is the test set performance accuracy of the model defined in

equation (3.25).

In order to solve the problem defined in (3.2), three hybrid methods that combine SVM with either
grid search (GS), pattern search (PS) or derivative-free simulated annealing (DFSA) (Gabere, 2007) are
implemented. These hybrid methods optimize the SVM hyperparameters. The GS method is presented
first then followed by PS and DFSA methods.

3.2.3 Grid search method

Optimization by grid search is described as follow. Once the parameter search space is defined, each
parameter dimension is split info parts. The intersections of the splits form a multidimensional grid.
The value of the objective function defined in (3.2) is evaluated in each point of the grid and the global

optimum is found. The coarseness of the grid depends on the grid step Idagtlused. The smaller
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Accuracy (f) as a function of ¢ and o of SVM hyperparameters
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Figure 3.4: A mesh plot of the hyperparametesnd o against the accuracy ) using grid search

Agg is the courser the grid and vice versa. An illustrative example of grid search method is shown in the

Figure 3.5.
3.2.4 Pattern search method

PS is a derivative-free iterative local search procedure with convergence properties (Kolda et al., 2003). In
its simplest form PS works as follows. Starting with an initial paifitand an initial step lengtiA*, k=0,
PS generates trial points arountl (k being the iteration counter of PS) by successively using directions

dt, whered' form the columns of the matrix
D= (d'-,d"d" o dP) = (e1, en,—e1,  —€n) (3.4)
e; being thei*” unit coordinate vector. The trial points generated for daahe members of the poll set
Pr={p eR"|p=a"+A*d :deD, i=1,---,2n}. (3.5)

At eachk® iteration of PS, the®” trial point p’ is examined so as to see if it is better than the current

iteratex”. If a pointp’ € P* such thatf(p’) > f(z*), then the trial point generation at the current poll
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u @ ® ® ® ® ® ® ® ®

l; Uq

Figure 3.5: Grid Search in a two dimensional optimization problem

stops, the step length**+! is increased and a new poll starts at the new current itefaté = p. If
f(p)) < f(z*), ¥ p' € P* then the step lengtih**! is decreased and the current iterate is retained i.e.

k1 = 2*. Therefore, the next iterate is updated as follows:

Skl _ ptif f(p') > f(2"), for somep’ € P,

=¥ otherwise.

The step size parameter is updated (Kolda et al., 2003) as follows:

AR 2AF if f(p') > f(2*), for somep’ € PF,

1AF  otherwise.
The above two updates continue until the step size paraméteets sufficiently small (within the toler-
anceA*), thus ensuring convergence to a local maximum. Ali and Gabere (2010) described the step by

step description of the basic PS and detailed below.
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Algorithm 1: The PS algorithm.

1. Initialization:
Initialize z* € Q andA* > 0. Initialize D with j** column being the

directiond’, j = 1,2,--- ,2n. Setk = 0 andi = 1. SetA’! > 0.
2. Trial point generation:

2(a) Evaluatef(p’) wherep’ = (zF 4+ AFd?) € P*, d* € D.

2(b) If f(p') > f(2*) then setz*+1 = p’ and go to step 3.
Otherwise, seti = 7 + 1 and go to step 2(c).

2(c) If i < 2nthengo to step 2(a).

Otherwise, setz**! = z* and go to step 4.
3. UpdateA*+! = 2A*. Set; =1 and go to step 5.
4. UpdateA*™! = 1AF. Seti = 1 and go to step 5.

5. 1f Akl < At then stop. Otherwise, setk = k + 1 and go to step 2.

3.2.5 Derivative-free simulated annealing (DFSA)

In this section, the full details of the hybrid method known as the derivative-free simulated annealing or
DFSA in short is presented (Ali and Gabere, 2010). The structure of DFSA is similar to the simulated
annealing algorithm proposed by (Dekkers, 1991). It uses similar distribution for generating the trial
points. The only difference is that DFSA implements a gradient-free local technique. The local technique
of DFSA selects uniformly a direction from a given set of directions. An important property of the set

of directions is that at least one of the directions in the set is a descent directiorT e main parts of

the DFSA is described in the subsequent subsections, namely the generation mechanism and the cooling

schedule of DFSA.
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Generation mechanism

DFSA uses the following generation mechanism to generate trial points using the following probability
distribution:
i w<y,

o R(g)(x) it w >, &0
wherew is a random number if0,1) andy = 0.75. RD(z) (stands for random direction) is a local
technique.RD(z) generates the trial poigtin the neighborhood of. An important feature oRD(z) is
that only one function call is needed each time it is invoked. WRé&N z) is invoked at the’*™™ Markov
chain (MC), the procedure of generatipndgrom z is as follows. The trial poing is calculated by moving

a step of length\;* from = along the directior, i.e.,

y =ax+ A, (3.7)

whered ~ Unif{d',--- ,d*,d""' --. d*"} € D, defined in equation (3.4). The step lengkki® is
initialized as:

o =Cmax{u;—Il;|i=1,.-- ,n}, (3.8)
where( € (0,0.05) is a small parameter. The step lengtf*, is updated at the end of each MC.

Updating of the step size parameterA;*: The step lengti\;* in GM varies with MC and is updated as

follows: At the end of each™™ MC, the ratiora is computed by

nacp

ra (3.9

"~ nops’
wherenops is the number of time& D (x) is invoked to generate trial points andcp is the number of
times the trial points generated BD(x) are accepted in thé" MC. The ratio,ra, determines whether
to increase or decreagg®. Thus, the next step length;{, to be used in thét + 1)t MC is updated as

follows:
(14+a)A* if ra>0.6,

i1 =13 (1—a)Ay if ra<04, (3.10)
AZ® if 0.4<ra<0.6,

wherea € (0,0.2) is a parameter. The motivation for the above update can be found in (Gabere, 2007).
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Cooling schedule for DFSA

The choice of a cooling scheduling has an important bearing on the performance of the DFSA algorithm.
The cooling schedule suggested by Hedar and Fukushima (2004) is implemented. Generally, choosing a
proper cooling schedule is not a trivial task. First, the initial temperafyis set large enough to make the

initial probability of accepting transition close to 1. Beside the initial pairdnother poin is generated

in a neighborhood of to calculatel}, as

1
T, —
O n(0.9)

[f(y) = f()] (3.11)

However, in this thesis, the initial temperatdfg defined in equation (3.13) is modified and is calculated

as follows: :
S 1 (i) — flwo)|
Adf = =2 . (3.12)
- Adf
Th = max {0, (0.9) } (3.13)
where

e 1 is an initial point andy; is another point generated randomly in the search sflace
e [ is the accuracy defined in equation (3.25),

e 2 is the number of sample points. In this casie set to 100 sample points.

The length of Markov chain is generated using a fixed number of points (Dekkers, 1991), i.e.,
L = 10n. (3.14)
In this thesis , the length of the Markov chain is sef.te- 10.

The decrement rule fdf;: T; is decreased at the end of each MC according to the equation (3.16) as

suggested (Hedar and Fukushima, 2004).
Ti1=1T; x 0.9 (3.15)

Stopping condition: The stopping condition proposed by Hedar and Fukushima (2004) is adopted. The

DFSA algorithm is terminated after the temperature falls below a certain tolerance i.e,

T; < min(1073,1073Tp). (3.16)
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Description of the DFSA algorithm

In this section, the full details of the DFSA algorithm is presented. DFSA utilizes the point generation
scheme defined in equation (3.6). In addition, DFSA keeps a record of the best point found during the
search process using a singleton $eflhe setS is updated when a better point found in the MC. DFSA
initializes Ay* , t = 0, the initial pointz and the cooling schedule before the beginning of the first MC.

The setS initially contains the point} = .

Structurally, like any other simulated annealing algorithm, the DFSA algorithm has two loops. The
outer loop decreases the temperature and updates step Lefigth R D (z). The inner loop generates trial
points in the MC using the generation mechanism defined in (3.6) and updates the best point found the
moment a better point is found. Therefore, the$ebntains the best point visited by the DFSA algorithm.

The detailed structure of DFSA using a flowchart is shown in Appendix E. The step by step description of

the DFSA algorithm is given below.

Algorithm 2: The DFSA algorithm.

1. Initialization : Generate an initial point. Setz/| = z, z{ € S. Set the temperature counter
t = 0. Compute the initial temperatufg using equation (3.13). Calculate an initial step size

parameteA§* using equation (3.8).

2. The inner and outer loops

while the stopping condition is not satisfied do
begin
fori=1toL do
begin
generatey from z using the mechanism in (3.6);
if f(y)— f(xz)> 0then accept;
else ifexp((f(y) — f(z))/T¢) > random(0, 1) then accept;
if accept thenc = y;
update the setS , i.e., if f(z) > f(2f) thenaf = x;
end;
t=1t+1,
lower T; using equation (3.16) ;
update A7 using equation(3.10);

end.
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Note that the integration of PS and SVM is denoted as PS-SViMil&ly for GS-SVM and DFSA-

SVM. The main structure of the hybrid methods is represented in Figure 3.6 using a flowchart.

Training/Testing

Data gathering

Training data Testing data

A

Feature representation
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Select SVM hyperparameters «)
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using SVM

4{ Evaluate accuracy on testing dat%

Model optimization
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Termination

?

Optimal hyperparameters™(,c™)

Figure 3.6: System architecture of the proposed optimization of SVM hyperparameters. The optimization method can either be
GS, PS or DFSA.
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3.2.6 Proposed PS-SVM algorithm

In this section, the details of the main hybrid method PS-SVM is elucidated. PS-SVM is a combination
of the machine learning SVM and the pattern search method. The procedure of the proposed PS-SVM
approach is shown in Algorithm 3. Structurally, PS-SVM consists of an initialization stage and pattern

search stage and they are described as follows:

Initialization stage

In this stage, the algorithm initializes the starting step gife the spanning set of directiaB, step size
toleranceA. In addition, it generates sample pointsi, - - - , h,,) uniformly distributed over the search
spacef). Note thath; = (¢;,0;)forj = 1,--- ,n, is a sequence of SVM hyperparameters. For each of
thesen sample points, the training s&,..;, is trained with the hyperparametey, j = 1,--- ,n to obtain

the predictors, i.epredictor™, - - - predictor™, respectively. The testing data is classified separately us-
ing each of the above predictors predictor® - - predictor™) and their respective objective functions
f(h;),7 = 1,--- ,nis evaluated. Note that the objective function valy¢s;) is the classification ac-
curacy rate given in equation (3.25) of the testing gt given the classifiepredictor?). With these
accuracy valueg (hy), f(hz), -, f(hy), the best hyperparameter poila.; with the best maximum

accuracy valuds.; is selected. After the initialization stage, the PS is invoked and is explained below.

Pattern search stage
At this stage, the pattern search is invoked on each of the sample points,, - - - , h,,) € Q generated
in the above initialization stage. At each iteration, the paiht= hj,k=0,7=1,2,--- ,nare taken as
the starting point. A poll step is initiated at the current paifiby determining a trial poing’ given by
i (pk k gi ki
p' = (h" + A%d") € P*,d" € D (3.17)
wherehF is the current iterate\” is the step sizef’ is a unit direction in

dt d* @

D = (3.18)
o 1 0 -1
Note that unit directions aré' = (1,0),d> = (0,1),d® = (-1,0), andd* = (0, —1). The training set,
Xirain is trained using the the current pojit
The trial pointp’ is examined by classifying the testing S€t.,; so as to determine if it is a better

solution than the current iteraté. The PS samplez» points (u is the dimension of the problem which is
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2) in the search space in a fixed pattern, controlled by a step\di about the current incumbeht. The

poll step calculates the accuracy values at these points, point by point. If a point is found to be better than
the incumbent, then the new point becomes the incumbent at the next iteration and the stepsize parameter
A* is doubled. On the other hand, if the function values a2alpoints fail to produce a higher accuracy

value than the accuracy value at the incumbent point, then the stef8izereduced by half. The search
continues until the stepsize gets sufficiently small. More detailed and formal description of the PS-SVM
method is shown in the Algorithm 3. The setting of parameters used in this algorithm will be discussed

later in 3.4.1.

3.2.7 Proposed DFSA-SVM algorithm

The procedure for the second hybrid method DFSA-SVM is explained in this section. It consists of an
initialization stage and the inner and outer loop of DFSA stage. The pseudocode of the proposed DFSA-

SVM method is given in Algorithm 4.

Initialization stage

In this stage, the current temperatdrés set to7y using equation (3.13). The step size parametgt

is initialized using equation (3.8). The initial feasible solutiap,; is computed as follows. The search
spacef) defined in equation (3.3) is divided into six regions respectively. The points on the boundaries
of the regions are taken as possible solutions , hence there are 49 initial solutions to be tested (Lin et al.,

2008). The best of the 49 solutions is assighgd; andx = hpes; aNd f () = frest-

Inner and outer loop of DFSA algorithm

In the inner and outer loop of DFSA process, an initial solutide randomly generated fromusing the
generation mechanism of equation (3.6). The trainingXsgt,;, is trained with the hyperparameteis

in order to obtain the modelredictor®. The testing daté,.; is classified usingredictor™ and the
function value, i,e.f(h) is computed using the objective function value, that is, the classification accuracy
rate of SVM given in equation (3.25). If the changef,;, = f(h) — f(x) represents an increase in the
value of the objective function then the new painis accepted. If the change represents a decrease in the

objective function value then the new points accepted using a Metropolis acceptance probability

A (T3) = min{ 1, exp((f(h) — F())/T;) }. (3.19)

This process is repeated for a large enough number of iterations fof/ pa8mew Markov chain is then

generated (starting from the last accepted point in the previous Markov chain) for a reduced temperature
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until the algorithm stops. The algorithm for DFSA-SVM hybigdsketched in Algorithm 4.
Algorithm 3: The PS-SVM algorithm.

0. Input:
Xirain = training data
Xiest = testing data

1. Initialization:
Initialize A* > 0.
Initialize D with j** column being the directiod’, j = 1,2, --- , 2n.
Setk = 0 andi = 1. SetA* > (.
Generatex random sample pointsi, ha, - -+ , hy,) € Q. Train SVM to obtain
predictord) = svmutrain(Xeqin, hj), wherej = 1,2,--- ,n. Compute classification accuragy,
i,e., f(hj) = svmtest(Xes: predictor?)), for j = 1,2,--- , n. Calculate

Npest = arg max f(h) andfpes = f(hbest)
he(hi, hn)

2. Pattern search:
Apply pattern search on each of the sample points generated abové;i.8s,( - - , h,) € Q, from

step 2.1 to 2.4 of the poll step. The initial poftit for PS is set tdi* = h;, wherej = 1,2,--- ,n.

2.1Trial point generation:
2.1(a) predictor® = svmtrain(Xyqin, p'). Evaluatef(p') = svmitest{ Xe., predictor®),
wherep’ = (h¥ 4+ Akd?) € P*, d* € D defined in equation (3.18).

2.1(b) If f(p') > f(h*) then seth* ™1 = p', If f(p') > foest then foea = F(P'), hoest = P’
and go to step 2.2.
Otherwise, seti = i + 1 and go to step 2.1(c).

2.1(c) If i < 2nthengo to step 2.1(a).

Otherwise, seth*+! = h¥ and go to step 2.3.
2.2 UpdateA*+1 = 2AF, Seti = 1 and go to step 2.4.
2.3 UpdateA"+1 = 1Ak Seti = 1 and go to step 2.4.

2.41f ARt < Al then stop.Otherwise, setk = k + 1 and go to step 2.1.
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Algorithm 4: The DFSA-SVM algorithm.

0. Input:

Xirain = training data and¥;.s; = testing data

1. Initialization:
Set the temperature countet 0.
Compute the initial temperatufi, using equation (3.13)
Calculate an initial step size paramefgj® using equation (3.8)
Find the initial feasible solutiory.s; with accuracy valuefpes: = f(hpest). Initialize x = hpest
andf(z) = feest

2. The inner and outer loops of DFSA algorithm:

while the stopping condition is not satisfied do
begin
fori=1toL do
begin
generatéh from x using the mechanism in (3.6);
predictor® = svmtrain(Xsyqin, h) and f (h) = svmtest{ X;.q, predictor(i))
if f(h)— f(x) > 0then accept;
else ifexp((f(h) — f(x))/Ty) > random(0, 1) then accept;
if accept thenr = h;
if f(2) > frest theNhpess = z aNd frest = f(hest);
end;
t=t+1;
lower T; using equation (3.16) ;
updateA7® using equation (3.10);

end.
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3.3 Material

3.3.1 Dataset

Two primary protein sequence sets are utilised in this study, an antimicrobial peptide dataset (positive

set) and non-antimicrobial peptide dataset (negative set). The positive dataset consists of AMPs from
different taxa. For the positive set, the mature part of the peptide is selected and the signal and propeptide
sequence of the peptide are left out because it is the mature part that has an antimicrobial activity. The
positive set was obtained from DAMP(@ttp://apps.sanbi.ac.za/dampd) and consisted of 1232

experimentally validated AMPs.

The model created for prediction purpose should be able to distinguish between positive and negative
AMPs. Therefore, it is important to feed the machine learning classifier with a negative examples as
well. The negative set consists of proteins belonging to various intracellular locations such as nucleus,
cytoplasm, endoplasmic reticulum, golgi bodies and mitochondria (Lata et al., 2010). The negative set
was downloaded from UniProt for each taxa and extracted sequences only with length varying from 5 to
100, because majority of the AMPs have length in this range. The number of negative set consisted of

4724 protein sequences. The keyword used to extract the negative set was

(((golgi OR cytoplasm OR endoplasmic reticulum OR mitochondria) NOT antimicrobial) AND length:

[2 to 100] AND taxonomy: “name of taxonomy”),

where the name of taxonomy can be amphibian, mammalia or insecta. See the supplementary material B
for the specific keywords used to extract negative sequences for each taxa. These dataset (both positive
and negative sets) were purged to remove redundancies and they contain only those sequences which have
90% sequence similarity. Any sequence which have more than 90% sequence similarity is removed from
the dataset by using CD-HIT software (Li and Godzik, 2006; Li et al., 2002). The reason for purging is

to ensure that the problem is not easy. Therefore, 742 positive examples and 2134 negative examples re-
mained after purging. The distribution of the sequence length of positive set, negative set and the combined

(positive and negative set) are shown in Figure 3.7.

After purging, the numerical matrix of features were generated for both positive and negative set using

amino acid composition and physicochemical properties defined in equation (3.20) and (3.21) respectively.
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Figure 3.7: Histogram of sequence length distribution ofitp@sset (top), negative set (middle) and combined (positive and
negative sets) (down)

3.3.2 Multi-class strategy

Multi-class SVM was employed to determine the prediction models. The models were developed to predict
AMPs belonging to different AMPs families across nine taxa. The AMP families in each of the nine taxa

are shown below:

e actinopterygii (families: grammistin,pleurocidin)

e amphibian (families: aurein-citropin, bombinin, brevinin 1, brevinin 2, caerin, dermaseptin, escu-

lentin, gastrin, phylloseptin, temporin, uperin)

e mammalia (families: alpha-defensin, beta-defensin,cathelicidin, cathelin related, glycosyl hydrolase

22, histone H2B)

e insecta (families: AMP insect, apidaecin, attacin, cecropin, invertebrate defensin, crabolin, masto-

poran, ponericin 1, ponericin 2)
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arachnida (families: cupiennin, cytoinsectoxin, latarcin, oxyopinin, scorpion NDBP5)

bacteria (families: bacteriocin, lantibiotic, thiocillin)

crustacea (families: penaedin)

merostomata (families: tachyplesin)

plantae (families: DEFL, thaumatin)

For each taxa, a multi-class SVMs are created, that is one-versus-rest (OVR) by constrintiagy
SVM classifiers namely, category 1 (positive set) versus all other categories (negative set), category 2
versus all the other categories,-, categoryk versus all other categories. For argument sake, for the
case of actinopterygii taxonomy, the OVR is determined as: category 1. grammistin yplsusocidin
and actinopterygii Non-AMPsand category 2: pleurocidin versfigrammistin and actinopterygii Non-
AMPs}, where grammistin and pleurocidin are positive sets whefiasirocidin and actinopterygii Non-
AMPs} and{grammistin and actinopterygii Non-AMPsire the negative set for category 1 and category

2 respectively.

3.3.3 Feature representation

The positive and negative dataset are converted into numeric representation which becomes the input for
the SVM training process. An amino acid composition coupled with seven physicochemical properties
namely, Eisenberg hydrophobicity scale, Hoop-Woods hydrophilicity, electron-ion interaction potential
(Veljkovic), hydrophobicity (Zimmerman), bulkiness (Zimmerman) and polarity (Zimmerman) and kyte
and doolittle hydropobicity are adopted. These scales are obtained from AAindex (amino acid index
database) (Kawashima et al., 2008). Therefore these spans an input vector of 27 features where the first
20 features comes from the amino acid composition. Note that the properties discussed in section 1.1 of
Chapter 1 were not used in feature calculation except for hydrophobicity. Hydrophobic moment which
is a measure of amphipathicity is not used because it requires knowledge of a particular conformation,
i.e., a-helix andjs-helix. Charge is not used because some AMPs are negatively charged. Conformation
requires information regarding secondary structure. The amino acid compesitadiprotein sequences

is computed using equation (3.20):

aj = nJ/N (320)
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where; can be any of the 20 amino acidd is the length of the sequence angis the number ofj*"
amino acids. Therefore, for any given protein sequence, the amino acid composition calculations yield a
fix length vector of 20 values. The remaining 7 features out of the possible 27 features are computed as

follows. The feature representatidf{seq) for a sequenceeq consists of 7 featureg®, each representing

the average of one of the 7 propertiesver its amino acid sequencg(seq) = (f1, f2,---, f7), with
k=1,---,7. Anindividual featuref* for amino acid property: is computed in equation (3.21) below:
> )
fh==_ (3.21)
n

wheren is the length of the primary protein sequenictheit" amino acid ang*(i) is the value of the'"

amino acid of the respectivé" amino acid propertyk = 1,--- ,7. k=1,--- ;531 andi = 1,--- , 20

Thus, each sequence, disregarding the length of its amino acid sequence is represented with the same
length of feature representation. If an amino acid in the sequence is either "X” or "U”, then the amino acid

was disregarded from the averaging process.
3.3.4 Min-Max Scaling

The feature values may differ considerably, e.g., one feature of a peptide may be large while counts of
other features may be small integer values. In order to standardize the contribution of each feature, the
features have to be scaled within the inter¢@ll]. The scaling technique employed here is commonly

known as min-max scaling and is described as follows:

1. For all valuesy; of feature f over all examples, find the minimum valwg . and the maximum

valuevy,, ..

2. For an individual valuev; and featuref, calculate the new scaled valug as

scaled

wfscaled = wf — /Ufm“L (322)
S Ufmaw - Ufmin

This results in a scaling for each feature

scaled

isin0 < wy,.,.. < 1. Whena model is utilised that

was trained on the scaled training set, to classify examples of a test set, then the values have to be scaled
before classification according to the minimum and maximum values for each feature found when scaling
the training set. Thus, the scaled values of the testing set do not necessarily within the interval of zero
and one but are scaled according to minimum and maximum value of the training set, to allow effective

classification of the SVM.
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3.3.5 Classifier performance measure

Several classifier measures are used to judge the performance of a classification system that is based on
machine learning. Considering the confusion matrix presented in Figure'®&epresents correctly
predicted positive examples (AMPS)N is correctly predicted negative examples (non-AMHSY, is

the number of non-AMPs examples wrongly predicted as AMPsiaNds the number of AMPs wrongly
predicted as non-AMPs. The measure used in assessing the performance of the model are sensitivity,

specificity, accuracy and Mathew’s correlation coefficient (MCC) are described as follows:

Predicted class

Positive Negative

v
7 E True positive |False negative
N =

2]
,'_: S (TP) (FN)
Y
S e
-— E False positive | True negative
U w
< %’3 (EP) (TN)

Figure 3.8:Confusion matrix

e Sensitivity is the percentage of AMPs (positive examples) correctly predicted as AMPs (positive).

The sensitivity (recall) is defined as:

Sensitivity = 100 (3.23)

T
—_— X
TP+ FN

e Specificity is the percentage of non-AMPs (negative examples) correctly predicted as non-AMPs

(negative). The specificity is defined as:

TN
ificity= ———— x 1 .24
Specificity TNTEP x 100 (3.24)
e Accuracy is the percentage of correctly predicted peptides (AMPs and non-AMPs). The accuracy

is defined as:

TP+ TN
Accuracy= 100 3.25
Y " IPIFPTTNTFN (3.25)
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e Mathews correlation coefficient (MCC)is a measure of both sensitivity and specificity. MCC =0
indicates completely random prediction, while MCC = 1 indicates perfect prediction. It is defined

as:
(TP x TN) — (FN x FP)

\/(TP+ FN) x (TN+ FP) x (TP+ FP) x (TN+ FN)

MCC = (3.26)

3.4 Numerical Results

In this section, the numerical results for the three hybrid methods, namely, GS-SVM, PS-SVM and DFSA-
SVM discussed in section 3.2.3,3.2.6 and 3.2.7 are presented. In the first subsection, the parameter settings
of GS-SVM, PS-SVM and DFSA-SVM is presented. In the second subsection, the detailed description of
the models from two experiments using three hybrid methods are presented. In the third subsection, the
results of three methods based on an independent data set using the models derived from the leave-one-out

approach are presented.

3.4.1 Parameter settings

The parameter setting used to carry out the experiment is given below. The initial step size patameter
is setAy = 1 for both PS-SVM and DFSA-SVM. The number of sample points generated in PS-SVM
is set ton = 10. The parameter for and o used in GS-SVM were tested on an exponential growing
sequenced € {275,274 ... |23}, 0 € {2715 2714 ... [231) In total, GS-SVM used a combination of
114 parameters. As for PS-SVM and DFSA-SVM, sir@ndo take a large range of values, a log scale
was used to cover such a large region. The transformation is defingd=akg ¢ ando; = logo. Thus
PS-SVM and DFSA-SVM scan the space with the ranged7? < ¢; < 2.08 and—10.4 < o; < 2.08
(Momma and Bennett, 2002). PS-SVM was terminated when the step size parAiietiscreased below

a certain toleranced, i.e., whenA, < A = (0.001. The spanning set of directions used by both PS-
SVM and DFSA-SVM is denoted byp. The parameters for PS-SVM and DFSA-SVM are tabulated in
Table 3.1 and Table 3.2.

3.4.2 Generating AMPs models for GS-SVM, PS-SVM and DFSA-SVM

In this section, the details of two experiements for creating AMP models using GS-SVM, PS-SVM and
DFSA-SVM are presented. Two experiments were conducted to train the dataset using GS-SVM, PS-

SVM and DFSA-SVM. First, training was conducted using all AMPs in each of the nine taxa as a positive
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Table 3.1:PS-SVM parameters

Parameter Definition Value
Ao Initial stepsize 1
Atol Termination tolerance 0.001
) . . 1 0 -1 0
D Spanning direction
0 1 0o -1

Table 3.2.DFSA-SVM parameters

Parameter Definition Value
Ag Initial stepsize 1
¢ A§® fraction 0.01
L Length of Markov chain 10
« Stepsize expansion factor 0.15
To Initial temperature max {0, 11’:?%9) }
Tonin minimum temperature min{1073,1073Tp}
Ag® Random direction stepsize 0.01 * max{u; — l;|i =1,--- ,n}

. . | 1 0 -1 0
D Spanning direction

0 1 0o -1

example and their respective non-AMPs as negative examples.instance, in insecta taxonomy, all

AMPs in insecta are taken as positive examples and its corresponding insect non-AMPs are taken as a
negative set. The negative set was presented in section 3.3.1. Second, training was performed using a
multi-class classification, that is, one-vs-rest strategy on each and every AMP family of a particular taxa
as explained in section 3.3.2. Note that in both experiments, the model selection is based on leave-one-out
cross validation approach and the scaling of the testing set is according to the maximum and minimum
values of the training set. The partitioning of the total dataset (positive and negative examples) is as
follows: half of the total dataset was allotted to the training set. The remaining half was assigned to the

testing set and the balance apportioned to the blind set.

SVM was trained using the training and testing sets of the two experiments to obtain generalized model
(experiment one) and specialized model (experiment two). The generalized and specialized models created
in both experiments were tested on a blind set and the results are presented first for experiment one and

then experiment two, in the next subsection.
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The hyperparameters selection (model) and the performamatigagion process ran on a Linux Pentium

4 core duo machine with a 1.8GHz CPU and 2GB memory in roughly 6 hours for the whole simulation.

3.4.3 Evaluating the performance of GS-SVM, PS-SVM and DFSA-SVM on a blind set

After creating the generalized and specialised models of the two experiments discussed in the previous
subsection, it is imperative as an acid test to evaluate the performance of the prediction models on an inde-
pendent (blind) set of AMPs and non-AMPs. Note that the independent set was not used for developing the
models either in training and testing. Therefore, in this subsection, the AMPs models created by GS-SVM,

PS-SVM and DFSA-SVM for the two experiments presented in the previous subsection are evaluated on
a blindset. The results for the first experiment, that is based on generalized AMP model of each taxa is

discussed first, thereafter the results for the second experiment, which is based on specialized AMP family

model.

Evaluating the performance of GS-SVM, PS-SVM and DFSA-SVM on a blindset based on experi-

ment one

The prediction results for the first experiment (generalized model) on a blindset are presented in Table 3.3
to Table 3.11. In these tables, the first column, “Algorithm” designates the AMPs in a particular taxa en-
closed with the hybrid SVM method utilised. For example, in Table 3.3, actinoptefy§igVM) denotes

that actinopterygii AMP model was created using GS-SVM method. The second column labelled “model”
indicates the value of:(c), wherec is the trade-off parameter aads the RBF kernel parameter of SVM.

The third column, "# of peptides” designate the number of positive blind set and the number of negative
blind set enclosed in brackets. Referring to the same table, the number of blind set in actinopB3ygii (
SVM) is 3(55) meaning that the number of data utilised as positive blind set is 5; negative blind set is 55.

The remaining columns are sensitivity, specificity, accuracy, and MCC as defined in section 3.3.5.

In Table 3.3 to Table 3.11, the accuracies achieved by the classification model based on GS-SVM were
100%, 95.6%, 100%, 100%, 94.4%, 93.1%, 96.3% 100% and 98.5% for actinopterygii, amphibian, arach-
nida, bacteria, crustacea, insecta, mammalia, merostomata and plantae respectively. On the other hand,
the accuracies achieved by the prediction model based on PS-SVM were 100%, 96.5%, 100%, 95.8%,
94.4%, 95.8%, 95.8%, 100% and 98.5% for actinopterygii, amphibian, arachnida, bacteria, crustacea, in-
secta, mammalia, merostomata and plantae respectively. As for DFSA-SVM, the accuracies achieved by

the classification model were 100%, 96.5%, 100%, 100%, 94.4%, 95.8%, 96.3%, 100% and 98.5% for
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actinopterygii, amphibian, arachnida, bacteria, crustagesecta, mammalia, merostomata and plantae
respectively . Generally, the overall performance of GS-SVM, PS-SVM and DFSA-SVM was generally
good.

Table 3.3:Performance of GS-SVM, PS-SVM and DFSA-SVM models in classification of actinopterygii AMPs

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
Actinopterygii GS-SVM) (8.000, 0.500) 3 (55) 100.0 100.0 100.0 1.0
Actinopterygii PS-SVM) (4.617, 0.098) 3 (55) 100.0 100.0 100.0 1.0
Actinopterygii OFSA-SVM) (2.219, 0.103) 3 (55) 100.0 100.0 100.0 1.0

Table 3.4:Performance of GS-SVM, PS-SVM and DFSA-SVM models in classification of amphibian AMPs

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
Amphibian GS-SVM) (2.000, 0.125) 91 (26) 100.0 80.8 95.6 0.9
Amphibian PS-SVM) (3.596, 0.098) 91 (26) 100.0 84.6 96.5 0.9
Amphibian OFSA-SVM) (1.261, 0.195) 91 (26) 100.0 84.6 96.5 0.9

Table 3.5:Performance of GS-SVM, PS-SVM and DFSA-SVM models in classification of arachnida AMPs

Algorithm Model # of peptides ' Sensitivity(%) Specificity(%) Accuracy(%) MCC
Arachnida GS-SVM) (8.000, 1.000) 7(13) 100.0 100.0 100.0 1.0
Arachnida PS-SVM) (4.617, 0.098) 7 (13) 100.0 100.0 100.0 1.0
Arachnida DFSA-SVM) (0.431, 0.661) 7 (13) 100.0 100.0 100.0 1.0

Table 3.6:Performance of GS-SVM, PS-SVM and DFSA-SVM models in classification of bacteria AMPs

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
Bacteria GS-SVM) (8.000, 1.000) 13 (11) 100.0 100.0 100.0 1.0
Bacteria PS-SVM) (4.617, 0.098) 13 (11) 92.3 100.0 95.8 0.9

Bacteria DFSA-SVM) (0.769, 0.498) 13 (11) 100.0 100.0 100.0 1.0
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Table 3.7:Performance of GS-SVM, PS-SVM and DFSA-SVM models in classification of crustacea AMPs

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
CrustaceaGS-SVM) (8.000, 8.000) 1(17) 0.0 100.0 94.4 0.0
Crustacea®S-SVM) (4.617, 0.098) 1(17) 0.0 100.0 94.4 0.0
CrustacealFSA-SVM) (7.992, 0.291) 1(17) 0.0 100.0 94.4 0.0

Table 3.8:Performance of GS-SVM, PS-SVM and DFSA-SVM models in classification of insecta AMPs

Algorithm Model # of peptides ~ Sensitivity(%) Specificity(%) Accuracy(%) MCC
Insecta GS-SVM) (8.000, 2.000) 31 (44) 96.4 90.9 93.1 0.9
Insecta PS-SVM) (7.992, 1.504) 31 (44) 96.4 95.5 95.8 0.9
Insecta DFSA-SVM) (1.387, 1.362) 31 (44) 96.4 95.5 95.8 0.9

Table 3.9:Performance of GS-SVM, PS-SVM and DFSA-SVM models in classification of mammalia AMPs

Algorithm Model # of peptides ~ Sensitivity(%) Specificity(%) Accuracy(%) MCC
Mammalia GS-SVM) (8.000, 1.000) 24 (167) 90.9 97.0 96.3 0.8
Mammalia PS-SVM) (4.617,1.192) 24 (167) 86.4 97.0 95.8 0.8
Mammalia DFSA-SVM) (7.992, 1.190) 24 (167) 90.9 97.0 96.3 0.8

Table 3.10:Performance of GS-SVM, PS-SVM and DFSA-SVM models in classification of merostomata AMPs

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
MerostomataGS-SVM) (8.000, 8.000) 1(8) 100.0 100.0 100.0 1.0
MerostomataRS-SVM) (4.617, 0.098) 1(8) 100.0 100.0 100.0 1.0
MerostomataPFSA-SVM) (1.871, 0.324) 1(8) 100.0 100.0 100.0 1.0

Table 3.11:Performance of GS-SVM, PS-SVM and DFSA-SVM models in classification of plant AMPs

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
Plant GS-SVM) (8.000, 0.500) 11 (189) 72.7 100.0 98.5 0.8
Plant PS-SVM) (1.446, 0.635) 11 (189) 72.7 100.0 98.5 0.8

Plant DFSA-SVM) (5.233, 0.560) 11 (189) 72.7 100.0 98.5 0.8
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Evaluating the performance of GS-SVM, PS-SVM and DFSA-SVM ora blind set based on experi-

ment two

The prediction results for experiment two (specialized models) on the blind set are presented in Table 3.12
to Table 3.20. The column headings for each table is the same as mentioned in the previous tables, ex-
cept for the first column heading labelled "Algorithm” and the third column "# of peptides”. The column
"Algorithm” designates the "AMP family” enclosed by the hybrid SVM method employed. For instance,

in Table 3.12, Grammistin@S-SVM) means that grammistin AMP family model was created using GS-
SVM hybrid approach. Similarly for GrammistiP§-SVM) and Grammistin@FSA-SVM). The second
column "# of peptides” designate the number of positive blind set and the number of negative blind set
enclosed in brackets. Note that the negative set in experiment two differs from experiment one in that
experiment one, the negative set consist of only non-AMPs. However, in experiment two, the negative
set consists of non-AMPs and AMPs. For example, in Table 3.12, the "# of peptides” for Grammistin
(GS-SVM)is 1(57), where 1 indicates one AMP from grammistin family and 57 consists of 55 non-AMPs

and 2 AMPs from pleurocidin family. This is because of multi-class arrangement based on one-vs-rest.

The tabulated results of classification actinopterygii AMPs into the listed families is given in Table
3.12. The hybrid methods GS-SVM and PS-SVM were the overall best in terms of accuracy. For the
classification of actinopterygii AMPs into grammistin and pleurocidin families, their respective accuracies

were both 100% using GS-SVM and PS-SVM methods.

Table 3.12:Classification of actinopterygii antimicrobial peptides into AMP families

Algorithm Model # of peptides ~ Sensitivity(%) Specificity(%) Accuracy(%) MCC
Grammistin GS-SVM) (8.000, 8.000) 1(57) 100.0 100.0 100.0 1.0
Grammistin PS-SVM) (1.741, 0.494) 1(57) 100.0 100.0 100.0 1.0
Grammistin DFSA-SVM) (7.992, 0.160) 1(57) 100.0 100.0 100.0 1.0
Pleurocidin GS-SVM) (8.000, 0.250) 2 (56) 100.0 100.0 100.0 1.0
Pleurocidin PS-SVM) (6.905, 0.246) 2 (56) 100.0 100.0 100.0 1.0
Pleurocidin DFSA-SVM) (7.992, 0.304) 2 (56) 50.0 100.0 98.3 0.7

The classification of amphibian AMPs into eleven disjoint ilées is presented in Table 3.13. DFSA-
SVM performed better than GS-SVM in predicting dermaseptin while GS-SVM performed better than
DFSA-SVM in predicting phylloseptin and uperin. PS-SVM outperformed GS-SVM in classifying brevinin

2 in terms of accuracy measure. The three hybrid methods were 100% sensitive in discriminating AMPs
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in aurein-citropin, brevin 1, esculentin, gastrin and termprom the negative set.

The confusion matrix for prediction of amphibian AMPs using GS-SVM model is shown in Figure 3.9.
Each row in a matrix explains how examples in an AMP family are classified by the hybrid algorithm. For
example, out of the eight independent examples in aurein-citropin, GS-SVM model classified eight of them
correctly as aurein-citropin. Note that the lightness of a cell indicates the percentage of examples assigned
to the cell as shown in the gradient colour palette. Therefore, the lighter the diagonal of a confusion
matrix, the more accurate the corresponding algorithm. In Figure 3.10, that is, prediction of amphibian
AMPs using PS-SVM model, one of uperin examples were misclassified as aurein-citropin and two of
them were classified correctly as uperin. The confusion matrix for prediction of amphibians AMPs using

DFSA-SVM model is shown in Figure 3.11.

The prediction of arachnida AMPs into cupiennin, cytoinsectoxin, latarcin, oxyopinin and scorpion
NDBPS5 are presented in Table 3.14. The three SVM hybrid methods performed equally in predicting
AMP families for cupienin, cytoinsectoxin, latarcin, oxyopinin, except for scorpion NDBP5. DFSA-SVM
outperformed GS-SVM and PS-SVM, in predicting scorpion NDBP5. In Table 3.15, the overall best
performers are PS-SVM and DFSA-SVM in discriminating AMPs from non-AMPs in bacteria taxonomy.

Table 3.16 shows the classification of insects AMPs. GS-SVM outperforms PS-SVM and DFSA-SVM
in predicting cecropin in terms of accuracy. The three hybrid methods failed dismally in the classification

of AMPs in attacin family.

Classification of mammalia AMPs, the three hybrid methods performed equally as shown in Table
3.17. However, the sensitivity for the three hybrid methods were 50% in prediction of cathelicidin AMPs.
The three hybrid methods performed well in predicting merostomata AMP families, though the positive

set consisted of only one sequence as shown in Table 3.18.
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Confusion matrix: Prediction of Amphibian AMPs using GS-SVM model

Figure 3.9: Confusion matrix for prediction of amphibian AMBsing GS-SVM model. Each row in a matrix explains how
examples in a particular independent set are classified by an algorithm. The matrix is read row-wise. For example, out of 23

examples in bombinin, 22 were classified as bombinin and 1 as non-AMP.
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Confusion matrix: Prediction of Amphibian AMPs using PS-SVM model

Figure 3.10: Confusion matrix for prediction of amphibian R&using PS-SVM model. Each row in a matrix explains how
examples in a particular independent set are classified by an algorithm. The matrix is read row-wise. For example, out of 23

examples in bombinin, 22 were classified as bombinin and 1 as non-AMP.
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Confusion matrix: Prediction of Amphibian AMPs using DFSA-SVM model

Figure 3.11: Confusion matrix for prediction of amphibian R&lusing DFSA-SVM model. Each row in a matrix explains how
examples in a particular independent set are classified by an algorithm. The matrix is read row-wise. For example, out of 23

examples in bombinin, 22 were classified as bombinin and 1 as non-AMP.
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Table 3.13:Classification of amphibian antimicrobial peptides into AMP families

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
Aurein-citropin GS-SVM) (8.000, 2.000) 8 (109) 100.0 100.0 100.0 1.0
Aurein-citropin PS-SVM) (6.905, 0.669) 8 (109) 100.0 99.0 99.1 0.9
Aurein-citropin DFSA-SVM) (6.926, 1.442) 8 (109) 100.0 100.0 100.0 1.0
Bombinin GS-SVM) (8.000, 0.250) 23 (95) 95.7 98.9 98.2 0.9
Bombinin PS-SVM) (4.732, 0.300) 23 (95) 95.7 98.9 98.2 0.9
Bombinin OFSA-SVM) (7.992, 0.304) 23 (95) 95.7 98.9 98.2 0.9
Brevinin 1 (GS-SVM) (8.000, 1.000) 10 (108) 100.0 100.0 100.0 1.0
Brevinin 1 PS-SVM) (6.905, 0.669) 10 (108) 100.0 100.0 100.0 1.0
Brevinin 1 OFSA-SVM) (7.992, 0.304) 10 (108) 100.0 100.0 100.0 1.0
Brevinin 2 GS-SVM) (8.000, 1.000) 15 (103) 93.3 99.0 98.2 0.9
Brevinin 2 PS-SVM) (6.905, 0.669) 15 (103) 93.3 100.0 99.1 1.0
Brevinin 2 OFSA-SVM) (2.667, 0.881) 15 (103) 93-3 99.0 98.2 0.9
Caerin GS-SVM) (8.000, 4.000) 10 (108) 100.0 100.0 100.0 1.0
Caerin PS-SVM) (6.905, 0.669) 10 (108) 100.0 100.0 100.0 1.0
Caerin DFSA-SVM) (1.722, 2.796) 10 (108) 100.0 100.0 100.0 1.0
Dermaseptin@S-SVM) (8.000, 2.000) 6 (111) 83.3 100.0 99.1 0.9
DermaseptinRS-SVM) (7.992, 2.029) 6 (111) 83.3 100.0 99.1 0.9
DermaseptinDFSA-SVM) (7.992, 1.310) 6 (111) 100.0 100.0 100.0 1.0
Esculentin GS-SVM) (8.000, 4.000) 3(115) 100.0 100.0 100.0 1.0
Esculentin PS-SVM) (7.992, 3.649) 3 (115) 100.0 100.0 100.0 1.0
Esculentin DFSA-SVM) (3.170, 1.642) 3(115) 100.0 100.0 100.0 1.0
Gastrin 3S-SVM) (8.000, 8.000) 1(117) 100.0 100.0 100.0 1.0
Gastrin PS-SVM) (1.741, 0.494) 1(117) 100.0 100.0 100.0 1.0
Gastrin DFSA-SVM) (5.501, 0.304) 1(117) 100.0 100.0 100.0 1.0
Phylloseptin GS-SVM) (8.000, 1.000) 3(115) 100.0 100.0 100.0 1.0
Phylloseptin PS-SVM) (1.741, 0.494) 3(115) 100.0 100.0 100.0 1.0
Phylloseptin DFSA-SVM) (7.992, 0.304) 3 (115) 100.0 99.1 99.1 0.9
Temporin GS-SVM) (8.000, 1.000) 5(112) 100.0 100.0 100.0 1.0
Temporin PS-SVM) (1.741, 0.494) 5(112) 100.0 100.0 100.0 1.0
Temporin DFSA-SVM) (5.501, 0.304) 5(112) 100.0 100.0 100.0 1.0
Uperin GS-SVM) (1.000, 2.000) 3(115) 100.0 100.0 100.0 1.0
Uperin PS-SVM) (1.741, 0.494) 3(115) 66.7 100.0 99.1 0.8
Uperin ODFSA-SVM) (3.829, 3.100) 3(115) 66.7 100.0 99.1 0.8
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Table 3.14:Classification of arachnida antimicrobial peptides into AMP families

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
Cupiennin GS-SVM) (8.000, 2.000) 1(19) 100.0 100.0 100.0 1.0
Cupiennin PS-SVM) (1.741, 0.494) 1(19) 100.0 100.0 100.0 1.0
Cupiennin DFSA-SVM) (7.992, 0.304) 1(19) 100.0 100.0 100.0 1.0
Cytoinsectoxin GS-SVM) (8.000, 8.000) 2(18) 100.0 100.0 100.0 1.0
Cytoinsectoxin PS-SVM) (1.741, 0.494) 2 (18) 100.0 100.0 100.0 1.0
Cytoinsectoxin DFSA-SVM) (5.501, 0.304) 2(18) 100.0 100.0 100.0 1.0
Latarcin GS-SVM) (8.000, 0.500) 1(18) 100.0 100.0 100.0 1.0
Latarcin PS-SVM) (4.732, 0.494) 1(18) 100.0 100.0 100.0 1.0
Latarcin DFSA-SVM) (7.992, 0.304) 1(18) 100.0 100.0 100.0 1.0
Oxyopinin GS-SVM) (8.000, 4.000) 1(19) 100.0 100.0 100.0 1.0
Oxyopinin PS-SVM) (1.741, 0.494) 1(19) 100.0 100.0 100.0 1.0
Oxyopinin OFSA-SVM) (5.501, 0.304) 1(19) 100.0 100.0 100.0 1.0
Scorpion NDBP5GS-SVM) (8.000, 1.000) 1(19) 0.0 100.0 94.7 0.0
Scorpion NDBP5PS-SVM) (1.741, 0.494) 1(19) 0.0 100.0 94.7 0.0
Scorpion NDBP5DFSA-SVM) (5.501, 0.304) 1(19) 100.0 100.0 100.0 1.0
Table 3.15:Classification of bacteria antimicrobial peptides into AMP families
Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
Bacteriocin GS-SVM) (8.000, 1.000) 6 (18) 66.7 100.0 91.7 0.8
Bacteriocin PS-SVM) (1.741, 0.494) 6 (18) 83.3 100.0 95.8 0.9
Bacteriocin DFSA-SVM) (0.969, 0.530) 6 (18) 83.3 100.0 95.8 0.9
Lantibiotic (GS-SVM) (8.000, 0.500) 5(19) 80.0 100.0 95.8 0.9
Lantibiotic (PS-SVM) (1.741, 0.494) 5(19) 80.0 100.0 95.8 0.9
Lantibiotic OFSA-SVM) (7.992, 0.304) 5(19) 80.0 100.0 95.8 0.9
Thiocillin (GS-SVM) (8.000, 0.500) 2(22) 100.0 100.0 100.0 1.0
Thiocillin (PS-SVM) (4.732, 0.494) 2 (22) 100.0 100.0 100.0 1.0
Thiocillin (DFSA-SVM) (7.992, 0.059) 2 (22) 100.0 100.0 100.0 1.0




3.4.3 Evaluating the performance of GS-SVM, PS-SVM and DFSSAM on a blind set

61

Table 3.16:Classification of insecta antimicrobial peptides into AMP families

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
AMP insect GS-SVM) (8.000, 1.000) 1(74) 100.0 100.0 100.0 1.0
AMP insect PS-SVM) (6.905, 0.669) 1(74) 100.0 100.0 100.0 1.0
AMP insect DFSA-SVM) (7.992, 0.910) 1(74) 100.0 100.0 100.0 1.0
Apidaecin GS-SVM) (8.000, 8.000) 4 (70) 100.0 100.0 100.0 1.0
Apidaecin PS-SVM) (1.741, 0.494) 4(70) 100.0 100.0 100.0 1.0
Apidaecin DFSA-SVM) (0.459, 6.619) 4.(70) 100.0 100.0 100.0 1.0
Attacin (GS-SVM) (8.000, 4.000) 1(74) 0.0 100.0 98.6 0.0
Attacin (PS-SVM) (6.905, 0.669) 1(74) 0.0 100.0 98.6 0.0
Attacin (DFSA-SVM) (3.170, 1.642) 1(74) 0.0 100.0 98.6 0.0
Cecropin GS-SVM) (8.000, 2.000) 7 (68) 100.0 100.0 100.0 1.0
Cecropin PS-SVM) (1.741, 0.494) 7 (68) 85.7 100.0 98.6 0.9
Cecropin DFSA-SVM) (1.563, 0.587) 7 (68) 85.7 100.0 98.6 0.9
Invertebrate defensirGS-SVM) (8.000, 0.250) 8 (67) 100.0 100.0 100.0 1.0
Invertebrate defensirPS-SVM) (1.741, 0.182) 8 (67) 100.0 98.4 98.6 0.9
Invertebrate defensirDFSA-SVM) (4.960, 0.083) 8 (67) 100.0 98.4 98.6 0.9
Crabolin GS-SVM) (8.000, 2.000) 1(74) 100.0 100.0 100.0 1.0
Crabolin PS-SVM) (1.741, 0.494) 1(74) 0.0 100.0 98.6 0.0
Crabolin DFSA-SVM) (7.992, 0.304) 1(74) 100.0 100.0 100.0 1.0
Protonectin GS-SVM) (8.000, 2.000) 1(74) 0.0 100.0 98.6 0.0
Protonectin PS-SVM) (6.905, 0.669) 1(74) 100.0 100.0 100.0 1.0
Protonectin DFSA-SVM) (7.992, 1.983) 1(74) 0.0 100.0 98.6 0.0
MastoparanGS-SVM) (8.000, 0.500) 2(73) 50.0 100.0 98.6 0.7
MastoparanRS-SVM) (6.905, 0.669) 2(73) 50.0 100.0 98.6 0.7
MastoparanDFSA-SVM) (7.992, 0.304) 2(73) 50.0 100.0 98.6 0.7
Ponericin 1 GS-SVM) (8.000, 0.500) 1(74) 100.0 100.0 100.0 1.0
Ponericin 1 PS-SVM) (6.905, 0.669) 1(74) 100.0 100.0 100.0 1.0
Ponericin 1 DFSA-SVM) (2.734,0.772) 1(74) 100.0 100.0 100.0 1.0
Ponericin 2 GS-SVM) (8.000, 2.000) 2(73) 100.0 100.0 100.0 1.0
Ponericin 2 PS-SVM) (6.905, 0.669) 2(73) 100.0 100.0 100.0 1.0
Ponericin 2 DFSA-SVM) (1.944, 2.216) 2(73) 100.0 100.0 100.0 1.0
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Table 3.17:Classification of mammalia antimicrobial peptides into AMP families

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
Alpha defensin 6S-SVM) (4.000, 1.000) 10 (180) 80.0 100.0 98.9 0.9
Alpha defensin PS-SVM) (1.741, 0.814) 10 (180) 80.0 100.0 98.9 0.9
Alpha defensin DFSA-SVM) (0.718, 0.593) 10 (180) 80.0 100.0 98.9 0.9
Beta defensinGS-SVM) (8.000, 0.500) 6 (184) 83.3 100.0 99.5 0.9
Beta defensinRS-SVM) (6.905, 0.669) 6 (184) 83.3 100.0 99.5 0.9
Beta defensin@FSA-SVM) (6.125, 0.711) 6 (184) 83.3 100.0 99.5 0.9
Cathelicidin GS-SVM) (8.000, 1.000) 2(189) 50.0 100.0 99.5 0.7
Cathelicidin PS-SVM) (6.905, 0.669) 2(189) 50.0 100.0 99.5 0.7
Cathelicidin DFSA-SVM) (7.992, 0.632) 2(189) 50.0 100.0 99.5 0.7
Glycosyl hydrolase 22GS-SVM) (8.000, 8.000) 2(188) 100.0 100.0 100.0 1.0
Glycosyl hydrolase 22RS-SVM) (0.771, 5.516) 2 (188) 100.0 100.0 100.0 1.0
Glycosyl hydrolase 2200FSA-SVM) (7.992, 0.304) 2(188) 100.0 100.0 100.0 1.0
Histone H2B GS-SVM) (8.000, 8.000) 2(188) 50.0 100.0 99.5 0.7
Histone H2B PS-SVM) (0.771, 5.516) 2(188) 50.0 100.0 99.5 0.7
Histone H2B DFSA-SVM) (1.722, 2.796) 2(188) 50.0 100.0 99.5 0.7

Table 3.18:Classification of merostomata antimicrobial peptides into AMP families

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
Tachyplesin GS-SVM) (8.000, 8.000) 1(8) 100.0 100.0 100.0 1.0
Tachyplesin PS-SVM) (1.741, 0.494) 1(8) 100.0 100.0 100.0 1.0

Tachyplesin DFSA-SVM) (7.992, 0.077) 1(8) 100.0 100.0 100.0 1.0
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In Table 3.19, the take home message is that the three hybtlbdweperformed pooly in identifying

AMPs in thaumatin family in terms of accuracy.

Table 3.19:Classification of plant antimicrobial peptides into AMP families

Algorithm Model # of peptides  Sensitivity(%) Specificity(%) Accuracy(%) MCC
DEFL (GS-SVM) (8.000, 2.000) 9 (191) 88.9 100.0 99.5 0.9
DEFL (PS-SVM) (1.741, 0.494) 9 (191) 88.9 100.0 99.5 0.9
DEFL (DFSA-SVM) (1.131, 0.981) 9 (191) 88.9 100.0 99.5 0.9
Thaumatin GS-SVM) (8.000, 0.125) 2(198) 0.0 100.0 99.0 0.0
Thaumatin PS-SVM) (1.741, 0.494) 2(198) 0.0 100.0 99.0 0.0
Thaumatin DFSA-SVM) (4.361, 0.295) 2 (198) 0.0 100.0 99.0 0.0

Classification of crustacea AMPs into penaedin, is shown bield.20. Both GS-SVM and DFSA-
SVM failed to predict the single positive penaedin sequence, though they correctly classified all the non-

AMPs.

Table 3.20:Classification of crustacea antimicrobial peptides into AMP families

Algorithm Model # of peptides ~ Sensitivity(%) Specificity(%) Accuracy(%) MCC
PenaedinGS-SVM) (8.000, 8.000) 1(17) 0.0 100.0 94.4 0.0
PenaedinRS-SVM) (1.741, 0.494) 1(17) 100.0 100.0 100.0 1.0
Penaedin@FSA-SVM) (1.722, 2.796) 1(17) 0.0 100.0 94.4 0.0

3.4.4 Performance comparison of GS-SVM, PS-SVM and DFSA-SVM

The performance comparison of GS-SVM, PS-SVM and DFSA-SVM on a blindset have so far been pre-
sented above for the two different experiments, namely experiment one (generalized) and experiment two
(specialised) AMP models. In this subsection, comparison of these methods obtained for the above two
scenario are presented. Note that the same parameter settings are used in two experiments in order to have
a fair comparison. The respective performance measures (sensitivity, specificity, accuracy and MCC) of
all the tables from Table 3.3 to Table 3.11 are added together and the average values are presented in Table
3.21. Similarly, Table 3.22, is the average of the total sum of the respective performance measures of Table
3.12 to Table 3.20.
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The accuracy is used here as a measure of performance to ethpdhree hybrid methods. The av-
erage comparison of GS-SVM, PS-SVM and DFSA-SVM using generalized models is given in Table 3.21.
Clearly DFSA-SVM was the overall best hybrid method with an accuracy of 97.95% in discriminating the
positive set from the negative set, followed by GS-SVM and PS-SVM in that order.

The average comparison of GS-SVM, PS-SVM and DFSA-SVM using specialised model (AMP fam-
ilies) is presented in Table 3.22. GS-SVM is the best performer in terms of specificity, while PS-SVM is
the best in terms of sensitivity and accuracy. In both experiments, PS-SVM was the best method with an

accuracy of 99.25%, in prediction of AMPs into their respective families.

Classification of AMPs using generalized and specialized models shows that specialized model are
more specific and accurate than generalized models. However, the generalized model has better sensitivity
than specialized model. There is an improvement in specificity in specialised model as compared to gen-
eralized model. This is because the multi-class scheme is more class based and hence the model is tailored

to a specific class rather than a general class.

The results achieved in all the classification be it generalized or specialized suggests that although
AMPs are diverse, the pattern becomes apparent for an AMP family in a particular taxa. This is clear from

the high accuracies achieved using specialised models.

Table 3.21:Average performance comparison of the three hybrid methods (generalized AMP model)

Algorithm Sensitivity(%)  Specificity(%) Accuracy(%) MCC
GS-SVM 84.45 96.52 97.54 0.82
PS-SVM 83.09 97.45 97.43 0.82
DFSA-SVM 84.45 97.45 0.83

Table 3.22:Average performance comparison of the three hybrid methods (specialised AMP models)

Algorithm Sensitivity(%)  Specificity(%) Accuracy(%) MCC
GS-SVM 80.53 99.95 99.10 0.83
PS-SVM 82.26 99.91 0.85

DFSA-SVM 81.42 99.88 99.20 0.84
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3.5 Discussion

Pathogens have ingeniously grown resistant to conventional antibiotics and this has led to pharmaceutical
industries to seek another alternative. Antimicrobial peptides are considered to be an alternative drug as

compared to conventional antibiotics because:

e AMPs have a broad range of activity as they work against all microbes and parasites.

e AMPs also have high specificity as they can recognize and destroy only microbes without disrupting

any other cells in the body.

¢ AMP shows either no or very low drug resistance.

For these reasons, this has generated a lot of interest in pharmaceutical industries to create these peptides
synthetically and also create hybrids of these peptides to increase efficacy of their functional range (Ferre
et al.,, 2006). Pexiganan is used as topical antibiotic for the treatment of infected diabetic foot ulcers
(Dutton et al., 2002). Dermaseptin peptides were shown to be active toward human erythrocytes infected
by the malaria parasitPlasmodium falciparun{Ghosh et al., 1997). Indolicidin-analogue is used for
treatment of acne vulgaris. Plectasin have microbicidal activity against antibiotic-resistant bacteria (Guani-

Guerra et al., 2010).

The characterization of an antimicrobial peptide can be assayed in vivo or prettit@ido, i.e.,
classified into experimental approaches and computational approaches. Experimental approaches for de-
termining antimicrobial peptide activity include but are not restricted to microscopy, flourescent dyes, ion
channel formation, circular dichroism and oriented circular dichroism, solid-state NMR spectroscopy and
neutron diffraction. (Brogden, 2005). Even though many new AMPs with improved activity have been
reported, rarely has any method been used to scan the potential vast amount of genomic and proteomic
data, to discover unknown AMPs. As of September 2009, data available to the public indicates that there
are 890 complete genomes and 5643 ongoing genome projects (Kyrpides, 1999). Due to rapid release of
new data from genome sequencing projects, the majority of protein sequences in public databases have
not been experimentally characterized. Hence the need to develop computational approach to identify

potential AMPs.

Several computational approaches have been implemented in classifying or rather characterizing novel

antimicrobial peptide from protein sequences. These approaches include similarity search based tech-
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nigues such as BLAST (Altschul et al., 1990) and PSI-BLASTt¢éthul et al., 1997), profile search
methods (profile hidden Markov model) and multivariate classification methods. Both similarity and pro-
file search methods fail to predict a new protein when a query protein does not have significant similarity
with the database proteins. Recently, random forest, SVM and discriminant analysis has been applied in
predicting antimicrobial peptides (Thomas et al., 2010). Atrtificial neural networks (ANN), quantitative
matrices (QM) and support vector machines (SVM) has been designed to predict antibacterial peptides
(Lata et al., 2010, 2007). Quadratic discriminant analysis was used in classification of antimicrobial pep-
tides using diversity measure (Chen and Luo, 2009). Fourier transform based method with property based
coding strategy used to scan the peptide space for discovering nhew potential antimicrobial peptides (Na-
garajan et al., 2006). Decision tree have been developed in for classification of antimicrobial peptides (Lee

et al., 2004).

These methods for predicting AMPs have some bottlenecks. For example, Thomas et al. (2010) gen-
erated a generalized model to predict AMPs in their online CAMP database. One limitation of this model
is that it is not specific. They have predicted AMPs using a generalized model. On the other hand, the
specific models used in this study is based on AMP families which is more robust and nevertheless, it not
only predict AMPs with high accuracy, but also classifies them into specific subclasses such as cecropin,
defensin,a-defensin etc. ANTIBP2 is another tool for predicting AMPs based on families. However,
this method suffers from one drawback, in that the training set of sequences from APD database (Wang
and Wang, 2004), which consists of predicted and experimentally validated AMPs. Fourier transform and
decision based methods predict AMPs of a particular group, that is, antibacterial and anticancer respec-
tively. GS-SVM, PS-SVM and DFSA-SVM were compared with ANTIBP2 (Lata et al., 2010). ANTIBP2
is an online tool for predicting AMPs based on families. The comparison were made based on accuracy
and Mathews correlation coefficient (MCC) parameters. The results shows that GS-SVM, PS-SVM and
DFSA-SVM are superior (in terms of accuracy) than ANTIBP2 in predicting

e frog AMPs namely bombinin, brevinin, caerin and dermaseptin,

e insect AMPs namely apidaecin and attacin, except invertebrate defensin and cecropin, and

e mammal AMPs namely alpha-defensin, beta-defensin and cathelicidin.

The method implemented here utilises only primary protein sequences to build a matrix representation

of AMPs sequences based on amino acid composition and physicochemical properties. These methods

for generating features are based on an averaging scheme influenced by sequence length of the protein.
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One disadvantage of this approach is that it does not consaepling effect among the neighbouring
residues. Nevertheless, it considers the whole protein sequence as a whole rather than placing emphasis
on certain motifs or domains of the sequence. Although the approach is easy to implement, it might
obscure certain domain specific characteristics, and hence the mean values might reduce the robustness
of the model. Future work entails implementation of more sophisticated methods for generating features.
These methods are based on string kernels for protein sequences and they include but are not restricted
to SVM-Fisher (Jaakkola et al., 2000), SVM-pairwise (Liao and Noble, 2002), eMotif kernel (Ben-Hur
and Brutlag, 2003), mismatch kernel (Leslie et al., 2004), cluster kernel (Weston et al., 2005), spectrum
kernel (Leslie et al., 2002) and profile-based string kernels (Kuang et al., 2005). The features used by the
spectrum kernel are the set of all possible subsequences of amino acid of a fixed ldhgtlo protein
sequences contain many of the salngubsequences, then their inner prodictzT, z3) = 717 - 73

under thek-spectrum kernel will be large (Leslie et al., 2002). Another example of a string kernel is the
mismatch kernel, which counts slightly mismatched strings of sequences as being similar. Mismatch kernel
is based on the mismatch neighbourha@dg ,,,(5) of a sequenceé and is the set of ak-mers withinm
mismatches frond (Leslie et al., 2004). Profile kernels, on the other hand, use probabilistic profiles such

as those produced by the PSI-BLAST algorithm to define position-dependent mutations neighbourhoods
along protein sequences for exact matching-téngth subsequencek-fners) in the data (Kuang et al.,

2005). The implementation of these kernel is beyond the scope of the thesis.

The machine learning technique implemented for the prediction of AMPs is based on an SVM. SVMs
have been widely used in many practical applications. Some of these applications include but are not
restricted to drug discovery (Zernov et al., 2003), automatic naming of proteins due increasing demand in
data mining (Mika and Rost, 2004), early detection and prognosis of cancer (Kapetanovic et al., 2004),
prediction of protein-protein interactions (Soong et al., 2008), transcription initiation site prediction (Yang,
2004), prediction of HIV coreceptor usage (Boisvert et al., 2008; Garrido et al., 2008; Prosperi et al., 2009;
Sander et al., 2007; Skrabal et al., 2007), identification of biomarker for cancer diagnosis (Abeel et al.,
2010), identification of diabetic retinopathy stages (Acharya et al., 2011), prediction of microRNA coding
regions in genome scale sequences (Wu et al., 2011), and classification of lip color in relation to personal

health (Zheng et al., 2011).

The performance of the SVM model applied in the present study achieved an average prediction ac-
curacies of 99.25%, 99.10% and 99.20% in classifying peptides of various taxa into AMPs families using

PS-SVM, GS-SVM and DFSA-SVM respectively. The performance of the model that achieved the highest
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accuracy is chosen and reported. Different modelling é¢aitexquire that the recall of the model should

be 100%, so as to not lose any positives that are within the set. On the other hand, other criteria require
a precision of 100%, so as to be absolutely sure about a positive predicted element. Other criteria can
be used to evaluate the performance of supervised learning, namely F-measure, MCC and the area under
the curve (AUC). The accuracy measure is known to have several defects in that it does not exclude the
influence of the class distribution which may enable a completely uninformed classifier to trivially achieve
high classification accuracy. A remedy to this is to use a two level measure known as area under the
curve:accuracy, in shorUC : acc (Huang and Ling, 2007). Suppogd/C' is denoted ag and accuracy

asg, then the two level measure is defined as

Definition1. A two-level measure) formed by f andg, denoted byf : g, is defined as:

* Y(a) > y(b) < f(a)> f(b)andg(a) > g(b)
e ¢Y(a) =9(b) < f(a) = f(b) andg(a) = g(b);

that is, if AUC values of the two ranked prediction lisisandb of two classifiers are different, then the
new two-level measurdUC' : acc agrees withAU C', no matter what value of accuracy is. On the other

hand, if AU C values are the same, then the two-level measure agrees with accuracy.

The performance of SVMs depends heavily on the selected hyperparametedss employed to
train the model. The approach of selecting these SVM hyperparameters with grid search is not global
since no optimal criteria for convergence of solution. To circumvent this problem, a hybridized SVM with
two optimization methods, namely pattern search (PS) and derivative-free simulated annealing (DFSA) is
implemented to optimize the SVM hyperparameters. Both PS-SVM and DFSA-SVM are robust and rarely
get trapped in local minima. PS-SVM is the best SVM hybrid method for selecting SVM hyperparamters
because PS is started at several multi-start points in the search space. Nevertheless, PS updates the next
stepsize parametex“*! to be equal tax x A*, wherea is the expansion factor. In the implementation
of PS, the value ofv is set to 2. The expansion factar= 2 is compared withh = 1. The expansion
factora = 2 is much superior t@x = 1 in terms of accuracy. This is due to the fact that 2 is more
opportunistic thary = 1 when a better point is obtained. In other words it speeds up the convergence of

PS method to the global point.

The optimization of SVM hyperparameters is a black-box simulation and it is interesting to note that

there are several global minima solutions of a given modelling process. This is known as a multi-modal
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problem. At each iteration of GS-SVM, PS-SVM, DFSA-SVM, thesbsolution is chosen, once a solution

with either equal or greater accuracy value than the current best solution is found. The problem with this
approach is that it selects the valuescand o blindly. This can lead to overfitting, hence the derived
model will not predict with high accuracy when tested on the blindset. If the hyperparameter\vslue

too high, then classification rate is very high in the training stage but very low in the testing stage. On the
other hand, it:is too small, then the classification accuracy rate is unsatisfactory, hence not a useful model.
Hyperparametes has more effect than in that it influences the separation outcome in the feature space.
A high value foro leads to overfitting while a low value results in underfitting. Therefore, one strategy
to deal with these extremities would be to sele@nd o conservatively (Lin et al., 2008). If different
solutions have equal classification accuracy value, then the one with the smaillee is selected. If the

c values are identical, then the one with the smalenlue is chosen.

In order to additionally evaluate the performance of the model, it was tested on an independent data
set. The accuracy rate was very high in most of AMPs prediction in various taxa. However, the worst
performed prediction of AMPs was in thaumatin, attacin and cathelicidin. In thaumatin, there is a wide
variation in sequence length, for instance, in thaumatin AMP family. Since, our featurization method is
influenced by the length of the sequence, this obscures the pattern and hence affecting the model. The
other reason is that the thaumatin sequences are highly diverse, that is, less conservation depicted in their

sequences.

The conservation of antibacterial peptides in amino acid sequence has been well documented across
evolutionary distant taxa. However, there is a wide genetic variation within taxa. Lazzaro et al. (2001) re-
searched on the quantity and origin of polymorphismBiiosophila melanogastekttacin genes. Attacins
represent one of the most taxonomically widespread classes of antibacterial peptides. Mature attacin pep-
tides are typically~ 190 amino acids in length and adopt a random coil structure in solution. This loose,
flexible structure is devoid of disulfide bonds and does not take a rigid conformational shape. This lack of
strict structural constraint may allow relatively free amino acid substitution, explaining the lower level of
amino acids identity between attacin homologs in distant taxa. There is however, conservation of general
structure and functional activity. This may explain the underlying reasons why the sensitivity of the pre-
diction of attacin AMPs was zero. Similarly the prediction performance for cathelicidins was too low, i.e.,

a sensitivity of 50%. This is because cathelicidins are compose of a large and particularly diverse family
of AMPs that derived from prepropeptides with a particularly well conserved N-terminal proprepeptide

segment (the cathelin domain) of approximately 100 amino acid residues (Bulet et al., 1993, 2004).
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The variation and diversity of the AMP sequence within the sgamily and species (Maxwell et al.,
2003) makes it difficult to identify or predict new AMPs, thus another methods has been proposed for
some specific class of genes (Wasserman and Fickett, 1998) based on the model of the gene’s promoter
region. This approach seems reasonable to use for the purpose of AMP gene discovery as the literature
suggests that the promoter regions of the highly diverse AMPs are fairly conserved (Brahmachary et al.,
2006; Ganz, 2003). This method can be complemented with homology based gene identification methods

to increase the possibilities of mining novel AMPs from the whole genome.

The reliability of a trained model from any classifier mainly depends on the four factors, namely
the number of clean data, the selection of classifier hyperparameters, feature representation and feature
selection. In this study, the best features to be used in the featurization of our examples was not conducted,
instead the 27 features were all used in the training. This may suggest the reason for not getting a reliable
model. Feature selection is very important and therefore having so many features that contain redundancy
or high level of noise may decrease the accuracy of the solution. Removal of such features can improve
the search speed and accuracy rate. Therefore, the objective of feature selection is to come up with useful
features that correlates between the positive and negative sets. There are two methods for feature selection,
namely filter approach and wrapper approach. In filter method, the feature selection and classifier design
are separated in that a subset of features are first selected and then the classifiers are trained based on
the selected features. Examples of filter methods include but are not limitestatistics (Pan, 2002),

FDR (Pavlidis et al.) and signed-FDR (Golub et al., 1999). Filter methods are very fast and simple to

implement but come with several costs. These methods require users to set a cut-off point in the ranking
scores under which features are deemed to be irrelevant for classification. However, the optimal number
of features, that is, the cut-off is usually unknown. Another problem is that the ranking criteria do not

take the combined effect of features into account (Lin et al., 2008). To circumvent these limitations, is

to include the feature selection in the training process so that the performance of classifiers can guide the
selection progress. This approach is called the wrapper method. In this approach, the feature selection
algorithm conducts a search for a good subset of features using the classifier itself as part of the evaluating
the objective function, i.e., the accuracy. The advantage of wrapper methods is that it takes into account
the effect of selected feature subset on the performance of the classification algorithm during the search.
Examples of wrapper methods include implementing population-based global optimization methods such

as genetic algorithm, particles swarms optimization, tabu search and ant colony optimization methods.
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In most of the prediction, the specificity of 100% was achievedause the model was created on the
entire protein universe as the negative set. The specificity value would be lower if you use a larger dataset

of non-AMPs.

3.6 Summary

Three SVM hybrid methods namely, GS-SVM, PS-SVM and DFSA-SVM for selecting optimal hyper-
parameters of support vector machine have been presented. The model generated for these three hybrid
methods were tested on a blind data set from various taxa, namely insecta, amphibian, merostomata, mam-
malia, plantae, arachnida, actonopterygii and bacteria. Prediction of AMPs using their respective families
are more accurate than training based on generalized AMPs. One advantage of PS-SVM and DFSA-SVM
hybrid is that they optimally select the SVM hyperparameters which is an important aspect in classifica-
tion process. Numerical results suggests that PS-SVM performs better than GS-SVM and DFSA-SVM in

discriminating AMPs from non-AMPs.



Chapter 4

Haemotophagous antimicrobial peptide

predictor webserver

Abstract

Background: Innate immunity has a primary role in protecting organisms from a diverse spectrum of microorgan-
isms in the invertebrates. In insect vectors, which transmit parasites that cause major human and animal diseases,
antimicrobial peptides (AMPSs) play an essential role in innate immunity. AMPs in insects are grouped into eight
major families, namely invertebrate defensin, attacin, cecropin, AMP insect, crabolin, protonectin, mastoparan and
ponericin.

Methods: In this study, the haemotophagous antimicrobial peptide predictor (HAPP) webserver was designed using
a support vector machine coupled with optimization methods (grid search, pattern search and derivative-free simu-
lated annealing) to predict classes of AMPs in haemotophagous insects. For each SVM raw score, a complementary
statistical confidence measure called posterior error probability is computed using QVALITY program.

Results: HAPP webserver predicts with an accuracy of 95%.

Conclusion: The HAPP webserver can be used to predict AMPs into their respective families in haemotophagous
insects and can be a useful resource to characterize peptides in ongoing genomes in insects. The HAPP webserver

can be accessed at http://apps.sanbi.ac.za/Happ/.

72
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4.1 Introduction

Insects, the most abundant metazoans on earth, have a well-developed innate immune system that respond
to infection. The innate immunity in insects is divided according to the type of immune response, namely,
humoral and cellular response. The humoral response is based on the products of characterized immune
genes induced by microbial infection and encode antimicrobial peptides. On the other hand, cellular
response are performed by hemocytes and include phagocytosis and encapsulation (Hoffmann and Hetru,

1992).

A number of AMPs in insects have been isolated and characterized in insects. Examples include but not
restricted to cecropin, attacin, insect defensin and dipteriddrasophila(Akuffo et al., 1998; Samakovlis
etal., 1990; Valanne et al., 2011; Zhao et al., 2011). Cecropins are 31 to 39 residue peptide lacking cysteine
and are highly active against gram-positive or gram-negative bacteria. Attacins are typida@llyamino
acids in length and are characterized by high content of glycine residues and show activity against gram-
negative bacteria. Insect defensin are cationic peptides composed of 32 to 51 amino acid residues and all
contain a characteristic motif of six cysteines bonded in three intramolecular disulfide regions. They attack
mostly gram-positive bacteria. Diptericin are antibacterial peptides of about 82 amino acids and shows
activity against gram-negative bacteria. Nonetheless, there are a number of uncharacterized peptides in
many insect vectors. For example in VectorBase (Lawson et al., 2009), there are several ongoing genomes
for haemotophagous insects namélpssina morsitans morsitanRhodnius prolixusAnophelespecies
cluster An. gambiae, An. fenestus, An. stephensi, An. arabiensis, An. quadriannulatus, An., merus)
Culex quinquefasciatusxodes scapularigsndAedes aegyptiTherefore, there is need for a computational

approach to characterize AMPs in these vectors.

These disease vectors are rich in AMPs, which are induced upon parasitic infections and involved
in controlling parasite development (Boulanger et al., 2002). They transmit parasites that cause major
diseases such as malaria, sleeping sickness, leishmaniasis and filariasis in human and nagana in animals.
There is need to identify the AMPs in haemotophagous insects and the reason for this can be explained
in three folds: Firstly, experimental methods used in characterizing AMPs are costly, time consuming and
resource intensive. Thus, there is need to develop computational tool for predicting AMPs, in order to in-
form experimental approaches. Secondly, identification of AMPs in insects can serve as a hatural template
for designing novel antibiotics useful in combating or controlling diseases such as malaria and sleeping

sickness. Thirdly, the antimicrobial molecules are highly attractive for use in transgenic technology in
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insect vectors.

In this study, a machine learning approach using the support vector machines is utilised in the pre-
diction of AMPs in insects. Optimization methods namely grid search, pattern search and derivative free
simulated annealing methods are utilised to select SVM hyperparameter. However, the prediction pro-
duced by the SVM classification method raises a related question, that is, how confident can we be that
the classifier has actually identified the peptide as AMP or not? To answer this question, a posterior error
probability (PEP) of a given peptide SVM prediction score is computed using QVALITY program (Kall
et al., 2009). PEP is defined as the probability that a single peptide score called significant is actually

incorrect.

This chapter is organized as follows. Section 4.2 briefly presents the methodology employed. Section
4.3 presents the estimation of statistical confidence measures. Results and discussions are presented in

section 4.4. Section 4.5 describes the webserver and a summary is made in section 4.6.

4.2 Methods

The methodology used in creating the webserver is based on what has been presented in Chapter 3. The
three hybrid algorithms namely, GS-SVM, PS-SVM and DFSA-SVM and the materials discussed in sec-
tion 3.2 and 3.3 respectively of Chapter 3, are implemented here. In addition to these, a procedure to
measure the statistical confidence (posterior error probability) of SVM prediction is incorporated in the

pipeline. This is presented in the next section.

4.3 Estimation of statistical confidence measures

A classifier such as an SVM is useful if it delivers scores that have well-defined semantics. In this work,
an empirical post-processing procedure for converting the unitless SVM discriminant score into two com-
plementary statistical confidence measures is computed. Both measures rely on the natisihrobde|

which represents the noise of the process being modeled. This procedure, randomly generated strings of
amino acids are used as an empirical null model, and will be described later. There are two measures

namely, false discovery rate (FDR) and posterior error probability (PEP).

The first measure is based on the estimdédse discovery rat€dFDR) (Kall et al., 2008a,c, 2009;



4.3 Estimation of statistical confidence measures 75

Noble, 2009). The FDR is defined as the percentage of scores algpecified threshold that are drawn
according to the null hypothesis. In practice, raw FDR estimates are problematic because the FDR is not
monotonically related to the underlying score. A sequence is monotonic if it is consistently increasing or
never decreasing or consistently decreasing and never increasing in value. Therefore, igstalae &
reported, which is defined as the minimal FDR at which a given score is deemed significant (Kall et al.,

2008a,c). Thervalue is thus an analog of thpevalue that incorporates multiple testing correction.

The second measure is thesterior error probability(PEP) (Kall et al., 2008a,c), defined as the proba-
bility that the score is drawn according to the null hypothesis. In statistics literature, the PEP is sometimes
referred to as théocal false discovery rate The g-value and PEP are complementary confidence mea-
sures. Thay-value is easier to estimate accurately, nonetheless it only provides information about the set
of scores at or above a specified threshold. The PEP is more difficult to estimate accurately but provides
information about an individual score. Which score is relevant will depend in general upon what type
of follow-up experiments are planned: for batch validation, ghealue is appropriate; for follow-up of

individual predictions, the PEP is relevant. For more details on PER-aallie, see (Kall et al., 2008a,c¢).

To estimate both measures, an empirical null model (noise) coupled with a standard FDR inference
procedures are used. In order to come up with a measure, one needs to compare the observed scores of
target (real) sequences with the sequence scores from a null or rather a decoy database. A null database
is a warehouse of amino acid sequences that are derived from the original target protein database called
FIXME. There are several ways to generate the null database namely by: reversing the target sequences
(Moore et al., 2002) shuffling the target sequences (Klammer and MacCoss, 2006) and generating the
decoy sequences at random using a Markov model with parameters derived from the target sequences
(Colinge et al., 2003). There is no optimal way to generate a null database, however, we have ensured
that the sequences in the decoy database are different from the target database. In this thesis, the decoy
sequences are generated at random using the Markov model. The detailed procedure for generating the
decoy database and estimating the non-parametric estimation gfvhlees and PEP is described as

follows:

1. Gather a non-redundant set of insect proteins
A non-redundant set of insect proteins are used by purging 378 FIXME proteins sequences (138
AMPs, 240 non-AMPs) by using CD-HIT (Li and Godzik, 2006). This is done to prevent any pair
of sequences from sharing greater than 40% sequence identity. This procedure yields a total of

FIXME sequences, which consists of 106 AMPs and 178 non-AMPs.
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2. Train a Markov chain
From these sequences, the parameters of the zero-order and first-order Markov chain are estimated.
This procedure vyields a total of 420 (20 zero-order and 400 first-order) parameters. A first-order
Markov chain is is where the transition of one event to the other event is dependent on the one

immediately preceding it, unlike a zero-order Markov chain.

3. Generate empirical null sequences
The Markov chain is then used as a generative model and the steps involved to generate the null

sequences is described as follows:

(a) select a protein sequence uniformly at random from the given initial collection of proteins and

record the protein’s lengt,

(b) randomly select the first amino acid in the simulated protein according to the zero-order

Markov frequencies (parameters).

(c) randomly select the next amino acid in the simulated protein according to the first-order

Markov frequencies, conditioning on the previous amino acid.

(d) repeat step (c) until the protein is of length,

This procedure is repeated until a specified number of simulated proteins have been generated. In

this case, 1000 null sequences was generated.

4. Apply the trained classifier to the null sequences
The trained SVM model is applied to each of the null sequences, recording the resulting scores. The

resulting score distribution serves as our empirical null model.

5. Apply the trained classifier to the real sequences
The trained SVM model is applied to each target sequence in a collection of proteins of interest (284

sequences), storing the observed SVM scores.

6. Estimate g-value and PEPs
Many tools exist for estimating-value and PEPs (Strimmer, 2008b). Some of these tools include but
not restricted to locfdr tool (Efron, 2004), BUM (Pounds and Morris, 2003) and fdrtool (Strimmer,
2008a). However, these tools have limitations in that it requires the user to furnish eithgx with

values, z-scores,t-scores, or correlation scores. Therefore, for this purpose, QVALITY software
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(Kall et al., 2009) is used, which takes as an input both treenked and the null SVM scores and

produces botliy-values and PEPSs.

An example is given below to expound on step 3 above, that is how to generate the null sequences.

Example: For simplicity case, suppose the four nucleotide bases namély C”, “G” and “T” are used
instead of the 20 amino acids. In this case, 20 parameters are generated, i.e., 4 zero-order frequencies and

16 first-order frequencies. Suppose further that the zero-order frequétifiesre

A (02
s Gl 01
C1 0.6
T \ 0.1
and the first-order frequencig&) as follows
A G C T

A 0.2 0.4 0.3 0.1
G| 0.1 0.25 0.4 0.25
C | 0.34 0.23 0.21 0.22
T \ 0.25 0.35 0.15 0.25

) —

For instance, the first-order frequency®fis CA : 0.34,CG : 0.23,CC : 0.21,CT : 0.22. In addition,
suppose that the sequence “CCGTTTTA" is chosen randomly from the target database. The procedure to

generate the null sequences is as follows:

(a) the length of the protein is= 8.

(b) randomly select the first amino acid in the simulated protein according to the zero-order Markov
frequencies. Here a random numbers generated and will be assignédif 0 < ¢ < 0.2, C if

02<p<08,Gif0.8<p<09andTif0.9<p<1.0,i.e.,2;, k=0

if 0 < ¢<0.2

if 0.2 < <0.8,

if 0.8 < <0.9,
if 0.8 < ¢ <1.0

- o O >
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Suppose the number 0.3 is randomly chosen, so using the @qdtiL),C is selected as the first

amino acid in the simulation, because 0.3 i9ih < ¢ < 0.8.

(c) randomly select the next amino acid in the simulated protein according to the first-order Markov fre-
guencies, conditioning on the previous amino acid. She&s chosen, then transition probabilities

of C using the first order frequencigg!) is considered, i.e.,
CA:0.34,CG:0.23,CC:0.21,CT: 0.22.

Suppose a numbes = 0.9 is randomly chosen, then the next base to be selected depends on the
following:

if 0 < ¢ <0.34,

if 0.34 < v < 0.57,

if 0.57 < ¢ <0.78,

T if078<p<1.0

Tyl =

O o >

(4.2)

i.e., the basd is chosen because = 0.9 is within 0.78 < ¢ < 1.0. Therefore,T becomes the

current base to generate the next sequence in the growing string of sequences.

(d) repeat step (c) until the protein is of lengthi.e. & = — 1.

4.4 Results and Discussion

In this section, the prediction results for the three hybrid methods, namely, GS-SVM, PS-SVM and DFSA-
SVM discussed in chapter 3 are presented. In Table 4.1, the three hybrid methods performed well in

discriminating the insect AMPs into their respective families.

Table 4.1:Average performance of GS-SVM, PS-SVM and DFSA-SVM models in classification of insecta AMPs

Algorithm Precision Sensitivity(%) Specificity(%) Accuracy(%) MCC
Average S-SVM) 80.00 75.00 100.00 99.58 0.77
Average PS-SVM) 78.89 73.57 99.84 99.31 0.76

Average SAPS-SVM) 78.89 73.57 99.84 99.31 0.76
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The confusion matrix for GS-SVM model is shown in Figure 4. AcErow in a matrix explains how
AMP family of a particular taxa are classified by the hybrid algorithm, In this Figure, one attacin AMP
was classified as non-AMP using the GS-SVM model. Similarly for PS-SVM and DFSA-SVM as shown
in Figure 4.2 and 4.3.
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Cecropinf 0 0 0 7 0 0 0 0 0 0 0
Invertebrate defensin |- 0 0 0 0 8 0 0 0 0 0 0

Crabolinf 0 0 0 0 0 i) 0 0 0 0 0 A le-01

Protonectinf 0 0 0 0 0 0 0 0 0 0 1
Mastoparan} 0 0 0 0 0 0 0 1 0 0 1
Ponericin 1| 0 0 0 0 0 0 0 0 1 0 0
Ponericin 2| 0 0 0 0 0 0 0 0 0 2 0
Non AMP |- 0 0 0 0 0 0 0 0 0 0 44

Confusion matrix: Prediction of Insect AMPs using GS-SVM model

Figure 4.1: Confusion matrix for prediction of insects AMRsng GS model
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AMP Insect 1 0 0 0 0 0 0 0 0 0 0 1
Apidaecin - 0 4 0 0 0 0 0 0 0 0 0 1
Attacin| 0 0 0 0 0 0 0 0 0 0 1
Cecropinf 0 0 0 6 0 0 0 0 0 0
Invertebrate defensin |- 0 0 0 0 8 0 0 0 0 0 0 1
Crabolinf 0 0 0 0 0 0 0 0 0 0 1 le-01
Protonectin 0 0 0 0 0 0 1 0 0 0 0 1
Mastoparant 0 0 0 0 0 0 0 APE 0 g 2
Ponericin 1 0 0 0 0 0 0 0 0 1 0 0 1
Ponericin 2| 0 0 0 0 0 0 0 0 0 2 0 1
Non AMP |- 0 0 0 0 0 0 0 0 0 0 44

Confusion matrix: Prediction of Insect AMPs using PS-SVM model

Figure 4.2: Confusion matrix for prediction of insecta AMRs$ng PS model
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AMP Insect 1 0 0 0 0 0 0 0 0 0 0 1
Apidaecin - 0 4 0 0 0 0 0 0 0 0 0 1
Attacin| 0 0 0 0 0 0 0 0 0 0 1
Cecropinf 0 0 0 6 0 0 0 0 0 0
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Crabolinf 0 0 0 0 0 1 0 0 0 0 0 1 le-01
Protonectin 0 0 0 0 0 0 0 0 0 0 1
Mastoparant 0 0 0 0 0 0 0 APFE 0 g 2
Ponericin 1 0 0 0 0 0 0 0 0 1 0 0 1
Ponericin 2| 0 0 0 0 0 0 0 0 0 2 0 1
Non AMP |- 0 0 0 0 0 0 0 0 0 0 44

Confusion matrix: Prediction of Insect AMPs using DFSA-SVM model

Figure 4.3: Confusion matrix for prediction of insecta AMR$ng SAPS model



4.4 Results and Discussion 82

For each prediction, without well-defined semantics for tMISaw scores assigned for each pre-
diction of AMPs, it is difficult for users to design downstream experiments. Several methods have been
employed to endow raw scores with statistical confidence measure. Some of these methods include Bon-

ferroni correction andv-value.

The Bonferroni correction states that if you are aiming for a significance threshaldudfyou conduct
testm times, then you should adjust your thresholdo It is a simple method to implement but it
does not only reduce the number of false positive, but also reduce the number of true discoveries (false
negative). On the other hand, tBevalue is the converse of the Bonferroni correction. Instead of dividing
the significance thresholdy) by the number of tests performeat), the E-value is the product oft and
m. Itis anticonservative because this number is too large and hence the false positive rate is too liberal.
Between this two extreme points is the false discovery rate. This approach is a relatively recent approach
that determines adjustq@values for each test. However, it controls the number of false discoveries in
those tests that result on a discovery (significant result). Because of this, it is less conservative than the
Bonferroni approach and has greater power to find truly significant results. Another way to look at the
difference is that g-value of 0.05 implies that 5% of all tests will result in false positives. An FDR
adjustedp-value (or g-value) of 0.05 implies that 5% of significant test will result in false positives (Kall

et al., 2008b; Noble, 2009).

Theg-value is a measure of significance in terms of the false discovery rate (FDR) rather than the false
positive rate. The false positive rate is the rate that truly null examples are called significant whereas the
FDR is the rate that significant examples are truly null examples. For instance, a false positive rate of 5%
means that on average 5% of the truly null examples in a particular study will be called significant. On the
other hand, a FDR of 5% means that among all examples called significant, 5% of these are truly null on

average (Storey and Tibshirani, 2003).

A p-value threshold of 5% vyields a false positive rate of 5% among all null features in the dataset,
whereas @-value< 5% means FDR of 5% among the significant features. In the light of definition of the
false positive rate, p-value cutoff says little about the content of features actually called significant. The
g-values directly provide a meaningful measure among the features called significant. Because significant
features will likely undergo some subsequent biological verificatiapyalue threshold can be phrased in
practical terms as the proportion of significant features that turn out to be false leads (Noble, 2009; Storey

and Tibshirani, 2003).

In this study, a collection of 1284 peptides, i,e., FIXME sequence discussed in section 4.3 was ana-
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lyzed. For each peptide, its equivalent SVM score using teednmodel is calculated. Figure 4.4 shows

the resulting distribution of mixed and null svm scores. An SVM classifier assigns negative examples
negative scores and positive examples positive scores. In the figure, the null peptides receive score that
are almost entirely negative, however, the mixed peptide distribution has a large set of negative score and
a smaller set of positive scores. This observation is consistent with a model in which the set of mixed

peptides is comprised of a mixture of correct and incorrect AMPs.

Relationship betweeg-values and posterior error probability (PEP) for the 284 sequence (mixed) is
shown in Figure 4.5. The figure plots the estimated PEP (blue curve}ealdes (red curve) as a function
of the SVM score. In this figure, the relationship between PEPcavalue for a real data set, that is, a
collection of 1284 classified peptides scores derived from SVM. Setting a PEP threshold of 5% yields 104
significant peptide predictions. Alternatively, setting a thresholgd-ef0.05, yields 130 significant peptide

predictions. Thus for this data set, switching from PEP guvdlue yields 25% more identifications.

Mixed and Null Distribution
0.40 : T

0.35

o
W
o

0.25

Normalized frequency

0.20

i i i i
0'1—51.0 -0.5 0.0 0.5 1.0 1.5
SVM score

Figure 4.4: The figure represents the distribution of 1284 S¢ktes for mixed and null peptides.



4.5 Description of the webserver 84

Relationship between PEP and g-value
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Figure 4.5: PEP and-values

Several webservers exists that predict AMPs such as AntiBP2 (Lata et al., 2010) and CAMP (Thomas

et al., 2010). AntiBP2 has two limitations, that is,

e the length of the sequence to be analysed should not be more that 100 amino acid long

e there is no statistical confidence measure is given for any prediction.
On the other hand, CAMP classifies a query sequence as AMP or not but does not give its respective
family.
4.5 Description of the webserver

Since the achieved accuracy is more than 90% in predicting AMP families in haemotophagous insects, it is

imperative that these findings provide the research community with a tool that will characterize unknown



4.5 Description of the webserver 85

peptides by testing membership of an AMP family. For this oeas webserver for the classification
of AMPs into its respective families, under the name of haemotophagous antimicrobial peptide predictor
(HAPP) is created. The webserver is hosted by the South African National Bioinformatics Institute and is

available at the sitkttp://apps.sanbi.ac.za/Happ/

The user enters the query sequence and choose a particular threshold value and also which hybrid
model to use i.e., PS-SVM, GS-SVM or DFSA-SVM (Figure 4.6). Once the user submits the query, the
input gets processed at the backend of the webserver, where the raw SVM scores is computed. In addition
the complementary statistical measure (PEP) is computed using precomputed values generated from the
target and null sequences earlier described. The list in precomputed file consists of SVM scores with its
rank ordered PEP angvalues. An example of the results page generated is shown in Figure 4.7 and the

output comes in two sections, namely

e Parameters The first section is the header which gives information on what options chosen by
the user (SVM raw score threshold, posterior error probability (PEP) threshold and hyperparameter

optimization method). In addition, the query sequence is shown.

e Prediction: The second section gives the prediction results of the query sequence. The first field
indicates the class of the query sequence, be it antimicrobial or not. Then, this is followed by the
peptide sub-class of the sequence, in case it is classified as antimicrobial peptide. The last three
fields are the SVM raw scores, the estimated posterior error probability (PEP) and the link to the

antimicrobial family dataset.

HAPP webserver is the first of its kind for predicting AMPs in haemotophagous insects and has a
potential in advancing knowledge of AMPs by providing an interactive way for scientists in the field to
quickly determine if a newly sequenced protein is an AMP or not, as well as furnishing with statistical

measure for a follow-up assay.
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Dragon Hematophagous Antimicrobial Peptide Predictor

Home = Predict Instructions  Download Team

Algorithm

Paste your sequence here >query|

KNEALATLVVTEVVAVEGNTNL DPPTRPTRLRREAKPEAEPGNNRPVYTPOPRPPHPRLR
REAEPEAEPGNNRPYY IPQPRPPHPRLRREAEL EAEPGNNRPVY T SQPRPPHPRLRREAE
PEAEPGNNRPVYTPOPRPPHPRLRREAEL EAEPGNNRPYY T SQPRPPHPRLRREAEPEAE
PGNNRPVYTPOPRPPHPRL RREAEPEAEPGNNRPVY T POPRPPHPRL RREAEPEAEPGNN
RPVY IPOPRPPHPRL RREAKPEAKPGNNRPVYTPOPRPPHPRT

SVM threshold (default)

PEP threshold (default) 0.05
Model (Classifier) @) Grid search model

© Pattem search model

O Derivative-free simulated annealing model

[ submit | | Reset |

Figure 4.6: The input interface to the HAPP webserver. Usansigput the threshold required. Also the user can select from

different models generated by GS-SVM, PS-SVM and DFSA-SVM. The query input is a protein.

Dragon Hematophagous Antimicrobial Peptide Predictor

Home  Predict  Algorithm  Instructions Download Team

DHAPP Version 1.0 [January, 2011]

® SVM threshold = 0.0

® PEP threshold = 0.05

* Hyperparameter optimization method = GS

* Query sequence:
KNFALAILVVTFVVAVFGNTNLDPPTRPTRLRREAKPEAEPGNNRPVYIP
PRPPHPRLRREAEPEAEPGNNRPVYIPQPRPPHPRLRREAELEAEPGNNR
VYISQPRPPHPRLRREAEPEAEPGNNRPVYIPQPRPPHPRLRREAELEAE
GNNRPYYISQPRPPHPRLRREAEPEAEPGNNRPVYIPQPRPPHPRLRREA
PEAEPGNNRPVYIPQPRPPHPRLRREAEPEAEPGNNRPVYIPQPRPPHPR
RREAKPEAKPGNNRPVYIPQPRPPHPRI

Prediction results of the query seguence
Class Peptide family | SVM raw score PEP Family http link
Antimicrobial Apidaecin 1.0274189 0.000753297 | Apidaecin(Fasta)

Figure 4.7: The prediction results. The results indicatethdrethe sequence query belong to the AMP family. If the sequence
belongs to the AMP family, it will subsequently indicate the AMP subfamily. The results also display the SVM raw scores,

posterior error probability and the link to the AMP family sequence of the prediction results.
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4.6 Summary

We predicted AMPs based on models from different families across various taxa rather than using gener-
alized AMP models. Thomas et. al. created a generalized AMP models to predict AMPs. One limitation
of their models are not specific and not accurate. On the other hand, the specific models based on AMPs
families is more robust and in addition to predicting AMPs with high accuracy, but also classifies them

into specific subclasses such as cecropin, defenstlefensin etc.

A large-scale test on all of the currently sequenced and publicly available genomes would be useful to
ascertain the robust of the methods used to create the webserver. Establishing the possibility that there are
more AMPs throughn-silico as compared to those discovered in laboratories, can provide an additional
sense of direction for the wet lab scientist by testing a few predicted AMPs that have high confidence level

for their activity.

The webserver will be useful to scan the ongoing genomes for potential AMPs in insects such as
Anopheles gambiag&slossina morsitansPhlebotomus logipalpjsCulex quinquefasciatesnd Anopheles
funestus These insects are vectors that cause diseases such as trypanoiasis, leishmaniasis, yellow fever

and malaria.

One limitation of this study is the lack of enough experimentally validated AMPS that hinders the
creation of AMP family models. The other limitation is the small number of sequences used in the target
and null databases. Thevalue and PEP measures depends on the size of the database. The larger the
number of sequences in the database that you search, the greater the number of false positives, hence more
accurate statistical measure. In future the whole insect proteins from UniProt is intended to be used as the

target database in order to generate the null sequences.



Chapter 5

Conclusion and future work

This chapter presents the usage of various computational methods to mine knowledge from the antimicro-
bial peptides (AMPs) dataset. The main objective of this thesis has been to create AMPs model in order
to predict new AMPs. The main contributions of the thesis is broken into three subsections as well as

their limitations. In the first subsection, the database of antimicrobial peptides is discussed. In the second
subsection, the prediction of AMPs using support vector machines is presented. The section section is on

the webserver. Finally, the direction for future work is presented.

5.1 Research contribution and limitations

5.1.1 Antimicrobial peptide database

Databases are useful resource for mining and exploration of antimicrobial peptides, allowing users to query
complex biological questions and analysis of data. In this thesis, a comprehensive database of antimicro-
bial peptides called DAMPD was created. DAMPD is a manually curated database populated with 1232
experimentally validated AMPs entries for both prokaryotic and eukaryotic sources. The procedure for

creating the database involves data extraction using keywords and data curation.

The creation of DAMPD database was the first step towards a systematic analysis of AMPs. The
DAMPD database was successfully developed and is freely accessible for academic and non-profit users

at http://apps.sanbi.ac.za/dampd. The DAMPD database contains both search and analytical tools that

88
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ease in search and analysis of biological query. In particalassification of AMPs using profile hidden
Markov model has been implemented. The profiles created can be used to classify new AMP families
into known AMP families. HMM profiles were created for AMPs based on prior knowledge of the AMP

families.

5.1.2 Classification of AMPs using support vector machines

Data modeling is usually a crucial step in data mining and yield ground for prediction purposes. The
curated data in DAMPD was used to create AMPS models in various taxa. In chapter 3, an SVM-based
machine learning approach coupled with optimization methods have been implemented to aid in classifi-
cation of AMPs into their respective AMPs families. Global optimization methods such as grid search,
pattern search and derivative-free simulated annealing were used to select the hyperparameters of SVM

classifier. PS-SVM was the best hybrid method based on classification accuracy.

5.1.3 Creation of haemotophagous antimicrobial peptide predictor webserver

A webserver to predict haemotophagous insect AMPs into their respective families was created. The
webserver is freely accessible at http://apps.sanbi.ac.za/Happ. This resource is useful to predict AMPs in

ongoing genomes.

Some of the future work include

e enriching the database with additional annotation such as information on promoter region and tran-

scription factors for an AMP. The mode of action of AMPs will be added.

e using string kernels such as profile kernel, spectrum kernel and mismatch kernel instead of amino

acid composition and physiochemical properties.
e incorporate feature selection in addition to parameter selection of SVM.
e predict AMPs once the genomes for haemotophagous insect are completed.

e use of modified pattern search method that uses perturbed coordinate directions rather than the

spanning direction used in PS.
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ClustalW results page

Alignment :

CLUSTAL W (1.83) multiple sequence alignment

sp|P8365L|ALOL_ACRLO  ----oommmooiiiieaiiioo CIKNGNGCQPDGSQGNCCSRYCHKEPGNVAG

sp|PE3652|ALO2 ACRLO  -----ommeooiiieiiiiooo CIANRNGCQPDGSOGNCCSGYCHKEPGNVAG

sp|P83653| ALO3 ACRLO --eemiiieiiiimim il CIKNGNGCQPNGSOGNCCSGYCHKQPGNVAG

sp|P25403| AMP1_MIRJA - - -LPVAFLKFAIVLILFI - AMSAMIEAQCTI GNGGRCNENVGPPY CCSGFCLRQPGOGY G

sp|P25404 | AMP2_MIRJA MAKVPTAFLKFVIVLILFI - AMSGMIEA - CTGNGGRCNENVGPPY CCSGFCLROPNQGY G

sp|PE1418| PAFP_PHYAM MAKVSSAYLKFALVMILLLSVISAVMSAGCIKMNGGRCNASAGPPY CCSSYCFQIAGQSYG
ok o Ul wkk ok *

sp|P83651 | ALO1_ACRLO YCR- -

sp|P83652| ALO2 ACRLO ¥CR- -

sp|P83653| ALO3_ACRLO YCRRK

sp|P25403| AMP1_MIRJA YCKNR

sp|P25404 | AMP2_MIRJA VCRNR

sp|PE1418| PAFP_PHYAM VCKNR

*,

Phylogram

Click for PDF Yersion of Pylogenstic Tree

R sp| P23653] ALOZ_ACRLD
I
B T e T e +
| | R — sp| PE3652] ALO2_ACRLO
| B +
| NN =p|PE365 1| ALO1_ACRLD
|
|
| i sp| PE14 18| PAFF_PHY AM
| |
P . S — sp| P25464| ANP2_NIRIA
| |
e +
PO spl P25403] ANP1_NIRIA

Figure A.1: ClustalW results of AMP family page
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HMMER results page

Alignment

hmmsearch - search a sequence database with a profile HMM

HMMER 2.3.2 (Oct 2003)

Copyright (C) 1992-2003 HHMI/Washington University School of Medicine
Freely distributed under the GNU General Public License (GPL)

HMM file: Jvar/www/danpd/tmp/12225_030411.hnm [12225_030411]
Sequence database: Svarfwww/danpd/tmp /12225 030411, query
per-sequence score cutoff: [none]

per—domai&}score cutoff: [none]

per-sequence Eval cutoff: <= 10

per-domain Eval cutoff: [none]

Query HMM: 12225 030411
Accession:  [none]
Description: [none]
[HMM has been calibrated; E-values are empirical estimates]

Scores for complete sequences (score includes all domains):
Sequence Description Score E-value N

sp|062715|DEF2_RAT Meutrophil antibiotic peptide NP-2  185.0 1l.le-56 1

Parsed for domains:
Sequence Domain seq-f seg-t hmm-f hmm-t score E-value

sp|Q62715|DEF2_ RAT 1/1 1 94 [] 1 92 [1 186.0 1.1e-56

Figure A.2: Classification results of a query sequence ustdgfensin HMM profile.
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Hydrocalculator results page

Sequence 1

« Your guery sequence is:
MRTFALLTAMLLLVALHAQAEARQARADEAAAQQQPGADDQGMAHSFTRP
NAALPLSESARGLRCLCRRGVCQLL
(The hydrophobic residues are coloured in blue).

» The length of the sequence is: 76 aa
» The net charge of the sequence is: +3

+ The percentage of hydrophobic residues is: 50%

Mean Hydrophobicity (p)

» The mean hydrophobicity and mean hydrophobic moment of the sequence is

Variable C55 |Kyte & Doolittle Eisenberg
Mean hydrophobicity -1.26 -0.06 -0.16
Mean hydrophebic moment | 0.95 0.44 0.12

Click here to see the Hydrophobic ﬁ;ale used

Figure A.3: Hydrocalculator results efdefensin sequence
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SignalP results page

Score

1.0

0.8

0.6

0.4

0.2

0.0

SignalP-NN prediction (euk networks): sp|P28312|DEFA5_MOUSE

T T T T T T
B C score |
S score
Y score -~
IS S I S T e S -
MKTFVLLSALVLLAFQVQADP | HKTDEETNTEEQPGEEDQAVS | SFGGQEGSALHEELSKKL ICYCRIRG
| | | | | |
0 10 20 30 40 50 60 70
Position

Figure A.4: SignalP results of-defensin sequence
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Pattern search method

This example illustrates how the previous Algorithm 1 work®&#n In Figure B.1,2* is the current iterate

at thek!" iteration and is represented by the dotted circléThe solid circles indicates the position of the

trial pointp’ € P* to be examined, where= 1,--- ,r. The small open circle and the circled asterisk

@ represent unsuccessful and successful trial points respectively of the POLL step. The POLL step begins
by evaluating the function value of the trial popite P*, point by point, wheré = 1, --- ,4, as shown in

Figure B.1. In Figure 2.2(a), the PS method computes the trial pbiby a step of size\*. It computes

the function value ap'. If f(p') > f(2*) then it examines the next trial poipt as shown in Figure

2.2(b). If it is not successful af, i.e., f(p?) > f(z*) then it compute®s as shown in Figure 2.2(c). If

p3 is still unsuccessful then the process is repeated until all the trial poiit§ are examined, i.e., until

p* is computed as shown in Figure 2.2(d). If all the points in the POLLRfi.e., p', p?, p® andp?)

are not successful then the step size is reduced by half as shown in Figure 2.2(e), i.e., the next POLL step
begins at:* 1 = z* with A**1 = 2 A*_On the other hand, suppose that the trial pphis successful,

i.e., f(p?) < f(«*) as shown in Figure 2.2(f), then the whole POLL step process starts anéw'at p?

with enlarged step size, i.eA*T! = 2A* as shown in Figure 2.2(h). A similar cycle as shown in (a), (b),

(c) and (d) of Figure 2.2 will be repeated (if necessary) for the new POLL &t.
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(a) (b) o 2 (c) O p?
AF J
O—>e o< ® O
2k p' z* p' P’ x* p'
(d) o p (e) T O 2
ZL‘k
O ® O
P’ p'
!
® (h) AFTL — 9AF
\ |
® ° p2 xk:+1 >0
pl
o p! z*

Figure B.1: Figures (a)-(h) shows how the POLL steps works in the PS method.
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Grid search method

A grid search tries values of each parameter across the specified search range using geometric steps. Grid
searches are computationally expensive because the model must be evaluated at many points within the
grid for each parameter. For example, if a grid search is used with 20 search intervals and the svm three
parametersd o) then the model must be evaluated ak20=400 grid points. If cross-validation is used

for each model evaluation, the number of actual SVM calculations would be further multiplied by the

number of cross-validation folds. For large models, this approach may be computationally infeasible.

u @ ® ® ® ® ® ® ® ®

L, @ ® ® @ @ @ @ ® L

l; Ui

Figure B.2: Figure shows how the Grid Search works in a two dimensional optimization problem
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Negative sets

The negative set was downloaded from UniProt using the keywords below:

e actinopterygii (((golgi or cytoplasm or endoplasmic reticulum or mitochondria) NOT antimicrobial)

AND length:[0 TO 100]) AND taxonomy:”Actinopterygii [7898]”

e amphibian (((golgi or cytoplasm or endoplasmic reticulum or mitochondria) NOT antimicrobial)

AND length:[0 TO 100]) AND taxonomy:"Amphibia [8292]"

e arachnida (((golgi or cytoplasm or endoplasmic reticulum or mitochondria) NOT antimicrobial)

AND length:[0 TO 100]) AND taxonomy:"Arachnida [6854]”

e bacteria (((golgi or cytoplasm or endoplasmic reticulum or mitochondria) NOT antimicrobial) AND

length:[0 TO 100]) AND taxonomy:”Eubacterium [1730]"

e crustacea (((golgi or cytoplasm or endoplasmic reticulum or mitochondria) NOT antimicrobial)

AND length:[0 TO 100]) AND taxonomy:"Crustacea [6657]"

e insecta (((golgi or cytoplasm or endoplasmic reticulum or mitochondria) NOT antimicrobial) AND

length:[0 TO 100]) AND taxonomy:”Insecta [50557]"

e mammalia (((golgi or cytoplasm or endoplasmic reticulum or mitochondria) NOT antimicrobial)

AND length:[0 TO 70]) AND taxonomy:"Mammalia [40674]"

e plant (((golgi or cytoplasm or endoplasmic reticulum or mitochondria) NOT antimicrobial) AND

length:[0 TO 100]) AND taxonomy:"Viridiplantae [33090]"
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Features indices

e EISD840101 Consensus normalized hydrophobicity scale Kawashima et al. (2008)
A: 0.25, R: -1.76, N: -0.64, D: -0.72, C: 0.04, Q: -0.69, E: -0.62, G: 0.16, H: -0.40, 1. 0.73, L: 0.53,
K:-1.10, M: 0.26, F: 0.61, P: -0.07, S: -0.26, T: -0.18, W: 0.37, Y: 0.02, V: 0.54

e HOPT810101 Hydrophilicity value Kawashima et al. (2008)
A:-05,R:3.0,N:0.2,D:3.0,C:-1.0,Q:0.2,E: 3.0,G: 0.0,H:-0.5, 1: -1.8, L: -1.8, K: 3.0, M: -1.3,
F:-2.5,P:0.0,S:0.3, T:-0.4, W:-3.4,Y:-2.3,V:-1.5

e VELV850101 Electron-ion interaction potential Kawashima et al. (2008)
A:.03731, R:.09593, N: .00359, D: .12630, C: .08292, Q: .07606, E: .00580, G: .00499, H: .02415,
I: .00000, L:.00000, K: .03710, M: .08226, F: .09460, P: .01979, S: .08292, T: .09408, W: .05481,
Y:.05159, V: .00569

e ZIMJ680101 Hydrophobicity Kawashima et al. (2008)
A: 0.83, R: 0.83, N: 0.09, D: 0.64, C: 1.48, Q: 0.00, E: 0.65, G: 0.10, H: 1.10, I: 3.07, L: 2.52, K:
1.60, M: 1.40, F: 2.75, P: 2.70, S: 0.14, T: 0.54, W: 0.31, Y: 2.97, V: 1.79

e ZIMJ680102 Bulkiness Kawashima et al. (2008)
A:11.50, R: 14.28, N: 12.82, D: 11.68, C: 13.46, Q: 14.45, E: 13.57, G: 3.40, H: 13.69, I: 21.40, L:
21.40, K: 15.71, M: 16.25, F: 19.80, P: 17.43, S: 9.47, T: 15.77, W: 21.67, Y: 18.03, V: 21.57

e ZIMJ680103 Polarity Kawashima et al. (2008)
A: 0.00, R: 52.00, N: 3.38, D: 49.70, C: 1.48, Q: 3.53, E: 49.90, G: 0.00, H: 51.60, I: 0.13, L: 0.13,
K:49.50, M: 1.43, F: 0.35, P: 1.58, S: 1.67, T: 1.66, W: 2.10, Y: 1.61, V: 0.13

¢ JURD980101 Modified Kyte-Doolittle hydrophobicity scale Kawashima et al. (2008)

A:1.10, R: -5.10, N: -3.50, D: -3.60, C: 2.50, Q: -3.68, E: -3.20, G: -0.64, H: -3.20, I: 4.50, L: 3.80,
K:-4.11, M: 1.90, F: 2.80, P: -1.90, S: -0.50, T: -0.70, W: -0.46, Y: -1.3, V: 4.2
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