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Abstract
Proteins play a central role in defining behavior within all biological systems. They are the
fundamental building blocks of living organisms. Identification of functional residues is a crucial
step towards detailed understanding of the molecular mechanisms by which proteins execute their
functions. Experimental elucidation of protein function, and in particular, characterisation of a
subset of functional residues which dictate the biological function of the entire protein molecule,
can be prohibitively expensive and take years to accomplish. To address this functional site
identification problem in a cost-effective manner, this thesis focuses on developing computational
approaches and tools to predict protein functional residues from sequence and/or structural
information, by combining feature engineering, extraction and selection techniques and modern
machine-learning algorithms. Specific techniques are developed for prediction of functional sites
for a range of different types of protein function. These demonstrate the importance of
heterogeneous features derived at different levels (i.e. sequence, structure, network, and function).
Novel high-quality sequence and structural datasets have been developed to support analysis of
many of these types of sites. Online servers have been created that make the developed
computational techniques publicly available.
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Summary
Proteins play a central role in defining the behaviour within all biological systems. They are
the fundamental building blocks of living organisms. Experimental elucidation of protein function,
and in particular, characterisation of a subset of functional residues which underlie the biological
function of the entire protein molecule, can be prohibitively expensive and take years to accomplish.
Identification of functional residues is a crucial step towards detailed understanding of the
molecular mechanisms by which proteins execute their functions. Such knowledge of functional
residues can be applied to interpret genomic information and better understand the basis of human
diseases, as alterations in protein function can often cause disease. Other applications of such
knowledge include protein engineering and drug design. Therefore, computational algorithms that
can accurately predict protein functional sites can be used as powerful tools to generate essential
and novel testable biomedical knowledge that can greatly improve our understanding of the
complex sequence-structure-function relationship of proteins.
In this PhD dissertation research, to address the functional site identification problem, I aim
to develop computational approaches and tools to predict protein functional residues from sequence
and/or structural information, by combining feature engineering, extraction and selection techniques
and modern machine learning algorithms. Specifically, I develop and deploy a number of novel
computational methods and informatics tools that can enable the accurate prediction of four
different types of functional sites by leveraging the large amounts of publicly available protein
sequence and 3D structure data. A number of diverse and functionally important categories of
functional sites are systematically investigated in this thesis. These include eight different types of
metal-binding sites, enzyme catalytic residues, as well as two representative types of protein posttranslational modification sites (PTMs) (i.e. kinase-specific phosphorylation sites and proteasespecific substrate cleavage sites, which represent reversible and irreversible PTM sites,
respectively).
The thesis has three overarching aims: (i) A first aim of this thesis is to curate high-quality
non-redundant sequence and structural datasets of several major types (e.g. PTM sites such as
protease cleavage sites, phosphorylation sites, catalytic sites and metal-binding sites) of functional
residues, which will be used as the benchmark datasets and will lay out a foundation for my
bioinformatics studies; (ii) The second aim of this thesis is to develop computational methods to
efficiently extract the key characteristics of functional residues using state-of-the-art machine
learning methods, based on the constructed high-quality datasets, and (iii) The third aim of this
thesis is to implement online webservers and local tools to facilitate the identification of these
important types of functional residues, which can be of immediate use by biologists.
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The whole dissertation is organized as follows. The biological significance of protein
functional sites and the existing methodologies for predicting functional sites are introduced in
Chapter 1. Chapter 2 provides a systematic analysis and prediction of metal-binding sites and
proposes a new machine learning-based method called MetalExplorer for predicting eight different
types of metal-binding sites (Ca, Co, Cu, Fe, Ni, Mg, Mn, and Zn) in proteins. With a precision of
60%, MetalExplorer achieved high recall values, which ranged from 59% to 88% for the eight
metal ion types in fivefold cross-validation tests. MetalExplorer is expected to be a powerful tool
for the accurate prediction of potential metal-binding sites and facilitate the functional analysis and
rational design of novel metalloproteins.
Chapter 3 describes a novel bioinformatics tool, PhosphoPredict, that combines protein
sequence and functional features to predict kinase-specific substrates and their associated
phosphorylation sites for 12 human kinases and kinase families. Specifically, the PhosphoPredict
models using the selected feature set achieved an AUC score of 0.991, 0.981, 0.953, and 0.975 for
the four kinase families CDK, MAPK, PKC, and CK2, respectively, outperforming the models
trained using the other sequence-encoding schemes. The results indicate that combining protein
functional and sequence features significantly improves phosphorylation site prediction
performance across all kinases. This tool significantly extends the bioinformatics portfolio for
kinase function analysis and will facilitate high-throughput identification of kinase-specific
phosphorylation sites.
Chapter 4 presents a new computational method called PREvaIL for predicting enzyme
catalytic residues. This method is developed by leveraging a comprehensive set of informative
features extracted from multiple levels, including sequence, structure, and residue-contact network,
in a random forest machine-learning framework. Extensive benchmarking experiments on eight
different datasets based on 10-fold cross-validation and independent tests, as well as side-by-side
performance comparisons with seven modern sequence- and structure-based methods, showed that
PREvaIL achieved competitive predictive performance, with an area under the receiver operating
characteristic curve and area under the precision-recall curve ranging from 0.896 to 0.973 and from
0.294 to 0.523, respectively. We demonstrate that this method is able to capture useful signals
arising from different levels, leveraging such differential but useful types of features and allowing
us to significantly improve the performance of catalytic residue prediction.
As an important type of irreversible PTM, protein cleavage underlies many key
physiological processes. When dysregulated, proteases’ actions are associated with numerous
diseases. Many proteases are highly specific, cleaving only those target substrates that present
certain particular amino acid sequence patterns. Chapter 5 presents PROSPERous, that enables fast,
accurate and high-throughput prediction of substrate cleavage sites. The tool is based on logistic
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regression models and uses different scoring functions and their pairwise combinations to
subsequently predict potential cleavage sites. Independent test indicates that PROSPERous
achieved an AUC score of 0.886, 0.989, 0.986, 0.895, 0.939, 0.937, 0.962, and 0.989, for predicting
substrate cleavage sites for caspase-1, caspase-3, caspase-6, MMP-2, MMP-3, granzyme B (human),
granzyme B (mouse) and thrombin, respectively.
To characterise the important features that determine the specificity of different proteases,
Chapter 6 describes a new computational approach termed iProt-Sub. Features are encoded by ten
different sequence encoding schemes, including local amino acid sequence profile, secondary
structure, solvent accessibility, and native disorder, which will allow a more accurate representation
of the protease specificity of 38 proteases and optimization of the prediction models. iProt-Sub
achieved an AUC score of 0.993, 0.989, 0.980, 0.990, 0.724, 0.864, 0.948, and 0.972, for predicting
substrate cleavage sites for caspase-1, caspase-7, caspase-6, caspase-8, MMP-2, MMP-3, granzyme
B (human) and granzyme B (mouse), respectively, on the independent test. iProt-Sub will be a
powerful tool for proteome-wide prediction of protease-specific substrates and their cleavage sites,
and will facilitate hypothesis-driven functional interrogation of protease-specific substrate cleavage
and proteolytic events.
The developed machine learning-based methods and software in this PhD thesis have
significantly extended the state-of-the-art of computational methods for each of the classification
tasks. They will be used as powerful tools to bridge the knowledge gap between large amounts of
sequence data and their functional annotations and significantly facilitate the automated functional
characterisation and annotation of the vast number of protein sequence data generated in the postgenomic era. Knowledge of the predicted functional residues can serve as starting points for rational
design of proteins, enzymes and inhibitors, and hypothesis-driven experimental analysis, through
approaches such as site-directed mutagenesis. I present the results of this thesis related to all these
aspects in five self-contained chapters in form of the publications or submitted manuscripts.
Finally, this thesis can serve as a gateway to some of the most representative works in the
sequence analysis and structural bioinformatics fields and as an insightful application and
deployment of the machine learning techniques in bioinformatics.
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Chapter 1 Introduction
The aim of this Chapter to provide basic background knowledge of protein sequences, structures,
function and various computational methods for predicting functional sites. This chapter also
provides background information regarding each major type of functional sites and reviews the
different computational methods that have been previously developed for their prediction.

1.1. The importance of protein function
Proteins are large, complex macromolecules and are considered as the fundamental building
blocks of living organisms (Whisstock and Lesk, 2003). Proteins thus play a central role in defining
behaviour within all biological systems. They participate in almost all essential life processes,
including cellular metabolism, growth and repair processes which are executed and accomplished
by proteins.
Proteins are the products of genes that contain all the essential information for making the
proteins. The process of manufacturing a protein is commonly known as gene expression, which has
two major steps. The first step is called transcription, through which the information in the DNA is
transferred to a messenger RNA (mRNA) molecule. The second step is called translation, through
which the mRNA is read out based on the genetic code and translates the DNA sequence to the
amino acid sequence in proteins. Proteins are synthesized in the Endoplasmic Reticulum (some
proteins are translated on both bound and free ribosymes) of the cell and are transported to different
compartments, or tissues to carry out their function. A very important and large class of proteins are
enzymes, which are remarkable molecules that speed up biochemical reactions to occur at
extremely high rates and are thus indispensable for many biological processes and pathways.
To fulfil its functional role, a protein must fold into its correct three-dimensional structure.
Proper function sometimes requires that a protein also undergo necessary post-translational
modifications (Walsh and Jefferis, 2006). Accumulation of misfolded proteins or mutations in
proteins can lead to a variety of human diseases. These include Alzheimer’s disease that affects
about 10% of the adult population of over 65 years old in North America, Parkinson’s disease,
somatic cancers and type II diabetes (Finkel, 2005; Sudmant et al., 2015;1000 Genomes Project
Consortium, 2015; Niu et al., 2016).

1.2. Introduction of protein structure levels
1.2.1. Protein primary structure or protein amino acid sequence
Protein primary structure refers to the sequence of amino acids of a protein, where the amino
acids are linked by peptide bonds. There exist 20 common and natural amino acids, which differ
from each other in terms of their chemical structure, size, charge, and hydrophobicity. When
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connected together by a series of peptide bonds, amino acids can form a polypeptide, or a protein.
The polypeptide will then fold into a defined, three-dimensional (3D) structure to perform its
biological function. This led to what is now called as Anfinsen’s principle, or postulate or the
thermodynamic hypothesis, which states that the function of a protein is dictated by its structure,
which in turn is dictated by its sequence. This is also referred to as the “sequence-structurefunction” paradigm (Anfinsen, 1973).
Here, the primary structure or amino acid sequence of the serine/arginine-rich splicing factor
1 in FASTA format extracted from UniProt (The UniProt Consortium, 2017) is provided as an
example:
>Q07955
MSGGGVIRGPAGNNDCRIYVGNLPPDIRTKDIEDVFYKYGAIRDIDLKNRRGGPPFAFVEFE
DPRDAEDAVYGRDGYDYDGYRLRVEFPRSGRGTGRGGGGGGGGGAPRGRYGPPSRRSEN
RVVVSGLPPSGSWQDLKDHMREAGDVCYADVYRDGTGVVEFVRKEDMTYAVRKLDNTK
FRSHEGETAYIRVKVDGPRSPSYGRSRSRSRSRSRSRSRSNSRSRSYSPRRSRGSPRYSPRHS
RSRSRT
In the example sequence above, “>Q07955” denotes the amino acid sequence, each alphabetic
character denoting a specific amino acid.

1.2.2. Protein secondary structure

Figure 1.1. An illustration of the two most common protein secondary structures: (A) alpha-helix,
and (B) beta-sheet. The 3D crystal structure of M-calpain (PDB ID: 1DF0) (Hosfield et al., 1999)
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retrieved from the PDB database (https://www.rcsb.org) was used for rendering the 3D structure
graph.
Protein secondary structure refers to regular local structure or conformation of the backbone
of a polypeptide (Figure 1.1). There exist two common secondary structures – alpha-helix and betasheet, with alpha-helix being the most prevalent. An alpha-helix has a coil-like structure, whereas a
beta-sheet consists of strands of residues in a parallel or antiparallel manner (Figure 1.1). In
addition to regular secondary structure elements, there exist other less common secondary structures
such as turns and flexible loops or coils that often link the regular secondary structure elements.
The Dictionary of Protein Secondary Structure (http://swift.cmbi.ru.nl/gv/dssp/), called the
DSSP program, was originally developed by Kabsch and Sander in 1983 (Kabsch and Sander,
1983) to assign protein secondary structure elements for all protein entries in the Protein Data Bank
(PDB) database (Berman et al., 2000) to eight types of secondary structure. The output of DSSP
includes the following secondary structure assignments: H (α-helix), G (310-helix), I (π-helix), E
(extended β-strand), B (isolated β-bridge), T (hydrogen bonded turn), S (bend), and – (others). In
many bioinformatics studies, a 8-to-3 state reduction method is adopted, which converts this 8-state
assignment to three states by assigning H and G to helix (H), E and B to a strand (E), and the rest
(i.e. I, T, S, and –) to coil (C).

1.2.3. Protein tertiary structure

Figure 1.2. Examples of protein tertiary structures: (Left) Coiled coil (PDB ID: 2HY6) (Liu et al.,
2006) and (Right) Beta barrel (PDB ID: 4RLC) (Zahn et al., 2015).
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Protein tertiary structure refers to the three-dimensional shape or the fold of a protein. It can
be considered as an ‘ensemble’ of two or more protein secondary structure units. For example,
coiled coils (Figure 1.2A) and beta barrels (Figure 1.2B) are two types of protein tertiary structure.
1.1.4. Protein quaternary structure

Figure 1.3. The quaternary structure of the 20S proteasome from the archaeon Thermoplasma
acidophilum (PDB ID: 1PMA) (Lowe et al., 1995).
Protein quaternary structure refers to the multiple folded protein subunits in a multi-subunit
complex, the interaction between multiple polypeptide chains (Figure 1.3). The quaternary
structure is driven and stabilized by non-covalent interactions between the atoms of different chains,
involving hydrogen bonding, van der Waals forces, hydrophobic packing, disulphide bonding, and
metal ion bonding.

1.3. The rapidly increasing numbers of sequence and structure data pose significant
challenges for functional annotations
The advent of high-throughput DNA sequencing technologies in the 1990s has resulted in
the generation of vast amounts of sequence data in the post-genomic era. For instance, according to
the statistics in GenBank, there were only 606 DNA sequences in December 1982, while this
number was rapidly increased 10,106,023 in December 2000, and further increased to 207,040,555
in February 2018 (Figure 1.4). This represents a 341,651-fold increase compared with the sequence
data of 36 years ago, as a consequence of the widespread application of high-throughput whole
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sequencing technologies. The growth of protein structure data in the PDB database exhibits a
similar trend. For instance, there were only 257 PDB structures in 1988, while the number was
rapidly increased to 50,445 in 2008 and was further increased to 127,842 as of February 2018
(Figure 1.4). This represents a 497-fold increase compared with the structure data of 30 years ago.

Figure 1.4. The rapid growth and accumulation of (A) DNA sequence data in GenBank, and (B)
protein structure data in PDB.
Moreover, massively parallel DNA sequencing platforms have recently become widely
available, further reducing the cost of sequencing by at least two orders of magnitude (Shendure and
Ji, 2008). According to the National Human Genome Research Institute of the NIH, the cost to
generate a high-quality draft whole human genome sequence in Feb 2018 had fallen below $1,150,
while the cost to generate a whole-exome (i.e. all protein-coding genes in a genome) sequence was
generally below $1,000 (Wetterstrand, 2018). Therefore, these whole-genome sequencing projects
will enable the biological sequence data to continue to grow exponentially. In contrast,
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experimental characterization of protein function cannot scale up to accommodate the vast amount
of sequence data (Radivojac et al., 2013). Although 3D structural information of proteins can
provide important insights into their function, multiple hurdles exist during the structural
determination process of target proteins, including the difficulty in obtaining sufficient quantity of
purified forms, growing into diffraction-quality crystals and successfully undergoing structural
determination. As a result, the number of functionally characterised sequences is still limited and
only increases linearly.

1.4. The importance of developing high-throughput, automated prediction methods
With the explosion of protein sequences generated in the post-genomic era, the
computational annotation of protein function has therefore emerged as a problem at the forefront of
computational and molecular biology. Nowadays, biologists have increasingly relied on
computational methods and tools to identify key functional residues of target proteins, and infer
their biological function.
A major challenge in the field is the lack of high-throughput, automated computational
methods and their implementation in the form of user-friendly web servers and local stand-alone
tools, which can enable the prediction of hundreds or thousands of protein sequences or structures
(which lack functional annotation) in a high-throughput and cost-effective manner. In addition, the
presence of orphan proteins with unknown functions further confounds this task. Orphan proteins
refer to proteins that have no detectable homology to any other proteins of known protein families
(Hanson et al., 2010). Thus, experimentally determining the function of these orphan proteins
presents a greater challenge. Moreover, it is practically impossible to completely experimentally
characterise the functions of all proteins with either sequence or structural information. Altogether,
there is an urgent need to develop high-throughput and accurate computational methods to address
these challenges, help bridge the sequence-structure-function gap, and facilitate the functional
annotation of the vast number of proteins.

1.5. The definition of protein functional sites
Proteins execute their biological functions through functional sites (Jones and Thornton,
2004). An important step of the functional characterization of a protein is thus to determine the
functional residues that mediate its function. Here, we generally consider a residue to be functional
if it is necessary for a protein to mediate the protein function or carry out its biological role, such as
ligand

or

metal-binding

residue,

post-translational

modification

(PTM)

residue

(e.g.

phosphorylation or cleavage site), catalytic residue, or residues that are involved in protein-protein
interactions. Accordingly, a mutation of a functional residue may lead to an altered function of the
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entire protein molecule. Knowledge of a protein’s functional residues has immediate relevance for
predicting protein function, guiding experimental design, and studying molecular mechanisms.
In this thesis, we mainly focus on developing computational methods for accurate prediction
of four major types of functional sites, including metal-binding sites, phosphorylation sites, enzyme
catalytic sites, and substrate cleavage sites. Examples of these functional sites are shown in Figure
1.5. They will be briefly discussed in the following subsections 1.5.1-1.5.4.

Figure 1.5. An illustration of the four major types of functional sites: (A) metal-binding sites; (B)
phosphorylation sites; (C) catalytic sites, and (D) cleavage sites. The 3D structures obtained from
the PDB database (https://www.rcsb.org) were used for rendering the 3D structure graphs.

1.5.1. Metal binding sites
A large proportion of proteins are metalloproteins that bind at least one metal ion as a cofactor to
mediate their catalytic or structural roles. It is estimated that approximately one-quarter to one-third
of all proteins require metals to perform their functions in cells (Waldron and Robinson, 2009).
Metalloproteins have numerous critical roles, including catalytic, regulatory, transfer, recognition,
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transducer, transcription and structural functions (Holm et al., 1996; Degtyarenko, 2000; Harding,
2001). The metals in metalloproteins are involved in a wide variety of biological processes, e.g.,
participation in the recombination and repair of DNA (Hartwig, 1999; Hopfner et al., 2002),
improvement of the stability of functional RNA (Muller, 2010), `regulation of gene transcription
and expression (Winge et al., 1998; Remondelli et al., 1999; Bellingham et al., 2009). Thus, the
accurate prediction of metal-binding sites is important to facilitate a better understanding of
sequence-structure-function relationships, which can serve as a useful reference and improve
functional annotation, structural determination, and rational design of metalloproteins to enhance
their functional properties.

1.5.2. Phosphorylation sites
Eukaryotic proteins are typically subjected to various post-translational modifications
(PTMs) in order to enable proper and specific functioning. More than 200 different types of PTMs
have been identified (Duan and Walther, 2015). Among these, phosphorylation is one of the most
prevalent types and plays a crucial role in almost every aspect of cell life, including metabolism,
proliferation, differentiation, apoptosis, DNA replication, and cell division (Pinna and Ruzzene,
1996; Johnson, 2009). Protein phosphorylation is catalyzed by a group of enzymes called kinases,
which add a phosphate (PO4) group to serine (S), threonine (T), tyrosine (Y), or, to a lesser degree,
histidine (H) residues. Additionally, phosphate moieties that exist on substrates can be removed by
phosphatases. Therefore, phosphorylation is a reversible PTM, depending on the balance of kinases
and phosphatases.
The human genome encodes more than 500 different protein kinases, collectively regulating
a diverse range of signalling pathways and biological functions (Manning et al., 2002). Recent data
indicate that the majority of proteins in a eukaryotic cell can be phosphorylated (Sharma et al.,
2014). As a regulatory mechanism, individual protein kinases can specifically recognize and target
a subset of protein substrates for phosphorylation, i.e. they have distinctive substrate specificity
(Creixell et al., 2015). Aberrant regulation of protein phosphorylation often results in disease. Many
members of the human protein kinase family are implicated in cancer, reflecting alteration or
dysregulation at the level of the gene, mRNA, protein and/or PTM, and they provide clinicallyvalidated or potential targets for personalized cancer treatment (Creixell et al., 2015; Fleuren et al.,
2016). Therefore, identification and characterization of kinases and their specific phosphorylation
sites in the proteome is a critical first step towards a complete understanding of protein-kinaseregulated signalling pathways, and their impact in health and disease.
Owing to the recent development of large-scale high-throughput mass spectrometry
techniques, experimentally-verified phosphorylation data have rapidly accumulated (Creixell et al.,
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2015; Humphrey et al., 2015; Fleuren et al., 2016; Aebersold and Mann, 2016). For example,
Sharma et al. describe ultradeep characterization of the phosphoproteome, detecting
phosphorylation of ~75% of cellular proteins (Sharma et al., 2014). The Mann group has now
moved MS phosphoproteome analysis to a high-throughput and systems-wide scale. They have
recently developed a scalable phosphoproteomics platform which enables rapid quantification of
hundreds of phosphoproteomes with more than 10,000 sites (Humphrey et al., 2015). Despite these
recent technological advances, it is likely that a significant number of phosphorylation sites remain
unidentified, and upstream kinases for many phosphorylation events are unknown. Therefore,
computational approaches capable of identifying phosphorylation sites and their cognate kinases
complement experimental efforts and may provide a powerful additional strategy for wholeproteome annotation. With the increasing availability of sequenced genomic data for various
organisms, comprehensive prediction of kinase/substrate pairs is becoming more advantageous and
useful for proteome annotation and hypothesis-driven experimental design.

1.5.3. Enzyme catalytic sites
As powerful biological catalysts, enzymes can effectively catalyse biochemical reactions at
extremely high rates (Khosla and Harbury, 2001). Many important findings acquired from enzyme
fast reaction systems (Chou and Zhou, 1982) significantly impact both basic research (Gardner et
al., 2015) and drive changes in medicinal chemistry (Chou, 2017). However, the residues
comprising an enzyme differ greatly in functional significance, with only a small number directly
involved in catalytic activity (Furnham et al., 2014). Accordingly, understanding which of these are
catalytic residues is critical for our determining relationships between protein sequence, structure,
function, and enhancing our ability to design novel inhibitors and enzymes. This has important
implications in the post-genomic era, with its challenge of bridging the widening protein sequencestructure gap. Although sequence information for many enzymes is known, relatively few enzymes
have been functionally characterized. Therefore, detailed information regarding catalytic residues
and enzyme active sites explicitly involved in catalysis remains lacking. Because experimental
methods for identifying catalytic residues are resource- and labor-intensive, high-throughput in
silico approaches have considerable value and are highly desirable for complementing experimental
efforts in identifying catalytic residues and helping to bridge the sequence-structure-function gap.
1.5.4. Protease-specific substrate targets and cleavage sites
Proteases are enzymes that specifically cleave the peptide backbone of target proteins
(Chou, 1996; Chou et al., 1996; Lopez-Otin and Matrisian, 2007). This cleavage represents an
important type of irreversible post-translational modification (PTM), and is involved in many key
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physiological processes (Overall and Blobel, 2007). Dysregulation of proteases has been associated
with numerous diseases (Turk, 2006). Many proteases are highly specific, cleaving only the target
substrates that present the appropriate combination of structural features and amino acid sequence
patterns. Thus, knowledge of protease-specific substrate cleavage is fundamental for our
understanding of the functional mechanisms of proteases. The substrate specificity of proteases can
generally be characterized using peptide specificity-profiling (Schilling and Overall, 2008) or highthroughput mass spectrometry techniques (Dix et al., 2008; Mahrus et al., 2008). However, as
experimental identification of protease cleavage events is often difficult, expensive and timeconsuming, it is highly desirable to develop cost-effective computational methods and tools to
complement experimental efforts. In this context, computational methods and tools for identifying
potential target substrates of proteases can help guide hypothesis-driven experimental studies of
protease-substrate interaction (duVerle and Mamitsuka, 2012; Song et al., 2011). A variety of
computational tools have been developed for this purpose, including PeptideCutter (Gasteiger, et
al., 2003), CaSPredictor (Garay-Malpartida, et al., 2005), GraBCas (Backes, et al., 2005), PoPS
(Boyd, et al., 2005), HIVcleave (Shen and Chou, 2008) SitePrediction (Verspurten, et al., 2009),
Pripper (Piippo, et al., 2010), Cascleave (Song, et al., 2010; Wang, et al., 2014), and PROSPER
(Song, et al., 2012). Among these methods, HIVcleave is focused on predicting HIV protease
cleavage sites in proteins, while GraBCas, CaSPredictor, Cascleave and PROSPER can only predict
substrate cleavage sites for a limited number of proteases (e.g. caspases and/or granzyme B), and
consequently have only a limited applicability. Meanwhile, two methods were developed to identify
proteases and their types (Chou and Shen, 2008; Shen and Chou, 2009). Thus, there is still a
pressing need to develop bioinformatics methods and tools that can be used to perform rapid, in
silico prediction of protease-specific cleavage sites.

1.6. Existing computational methods for predicting protein functional sites
In recent years, a variety of computational methods have been developed for predicting
functional sites. Here, we review recent advances in the development of bioinformatic methods for
predicting functional sites from protein sequences and structural information. These methods differ
in multiple different ways, including in the machine-learning or statistical-scoring technique used,
the types of sequence features used, whether or not structural features are used in addition to
sequence features, and in the sources of training and testing datasets. To facilitate our
understanding, we categorize the existing methods into four major groups, including sequencebased methods, structure-based methods graph-theoretical methods, and heterogeneous featurebased integrative methods, according to the features that were used for developing the algorithms or
constructing the prediction models. These methods are briefly discussed below.
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1.6.1. Sequence-based methods
The first group of methods was primarily developed based on protein sequence and typically
relied upon extracting useful sequence features for inputs used to train the prediction models.
Commonly used sequence features include evolutionary information in the form of position-specific
scoring matrices (PSSMs) or sequence conservation inferred from multiple sequence alignments
(Capra and Singh, 2007; Fischer et al., 2008; La et al., 2005; Pai et al., 2015; Youn et al., 2007;
Zhang et al., 2008) or other sequence-derived features, such as Jensen-Shannon divergence scores,
relative entropies (Dou et al., 2010; Dou et al., 2012; Fischer et al., 2008), and predicted structural
information inferred from sequences, including secondary structure and solvent accessibility (Dou
et al., 2012; Kauffman and Karypis, 2009).

1.6.2. Structure-based methods
In recent years, many research groups exploited the increasing quantity of structural data
deposited in the PDB database (Berman et al., 2000), prompting the proliferation of the second
group of methods, which leverage structural information to build the prediction models (Alterovitz
et al., 2009; Chea and Livesay, 2007; Cilia and Passerini, 2010; Gutteridge et al., 2003; Han et al.,
2012; Kirshner et al., 2013; Panchenko et al., 2004; Petrova and Wu, 2006; Sun et al., 2016; Xin et
al., 2010; Youn et al., 2007). Xin et al. proposed a structure-based kernel algorithm for the
prediction of catalytic residues by explicitly modelling the similarity between residue-centered
neighborhoods in protein structures (Xin et al., 2010). They showed that the geometry,
physicochemical properties, and evolutionary conservation play an important role in determining
catalytic residue activity. In a recent study, Sun et al. developed the CRHunter method which
combined both sequence and structural information in an SVM framework that achieved stable
performance when compared with other template-based predictors (Sun et al., 2016). Chien and
Huang proposed an approach EXIA based on residue side chain orientation and backbone flexibility
of protein structure, which achieved a comparable performance to that of evolutionary sequence
conservation (Chien and Huang, 2012). In another study, Kirshner et al. developed the Catsid
(Catalytic site identification) search engine, which enables rapid searches for structural matches to a
user-specified catalytic site among all PDB structures. Its capacity to rapidly search all known
protein structures in the PDB is enabled by a logistic regression-based model that allows for
systematic identification of true positives based on a set of feature descriptors (Kirshner et al.,
2013).
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1.6.3. Graph-theoretical methods
The third group of methods (Chea and Livesay, 2007; del Sol et al., 2006; del Sol and
O'Meara, 2005; Li et al., 2011) involve graph-theoretical methods that essentially rely on
representing protein 3D structures as small world networks (Watts and Strogatz, 1998), where
amino acid residues specify vertices within a graph while two residues in a proximal spatial
neighbourhood form edges. Zhou et al. provided a comprehensive review on recent progress in this
area (Zhou et al., 2016). Previous studies showed that representing protein structure as a topological
residue-contact network can provide novel insights into protein folding mechanisms, stability, and
function (del Sol, et al., 2006; del Sol and O'Meara, 2005; Jiao and Ranganathan, 2017; Song et al.,
2010; Tang et al., 2008; Wang et al., 2012). Chea and Livesay benchmarked the performance of one
particular network measure called closeness centrality and showed that it provided statistically
significant predictive power for catalytic residue predictions. They also demonstrated that solvent
accessibility or residue identity could be used as an efficient filter by this network feature to further
improve its predictive performance (Chea and Livesay, 2007).

1.6.4. Heterogeneous feature-based integrative methods
The fourth group of methods uses heterogeneous features through the integration or fusion of
sequence, structure, and other types of features (Li et al., 2011; Sankararaman et al., 2010; Tang et
al., 2008). Because the extracted features are heterogeneous, redundant, and noisy, a number of
feature-selection and dimensionality reduction algorithms are often employed and used in
combination with the learning algorithms to remove irrelevant features and improve model training
in order to increase prediction accuracy. In terms of the algorithms used for training these prediction
models, machine learning or statistical scoring approaches are often employed and used include
neural networks (Gutteridge et al., 2003), information-theoretic algorithms (Capra and Singh, 2007;
Fischer, et al., 2008), genetic algorithms (Izidoro et al., 2015), support vector machines (SVMs)
(Chea and Livesay, 2007; Li et al., 2011; Pai et al., 2015; Petrova and Wu, 2006; Sun et al., 2016;
Youn et al., 2007), kernel-based algorithms (Xin et al., 2010), AdaBoost (Alterovitz et al., 2009),
and logistic regression (Dou et al., 2012; Kirshner et al., 2013; Sankararaman et al., 2010). The
consensus of these studies has been that evolutionary information, sequence conservation, and the
structural neighbourhood of catalytic residues are important predictive features, with machine
learning-based approaches often providing competitive performance, making them particularly
suitable for dealing with high-dimensional heterogeneous feature spaces.
Despite the development and increasing availability of such a wide range of methods, three main
challenges need to be overcome to predict catalytic residues by machine leaning-based approaches:
(1) Sequence and structural features are still not sufficient to predict the catalytic residues of certain
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proteins. Accordingly, it is necessary to find and exploit other novel and complementary groups or
types of features that can be used to further improve prediction performance. (2) Methods for
quantifying and characterizing the relative importance and contribution of each group of features
according to model performance are needed. (3) It is necessary to determine which machine
learning algorithm provides the overall highest and most reliable prediction performance.

Figure 1.6. A general strategy of training machine learning-based models for predicting the
structural/functional properties of proteins based on integration of heterogeneous features.
It should be noted that that the aforementioned four major groups of methods can complement
with each other, and in fact, can be potentially combined by developing an integrative framework
based on machine learning techniques. Figure 1.6 illustrates the flowchart of a general strategy for
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training machine learning-based models for predicting the structural/functional properties of
proteins by integrating heterogeneous features derived from multiple different levels, including
amino acid sequence, secondary structure, 3D structural descriptors, and network properties after
representation of protein structure as residue-residue contact networks. Generally, there exist five
major steps during the development of a successful predictor (Chou et al., 2009), including Dataset
curation, Feature extraction and selection (at the sequence, structure, and network levels), Model
construction, Performance evaluation, and Web server implementation. The machine learning
algorithms and the heterogeneous features that are used for training the prediction models will
mainly influence the predictive performance of the trained models.

1.7. Research questions
Recent advances in high-throughput genome sequencing projects have made a significant
contribution to an ever-increasing gap between the number of proteins whose function is well
experimentally characterized and those for which there is no functional annotation. As experimental
techniques to determine the function of these proteins are often laborious, expensive and timeconsuming, as an alternative, a number of computational methods have been developed to predict
the function of these uncharacterized proteins, providing important clues that can be tested in the
wet lab.
An important step of the functional characterization of a protein is to determine its functional
residues that mediate its function. Here, a residue is generally considered to be functional if it is
necessary for a protein to carry out its biological role or mediates the protein function, such as
ligand-binding residue, post-translational modification (PTM) residue (e.g. phosphorylation or
cleavage site), catalytic residue, or residues that are involved in protein-protein interactions.
Accordingly, a mutation of a functional residue may lead to an altered function of the entire protein
molecule. Knowledge of a protein’s functional residues has immediate relevance for predicting the
protein function, guiding experimental design, and studying molecular mechanisms.
The main goal of this thesis comprises the development and implementation of computational
methods to predict several diverse types of protein functional residues using machine learning
approaches. Importantly, this thesis aims to address four high-level questions:
(1) Can we identify and exploit other novel and complementary groups or types of features
that can be used to further improve the prediction performance, in addition to the existing sequence
and structural features? To examine this, we will need to construct high-quality benchmark and test
datasets that can be used to evaluate the usefulness of the features.
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(2) Biological features are often heterogeneous, noisy and redundant. How can we combine
feature engineering and selection techniques to quantify the relative importance and
contribution of each group of features to the model performance?
(3) Which machine learning algorithm(s) can achieve the overall best and most reliable
prediction performance in the realistic settings?
(4) How to implement online webservers and local stand-alone software tools that can provide
publicly available service for the wider research community?
Development of efficient machine learning and data mining algorithms to build more accurate
predictive models based on the sequence or structural features of proteins is critical for functional
site prediction. Due to the heterogeneous nature of ever-increasing high-throughput sequence and
structural data, how to select more relevant and informative features from such a
heterogeneous, noisy and redundant set of features is a non-trivial, challenging task.
Moreover, another two important issues arise regarding how to best train machine learning-based
models and how to optimize parameters pertinent to the predictive models, particularly in the
realistic settings of protein structure and function analysis, which have to be considered and
investigated in order to improve the prediction performance of protein functional sites. We aim to
use protein functional site prediction problem as a testing paradigm to address these important
questions above in read-world settings.

1.8. Thesis aims
The specific research tasks of this thesis are:
1.8.1. Development of a novel algorithm for systematic in silico identification of eight different
types of metal-binding sites
Task 1.1: to construct holo and apo structural datasets containing eight different types of metalbinding residues from the Protein Data Bank;
Task 1.2: to extract a variety of features from the sequence level, structure level and residue contact
network levels to describe the properties of metal-binding residues versus non-binding residues;
Task 1.3: to develop a novel algorithm termed MetalExplorer using efficient feature selection
strategies to remove irrelevant and redundant features and boost the performance of the eight types
of metal-binding residues and compare its performance with other methods, as well as implement
an online user-friendly web service of metal-binding site prediction
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1.8.2. Development of integrative computational approaches to improve the prediction of
kinase-specific phosphorylation sites
Task 2.1: to analyse and review currently available predictors for phosphorylation sites in terms of
input, feature extraction, feature selection, model construction and performance evaluation;
Task 2.2: to enhance the prediction of kinase-specific phosphorylation sites by integrating multilevel heterogeneous information and minimum-Redundancy Maximum-Relevance feature selection;
Task 2.3: to implement PhosphoPredict, a user-friendly webserver and local Java program for
kinase-specific phosphorylation site prediction;
Task 2.4: to apply PhosphoPredict to perform proteome-wide prediction of phosphorylation sites
and generate the top ranked list of novel high-confidence kinase-specific substrates
1.8.3. Inferring catalytic residues by integrating sequence, structural and network features
using machine learning
Task 3.1: to provide an overview of currently available, competing sequence-based, structure-based
and hybrid methods;
Task 3.2: to develop a novel algorithm PREvaIL by combining sequence-derived features, structural
descriptors and residue contact network properties to accurately infer catalytic residues;
Task 3.3: to comprehensively evaluate the performance of our new method on eight different goldstandard datasets
Task 3.4: to carry out case study to demonstrate the predictive capability of the developed PREvaIL
method on identifying catalytic residues
1.8.4. Computational prediction of protease-specific substrates and cleavage sites by
integrating multiple scoring functions in a logistic regression framework
Task 4.1: to develop a logistic regression algorithm to balance the computing speed and predictive
performance for cleavage site prediction, based on the individual scoring functions and their
pairwise combinations;
Task 4.2: to implement a user-friendly webserver to facilitate fast, high-throughput, and proteomewide prediction of potential substrates and cleavage sites
1.8.5. Development of a comprehensive package for accurately mapping and predicting
protease-specific substrates and cleavage sites
Task 5.1: to summarise the recent progress in the development of computational approaches and
tools for protease cleavage site prediction and perform a comparison of the methodology, used
features and performance of the available tools;
Task 5.2: to investigate the possibility of integrating heterogeneous sequence and structural features
derived from multiple levels in combination with feature selection to improve the cleavage site
predictive performance across major protease families;
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Task 5.3: to perform benchmarking experiments using both cross-validation and independent tests
to comprehensively assess the performance of the cleavage site models for different proteases and
compare with currently available tools;
Task 5.4: to analyse and characterise sequence-level and structural-level determinants of the
protease substrate specificity;
Task 5.5: to apply the developed software to scan the entire human proteome and provide an
insightful overview of the substrate repertoire of several important proteases, in terms of the
significantly enriched Gene Ontology terms and biological pathways of the “computational”
substrates at the proteome level
I present the results of this thesis related to all these aspects in five self-contained chapters.
Chapter 2 focuses on predicting eight different types of metal-binding sites, and has been published
in Current Bioinformatics. Chapter 3 concerns the development of a new computational approach
that improves the prediction of phosphorylation sites and has been published in Scientific Reports.
Chapter 4 presents the PREvaIL method for predicting the catalytic residues based on a random
forest algorithm and has been published in Journal of Theoretical Biology. Chapter 5 describes a
new approach for cleavage site prediction for 90 proteases and has been published in
Bioinformatics. Chapter 6 describes a new computational approach termed iProt-Sub by integrating
ten different sequence encoding schemes for improved prediction of substrate cleavage sites and has
been published in Briefings in Bioinformatics.

Page | 46

1.9. References
1000 Genomes Project Consortium, Auton A, Brooks LD, Durbin RM, Garrison EP, Kang HM,
Korbel JO, Marchini JL, McCarthy S, McVean GA, Abecasis GR. A global reference for human
genetic variation. Nature, 2015, 526(7571):68–74.
Aebersold R, Mann M. Mass-spectrometric exploration of proteome structure and function. Nature,
2016, 537:347–355.
Alterovitz R, Arvey A, Sankararaman S, Dallett C, Freund Y, Sjölander K. ResBoost:
characterizing and predicting catalytic residues in enzymes. BMC Bioinformatics, 2009, 10:197.
Anfinsen CB (1973). Principles that govern the folding of protein chains. Science. 181 (4096): 223–
230.
Backes C, Kuentzer J, Lenhof HP, Comtesse N, Meese E. GraBCas: a bioinformatics tool for scorebased prediction of Caspase- and Granzyme B-cleavage sites in protein sequences. Nucleic Acids
Res, 2005, 33(Web Server issue):W208–213.
Bellingham SA, Coleman LA, Masters CL, Camakaris J, Hill AF. Regulation of prion gene
expression by transcription factors SP1 and metal transcription factor-1. J Biol Chem, 2009,
284:1291–1301.
Berman HM, Westbrook J., Feng Z., Gilliland G, Bhat TN, Weissig H, Shindyalov IN, Bourne PE.
The Protein Data Bank. Nucleic Acids Research, 2000, 28: 235–242.
Boyd SE, Pike RN, Rudy GB, Whisstock JC, Garcia de la Banda M. PoPS: a computational tool for
modeling and predicting protease specificity. J Bioinform Comput Biol, 2005, 3(3):551–585.
Capra JA, Singh M. Predicting functionally important residues from sequence conservation.
Bioinformatics, 2007, 23(15):1875–1882.
Chea E, Livesay DR. How accurate and statistically robust are catalytic site predictions based on
closeness centrality? BMC Bioinformatics, 2007, 8:153.
Chien Y-T, Huang S-W. Accurate prediction of protein catalytic residues by side chain orientation
and residue contact density. PLoS One, 2012, 7(10):e47951.
Chou KC, Zhou GP. Role of the Protein Outside Active-Site on the Diffusion-Controlled Reaction
of Enzyme. J Am Chem Soc, 1982, 104(5):1409–1413.
Chou KC. Prediction of human immunodeficiency virus protease cleavage sites in proteins. Anal
Biochem, 1996, 233(1):1–14.
Chou KC, Tomasselli AG, Reardon IM, Heinrikson RL. Predicting human immunodeficiency virus
protease cleavage sites in proteins by a discriminant function method. Proteins, 1996, 24(1):51–72.
Chou KC, Shen HB. ProtIdent: a web server for identifying proteases and their types by fusing
functional domain and sequential evolution information. Biochem Biophys Res Commun, 2008,
376(2):321–325.
Page | 47

Chou KC. Some remarks on protein attribute prediction and pseudo amino acid composition. J
Theor Biol, 2011, 273(1):236–247.
Chou KC. An Unprecedented Revolution in Medicinal Chemistry Driven by the Progress of
Biological Science. Curr Top Med Chem, 2017, 17(21):2337–2358.
Cilia E, Passerini A. Automatic prediction of catalytic residues by modeling residue structural
neighborhood. BMC Bioinformatics, 2010, 11:115.
Creixell P, Palmeri A, Miller CJ, Lou HJ, Santini CC, Nielsen M, Turk BE, Linding R. Unmasking
determinants of specificity in the human kinome. Cell, 2015, 163:187–201.
Creixell P, Schoof EM, Simpson CD, Longden J, Miller CJ, Lou HJ, Perryman L, Cox TR,
Zivanovic N, Palmeri A, Wesolowska-Andersen A, Helmer-Citterich M, Ferkinghoff-Borg J,
Itamochi H, Bodenmiller B, Erler JT, Turk BE, Linding R. Kinome-wide decoding of networkattacking mutations rewiring cancer signaling. Cell, 2015, 163:202–217.
Degtyarenko K. Bioinorganic motifs: towards functional classification of metalloproteins.
Bioinformatics, 2000, 16:851–864.
del Sol A, Fujihashi H, Amoros D, Nussinov R. Residue centrality, functionally important residues,
and active site shape: analysis of enzyme and non-enzyme families. Protein Sci, 2006, 15(9):2120–
2128.
del Sol, A. and O'Meara, P. Small-world network approach to identify key residues in proteinprotein interaction. Proteins, 2005, 58(3):672–682.
Dix MM, Simon GM and Cravatt BF. Global mapping of the topography and magnitude of
proteolytic events in apoptosis. Cell, 2008;134(4):679–691.
Dou Y, Zheng X, Yang J, Wang J. Prediction of catalytic residues based on an overlapping amino
acid classification. Amino Acids, 2010, 39(5):1353–1361.
Dou Y, Wang J, Yang J, Zhang C. L1pred: a sequence-based prediction tool for catalytic residues in
enzymes with the L1-logreg classifier. PLoS ONE, 2012, 7(4):e35666.
Duan, G, Walther, D. The roles of post-translational modifications in the context of protein
interaction networks. PLoS Comput Biol, 2015, 11:e1004049.
duVerle DA, Mamitsuka H. A review of statistical methods for prediction of proteolytic cleavage.
Brief Bioinform, 2012;13(3):337–349.
Finkel, T. Radical medicine: Treating ageing to cure disease. Nature Reviews Molecular Cell
Biology 6, 2005, 971–976.
Fischer JD, Mayer CE, Soding J. Prediction of protein functional residues from sequence by
probability density estimation. Bioinformatics, 2008, 24(5):613–620.
Fleuren ED, Zhang L, Wu J, Daly RJ. The kinome 'at large' in cancer. Nat Rev Cancer, 2016,
16:83–98.
Page | 48

Furnham N, Holliday GL, de Beer TA, Jacobsen JO, Pearson WR, Thornton JM. The Catalytic Site
Atlas 2.0: cataloging catalytic sites and residues identified in enzymes. Nucleic Acids Res, 2014,
42(Database issue):D485–489.
Garay-Malpartida HM, Occhiucci JM, Alves J, Belizário JE. CaSPredictor: a new computer-based
tool for caspase substrate prediction. Bioinformatics, 2005, 21(Suppl 1):i169–176.
Gardner PR, Gardner DP, Gardner AP. Globins Scavenge Sulfur Trioxide Anion Radical. J Biol
Chem, 2015, 290(45):27204–27214.
Gasteiger E, Gattiker A, Hoogland C, Ivanyi I, Appel RD, Bairoch A. ExPASy: The proteomics
server for in-depth protein knowledge and analysis. Nucleic Acids Res, 2003, 31(13):3784–3788.
Gutteridge A, Bartlett GJ, Thornton JM. Using a neural network and spatial clustering to predict the
location of active sites in enzymes. J Mol Biol, 2003, 330(4):719–734.
Han L, Zhang YJ, Song J, Liu MS, Zhang Z. Identification of catalytic residues using a novel
feature that integrates the microenvironment and geometrical location properties of residues. PLoS
ONE, 2012, 7(7):e41370.
Hanson AD, Pribat A, Waller JC, Crecy-Lagard V. (2010) “Unknown” proteins and “orphan”
enzymes: The missing half of the engineering parts list-and how to find it. Biochem J, 425:1–11.
Harding MM. Geometry of metal-ligand interactions in proteins. Acta Crystallogr D Biol
Crystallogr, 2001, 57:401–411.
Hartwig A, Mullenders LHF, Asmuss M, Benters M, Kruger I. Effect of metal compounds on the
function of zinc finger proteins involved in DNA repair. Metals and Genetics 1999:159–169.
Holm RH, Kennepohl P, Solomon EI. Structural and functional aspects of metal sites in biology.
Chem Rev, 1996, 96:2239–2314.
Hopfner KP, Craig L, Moncalian G, Zinkel RA, Usui T, Owen BA, Karcher A, Henderson B,
Bodmer JL, McMurray CT, Carney JP, Petrini JH, Tainer JA. The Rad50 zinc-hook is a structure
joining Mre11 complexes in DNA recombination and repair. Nature, 2002, 418:562–566.
Hosfield CM, Elce JS, Davies PL, Jia Z. Crystal structure of calpain reveals the structural basis for
Ca(2+)-dependent protease activity and a novel mode of enzyme activation. EMBO J, 1999,
18:6880–6889.
Humphrey, S.J., Azimifar, S.B. & Mann, M. High-throughput phosphoproteomics reveals in vivo
insulin signaling dynamics. Nat Biotechnol, 2015, 33:990–995.
Izidoro SC, de Melo-Minardi RC, Pappa GL. GASS: identifying enzyme active sites with genetic
algorithms. Bioinformatics, 2015;31(6):864–870.
Jiao X, Ranganathan S. Prediction of interface residue based on the features of residue interaction
network. J Theor Biol, 2017, 432:49–54.
Page | 49

Johnson LN. The regulation of protein phosphorylation. Biochem Soc Trans, 2009, 37(Pt 4): 627–
641.
Jones S, Thornton JM. Searching for functional sites in protein structures. Curr Opin Chem Biol,
2004, 8(1):3–7.
Kabsch W, Sander C. Dictionary of protein secondary structure: pattern recognition of hydrogenbonded and geometrical features. Biopolymers, 1983, 22(12):2577–2637.
Kauffman C, Karypis G. LIBRUS: combined machine learning and homology information for
sequence-based ligand-binding residue prediction. Bioinformatics, 2009, 25(23):3099–3107.
Khosla, C. and Harbury, P.B. Modular enzymes. Nature, 2001, 409(6817):247–252.
Kirshner DA, Nilmeier JP, Lightstone FC. Catalytic site identification--a web server to identify
catalytic site structural matches throughout PDB. Nucleic Acids Res, 2013, 41(Web Server
issue):W256–265.
La D, Sutch B, Livesay DR. Predicting protein functional sites with phylogenetic motifs. Proteins,
2005;58(2):309–320.
Li Y, Li G, Wen Z, Yin H, Hu M, Xiao J, Li M. Novel feature for catalytic protein residues
reflecting interactions with other residues. PLoS ONE, 2011, 6(3):e16932.
Liu J, Zheng Q, Deng Y, Cheng CS, Kallenbach NR, Lu M. A seven-helix coiled coil. Proc. Natl.
Acad. Sci. USA, 2006, 103:15457–15462.
Lopez-Otin C, Matrisian LM. Emerging roles of proteases in tumour suppression. Nat Rev Cancer,
2007;7(10):800–808.
Lowe J, Stock D, Jap B, Zwickl P, Baumeister W, Huber R. Crystal structure of the 20S proteasome
from the archaeon T. acidophilum at 3.4 A resolution. Science 1995, 268:533–539.
Mahrus S, Trinidad JC, Barkan DT, Sali A, Burlingame AL, Wells JA. Global sequencing of
proteolytic cleavage sites in apoptosis by specific labeling of protein N termini. Cell, 2008,
134(5):866–876.
Manning, G., Whyte, D.B., Martinez, R., Hunter, T. & Sudarsanam, S. The protein kinase
complement of the human genome. Science, 2002, 298:1912–1934.
Muller J. Functional metal ions in nucleic acids. Metallomics 2010, 2:318–327.
Niu B, Scott AD, Sengupta S, Bailey MH, Batra P, Ning J, Wyczalkowski MA, Liang WW, Zhang
Q, McLellan MD, Sun SQ, Tripathi P, Lou C, Ye K, Mashl RJ, Wallis J, Wendl MC, Chen F, Ding
L. Protein-structure-guided discovery of functional mutations across 19 cancer types. Nat Genet.
2016 Aug;48(8):827–837.
Overall CM, Blobel CP. In search of partners: linking extracellular proteases to substrates. Nat Rev
Mol Cell Biol, 2007;8(3):245–257.
Page | 50

Pai PP, Ranjani SS, Mondal S. PINGU: PredIction of eNzyme catalytic residues usinG seqUence
information. PLoS ONE, 2015, 10(8):e0135122.
Panchenko, A.R., Kondrashov, F. and Bryant, S. Prediction of functional sites by analysis of
sequence and structure conservation. Protein Sci 2004;13(4):884–892.
Petrova NV. and Wu, C.H. Prediction of catalytic residues using Support Vector Machine with
selected protein sequence and structural properties. BMC Bioinformatics, 2006;7:312.
Piippo M, Lietzén N, Nevalainen OS, Salmi J, Nyman TA. Pripper: prediction of caspase cleavage
sites from whole proteomes. BMC Bioinformatics, 2010, 11:320.
Pinna LA, Ruzzene M. How do protein kinases recognize their substrates? BBA-Mol Cell Res, 1996,
1314:191–225.
Radivojac P, Clark WT, Oron TR, Schnoes AM, Wittkop T, Sokolov A, Graim K, Funk C,
Verspoor K, Ben-Hur A, Pandey G, Yunes JM, Talwalkar AS, Repo S, Souza ML, Piovesan D,
Casadio R, Wang Z, Cheng J, Fang H, Gough J, Koskinen P, Törönen P, Nokso-Koivisto J, Holm
L, Cozzetto D, Buchan DW, Bryson K, Jones DT, Limaye B, Inamdar H, Datta A, Manjari SK,
Joshi R, Chitale M, Kihara D, Lisewski AM, Erdin S, Venner E, Lichtarge O, Rentzsch R, Yang H,
Romero AE, Bhat P, Paccanaro A, Hamp T, Kaßner R, Seemayer S, Vicedo E, Schaefer C, Achten
D, Auer F, Boehm A, Braun T, Hecht M, Heron M, Hönigschmid P, Hopf TA, Kaufmann S,
Kiening M, Krompass D, Landerer C, Mahlich Y, Roos M, Björne J, Salakoski T, Wong A,
Shatkay H, Gatzmann F, Sommer I, Wass MN, Sternberg MJ, Škunca N, Supek F, Bošnjak M,
Panov P, Džeroski S, Šmuc T, Kourmpetis YA, van Dijk AD, ter Braak CJ, Zhou Y, Gong Q, Dong
X, Tian W, Falda M, Fontana P, Lavezzo E, Di Camillo B, Toppo S, Lan L, Djuric N, Guo Y,
Vucetic S, Bairoch A, Linial M, Babbitt PC, Brenner SE, Orengo C, Rost B, Mooney SD, Friedberg
I. A large-scale evaluation of computational protein function prediction. Nat Methods, 2013,
10(3):221-227.
Remondelli P, Moltedo O, Pascale MC, Leone A. Metal regulation of metallothionein gene
transcription in mammals. Adv Exp Med Biol., 1999, 448:223–236.
Sankararaman S, Sha F, Kirsch JF, Jordan MI, Sjölander K. Active site prediction using
evolutionary and structural information. Bioinformatics, 2010;26(5):617–624.
Schilling, O. and Overall, C.M. Proteome-derived, database-searchable peptide libraries for
identifying protease cleavage sites. Nat Biotechnol, 2008, 26(6):685–694.
Sharma K, D'Souza RC, Tyanova S, Schaab C, Wiśniewski JR, Cox J, Mann M. Ultradeep human
phosphoproteome reveals a distinct regulatory nature of Tyr and Ser/Thr-based signaling. Cell Rep,
2014, 8:1583–1594.
Shen HB, Chou KC. HIVcleave: a web-server for predicting human immunodeficiency virus
protease cleavage sites in proteins. Anal Biochem, 2008, 375(2):388–390.
Page | 51

Shendure J, Ji H. Next-generation DNA sequencing. Nat Biotechnol, 2008, 26(10):1135–1145.
Song J, Tan H, Shen H, Mahmood K, Boyd SE, Webb GI, Akutsu T, Whisstock JC. Cascleave:
towards more accurate prediction of caspase substrate cleavage sites. Bioinformatics, 2010,
26(6):752–760.
Song J, Tan H, Boyd SE, Shen H, Mahmood K, Webb GI, Akutsu T, Whisstock JC, Pike RN.
Bioinformatic approaches for predicting substrates of proteases. J Bioinform Comput Biol. 2011,
9(1):149–178.
Song J, Tan H, Perry AJ, Akutsu T, Webb GI, Whisstock JC, Pike RN. PROSPER: an integrated
feature-based tool for predicting protease substrate cleavage sites. PLoS ONE, 2012, 7(11):e50300.
Sudmant PH, Rausch T, Gardner EJ, Handsaker RE, Abyzov A, Huddleston J, Zhang Y, Ye K, Jun
G, Fritz MH, Konkel MK, Malhotra A, Stütz AM, Shi X, Casale FP, Chen J, Hormozdiari F,
Dayama G, Chen K, Malig M, Chaisson MJP, Walter K, Meiers S, Kashin S, Garrison E, Auton A,
Lam HYK, Mu XJ, Alkan C, Antaki D, Bae T, Cerveira E, Chines P, Chong Z, Clarke L, Dal E,
Ding L, Emery S, Fan X, Gujral M, Kahveci F, Kidd JM, Kong Y, Lameijer EW, McCarthy S,
Flicek P, Gibbs RA, Marth G, Mason CE, Menelaou A, Muzny DM, Nelson BJ, Noor A, Parrish
NF, Pendleton M, Quitadamo A, Raeder B, Schadt EE, Romanovitch M, Schlattl A, Sebra R,
Shabalin AA, Untergasser A, Walker JA, Wang M, Yu F, Zhang C, Zhang J, Zheng-Bradley X,
Zhou W, Zichner T, Sebat J, Batzer MA, McCarroll SA; 1000 Genomes Project Consortium, Mills
RE, Gerstein MB, Bashir A, Stegle O, Devine SE, Lee C, Eichler EE, Korbel JO. An integrated
map of structural variation in 2,504 human genomes. Nature, 2015, 526(7571):75–81.
Sun J, Wang J, Xiong D, Hu J, Liu R. CRHunter: integrating multifaceted information to predict
catalytic residues in enzymes. Sci Rep, 2016, 6:34044.
Tang YR, Sheng ZY, Chen YZ, Zhang Z. An improved prediction of catalytic residues in enzyme
structures. Protein Eng Des Sel, 2008, 21(5):295–302.
The UniProt Consortium. UniProt: the universal protein knowledgebase. Nucleic Acids Res, 2017,
45:D158–D169.
Turk B. Targeting proteases: successes, failures and future prospects. Nat Rev Drug Discov, 2006,
5(9):785–799.
Verspurten J, Gevaert K, Declercq W, Vandenabeele P. SitePredicting the cleavage of proteinase
substrates. Trends Biochem Sci, 2009, 34(7):319–323.
Waldron KJ, Robinson NJ. How do bacterial cells ensure that metalloproteins get the correct metal?
Nat Rev Microbiol, 2009, 7:25–35.
Walsh G, Jefferis R. Post-translational modifications in the context of therapeutic proteins. Nat
Biotechnol, 2006, 24(10):1241–1252.
Page | 52

Wang M, Zhao XM, Tan H, Akutsu T, Whisstock JC, Song J. Cascleave 2.0, a new approach for
predicting caspase and granzyme cleavage targets. Bioinformatics, 2014, 30(1):71–80.
Watts DJ, Strogatz SH. Collective dynamics of 'small-world' networks. Nature, 1998,
393(6684):440–442.
Wetterstrand KA. DNA Sequencing Costs: Data from the NHGRI Genome Sequencing Program
(GSP) Available at: www.genome.gov/sequencingcostsdata. Accessed [date of 18 Feb 2018].
Whisstock JC, Lesk AM. Prediction of protein function from protein sequence and structure. Q Rev
Biophys. 2003 Aug;36(3):307–340.
Winge DR, Jensen LT, Srinivasan C. Metal-ion regulation of gene expression in yeast. Curr Opin
Chem Biol, 1998;2:216–221.
Xin F, Myers S, Li YF, Cooper DN, Mooney SD, Radivojac P. Structure-based kernels for the
prediction of catalytic residues and their involvement in human inherited disease. Bioinformatics,
2010, 26(16):1975–1982.
Youn E, Peters B, Radivojac P, Mooney SD. Evaluation of features for catalytic residue prediction
in novel folds. Protein Sci, 2007, 16(2):216–226.
Zahn M, D'Agostino T, Eren E, Basle A, Ceccarelli M, van den Berg B. Small-molecule transport
by CarO, an abundant eight-stranded beta-barrel outer membrane protein from Acinetobacter
baumannii. J. Mol. Biol, 2015, 427:2329–2339.
Zhang T, Zhang H, Chen K, Shen S, Ruan J, Kurgan L. Accurate sequence-based prediction of
catalytic residues. Bioinformatics, 2008, 24(20):2329–2338.
Zhou, J., Yan W, Hu G, Shen B. Amino acid network for prediction of catalytic residues in
enzymes: a comparison survey. Current Protein and Peptide Science, 2016, 17(1):41–51.

Page | 53

Chapter 2 MetalExplorer, a bioinformatics tool for the improved
prediction of eight types of metal-binding sites using a random forest
algorithm with two-step feature selection
Metalloproteins are highly involved in many biological processes, including catalysis,
recognition, transport, transcription, and signal transduction. The metal ions they bind usually play
enzymatic or structural roles in mediating these diverse functional roles. Thus, the systematic
analysis and prediction of metal-binding sites using sequence and/or structural information are
crucial for understanding their sequence-structure-function relationships. In this study, we propose
MetalExplorer (http://metalexplorer.erc.monash.edu.au/), a new machine learning-based method for
predicting eight different types of metal-binding sites (Ca, Co, Cu, Fe, Ni, Mg, Mn, and Zn) in
proteins. Our approach combines heterogeneous sequence-, structure-, and residue contact networkbased features. The predictive performance of MetalExplorer was tested by cross-validation and
independent tests using non-redundant datasets of known structures. This method applies a two-step
feature selection approach based on the maximum relevance minimum redundancy and forward
feature selection to identify the most informative features that contribute to the prediction
performance. With a precision of 60%, MetalExplorer achieved high recall values, which ranged
from 59% to 88% for the eight metal ion types in fivefold cross-validation tests. Moreover, the
common and type-specific features in the optimal subsets of all metal ions were characterized in
terms of their contributions to the overall performance. In terms of both benchmark and
independent datasets at the 60% precision control level, MetalExplorer compared favorably with an
existing metalloprotein prediction tool, SitePredict. Thus, MetalExplorer is expected to be a
powerful tool for the accurate prediction of potential metal-binding sites and it should facilitate the
functional analysis and rational design of novel metalloproteins.

2.1. Introduction
A large proportion of proteins are metalloproteins that bind at least one metal ion as a
cofactor to mediate their catalytic or structural roles. It is estimated that approximately one-quarter
to one-third of all proteins require metals to perform their functions in cells [1]. Metalloproteins
have numerous critical roles, including catalytic, regulatory, transfer, recognition, transducer,
transcription and structural functions [2-4]. The metals in metalloproteins are involved in a wide
variety of biological processes, e.g., participation in the recombination and repair of DNA [5, 6],
improvement of the stability of functional RNA [7] and the regulation of gene transcription and
expression [8-10]. Thus, the accurate prediction of metal-binding sites is important to facilitate a
better understanding of sequence-structure-function relationships, which can serve as a useful
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reference and improve functional annotation, structural determination, and rational design of
metalloproteins to enhance their functional properties.
A number of computational methods have been developed for predicting metal-binding sites
in proteins. One group of these approaches is based only on the primary sequences of the target
proteins. These methods are especially useful when structural information is not available for the
protein of interest. In earlier research, Andreini et al. developed a sequence comparison method for
identifying metal-binding residues [11]. Lin et al. used a series of sequence-derived features for
predicting the metal binding residues based on a neural network [12]. Passerini et al. proposed a
new sequence-based approach that combined a support vector machine (SVM) and a neural network
[13], achieving 73% precision at 61% recall for CH residues [13]. MetalDetector employs a
decision tree to classify the CH residues in proteins into two states (free or metal-bound) and
achieves 79.9% precision at 76.8% recall and 60.8% precision at 40.7% recall for Cys and His,
respectively [14]. In another study, Shu et al. combined SVM- and homology-based predictors to
identify zinc-binding Cys, His, Glu, and Asp (CHED) residues in proteins [15], achieving a
performance of 75% precision at the 50% recall level when tested using a nonredundant Protein
Data Bank (PDB) [16] dataset. Andreini et al. developed an algorithm that used the sequence
profiles of known metal-binding domains in protein sequences to predict the metalloproteome [17].
Passerini et al. described an approach for predicting the transition metal-binding Cys and His
residues from the sequences alone in novel folds [18]. More recently, Chen et al. proposed a new
sequence-based method for predicting zinc-binding sites, which achieved 0.851 and 0.747 of
AURPC and MCC, respectively [19].
With the development of high-throughput experimental techniques, high-quality structures
of target proteins have become increasingly available. The predictive performance is expected to be
improved by using the three-dimensional (3D) structures of target proteins. Thus, another group of
approaches has been developed by exploring the knowledge of 3D structures. Barker and Thornton
introduced Jess, a fast and flexible method that uses the structural templates of known metalbinding sites to search for novel sites in other proteins [20]. MetSite uses neural networks to predict
the metal-binding sites in low-resolution structural models [21]. Schymkowitz et al. employed the
Fold-X force field to identify binding sites and the binding affinities of different metal ions [22].
Goyal and Mande [23] developed a method based on 3D-structural motifs to search the putative
metal-binding sites in PDB. Babor et al. developed a method using a series of properties to identify
the transition metal-binding residues based on apo structures [24]. The FEATURE method applies a
novel concentric shells theory based on a Bayesian classifier to make predictions using the
physicochemical properties of the six concentric shells around the sites of interest [25, 26]. The
SitePredict method was developed based on a Random Forest (RF) classifier to predict the metalPage | 55

binding residues, which combined various properties of the residue clusters, including the
evolutionary conservation score, residue propensity, and nearby residue pair counts [27].
FINDSITE-metal was developed to predict metal-binding residues in weakly homologous proteins
using distantly related templates [28].
Although a number of computational methods have been developed for the identification of
metal-binding sites, the datasets used to build models by most currently available approaches are of
relatively low quantity and quality. Moreover, the predictive performance still has to be improved
before these methods can be effectively applied to large-scale proteomic analyses. In the present
study, we present a novel approach referred to as MetalExplorer, which yields improved metalbinding site prediction performance. This method can be used to predict four major types of metalbinding residues in target proteins, CHED, by integrating heterogeneous features from the
sequence, 3D structure, and residue contact networks. More specifically, we employ a two-step
feature selection procedure combining the maximum relevance minimum redundancy (mRMR) [29]
and forward feature selection (FFS) [30] to identify the most informative features relevant for the
prediction of eight types of metal-binding sites (Ca, Co, Cu, Fe, Ni, Mg, Mn and Zn). Extensive
benchmarking experiments based on fivefold cross-validation and independent tests show that
MetalExplorer performed favorably compared with an existing metalloprotein prediction tool,
SitePredict. Our results indicate that MetalExplorer can be used as a robust tool for the accurate
prediction of potential metal-binding sites in target proteins.
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2.2. Materials and methods
2.2.1. Methodology employed by MetalExplorer

Figure 2.1. Flowchart showing the methodology employed by the MetalExplorer tool.
The MetalExplorer methodology comprises four major steps: dataset preparation, feature
extraction, feature selection, and performance evaluation (Figure 2.1). In the first step, all of the
PDB files containing metal ions were downloaded from the PDB database [16] and CHEDs that
bound to Ca, Co, Cu, Fe, Mg, Mn, Ni, and Zn were selected from these files. In the second step, a
variety of sequence-, structure-, and residue contact network-based features were extracted. These
features described the properties of these CHEDs, which were encoded into feature vectors to train
the prediction models to estimate the probability of binding with each metal ion type for the
residues in a protein. In the third step, a two-step feature selection procedure based on mRMR and
FFS was used to characterize the most informative features to predict metal-binding sites. In the last
step, a subset of the selected features was used as the input features to train the classifiers to predict
metal-binding residues. A performance comparison was also made between MetalExplorer and
SitePredict using benchmark and independent test datasets.
2.2.2. Holo dataset preparation
In this study, nonredundant datasets of protein chains were created for Ca, Co, Cu, Fe, Mg,
Mn, Ni, and Zn, respectively. For each of the metal ion datasets, holo protein chains that were
solved with a resolution better than 2.5 Å and that contained the corresponding metal type were
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downloaded from PDB. Among the extracted protein chains, homologous sequences with >30%
sequence identity were filtered further using the CD-HIT program [31]. This procedure yielded
high-quality nonredundant datasets for all eight types of metal ions. The final holo protein structure
datasets contained 566, 87, 79, 237, 581, 226, 141, and 737 protein chains for Ca, Co, Cu, Fe, Mg,
Mn, Ni, and Zn, respectively.
CHED residues that bound to the metal ions were regarded as positive samples, whereas the
remaining CHEDs were considered to be negative samples. A benchmark dataset (used for feature
selection and performance evaluation by performing fivefold cross-validation tests) and an
independent dataset (used to evaluate the performance of the trained models based on the
benchmark dataset) were generated with a negative to positive ratio of 6:1 (residues in the same
protein were allocated to the same dataset) (Figure 2.1).
2.2.3. Apo dataset preparation
Table 2.1 Statistics for the metal-binding residues and proteins with holo and apo structures, according to the
type of metal ion.
Holo structures

Apo structures

Metal ions

Number of proteins

Number of residues

Number of proteins

Number of residues

Ca

566

1666

111

262

Co

87

273

27

70

Cu

79

299

19

46

Fe

237

807

38

122

Mg

581

1186

151

280

Mn

226

690

55

139

Ni

141

379

38

85

Zn

737

3174

99

363

We also compiled an apo protein structure dataset to assess the performance of
MetalExplorer when identifying metal-binding sites in unbound structures. First, we searched the
PDB database to identify the apo protein structures that did not contain the target metal ions, but
that shared >95% sequence identity with the corresponding holo structures. Only non-homologous
PDB structures that had a resolution better than 2.5 Å and ≤30% sequence identity were retained in
the apo structure dataset. Next, we identified the residues in the apo structures that corresponded to
the metal-binding residues in the holo forms. Finally, this apo protein structure dataset contained
111, 27, 19, 38, 151, 55, 38, and 99 protein chains for Ca, Co, Cu, Fe, Mg, Mn, Ni, and Zn,
respectively. In this apo dataset, the positives versus negatives were also sampled at a ratio of 1:6.
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The numbers of proteins and metal-binding residues in the curated holo structure dataset and apo
structure dataset are shown in Table 2.1.
2.2.4. Feature extraction
In this study, a variety of features were derived from the sequence level, structure level, and
network microenvironments (Table 2.2), which were used in combination as the inputs for RFbased classifiers. Collectively, all of these feature types contributed to the prediction performance,
as discussed in the following sections.
Table 2.2 List of the features used in this study, which were categorized into three major types: sequence-,
structure-, and network-based features.
Feature type

Annotation

Sequence

PSSM [PSI-BLAST [32]]
DISOPRED score [33]
Protein aggregation properties [TANGO [34]]
Sequence length
CHED percentage of the protein chain
Conservation score
Residue type

Structure

Secondary structure [DSSP [35]]
Solvent accessibility [NACCESS [36]]
B-factor
Residue spatial cluster properties [27]
Solvent exposure [Biopython [37]]

Network

Graph theoretic network feature

Sequence features: (1) position-specific scoring matrices (PSSMs) calculated by PSI-BLAST
[32] using a default E-value cutoff with three iterations; (2) intrinsic disorder predicted by
DISOPRED2 [33]; (3) protein aggregation properties predicted by TANGO [34]; (4) sequence
length; (5) CHED residue percentage in the protein chain; (6) residue type; (7) residue conservation
score derived from the PSSM, which is defined as:
20

Scorei = −∑ pi, j log 2 pi, j
j=1

where pi,j is the frequency of amino acid j at position i. This was extracted from the PSSM
generated by PSI-BLAST.
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Structure features: (1) secondary structure features of residues calculated by DSSP [35],
hydrogen bonds, solvent accessible surface areas (SASAs), and protein backbone torsion angles
(PHI and PSI angles); (2) absolute and relative solvent accessibility of the side chain, main chain,
non-polar, and polar regions calculated by NACCESS [36]; (3) B-factor derived from the PDB file;
(4) residue cluster properties [27], which describe the properties of the spatial cluster formed by the
centered residue and nine nearest residues, i.e., nearby residue pair counts, number of nearby
backbone O atom pairs, residue propensity log P-values [27], and median-relative SASA; (5)
residue-wise solvent exposure features that represent the array of local spatial environments of the
residue, i.e., the coordination number (CN), residue depth (RD), atom depth of a residue’s Cα atom
(RDa), the number of Cβ atoms in the lower half-sphere (HSEBD), the number of Cβ atoms in the
upper half-sphere (HSEBU), the number of Cα atoms in the upper half-sphere (HSEAU), and the
number of Cα atoms in the lower half-sphere (HSEAD) [38]. These features were generated by the
hsexpo program in the Biopython package [37] using the PDB files.
Network features: the network properties of the residue were derived based on the residueresidue contact representation of the protein structure in the 3D space [39]. In the residue contact
network, two residues are defined as being in contact if the spatial coordinate distance of the
corresponding Cα atoms of these two residues is within a cutoff distance threshold. In the present
study, residue-residue contact graphs of protein structures were constructed using the spatial
coordinates, with a cutoff distance of 6.5 Å. The R igraph library [39] was used to calculate the
network features of the centered residue, including the clustering coefficient, degree, density,
eccentricity, betweenness, closeness, and status.
A sliding window approach was used to extract all the feature values of the positive and
negative samples. The window comprised 11 residues and the target residue was in the center
position. All the feature values were normalized as follows:

1
1+ e − x
where x is the real value of the extracted feature and Xnorm is the value after normalization.
X norm =

2.2.5. Two-step feature selection
Heterogeneous features derived from multiple resources might contain redundant information,
so feature selection techniques have become a necessity in many classification tasks in
bioinformatics to avoid overfitting, improve the model performance, and gain a deeper insight into
more important features that contribute to the prediction [40]. In the present study, we applied a
two-step feature selection approach to select the most informative features to predict metal-binding
sites (the initial feature sets used to predict these eight metal ions were exactly the same, but the
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feature selection and RF model training procedures for each metal ion were executed independently
and they did not interfere with each other). In the first step of feature selection, we used the mRMR
algorithm [29] to estimate the relative importance of each input feature. The basic concept of
mRMR is the ranking of each feature according to its relevance to the target classification variable,
as well as its redundancy, as opposed to other input features. In general, a highly ranked feature is
considered to have a good balance between the maximum relevance and minimum redundancy.
After this step, we obtained 80 top mRMR features as the optimal feature candidates (OFCs).
The second step employed a FFS [30] based on a RF classifier [41], which was used to select
the most important and informative features from the OFCs selected in the first step. Specifically, a
fivefold cross-validation was performed to evaluate the predictive performance of the classifiers,
where the benchmark dataset was divided randomly into five subsets. In the cross-validation tests,
four subsets were selected as the training set to train the RF model, whereas the remaining subset
was used as the testing set to validate the trained model. Each subset was used once only as the
testing set to make predictions. Finally, we averaged the results for these five subsets to calculate
the performance with the overall benchmark dataset.
In the first round of FFS, the highest ranked feature by mRMR was retained in the initial
feature set, while each remaining feature of the OFCs was removed in return and added to the
retained feature set using the RF classifier trained based on this feature set. A feature was added to
the feature set and it progressed to the next round if the resulting RF classifier achieved a higher
score ( score = AUC * + AURPC * ), which is a trade-off between the area under the receiver
operating characteristic curve (AUC) and the area under the recall precision curve (AURPC))
compared with the previous model. Section 2.7 provides further discussion of AUC and AURPC.
This combined score was used to estimate the performance of the RF model because it balanced the
two overall quality parameters AUC and AURPC. We selected 80 OFCs, therefore this FFS
procedure was repeated for 79 rounds until the most important and informative features for
prediction had been selected systematically.
2.2.6. RF-based classifier
We used a supervised machine learning approach RF to build the models and predict the
binding residues for each metal ion. RF is an ensemble learning method based on classification trees
[41], which has many advantages compared with other machine learning methods, such as high
accuracy, speed, and resistance to overfitting, as well as the ability to interpret decision rules, use
heterogeneous features, and estimate the contribution of feature variables to predictive performance.
RF has been applied previously to the prediction of zinc- and metal-binding sites [27, 42].
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RF is a collection of decision trees and predictions are made based on the fraction of
classification trees that "vote" for one of the two classes (i.e., positive or negative). The metalbinding residue samples (positives) were labeled with 1, whereas the non-metal-binding residues
(negatives) were labeled with -1. In this study, the heterogeneous features of the target residues
were represented by a series of feature vectors and encoded as the inputs for the RF-based
classifiers to identify whether residue belonged to a particular metal-binding type. A prediction
threshold was applied to the RF to make the predictions, i.e., if the fraction of the classification
trees that voted for the positives was higher than the threshold, then this residue was predicted to be
a metal-binding site, otherwise it was considered to be a non-binding site.
2.2.7. Performance evaluation
We used the precision (PRE), recall (REC), AUC, and AURPC to evaluate the prediction
performance of our method. Given that the positive training samples were greatly outnumbered by
the negatives (on average, roughly 30 negatives (non-binding residues) for each positive (binding
residue) in the datasets), it was not reasonable to use the accuracy (ACC) measure (ACC represent
the proportion of true prediction results (true positives + true negatives) in the dataset) to estimate
the performance. Thus, we preferred to use overall quality measures, i.e., AUC and AURPC, to
comprehensively evaluate the performance of the RF classifiers. In particular, AUC plots the true
positive (TP) rate against the false positive (FP) rate, whereas AURPC is a plot of precision (PRE)
against recall (REC). For highly imbalanced datasets, AURPC may provide a better reflection of the
difference between various prediction methods. Thus, it is considered to be a good supplement to
the AUC measure when there is a high skew in the class distribution [43].
PRE is defined as:
PRE = TP/(TP+FP)
REC is defined as:
REC = TP/(TP+FN)
FP rate (FPR) is defined as:
FPR = FP/(FP+TN)
TP rate (TPR) is defined as:
TPR = TP/(TP+FN)
where TP, TN, FP, and FN denote the numbers of true positives, true negatives, false positives, and
false negatives, respectively.
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2.3. Results and discussion
2.3.1. Methodology employed by MetalExplorer
We performed two-step feature selection based on mRMR and FFS to remove noisy and
redundant features from the initial feature set, as described in the Methods section. Thus, we
successfully selected a condensed subset of the most relevant and informative features that
contributed to the success of the RF-based classifiers, which could be used to predict each type of
metal-binding site. The performance changes in the RF-based classifiers during the course of
feature selection were reflected by the respective FFS curves for the eight metal ions, as shown in
Fig. S1. There was a general trend where the height (the FFS score, which is approximately
proportional to the predictive performance) of the feature selection curve for a metal ion continued
to increase until it reached its highest peak. The results indicate that the predictive performances for
all eight metal ions were improved considerably after the FFS (the performance of the model based
on the complete set of OFCs is indicated by the score in the 80th round, i.e., the rightmost point on
the curve). The final subset of optimal features comprised the collective features that resulted in the
best predictive performance. We then trained the model with the optimal feature subset that
achieved the highest FFS score for each metal ion. Tables S1–S8 (Supplementary Material) show
the mRMR scores of the final selected optimal features for all eight metal ion types. Overall, this
two-step feature selection procedure based on a combination of mRMR-based feature importance
ranking and FFS is a practical method for selecting a subset of optimal features, which significantly
improve the predictive performance for metal-binding sites.
After the two-step feature selection procedure, we selected the optimal subsets of features for
the eight metal ions and analyzed their distributions in terms of the type and number of features
according to three major types: sequence, structure, and network (Table S9). Eleven feature types
were selected in the optimal feature sets after feature selection, i.e., residue type, secondary
structure assignment, network, residue cluster properties, conservation score, solvent exposure,
CHED percentage, PSSM, solvent accessible surface area, disorder, and B_factor. The
Supplementary Material provides further details of these features. The number of PSSM features
appeared to be larger than that of any other feature type. However, the numbers of CHED
percentage, disorder, and B_factor features were very small, and their fractions were also extremely
low. The remaining features were present in the optimal subsets for all eight metal ions.
Apparently, some common features were selected in all eight optimal feature subsets for the
metal ions. In particular, five types of features were present in the final optimal feature subsets for
all eight metal ions, including the DSSP-calculated secondary structural features, residue contact
network features, residue cluster properties, solvent exposure features, and PSSM features.
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2.3.2. Feature importance and contribution to the prediction performance
To investigate the effects of these common optimal features on the prediction performance,
we performed further cross-validation tests (with same folds and parameter settings) using the same
training datasets with and without these features as inputs for the models. In this procedure, each of
the six common optimal feature types (residue cluster properties, DSSP, solvent exposure, SASA,
residue-residue contact network, and PSSM) was omitted in turn, whereas the remaining five
common optimal features were used to train the model. A feature type was considered to have made
a significant contribution if the corresponding performance (AUC and AURPC) of the resulting
model was decreased significantly compared with that of the model trained using all of the common
features. The differences in performance with and without a common feature type are shown in
Table S10.
As expected, we obtained generally higher performances with the common features than
without them. This applied to all eight different types of metal ions. However, the models trained
using only the common optimal features achieved lower but comparable performance compared
with the all-feature models. For example, the models for the Zn ion using these two feature subsets,
i.e., all optimal features versus common optimal features, achieved AUC scores of 0.883 and 0.860,
and AURPC scores of 0.678 and 0.652, respectively. For the Ni ion, the performance of the model
decreased considerably when we only used the common optimal features to train the model
compared with the model produced using all optimal features, i.e., AUC decreased from 0.855 to
0.790, and AURPC decreased from 0.650 to 0.484.
Our findings agree with several previously reported observations regarding the importance of
these features. For example, structural features such as secondary structures and solvent
accessibility have been shown to be important for predicting metal-binding sites [21]. In addition,
PSSM features have been suggested to be sufficient for discrimination between metal-binding and
non-metal binding residues in previous studies [13]. In particular, the PSSM features generated by
PSI-BLAST [32] search using the FASTA-formatted sequence file of the protein chain represent the
probability of each residue appearing at different positions in the multiple sequence alignment,
thereby containing the evolutionary information of the query protein. Compared with the results
obtained using the common features, the predictive performance was reduced dramatically using the
remaining five features when we removed the PSSMs feature, where the performance measures
(AUC and AURPC) for the eight metal ions used in the evaluation had the top three reductions in
Table S10 (Fe: AUC decreased from 0.946 to 0.900 and AURPC from 0.797 to 0.578; Mn: AUC
decreased from 0.872 to 0.853 and AURPC from 0.657 to 0.539).

Page | 64

Residue cluster properties are other important features that affect the model’s performance.
They mainly describe the properties of the residue cluster formed by the central residue and its
nearest nine residues in space, including the percentage of CHED and the number of residue pairs in
the 10-residues cluster. These features were proposed in a previous study [27]. Table S10 shows
that the residue spatial cluster features made an important contribution to the prediction
performance. Removal of this feature type led to a considerable reduction in the predictive
performance, which was reflected by the significant performance degradation in 14/16 performance
measures (with the exception of AURPC for Co and Fe) when these features were excluded from
the model training process. The analysis indicated that the central residues were more likely to be
predicted as positive if more CHs were present in the spatial cluster of the centered residue. A
similar trend was also reported in a previous study where a protein chain was considered more
likely to bind Zn ions if it had a higher percentage of CHs [42]. However, the residue cluster
features provide more reliable structural-based information than that obtained from the whole
protein chain, which can yield a more accurate description of the microenvironments of the central
residues and the contact between these residues in the cluster.
A novel aspect of our method is the inclusion of residue-residue contact network features in
the trained models. The network microenvironments of the central residues used in the present
study included the clustering coefficient, degree, density, eccentricity, betweenness, closeness, and
status. These are the most commonly used network parameters that provide quantitative descriptors
of the complex network [42]. This feature type has been shown to further improve the prediction
performance when used in combination with other important features. Removal of these features
from the model led to a considerable decrease in performance (except for the residue cluster
properties and PSSM features) (Table S10). For example, the corresponding AUC and AURPC
scores for the Ca ion decreased from 0.824 and 0.533 to 0.775 and 0.460, respectively.
Another important aspect of our method is the use of multiple residue solvent exposure
features to represent an array of local spatial environments of the residue, including the CN,
HSEBD, RD, HSEBU, HSEAU, HSEAD, and RDa. Overall, these exposure features provide a
comprehensive description of the solvent exposure status of a residue in the protein structure. Thus,
the inclusion of these features also helps to improve the prediction performance. Removal of these
features from the final optimal feature subsets resulted in decreases in the AUC and AURPC scores
from 0.949 and 0.803 to 0.937 and 0.771 for the Fe ion, respectively.
By contrast, the exposure features only had partial effects on the prediction of four metal ions
(Co, Fe, Mg, and Mn). When we removed the DSSP feature, only the AURPC score for the Zn ion
declined significantly, whereas the remaining measures did not change greatly. Removal of the
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SASA feature had only a limited impact on the AUC score for the Co ion. Based on these data, the
overall secondary structure assignment, solvent exposure, and SASA features were less use than the
PSSM, residue cluster, and residue-residue contact network features, although it is difficult to
demonstrate the importance of the interactions between these features based only on the results. The
absence of one feature was unlikely to have an obvious impact on the result, but there were
significant improvements when it was combined with other features.
2.3.3. Performance comparison with other methods
Numerous computational approaches have been developed for accurately identifying metalbinding sites [18, 27, 28], but we could not compare our method directly with some predictors
because of the unavailability of their web servers or local tools [17, 23]. In addition, several existing
methods could not be used to predict the exact residues that bind with metal ions [12, 18], which
made it difficult for us to determine the correspondences between the metal ions using different
methods. In addition, the binding residues were examined only under stringent conditions by some
prediction tools [28] and we could only obtain a small fraction of the predictive performance when
our dataset was submitted to these tools.
Because of these reasons, we evaluated the metal-binding site prediction performance of
MetalExplorer by comparing it with another structure-based tool, SitePredict [27], using both the
benchmark and independent test datasets. We calculated the PRE, REC, AURPC, and AUC
measures to evaluate the prediction performance of both methods for the six metal ions. In addition,
we plotted the ROC and the RPC curves for the two methods (Fig. S2 and S3 in the Supplementary
Material) using the “ROCR” package [44]. AUPRC is an excellent complement to AUC,
particularly for highly imbalanced datasets. Thus, we used both the AUC and AURPC measures to
facilitate a more comprehensive comparison.
SitePredict is a structure-based tool that uses RF classifiers to identify potential metal-binding
sites (for six metal ion types: Ca, Cu, Fe, Mg, Mn, and Zn) in proteins. The RF classifiers used by
SitePredict were trained with diverse residue properties, which comprised the spatial clustering of
residue types and the evolutionary conservation around the metal-binding sites. We fixed the PRE
value at 0.600 to facilitate a comparison between the two methods.
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Figure 2.2. Case studies of metal-binding residue prediction using MetalExplorer. Correctly
predicted metal-binding residues are denoted as blue, whereas residues that MetalExplorer failed to
predict are shown in red. (A) Predicted Fe-binding sites in the apo and holo structures of human
homogentisate dioxygenase [PDB ID: 1EYB and 1EY2; Uniprot ID: Q93099]. (B) Predicted Mnbinding sites in the apo and holo structures of the archael XPF/Mus 81 homolog [PDB ID: 1J23 and
1J25; Uniprot ID: Q8TZH8].

Table 2.3 Comparison of the metal-binding residue prediction performance using MetalExplorer and
SitePredict using a fivefold cross-validation test.
Method

Performance

Ca

Co

Cu

Fe

Ni

Mg

Mn

Zn

MetalExplorer

AUC

0.825

0.867

0.927

0.951

0.855

0.862

0.886

0.887

AURPC

0.536

0.631

0.778

0.805

0.650

0.645

0.684

0.673

REC

0.603

0.639

0.814

0.877

0.590

0.589

0.679

0.622

PRE

0.600

0.600

0.600

0.600

0.600

0.600

0.600

0.600

AUC

0.795

—

0.870

0.861

—

0.838

0.876

0.832

AURPC

0.522

—

0.635

0.525

—

0.639

0.640

0.565

REC

0.368

—

0.676

0.350

—

0.638

0.677

0.531

PRE

0.600

—

0.600

0.600

—

0.600

0.600

0.600

SitePredict

The performance comparison results based on the fivefold cross-validation benchmark
datasets are provided in Table 2.3. Compared with SitePredict, MetalExplorer achieved larger REC
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values at the fixed PRE value of 0.600 for all six types of metal ions (SitePredict could not predict
the other two types of metal ions, Co and Ni). REC (also referred to as the TPR or sensitivity) is the
proportion of TP predictions among all positive samples, which suggests that MetalExplorer can
provide more accurate predictions of metal-binding sites than SitePredict. Moreover, the higher
predictive power of MetalExplorer was also reflected by the two overall quality measures. Clearly,
our method performed consistently better than SitePredict at predicting the metal-binding sites,
especially for Cu, Fe, and Zn.
We also compared the performance of MetalExplorer and SitePredict using the independent
test datasets. The performance comparison results are shown in Table S11 in the Supplementary
Material. MetalExplorer clearly outperformed SitePredict, with the exceptions of the AUC and
AURPC measures for the Mn ion. The corresponding RP and ROC curves are plotted in Fig. S3.
The majority of the RP and ROC curves were better for MetalExplorer than those for SitePredict,
which agreed with the results obtained using the benchmark datasets. Overall, the results suggest
that our method outperformed SitePredict using both the benchmark and independent test datasets.
Thus, MetalExplorer is anticipated to be a powerful tool for accurately predicting up to eight types
of metal-binding sites (Ca, Co, Cu, Fe, Ni, Mg, Mn and Zn) based on the effective integration of
protein sequence-, structure-, and network-based features.

2.3.4. Performance performance for unbound structures
To further assess the capacity of MetalExplorer in discriminating metal-binding from non-metal
binding sites in unbound structures, we constructed a nonredundant apo dataset (See Materials and
Method). Apo (unbound) structures are the forms of metalloproteins that are free of metal ions.
Thus, it was interesting to determine how well our approach performed with unbound protein
structures by applying the RF classifiers trained using the holo (bound) structures. The performance
is shown in the “Apo” line, Table S12. There was no significant decrease in the performance using
the apo protein structures compared with that using the holo forms. For example, for the Cu ion, the
AUC and AURPC scores only decreased from 0.933 to 0.889 and decreased from 0.837 to 0.813,
respectively. These results show that the performance of MetalExplorer using the unbound apo
structures was comparable (for Ca, Mg and Zn) or slightly worse than that using the holo forms (for
Cu, Co, Fe, Ni and Mn). These results also indicate that this method is insensitive to and tolerant of
conformational changes or side-chain rearrangements. Overall, these results show that our method
can also predict metal-binding residues in apo structures with a reasonable performance.
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2.3.5. Case study
We performed two case studies to illustrate the predictive ability of MetalExplorer by
predicting the metal-binding sites for the apo and holo structures of two proteins: human
homogentisate dioxygenase and archael XPF/Mus 81. Experimental studies of human
homogentisate dioxygenase indicate that mutations in this protein can lead to alkaptonuria (AKU,
MIM: 203500), which is an autosomal recessive error of metabolism characterized by an increase in
the level of homogentisic acid [45, 46]. These two proteins have three Fe-binding residues (H335,
E341 and H371) and two Mn-binding residues (D38 and R49), respectively. The predicted metalbinding site of the two proteins are highlighted in Figure 2.2, where MetalExplorer successfully
identified two and one binding residues with Fe and Mn ions, respectively, in both the holo and apo
structures [47, 48]. This suggests that MetalExplorer can predict the metal-binding sites with Fe and
Mn in the bound structures, as well as predicting potential metal-binding sites in the unbound apo
structures.

2.3.6. Web server implementation of MetalExplorer
We developed a web server for MetalExplorer, which is freely available at
http://metalexplorer.erc.monash.edu.au/. This server was implemented using a Java Server Page
running Tomcat7 and configured in the Linux environment on an eight-core server machine with 16
GB memory and a 4 TB hard disk. The programs were written in Perl and Java. The inputs for this
server include the PDB identifier, the PDB file of the protein chain, a number of structural feature
files, and the user’s email address, where the prediction outputs generated by MetalExplorer are
sent. To generate structural feature files, users need to install and run third-party software to
significantly reduce the computational load on the server, i.e., Biopython for calculating the residue
solvent exposure features and NACCESS for calculating the absolute and relative SASA of the side
chain and the main chain. A typical prediction task requires approximately 30 min to return the
outputs. The main outputs include the predicted probability score for each residue in the uploaded
protein structure and a plot of the probability score profile. The predicted metal-binding residues for
a particular metal ion type are highlighted in red. More detailed user instructions about how to
generate each structural feature file and an example of the prediction output can be found on the
website.

2.4. Conclusion
In this Chapter, we developed a powerful machine learning-based approach, MetalExplorer,
which significantly improves the prediction of metal-binding sites for eight different types of metal
ions (Ca, Co, Cu, Fe, Ni, Mg, Mn, and Zn). In particular, it combines a variety of informative
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sequence, structure, and graph-theoretic residue contact network features, and it performs an
effective two-step feature selection procedure to select the most useful features. Extensive fivefold
cross-validations and independent tests indicate that this method delivers better performance than
the state-of-the-art tool, SitePredict. Furthermore, MetalExplorer can accurately predict metalbinding sites from unbound apo structures, thereby making it particularly suitable for real
applications. The current study represents a systematic and comprehensive effort based on feature
selection techniques to characterize and select the most relevant features that collectively contribute
significantly to the prediction performance. Few previous studies have performed feature selection
experiments to address this important task. Finally, we developed a user-friendly server for
MetalExplorer and we anticipate that this will become a useful tool to facilitate community-wide
efforts related to the accurate prediction of various types of metal-binding sites.
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Chapter 3 PhosphoPredict: a bioinformatics tool for prediction of
human kinase-specific phosphorylation substrates and sites by
integrating heterogeneous feature selection
Protein phosphorylation is a major form of post-translational modification (PTM) that
regulates diverse cellular processes. In silico methods for phosphorylation site prediction can
provide a useful and complementary strategy for complete phosphoproteome annotation. Here, we
present a novel bioinformatics tool, PhosphoPredict, that combines protein sequence and functional
features to predict kinase-specific substrates and their associated phosphorylation sites for 12
human kinases and kinase families, including ATM, CDKs, GSK-3, MAPKs, PKA, PKB, PKC, and
SRC. To elucidate critical determinants, we identified feature subsets that were most informative
and relevant for predicting substrate specificity for each individual kinase family. Extensive
benchmarking experiments based on both five-fold cross-validation and independent tests indicated
that the performance of PhosphoPredict is competitive with that of several other popular prediction
tools, including KinasePhos, PPSP, GPS, and Musite. We found that combining protein functional
features with sequence features significantly improves the performance of phosphorylation site
prediction across all kinases. Application of PhosphoPredict to the entire human proteome identified
150 to 800 potential phosphorylation substrates for each of the 12 kinases or kinase families.
PhosphoPredict extends the bioinformatics portfolio for kinase function analysis and will facilitate
high-throughput identification of human kinase-specific phosphorylation sites. It significantly
complements other prediction tools and will be very helpful for reconstructing kinase-substrate
relationships for basic and translational research, including drug development and precision
medicine approaches.

3.1. Introduction
Eukaryotic proteins are typically subjected to various post-translational modifications (PTMs)
in order to enable proper and specific functioning. Among the more than 200 different types of
PTMs that have been identified [1], phosphorylation is one of the most prevalent types and plays a
crucial role in almost every aspect of cell life, including metabolism, proliferation, differentiation,
apoptosis, DNA replication, and cell division [2,3]. Protein phosphorylation is catalyzed by a group
of enzymes called kinases, which add a phosphate (PO4) group to serine (S), threonine (T), tyrosine
(Y), or, to a lesser degree, histidine (H) residues. Additionally, phosphate moieties that exist on
substrates can be removed by phosphatases. Therefore, phosphorylation is a reversible PTM,
depending on the balance of kinases and phosphatases.
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The human genome encodes more than 500 different protein kinases, collectively regulating a
diverse range of signaling pathways and biological functions [4]. Recent data indicate that the
majority of proteins in a eukaryotic cell can be phosphorylated [5]. As a regulatory mechanism,
individual protein kinases can specifically recognize and target a subset of protein substrates for
phosphorylation, i.e. they have distinctive substrate specificity [6]. Aberrant regulation of protein
phosphorylation often results in disease. Many members of the human protein kinase family are
implicated in cancer, reflecting alteration or dysregulation at the level of the gene, mRNA, protein
and/or PTM, and they provide clinically-validated or potential targets for personalized cancer
treatment [7,8]. Therefore, identification and characterization of kinases and their specific
phosphorylation sites in the proteome is a critical first step towards a complete understanding of
protein-kinase-regulated signaling pathways, and their impact in health and disease.
Owing to the recent development of large-scale high-throughput mass spectrometry
techniques, experimentally-verified phosphorylation data have rapidly accumulated [7-10]. For
example, Sharma et al. describe ultradeep characterization of the phosphoproteome, detecting
phosphorylation of ~75% of cellular proteins [5]. The Mann group has now moved MS
phosphoproteome analysis to a high-throughput and systems-wide scale. They have recently
developed a scalable phosphoproteomics platform which enables rapid quantification of hundreds
of phosphoproteomes with more than 10,000 sites [9]. Despite these recent technological advances,
it is likely that a significant number of phosphorylation sites remain unidentified, and upstream
kinases for many phosphorylation events are unknown. Therefore, computational approaches
capable of identifying phosphorylation sites and their cognate kinases complement experimental
efforts and may provide a powerful additional strategy for whole-proteome annotation. With the
increasing availability of sequenced genomic data for various organisms, comprehensive prediction
of kinase/substrate pairs is becoming more advantageous and useful for proteome annotation and
hypothesis-driven experimental design.
To date, more than a dozen tools have been developed for phosphorylation site prediction.
These can be categorized into three main classes: simple consensus pattern-based approaches,
sequence similarity-based clustering methods, and more advanced machine-learning algorithms.
ELM [11], PROSITE [12], and HPRD [13,14] are examples from the first category. These
approaches depend upon the presence of an exact motif surrounding the phosphorylation site.
Sequence similarity-based methods such as PostMod [15] and PSEA [16] are designed to give a
high score to a query peptide that has a high similarity score with known phosphorylation peptides,
using sequence similarity measures like the BLOSUM62 matrix [17]. Since definitions of
consensus patterns are often based on limited data, the performance of such methods in predicting
phosphorylation sites is poorer than that observed from more advanced methods. Additionally,
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consensus pattern-based methods can only provide binary prediction outputs. Accordingly, such
methods are not suitable for large-scale analysis and probabilistic scoring schemes [18].
In the last decade, a number of machine learning-based approaches have been employed to
address the task of phosphorylation site prediction. These include artificial neural networks (ANN)
[19] (NetPhosK [20,21]), hidden Markov models (HMM) [22] (KinasePhos [23,24]), Bayesian
decision theory (BDT) [25] (PPSP [26]), support vector machines [27] (PredPhospho [28], PPRED
[29], and Musite [30,31]), and conditional random fields (CRFs) (CRPhos [32]). Since machine
learning-based methods can learn the underlying rules and signatures in the data by tuning and
optimizing related parameters during the model training process, their performance is usually
comparable to or even better than the performance of consensus pattern-based methods.
Most current methods focus on predicting phosphorylation sites by integrating sequence and
other informative information. Linding et al. developed a computational approach called
NetworKIN to predict phosphorylation networks and assign substrate specificity, which takes into
consideration the context of protein-protein interactions [33]. Benchmarking tests indicate that the
NetworKIN approach can yield a 2.5-fold improvement in accuracy, while also allowing for
construction of phosphorylation networks [33]. Recently, Li et al. proposed a more sophisticated
approach for the prediction of protein phosphorylation sites, which integrates primary sequences
with heterogeneous features, such as protein functional information, protein subcellular location,
and protein-protein interaction information [34]. The authors investigated eight different human
kinases or kinase families (ATM, CDKs, CK2, GSK-3, MAPKs, PKA, PKB, and PKC) to evaluate
the contribution of functional features to the prediction of kinase-specific phosphorylation sites
based on 5-fold cross-validation tests and found that functional features significantly boosted
prediction performance for seven kinases, with the ATM family being the only exception [34].
More recently, Wang and colleagues developed computational approaches [35, 36] to predict
kinase-specific phosphorylation sites by combining both sequence and functional information of
proteins (such as Gene Ontology and protein-protein interactions), based on random forest and
support vector machines, respectively. They found that functional information is critical for
determining phosphorylation sites [35, 36].
Although significant progress has been made in predicting kinase-specific phosphorylation
sites, existing approaches have a number of drawbacks. (1) Use of feature selection: Most existing
tools are developed using machine-learning techniques, like SVM. However, for machine-learning
models, not all features are equally important for the performance of the trained model. Inclusion of
redundant features in model training reduces model performance; to remove redundant features and,
consequently, improve prediction performance, feature selection is generally required. However, to
this date, only a limited number of studies have adopted this strategy to gain insight into the relative
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significance and contributory effects of various features. (2) Incorporation of heterogeneous
features: With the notable exceptions of NetworKIN [33] and Li et al. [34], most previous studies
only extracted features based on the sequence environment surrounding the phosphorylation sites,
but failed to take other relevant heterogeneous features into consideration. These include structural
and other global features that might play a decisive role in determining a protein’s phosphorylation
propensity, especially for those involved in different cellular processes or having different proteininteraction or pathway characteristics. There is an outstanding need to investigate and characterize
the importance and contribution of functional features to model performance across different kinase
families and examine if there exist family-specific subsets of distinct features. (3) Analysis based on
enlarged datasets: While a few methods take protein functional features into account, analyses were
performed on limited, outdated datasets and the quantitative contribution of such methods needs to
be systematically evaluated on sufficiently large and updated datasets. Moreover, Li et al. did not
provide either a webserver or a local tool. In summary, the next generation of computational
methods needs to address the above drawbacks in order to generate more accurate models for
efficient identification of kinase-specific phosphorylation sites.
In this Chapter, we present PhosphoPredict, a new tool developed for computational
prediction of human kinase-specific phosphorylation sites. Our tool is based on the original idea of
Li et al. to integrate heterogeneous protein functional features with sequence-derived features.
However, we augmented a machine-learning algorithm, Random Forest (RF) [37], by integrating a
variety of heterogeneous features at multiple levels (sequence, structure and function) to train the
kinase-specific classifiers. In particular, to improve phosphorylation site prediction performance,
we integrated protein sequence-derived features and structural features together with other
complementary functional features, including gene ontology (GO) terms, Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways, protein-protein interactions, and protein functional
domains.
We describe our tool and present a feature-importance analysis for each individual kinase
family performed with the goal of identifying the most relevant and contributing features. Based on
an independent test dataset, we compare the performance of PhosphoPredict with four other popular
tools, including KinasePhos [23, 24], PPSP [26], Musite [30, 31], and GPS [38-40], for
phosphorylation site prediction for human kinases CDKs, MAPKs, PKC, and CK2. Lastly, we
present results of PhosphoPredict, here applied with 99% specificity to the entire human proteome,
showing a large number of newly identified potential substrates targeted for phosphorylation. While
we focus here on 12 human kinases or kinase families, namely ATM, CaM, CDKs, CK1, CK2,
GRK, GSK-3, MAPKs, PKA, PKB, PKC, and SRC, it is important to note that our approach can be
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used to develop substrate and phosphorylation-site predictors for any kinase family not only for
humans, but also for other organisms such as plants and bacteria.

3.2. Materials and methods
3.2.1. Datasets
Positive dataset
Phosphorylation sites were extracted from the Phospho.ELM Database (version 9.0) [41, 42],
which is a public database of experimentally verified phosphorylation sites in eukaryotic proteins.
The current release (Version 9.0) contains 8718 substrate proteins from different species covering
more

than

42,500

sites. In this study, we focused on human kinase-specific phosphorylation site

prediction and, consequently, extracted all human phosphorylation datasets, comprising a total of
37,145 entries and 5374 human proteins. Furthermore, in order to reduce sequence redundancy in
the extracted datasets and avoid potential bias in model training, we employed the same procedures
as described by Li et al. and removed highly homologous sequences (at the 70% sequence identity)
using the CD-HIT program [43]. Specifically, phosphorylation sites were extracted for each human
kinase family and only the major kinase families that contained at least 50 experimental
phosphorylation sites were included in the analysis.

Table 3.1 Statistics of human kinase-specific substrates and their phosphorylation sites, derived from the
Phospho.ELM database (version 9.0).
Kinase

Number of substrate

Number of

sequences

phosphorylation sites

ATM (Ataxia telangiectasia mutated)

29

58

CaM (Calcium/calmodulin-dependent protein
kinase)
CDKs (Cyclin-dependent kinases)

37

62

120

274

CK1 (Casein kinase 1)

20

56

CK2 (Casein kinase 2)

108

255

GRK (G protein-coupled receptor kinase)

18

73

GSK-3 (Glycogen synthase kinase 3)

32

60

MAPKs (Mitogen-activated protein kinases)

132

312

PKA (cAMP-dependent protein kinase)

138

218

PKB (Protein kinase B)

54

77

PKC (Protein kinase C)

150

308

SRC (Src-family tyrosine kinase)

63

100
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Table 3.1 provides a statistical summary of the kinase families included and their
corresponding substrates and phosphorylation sites. Among the 12 types of protein kinases studied,
CDKs and MAPKs are not single protein kinases but represent two protein kinase families. Indeed,
the term MAPK comprises 14 kinases belonging to three subfamilies, the ERK, JNK and p38, and
the atypical ERKs. This might raise the question whether the members of the three subfamilies
differ in their consensus phosphorylation sites. However, this seems not to be the case, at least for
the ERK, p38 and JNK family members [44]. In our preliminary analysis, we generated pLogos
(Figure S1) of the occurrences of amino acid residue types surrounding the phosphorylation sites for
each of the three kinase types. We found that they indeed share a consensus phosphorylation site
recognition motif, namely XXPS/TPXX, requiring proline residues at the +1 and (to a lesser extent)
-1 position (“X” denotes any amino acid residue type) [44]. Thus, it is justified to train
phosphorylation site prediction models for the overall MAPK family and the use of "MAPK" is a
valid category in the context of predicting potential phosphorylation substrates and sites using
PhosphoPredict. In the case of CDKs, these enzymes also exhibit a preference for substrate peptides
that exhibit a proline residue at the +1 position after the phosphorylated residue, but we accept that
there are subtle differences in substrate selectivity amongst family members [45]. For clarity, we
will refer to “CDKs” and “MAPKs” instead of “CDK” and “MAPK” throughout this paper.
To evaluate the model performance, we prepared a benchmark dataset and two independent
test datasets (See the “Independent tests” section for details). The performance of the model was
evaluated using randomized 5-fold cross-validation on the benchmark dataset and validated on the
two independent datasets. For each potential phosphorylation site, a local sliding window of nine
residues was used, which included four amino acids in the upstream and four amino acids in the
downstream regions surrounding the central residue.
Background set
All human proteins were extracted from the UniProt database [46] and used as the
background protein set. The background set was used to perform statistical analysis and to identify
statistically significant functional features (See detail below).
Background set and negative dataset
We constructed the background set by extracting all S/T/Y (serine, threonine, or tyrosine)
residues from the background protein set. The negative samples were then randomly selected from
the background set.
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3.2.2. Features
We derived a variety of different features and examined them regarding their impact on model
performance. In addition to sequence-derived and functional features, we also integrated structural
features, including protein secondary structure, solvent accessibility, and native disorder, which
have proven useful in previous studies of phosphorylation site prediction. These features are briefly
discussed in the following subsections.
Sequence level features
Amino acid type
The amino acid sequences surrounding phosphorylation sites are primary sequence features
and have proven useful for phosphorylation site prediction in previous studies [34]. We encoded
amino acid sequences using the 20-bit binary encoding method, wherein each amino acid was
represented by a 20-dimensional binary vector composed of either zero or one elements as
described previously [47, 48]. Using a sliding window comprised of nine amino acids, this led to a
20×9 = 180-dimensional vector.
Predicted secondary structure
Protein secondary structure is a powerful attribute used for predicting phosphorylation sites.
However, given that known protein secondary structure information is limited, we instead predicted
protein secondary structure from amino acid sequences by using SABLE [49]. Specifically, for each
residue of the query sequence, SABLE outputs three kinds of secondary structure: H, E, and C,
denoting alpha-helix, beta-strand, and coil, respectively. We encoded the three kinds of predicted
secondary structure using a 3-bit encoding, yielding a 3×9 = 27-dimensional vector.
Predicted solvent accessibility
Solvent accessibility is also an important feature for phosphorylation site prediction [34]. The
SABLE program [49] can also be used to predict solvent accessibility from primary sequences. It
provides a score from 0 to 6, representing the extent of solvent accessibility from ‘buried’ to
‘exposed’. Therefore, we used a 7-bit encoding for the predicted solvent accessibility, thus resulting
in a 7×9 = 63-dimensional vector.
Predicted natively-disordered region
Disordered protein regions lack fixed tertiary structure and are either fully or partially
unfolded [50]. Contrary to initial suggestions that these regions are ‘useless’, recent studies indicate
that such regions are commonly involved in many biological functions [50]. For example,
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phosphorylation sites have been observed to be preferentially located in disordered rather than
ordered regions [51, 52]. Accordingly, some studies used protein disorder information as an
important feature for phosphorylation site prediction [51, 53]. We predicted the native disorder
information using DISOPRED2 [54] and encoded it using a 2-bit encoding to form a 2×9 = 18dimensional vector.
Functional features
In addition to sequence and structural features, the present study also employed functional
features of proteins. These include: (1) Biological Process (BP) feature from GO [55]; (2) Cellular
Component (CC) feature from GO; (3) Molecular Function (MF) feature from GO; (4) Functional
domain information from InterPro [56]; (5) Pathway information from KEGG [57]; (6) Functional
domains from Pfam [58]; (7) Protein-Protein Interaction (PPI) from STRING [59].
3.2.3. Over- and under-represented feature analysis by hypergeometric test
Heterogeneous functional features can be noisy and redundant, resulting in biased model
training and performance assessment. Therefore, we performed a two-sided hypergeometric test for
each kinase-specific substrate protein to identify over-represented and under-represented feature
terms from the background protein set. The hypergeometric tests were performed using the R
package [60]. The p-values were calculated from the hypergeometric distributions as follows:

p = Fhypergeom (q, m, n, k )
where q represents the number of samples with the feature term in the study set, m represents the
number of samples annotated with the feature in the background set, n represents the number of
samples without the feature, while k is the number of samples in the study set.
The p-values were corrected by the Bonferroni correction for testing on multiple feature
terms. Feature terms with a corrected p-value of less than 0.01 were considered significant.
After extracting all significant functional features, a simple log-odds ratio approach was
originally proposed by Li et al. [61] and used to calculate the final score of each protein as the logodds ratio score as follows:
N

S(xi ) = ∑ log 2
i=1

f (xi )
g(xi )

where N denotes the total number of significant functional features, xi represents the value of the ith feature which was measured by the functional annotations of the protein, f(xi) represents the
probability of the i-th feature in phosphorylated proteins from the positive training dataset, while
g(xi) represents the probability of the i-th feature in all proteins from the background protein set.
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3.2.4. Feature selection by maximum Relevance Minimum Redundancy (mRMR)
Feature selection is an important aspect in practical applications of machine learning. Many
biological datasets are characterized by a large number of initial features for model training and
optimization. Dealing with oversized feature sets is a challenging and formidable task, with several
associated problems. Large feature sets slow down the speed of the machine learning algorithm,
consume many resources, and are inefficient. Additionally, many machine learning methods suffer
from reduced accuracy when dealing with large feature sets [62-64]. As a result, efficient feature
selection methods are required to improve efficiency of machine learning-based classifiers and
minimize classification error. Feature selection can select the most relevant and informative features
by reducing the initially high-dimensional feature space to a lower, more compact one.
mRMR is a useful feature selection algorithm based on mutual information [65]. It was
originally

proposed

by

Peng

et

al.

[65]

and

can

be

downloaded

from

http://penglab.janelia.org/proj/mRMR/. The mRMR algorithm has been widely used in a number of
feature-selection tasks by our group [66-68] as well as others [69-71], often in combination with
step-wise feature selection, resulting in an improved performance of trained models. Importantly,
mRMR is able to rank features according to both their relevance to the target classification variable
and the redundancy between the features themselves. The features assigned with a higher rank by
mRMR indicate that they have better trade-off between maximum relevance and minimum
redundancy. We selected the top 50 features identified by mRMR as our optimal feature set.

3.2.5. Model training using RF
RF is an ensemble classifier consisting of a number of decision trees. It was originally
developed by Breiman [37] and has been implemented as the RF package in R [72]. RF has several
important advantages that make it suitable for our prediction task, including: (1) It performs better
with high-dimensional feature inputs; (2) It runs efficiently on larger datasets; (3) It has higher
efficiency in model training, given that the training process is faster than many other algorithms; (4)
It can estimate what variables are more important for classification. Like many other machinelearning techniques, RF also includes model training and prediction stages. At the training stage RF
grows many classification trees and selects the classification that receives the most votes from all
trees, while at the prediction stage RF model performance is tested and evaluated.

3.2.6. Randomized 5-fold cross-validation test
To evaluate the prediction performance of RF-based models, randomized five-fold crossvalidation was used by randomly dividing the benchmark dataset into five subsets for each
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validation step. At each cross-validation step, four subsets were merged as the training set to train
the RF model, while the remaining subset was singled out as the test set to validate the trained RF
model. This procedure was repeated five times so that each subset was used in the training and then
validated in the testing. To allow for a robust estimation of the model performance, this five-fold
cross-validation procedure was repeated 100 times. As a result, we calculated the average of RF
classifier performance measures, which are reported here.
3.2.7. Independent tests
In addition to the randomized 5-fold cross-validation on the benchmark datasets, we have also
assembled an independent test dataset and performed the independent test using this dataset to allow
a fair and objective comparison to other tools. The independent dataset was extracted from another
public database, PhosphoSitePlus [73], by including the most recent experimental phosphorylation
data and excluding those instances that had been deposited in the database Phospho.ELM [41, 42].
For brevity, this first independent dataset is referred to as “PhosPlus_set”. The prediction
performances of our method, PhosphoPredict, and four other tools (PPSP, GPS, KinasPhos, and
Musite) were evaluated based on this independent dataset.
In addition, we have also constructed a second independent test dataset, which has not been
previously used in any of the other predictors. To construct it, we first downloaded a recent version
of the UniProt database (2017 Version, last modified on 15 February, 2017). We then filtered out
the overlapping sequences that were present in both the training dataset of PhosphoPredict and the
obtained UniProt dataset. After this step, we further removed the homologous sequences in the
training dataset and the resulting UniProt dataset, by applying the CD-HIT program with a sequence
identity of 70%. The resulting independent test dataset is referred to as “UniProt_set”.
3.2.8. Performance Assessment
We used several performance measures, including Sensitivity (SEN), Specificity (SPE),
Precision (PRE), Accuracy (ACC), the Matthew’s correlation coefficient (MCC), and the area under
the curve (AUC) to comprehensively evaluate the predictive performance of our method.
SEN is defined as:
SN = TP (TP + FN )

SPE is defined as:
SP = TN (TN + FP)

PRE is defined as:
PRE = TP / (TP + FP)
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Overall ACC is defined as:
ACC = (TP + TN ) (TP + TN + FP + FN )

F-score is defined as:
F − score = 2 ×

TP
2TP + FP + FN

The MCC [74] is defined as:
MCC =

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

where TP is the number of true positives, TN is the number of true negatives, FP is the number of
false positives, and FN is the number of false negatives.
More specifically, AUC is the area under the receiver operating characteristic (ROC) curve,
which is a plot of true positive rate (TPR) against false positive rate (FPR). TPR is the ratio of the
number of correctly classified phosphorylation sites relative to the total number of phosphorylation
sites, while FPR is the ratio of the number of correctly classified non-phosphorylation sites relative
to the total number of non-phosphorylation sites. The performance of our method was evaluated
using the seven measures based on both 5-fold cross-validation and independent tests.

3.3. Results and discussion
3.3.1. The overall framework of the PhosphoPredict approach
We extracted phosphorylation substrate datasets for 12 kinase families from the
Phospho.ELM database. We removed any sequence redundancy from the original datasets and
subsequently trained RF-based models of phosphorylation site prediction independently for each of
the 12 kinases or kinase families. The resulting set of models forms the core of PhosphoPredict. The
tool not only identifies relationships between substrates and specific kinase families, but also
predicts corresponding phosphorylation sites for the 12 kinase families in a kinase-specific manner.
The overall framework of the PhosphoPredict approach is illustrated in Figure 3.1. The four main
stages in PhosphoPredict development are dataset curation, feature extraction, feature selection, and
model training and performance evaluation. The first stage does not only involve curation but also
dataset preprocessing. At the second stage, a variety of different features at multiple levels are
calculated and extracted, including sequence features, predicted structural features, and protein
functional features. At the third stage, hypergeometric tests are performed to identify overrepresented and under-represented functional feature terms and the mRMR algorithm is applied to
select the most relevant and important features. At the final stage, performance of RF-based
predictors is assessed using both randomized 5-fold cross-validation and independent tests.
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Figure 3.1. Workflow of the PhosphoPredict approach. Benchmark training/testing datasets
were extracted from the Phospho.ELM database after removing sequence redundancy (70%
sequence identity) using the CD-HIT program [39]. After feature selection using mRMR and
statistical analysis of over-represented and under-represented feature terms using hypergeometric
tests, significant sequence, structural, and functional features were extracted and used as inputs to
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train RF classifiers. Classifier performance was assessed using randomized 5-fold cross-validation
and independent tests.
3.3.2. Analysis of over-represented and under-represented functional features
Protein phosphorylation is a dynamic process implicated in multiple aspects of cellular
function. Determinants of phosphorylation events may comprise multifaceted functional features,
such as protein-protein interactions and subcellular localization. Using a simple log-odds ratio
approach [61], we calculated the functional score of each protein as the log-odds ratio score and
plotted the distributions of known phosphorylated protein substrate subsets (colored red) and
background protein sets (colored black) for four common kinase families, including CDKs,
MAPKs, PKC and CK2 (Figure 3.2). The functional score reflects the likelihood of a
corresponding protein to be phosphorylated. The higher the log-odds ratio score, the more likely a
protein is to be phosphorylated. From Figure 3.2, we can see that the distributions of the known
protein substrate subsets (red) and background protein sets (black) are significantly different. For
example, the majority of proteins in the background protein sets have scores <10, whereas proteins
in the positively known substrate sets tend to have an even distribution and scores >20. These
results agree with those observed by Li et al. [34].

Figure 3.2. Protein substrate distributions. The distributions of the known protein substrate set
(red) and the background protein set (black) for four common kinase families. The x-axis represents
the log-odds ratio score, while the y-axis represents the percentage of proteins with the
corresponding scores. Data represent (A) CDKs, (B) MAPKs, (C) PKC, and (D) CK2.
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Furthermore, we performed a statistical t-test and calculated p-values to elucidate the
statistical differences between functional scores of proteins in the positive substrate set versus the
background set (Table 3.2). The most significant distribution occurs in the MAPK kinase family
with a p-value of 5.99e-25. The least significant distribution occurs in the CK1 kinase family with a
maximum p-value of 0.00187. These results indicate that phosphorylated substrate proteins can be
discerned from the background protein set and that functional features might be helpful in
distinguishing phosphorylated and non-phosphorylated proteins.
Table 3.2. Significance of functional score differences between proteins in the positive substrate set
versus the background set, estimated by statistical t-test.
Kinase

P-value

ATM

1.16e-09

CaM

2.75e-09

CDKs

1.87e-22

CK1

0.00187

CK2

3.28e-12

GRK

3.37e-05

GSK-3

2.97e-06

MAPKs

5.99e-25

PKA

1.21e-23

PKB

1.99e-14

PKC

3.59e-24

SRC

2.20e-12

3.3.3. Effect of functional features on predictive performance
In order to ascertain whether incorporation of significant functional features can improve
prediction of phosphorylation sites, we integrated primary sequences with functional features and
examined their effect on the predictive performance of the trained RF classifiers based on 5-fold
cross-validation tests. All RF classifiers were trained using the default parameters and different
feature combinations. Seven performance measures, including ACC, SEN, SPE, PRE, F-score,
MCC, and AUC, were calculated to compare the performance of different feature combinations.
Classifier performance for all kinase families improved after combining functional features
with primary sequence features. Specifically, for the GRK family, AUC increased from 0.595 (RF
model trained using only primary amino acid sequence features [AA]) to 0.891 (AA+CC), 0.962
(AA+BP), 0.859 (AA+MF), 0.932 (AA+InterPro), 0.943 (AA+KEGG), and 0.901 (AA+Pfam).
Additionally, there was consistent improvement in terms of other performance measures, such as
ACC, F-score, and MCC.
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However, we noticed that when the primary sequence features were combined with other
structural features, such as secondary structure (SS), solvent accessibility (SA), and native disorder
(DO), the performance did not improve significantly and for certain kinase families the performance
even decreased. For example, in the case of the CaM family, when primary sequence features were
used in combination with structural features, AUC scores decreased from 0.822 (AA) to 0.759
(AA+SS), 0.817 (AA+SA), 0.791 (AA+DO), 0.756 (AA+SS+SA), 0.759 (AA+SS+DO), 0.783
(AA+SA+DO), and 0.770 (AA+SS+SA+DO) (Table S1). Similar trends were obtained for several
other kinase families, including ATM, CK2, GSK-3, MAPK, PKB, and PKC. These results indicate
that including a large number of initial features may not coincide with improved predictive
performance. Instead it can lead to performance decreases, presumably due to inclusion of noisy,
irrelevant, and redundant features. Altogether, these results highlight the need to address this
problem by performing feature selection to remove irrelevant features, identify more contributive
features, and improve model performance.

Figure 3.3. Phosphorylation site prediction. ROC curves for phosphorylation site prediction of
three different sequence-encoding schemes: AA (amino acid sequence encoding), AA+SS+SA+DO
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(amino acid sequence + secondary structure + solvent accessibility + native disorder, without
feature selection), and mRMR (mRMR feature selection based on all the extracted initial features),
evaluated using 5-fold cross-validation tests on the benchmark datasets. Data represent (A) CDKs,
(B) MAPKs, (C) PKC, and (D) CK2.

3.3.4. Feature selection results using mRMR
A protein’s set of features is represented via a 5698-dimensional vector. It describes various
heterogeneous features, which are complex, noisy, and redundant. To identify the most relevant
features critical for phosphorylation site prediction, we employed the mRMR method to select
optimal feature subsets. Importantly, mRMR can rank each feature according to both its
dependency to the target classification variable and the redundancy between features. Evaluating
performance of three different sequence-encoding schemes, including AA (amino acid sequence
encoding), AA+SS+SA+DO (amino acid sequence + secondary structure + solvent accessibility +
native disorder, without feature selection), and mRMR (mRMR feature selection based on all the
extracted initial features) allowed us to assess the individual contributions of various major types of
features to model performance and the importance of feature selection. Figure 3.3 contains the
ROC curves of three different sequence-encoding schemes for four kinase families, including
CDKs, MAPKs, PKC, and CK2. These data were the result of 5-fold cross-validation tests using the
benchmark datasets.
Performance of RF-based models improved for all four kinase families following mRMR
feature selection. Specifically, the models trained by mRMR using the selected feature set achieved
an AUC score of 0.991, 0.981, 0.953, and 0.975 for the four kinase families, respectively,
outperforming the models trained using the other two sequence-encoding schemes. In addition,
Table 3.3 contains the values of the eight performance measures for all 12 kinase families. These
results show that performance of the model trained using mRMR-selected features was the best
among the three different sequence-encoding schemes. This was the case for all 12 kinase families,
except the PKA kinase family, for which the performance of the mRMR feature-based model was
slightly lower than that of the AA feature-based model (Table 3.3).
Table 3.3. Performance comparison with different sequence encoding schemes based on the 5-fold
cross-validation tests.
Kinase
family

Encoding
scheme

Accuracy
(%)

Sensitivity
(%)

Specificity
(%)

Precision
(%)

Recall
(%)

F-Score

MCC

AUC

ATM

AA
AA+SS+SA+DO
mRMR

94.8
85.3
100

96.5
82.8
100

93.1
87.9
100

93.3
87.3
100

96.5
82.7
100

94.9
85.0
100

0.029
0.749
1.00

0.954
0.911
1.00
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CaM

CDKs

CK1

CK2

GRK

GSK-3

MAPKs

PKA

PKB

PKC

AA

78.9

80.7

77.2

77.9

80.7

79.3

0.667

0.822

AA+SS+SA+DO
mRMR
AA
AA+SS+SA+DO

69.3
92.1
94.4
91.2

68.4
86.0
94.2
86.7

70.2
98.2
94.6
95.8

69.6
98.0
94.6
95.4

68.4
86.0
94.2
86.7

69.0
91.2
94.4
90.8

0.574
0.853
0.894
0.840

0.770
0.978
0.962
0.973

mRMR
AA
AA+SS+SA+DO
mRMR

96.5
59.1
68.2
87.5

95.8
61.4
75.0
77.3

97.1
56.8
61.4
97.8

97.0
58.7
66.0
97.1

95.8
61.4
75.0
77.3

96.4
60.0
70.2
86.1

0.932
0.516
0.562
0.777

0.991
0.560
0.685
0.989

AA
AA+SS+SA+DO
mRMR
AA

82.9
79.3
92.3
54.8

86.5
81.2
90.9
55.6

79.3
77.4
93.8
54.0

80.7
78.2
93.6
54.7

86.5
81.2
90.9
55.6

83.5
79.7
92.2
55.1

0.716
0.672
0.858
0.504

0.898
0.884
0.975
0.595

AA+SS+SA+DO
mRMR
AA
AA+SS+SA+DO

77.0
92.8
87.0
77.8

85.7
88.9
88.9
87.0

68.2
96.8
85.2
68.5

73.0
96.6
85.7
73.4

85.7
88.9
88.9
87.0

78.8
92.6
87.3
79.7

0.640
0.867
0.774
0.648

0.768
0.975
0.905
0.890

mRMR
AA
AA+SS+SA+DO
mRMR

95.4
87.1
83.6
94.5

90.7
80.8
80.8
93.0

100
93.4
86.5
96.1

100
92.5
85.6
96.0

90.7
80.8
80.8
93.0

95.1
86.2
83.1
94.4

0.911
0.774
0.726
0.897

0.984
0.911
0.922
0.981

AA
AA+SS+SA+DO
mRMR
AA

88.8
83.2
88.5
89.3

90.4
82.6
90.4
90.4

87.2
83.9
86.7
89.3

87.6
83.7
87.2
89.3

90.4
82.6
90.4
89.3

88.9
83.1
88.7
89.3

0.800
0.721
0.797
0.809

0.932
0.900
0.931
0.889

AA+SS+SA+DO
mRMR
AA
AA+SS+SA+DO

77.3
96.0
79.9
73.1

76.0
92.0
83.7
74.1

78.7
100
76.1
72.1

78.1
100
77.8
72.6

76.0
92.0
83.7
74.1

77.0
95.8
80.6
73.4

0.649
0.923
0.678
0.607

0.878
0.998
0.855
0.814

mRMR

87.8

86.0

89.6

89.2

86.0

87.6

0.786

0.952

The best results for each kinase and performance measure are highlighted by bold. AA: binary encoding of
amino acid sequence; SS: secondary structure; SA: solvent accessibility; DO: disorder; MRMR: sequence
encoding scheme after mRMR feature selection based on all features.

3.3.5. Feature importance analysis
Using the CDK kinase family as an example, the top 50 features ranked by mRMR are
provided in Table 3.4. The AA6_AAseq was ranked first. Previously, amino acid composition
surrounding phosphorylation sites was shown to differ significantly between phosphorylation sites
and non-phosphorylation sites [30]. Here, using feature selection experiments, we revealed that the
sixth residue in the 9-mer sequence was particularly important for model performance. This position
may be particularly important for substrate recognition of the kinase.
Table 3.4. The top 50 important features selected by mRMR feature selection for CDKs.
Order

Feature
order

Feature type

Score

Order

Feature
order

Feature type

Score
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1
V107
AA6_AAseq
2
V2123
Pro_PPI
3
V2799
Pro_PPI
4
V272
AA1_DISO
5
V3880
Pro_PPI
6
V1823
Pro_PPI
7
V5183
Pro_PPI
8
V192
AA4_SS
9
V4866
Pro_PPI
10
V287
AA9_DISO
11
V1658
Pro_PPI
12
V1579
Pro_PPI
13
V195
AA5_SS
14
V789
Pro_pathway
15
V1636
Pro_PPI
16
V277
AA3_DISO
17
V4166
Pro_PPI
18
V5110
Pro_PPI
19
V2710
Pro_PPI
20
V5377
Pro_PPI
21
V285
AA8_DISO
22
V3429
Pro_PPI
23
V3376
Pro_PPI
24
V4179
Pro_PPI
25
V183
AA1_SS
Annotations of feature types:

0.679
0.104
0.072
0.101
0.116
0.080
0.083
0.087
0.086
0.077
0.079
0.071
0.070
0.071
0.066
0.064
0.065
0.069
0.058
0.058
0.058
0.056
0.058
0.057
0.053

26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

V3817
V198
V561
V276
V5329
V5349
V1806
V5492
V288
V4400
V4659
V5205
V271
V2756
V2464
V193
V4096
V546
V278
V3332
V5064
V809
V286
V4234
V2516

Pro_PPI
AA6_SS
Pro_CC
AA2_DISO
Pro_PPI
Pro_PPI
Pro_PPI
Pro_PPI
AA9_DISO
Pro_PPI
Pro_PPI
Pro_PPI
AA1_DISO
Pro_PPI
Pro_PPI
AA5_SS
Pro_PPI
Pro_CC
AA3_DISO
Pro_PPI
Pro_PPI
Pro_pathway
AA9_DISO
Pro_PPI
Pro_PPI

0.051
0.053
0.052
0.056
0.056
0.053
0.050
0.051
0.052
0.051
0.052
0.052
0.051
0.048
0.047
0.048
0.048
0.049
0.050
0.048
0.046
0.046
0.047
0.047
0.047

AAn_AAseq (V1-V180): Binary encoding amino acid sequence (180-dimensional vector), where n (n=1, 2,
… 9) denotes the residue position in the local window size of 9 residues.
AAn_SS (V181-V207): Secondary structure predicted by SABLE (27-dimensional vector);
AAn_SA (V208-V270): Solvent accessibility predicted by SABLE (63-dimensional vector);
AAn_DISO (V271-V288): Native disorder predicted by DISOPRED2 (18-dimensional vector);
Pro_BP (V289-V536): Over-represented Biological Process features from Gene Ontology (248-dimensional
vector);
Pro_CC (V537-V587): Over-represented Cellular Component features from Gene Ontology (51-dimensional
vector);
Pro_InterPro (V588-V774): Over-represented features from InterPro (187-dimensional vector);
Pro_pathway (V775-V818): Over-represented pathway features from KEGG (44-dimensional vector);
Pro_MF (V819-V895): Over-represented Molecular Function features from Gene Ontology (77-dimensional
vector);
Pro_domain (V896-V946): Over-represented functional domain features from Pfam (51-dimensional vector);
Pro_PPI (V947-V5698): Over-represented protein-protein interactions from PPI (4752-dimensional vector).
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Notably, a total of 35 functional features were selected and included in the list, including 31
PPI features (denoted as Pro_PPI), two pathway features (denoted as Pro_pathway), and two CC
features (denoted as Pro_CC) (Table 3.4). Additionally, another important feature group includes
native disorder features (denoted as AA#_DISO, where “#” represents 1, …, 9, indicating the
residue position in the 9-mer sequence), which includes nine scores. The disorder-score
distributions are significantly different between phosphorylation and non-phosphorylation sites,
with phosphorylation sites having higher disorder scores on average than non-phosphorylation sites
[30]. This implies that phosphorylation sites are preferentially located in disordered regions. This
observation is consistent with several previous studies [31, 34] on kinase-specific phosphorylation
site prediction, which also used protein disorder features to train their respective prediction models.
Furthermore, secondary structure information is also an important feature for model
performance. There are five features included in the list of the top 50 features, namely AA4 (V192),
AA5 (V195), AA5 (V193), AA6 (V198), and AA1 (V183) (Table 3.4). Our feature selection
analysis revealed that the secondary structures of the first, fourth, fifth, and sixth residues in the 9mer sequence window were more important than secondary structures of other positions. These
results suggest that secondary structures associated with these residue positions contribute to
recognition and specificity of the CDKs.

3.3.6. Performance comparison between different tools on the two independent test datasets
To evaluate the performance of kinase-specific phosphorylation site prediction by
PhosphoPredict, we compared its results with those of four popular tools, including KinasePhos
[23, 24], PPSP [26], Musite [30, 31], and GPS [38-40]. We would like to point out that in practice it
is very difficult to rigorously compare the performance of all tools in an objective and non-biased
manner. Some of the important guidelines for constructing unbiased and diverse data sets and
performing stringent performance comparison studies based on various biologically relevant
considerations have been recently discussed [75].
In this study, all the compared tools were implemented as online webservers or local standalone Java programs; in most cases, it is almost impossible to keep up to date with the knowledge of
the state-of-the-art training datasets that these webservers or tools have used to train their prediction
models, especially after recent major upgrades. Given that most phosphorylation site prediction
tools have been trained using data from Phospho.ELM, it would not be a fair comparison if we
performed independent tests and evaluated the performance of different tools using the extracted
data from the same resource. Therefore, to make a fair performance comparison, we prepared two
independent test datasets, termed as “PhosPlus_set” and “UniProt_set”. The performance results
were generated by directly submitting the sequences to their respective webservers or stand-alone
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programs and retrieving their prediction outputs. For the Phosplus_set, we could not extract
sufficient independent test data for the MAPKs and as a result we only performed independent tests
for the four kinases CDKs, CK2, PKA, and PKC. Performance comparisons for PhosPlus_set and
UniProt_set are provided in Table 3.5 and Table 3.6, respectively.
Table 3.5. Performance comparison of several prediction tools based on the PhosPlus_set.
Kinase
CDKs

Method
Accuracy Sensitivity Specificity Precision Recall
KinasePhos
86.6
65.2
86.9
5.8
65.2
PPSP
91.0
74.1
91.2
9.4
74.1
GPS
84.4
78.0
84.5
5.8
78.0
Musite
88.9
77.1
89.0
8.0
77.1
PhosphoPredict
94.2
77.1
94.4
14.5
77.1
CK2
KinasePhos
89.2
51.2
90.0
9.4
51.2
PPSP
93.1
49.4
94.0
14.4
49.4
GPS
94.1
50.0
95.0
17.0
50.0
Musite
96.4
41.6
97.5
25.5
41.6
PhosphoPredict
91.9
50.6
92.8
12.5
50.6
PKA
KinasePhos
90.4
61.6
90.9
11.1
61.6
PPSP
90.2
73.3
90.5
12.5
73.3
GPS
85.3
80.1
85.4
8.9
80.1
Musite
88.9
70.4
89.2
10.8
70.4
PhosphoPredict
91.1
80.5
91.3
14.0
80.5
PKC
KinasePhos
81.8
49.4
82.3
4.0
49.4
PPSP
83.8
58.8
84.2
5.3
58.8
GPS
82.1
56.8
82.7
6.6
56.8
Musite
86.7
52.3
87.2
5.8
52.3
PhosphoPredict
87.8
57.2
88.3
6.8
57.2
The best results for each kinase and performance measure are highlighted in bold.

F-Score
10.6
16.8
10.9
14.4
24.4
16.0
22.3
25.4
33.1
20.1
18.9
21.3
16.0
18.7
32.7
7.4
9.7
11.8
10.4
12.2

MCC
0.195
0.261
0.206
0.242
0.330
0.229
0.274
0.298
0.331
0.259
0.264
0.298
0.256
0.273
0.327
0.155
0.183
0.203
0.183
0.203

AUC
0.777
0.838
0.881
0.886
0.904
0.714
0.838
0.821
0.809
0.727
0.775
0.836
0.880
0.877
0.896
0.677
0.734
0.785
0.798
0.826

Table 3.6. Performance comparison of several prediction tools based on the UniProt_set.
Kinase

Method

Accuracy

Sensitivity

Specificity

Precision

F-Score

MCC

AUC

CDKs

KinasePhos
GPS
Musite
PhosphoPredict
KinasePhos
GPS
Musite
PhosphoPredict
KinasePhos
GPS
Musite
PhosphoPredict
KinasePhos
GPS

97.3
95.6
93.2
93.4
96.2
91.9
92.6
92.5
95.0
94.7
92.7
91.0
97.2
96.8

26.5
57.8
73.4
66.7
22.5
59.6
4.8
33.9
40.6
51.9
67.2
65.1
37.7
55.7

98.6
96.3
93.6
93.9
98.2
92.7
95.0
94.1
96.3
95.7
93.3
91.6
98.3
97.5

26.3
22.7
18.1
17.2
25.3
18.1
2.5
13.5
20.7
21.7
19.6
15.1
28.4
28.0

26.4
32.6
29.0
27.3
23.8
27.7
3.3
19.3
27.4
30.6
30.4
24.5
32.4
37.3

0.250
0.344
0.342
0.316
0.219
0.298
-0.002
0.181
0.267
0.313
0.337
0.284
0.313
0.381

0.626
0.771
0.841
0.857
0.604
0.772
0.499
0.712
0.687
0.741
0.816
0.810
0.682
0.770

CK2

MAPKs

PKA
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Musite
94.3
65.1
94.8
18.0
PhosphoPredict
95.8
48.3
96.7
20.2
PKC
KinasePhos
96.4
15.1
98.3
17.0
GPS
95.8
35.8
97.1
22.5
Musite
93.1
41.5
94.2
14.2
PhosphoPredict
93.3
29.2
94.8
11.4
The best results for each kinase and performance measure are highlighted in bold.

28.1
28.3
16.0
27.6
21.2
16.4

0.322
0.295
0.142
0.263
0.214
0.153

0.808
0.845
0.568
0.666
0.682
0.714

GPS is a method developed using a group-based phosphorylation scoring algorithm and is
regarded as a sequence similarity-based clustering approach [38-40]. Compared with machinelearning methods, GPS is simpler and faster and constitutes a kinase-specific phosphorylation site
prediction method. When evaluated on the PhosPlus_set, GPS achieved AUC scores of 0.881,
0.821, 0.880, and 0.785 on the PhosPlus_set for CDKs, CK2, PKA, and PKC families, respectively
(Table 3.5), while on the UniProt_set it achieved AUC scores of 0.771, 0.772, 0.741, 0.770 and
0.666 for CDKs, CK2, MAPKs, PKA, and PKC, respectively (Table 3.6).
Musite is a tool used for both general and kinase-specific phosphorylation site prediction [30]
and utilizes datasets from different databases, such as Phospho.ELM, PhosPhAt [76], and UniProt,
to train SVM classifiers. On the PhosPlus_set, Musite achieved AUC values of 0.886, 0.809, 0.877,
and 0.798 for CDKs, CK2, PKA, and PKC families, respectively (Table 3.5). While on the
UniProt_set, Musite achieved AUC values of 0.841, 0.499, 0.816, 0.808 and 0.682 for CDKs, CK2,
MAPKs, PKA, and PKC, respectively (Table 3.6).
PPSP is a webserver based on Bayesian decision theory [26] and the models were trained
using datasets extracted from Phospho.ELM. PPSP attained AUC values of 0.838, 0.838, 0.836, and
0.734 on the PhosPlus_set for CDKs, CK2, PKA, and PKC families, respectively (Table 3.5). In
particular, the AUC of PPSP for MAPKs was the highest among all four tools. Note that at the time
of performing the performance comparisons based on the UniProt_set, PPSP was inaccessible and
thus its performance was not included in Table 3.6.
KinasePhos is a webserver based on hidden Markov models and is capable of identifying
kinase-specific phosphorylation sites [23, 24]. The datasets used by KinasePhos were extracted
from PhosphoBase and Swiss-Prot. On the independent datasets, the AUC values of KinasePhos on
the PhosPlus_set were 0.777, 0.714, 0.775, and 0.677 for CDKs, CK2, PKA, and PKC families,
respectively (Table 3.5). While on the UniProt_set, KinasePhos achieved AUC values of 0.626,
0.604, 0.687, 0.682 and 0.568 for CDKs, CK2, MAPKs, PKA, and PKC, respectively (Table 3.6).
Compared with these four tools, our method PhosphoPredict achieved the performance
(AUC) of 0.904, 0.727, 0.896, and 0.826 on the PhosPlus_set_ for CDKs, CK2, PKA, and PKC
families, respectively (Figure 3.4 and Table 3.5). PhosphoPredict achieved the highest AUC scores
for three kinase families (CDKs, PKA, and PKC), with the only exception being CK2, for which its
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performance lagged behind that of PPSP, GPS, and Musite, but was better than that of KinasePhos.
Other performance measures, such as ACC and MCC, saw similar trends. On the UniProt_set,
PhosphoPredict achieved the highest AUC values of 0.857, 0.845 and 0.714, for CDKs, PKA, and
PKC, respectively, while for the other two kinase families, CK2 and MAPKs, it achieved the
second highest AUC values. In summary, PhosphoPredict performed comparably to or better than
the other four tools on both independent test datasets.

Figure 3.4. Comparative phosphorylation site prediction. ROC curves for kinase-specific
phosphorylation site prediction between PhosphoPredict and the four currently-available tools,
including KinasePhos, PPSP, GPS, and Musite. Data represent (A) CDKs, (B) MAPKs, (C) PKC,
and (D) CK2.
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3.3.7. Proteome-wide prediction analysis of potential phosphorylation sites in the human
proteome
The most important advantage of computational methods as compared to experimental
methods is the ability to efficiently screen unknown or uncharacterized phosphorylation sites,
saving both time and cost. PhosphoPredict was used to screen the entire human proteome,
consisting of 81,194 proteins, for potential phosphorylation sites for all 12 kinase families (Table
3.7), using a specificity level of 99%. Corresponding results for the entire human proteome can be
freely downloaded at http://phosphopredict.erc.monash.edu/. Our predictions of phosphorylation
sites provide valuable hypotheses to be experimentally validated.
Table 3.7. Performance comparison Proteome-wide kinase-specific phosphorylation site predictions.
Kinase
ATM
CaM
CDKs
CK1
CK2
GRK
GSK-3
MAPKs
PKA
PKB
PKC
SRC

Number of predicted
phosphorylated substrates
153
194
734
202
329
166
136
812
488
491
152
315

Number of predicted
phosphorylation sites
737
402
3786
673
809
388
339
4365
889
1220
325
542

Predictions used a cutoff value of 0.8, which corresponded to a specificity of 99%. Prediction was
performed for the whole human proteome with a total of 81,194 proteins. Results are available for
download at http://phosphopredict.erc.monash.edu/.

3.3.8. Functional enrichment analysis of predicted kinase-specific substrates in the human
proteome
To elucidate the overall functional characteristics, cellular components and biological
processes, we further performed a gene ontology (GO) enrichment analysis for the predicted kinasespecific substrates at the proteome level using the DAVID software [77]. In Figure 3.5, the
sectorial area for a GO term represents the number of proteins of this term while the different color
of the sectorial area indicates the statistical significance of the enrichment for the corresponding GO
term. Only the top five most enriched GO terms for the four kinases CDKs, MAPKs, PKC and CK2
are displayed in Figure 3.5.
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Phosphorylated substrates of different kinases are commonly located in the membrane regions
(e.g. integral to membrane, intrinsic to membrane, plasma membrane and mitochondrial outer
membrane). We also show that phosphorylated substrates are present in diverse cellular processes
and pathways, including intracellular signaling cascades, cell surface receptor-linked processes, ion
transport, cell adhesion, and sensory perception (Figure 3.5). For the CDK substrates, we

found

that the most significantly enriched GO CC terms are “integral to membrane” (with p-value =
9.12e-56) and “intrinsic to membrane” (with p-value = 1.33e-55), while for the MAPK substrates,
the most significantly enriched terms are “plasma membrane” (with p-value = 9.12e-37) and
“plasma membrane part” (with p-value = 4.10e-28).

Figure 3.5. Functional enrichment analysis of the predicted substrates of four different
kinases at the proteome level, in terms of three major categories, i.e. cellular component
(GO_CC), biological process (GO_BP) and molecular function (GO_MF). For each GO
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category, the top five significantly enriched GO_CC, GO_BP and GO_MF terms are displayed. (a)
CDKs; (b) MAPKs; (c) PKC, and (d) CK2.

In terms of GO Molecular Function, the most enriched GO terms for phosphorylated
substrates are associated with nucleoside binding, including adenyl nucleotide binding, purine
nucleotide binding and ribonucleotide binding. Indeed, recent studies show that nucleotide-binding
protein substrates can be targeted and regulated by multiple kinases such as CDKs, MAPKs, PKA
and PKC [78]. In particular, we also show that phosphorylated MAPK substrates are significantly
enriched for gated channel activity (with p-value = 2.241e-21) and ion channel activity (with pvalue = 1.961e-20).
Moreover, we also observe some interesting differences in the significantly enriched GO
terms between different kinase substrates from Figure 3.5. For example, MAPKs and PKC are
especially enriched in specific GO terms compared to the other two kinases CDKs and CK2, and
the presence of adhesion/cell surface receptor linked/intracellular signalling cascade are consistent
with the known functional roles for MAPKs and PKC [79]. In addition, plasma membraneassociated substrates are enriched for CDKs, which may reflect non-canonical roles beyond cell
cycle regulation [80]. Altogether, the functional enrichment analysis of predicted kinase-specific
substrates in this section sheds light on the functional commonality and diversity of the potential
repertoires of these kinase families.
3.3.9. Availability of the Java program, PhosphoPredict
A user-friendly Java version of PhosphoPredict has been developed and implemented with an
easy-to-use interface, which can be downloaded from http://phosphopredict.erc.monash.edu/. This
program was configured on a 16-core server with 50 GB memory and a 4 TB hard disk. It can be
executed on different operating systems, including Windows, Mac OS X, and Linux. Users are
required to select the kinase model of interest from a dropdown menu, paste the amino acid
sequences of the query protein (in FASTA format), choose the prediction threshold, and then click
the “predict” button. An example of the prediction output is provided (Figure 3.6). Nbs1 is a
component of the MRN complex which plays a critical role in the cellular response to DNA damage
and is phosphorylated by the ATM kinase on two sites S278 and S343 in response to radiation
damage [81]. As can be seen from Fig. 6, PhosphoPredict correctly predicted the two wellcharacterized phosphorylation sites and potentially other sites (S397, S447, and T493).
In terms of prediction output display, there are two main sections of the prediction output,
including the section of 9-mer sequence ranking and a summary of the secondary structure, solvent
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accessibility, and disordered region of the submitted sequence, as well as predicted phosphorylation
sites highlighted by different colors (corresponding to the predicted probability score). It should be
noted that the local Java program and the online webserver of PhosphoPredict differ in the way
prediction results are presented. Moreover, the server output webpage provides users with an
additional feature: when hovering the mouse cursor over the “?” icon, which is next to each result
section headers (original sequence, native disorder, secondary structure and solvent accessibility), a
window pops up displaying additional information about the associated result section. In addition,
the computational time required for a prediction depends on the length of the submitted sequence.
For a protein sequence consisting of 500 amino acids, the prediction task requires approximately
two minutes to generate and return prediction results. Additionally, PhosphoPredict allows
adjustment of the prediction threshold to meet different requirements and results to be saved as a txt
(.txt) file for further analysis.
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Figure 3.6. Example output of the PhosphoPredict Java application. Predicted phosphorylation
sites of the cell cycle regulatory protein p95 (Nibrin, Uniprot ID: O60934) by the ATM kinase are
displayed.

Our PhosphoPredict Java program has been tested on several operating systems, including
Windows, Linux and Mac OS X. We highlight that, to run our software in Windows, Mac OS X
and Linux systems, users should make sure they have installed and configured the Java JDK1.8 (or
newer) on their local computer(s). To that effect, users are advised to download the proper JDK
package from http:/www.oracle.com.
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3.3.10. Limitations and future work for developing improved algorithms
Although our approach improves the prediction of phosphorylation sites for several kinases, it
has certain limitations. Interestingly, while the inclusion of additional features improved the
prediction accuracy for some kinases/kinase families (e.g. CK1 and GRK) it decreased the
performance for others (e.g. PKA, PKB, and PKC) (Table 3.3). The underlying reasons for this
observation are not evident but might be associated with the size of the datasets. In addition,
incorporation of additional features can also lead to the inclusion of unwanted noisy and/or
irrelevant features, which in turn might lead to a performance decrease, if exercised without
applying any proper feature selection procedures. Indeed, as can be observed from Table 3, after
performing mRMR feature selection, the model performance increased significantly for all the
kinases except PKA. This highlights the necessity and value of applying feature selection to
heterogeneous feature sets in order to improve the model performance.
On the other hand, PhosphoPredict does not consider other potentially relevant features, such
as those with functional context, e.g. surrounding contexts including cell cycle progression, prior
phosphorylation events, and determinants of kinase-substrate phosphorylation at the network level
[82]. Incorporating such context data and thus complementing the given sequence information, may
well improve the accuracy of prediction models and help reduce high false positive rates. In this
context, inclusion of informative features (e.g. amino acid property descriptors from the Amino
Acid Index Database [83]) that have previously proven useful in other protein bioinformatics
studies [84] may also be helpful for improving the prediction performance of kinase-specific
phosphorylation substrates and sites. In this regard, a variety of common features used in previous
studies are useful for phosphorylation site prediction, which include local amino acid sequences
surrounding potential phosphorylation sites in terms of binary encoding scheme [35] or amino acid
frequency [30, 31, 34, 51,61], protein secondary structure [34], native disorder [34], and functional
features in the form of GO terms [34] and protein-protein interactions [33, 34, 35, 82]. In future
work, it will be of particular interest to identify novel contributing features, which can be used in
combination to further improve the prediction performance. Lastly, it remains a challenging task to
assign reliable negative data, i.e. sites that cannot be phosphorylated under any conditions. In this
regard, by combining sequence information with functional context data, the positive-unlabeled
(PU) learning technique [85] might represent a useful framework for building accurate models and
reducing the bias caused by selection of negative samples. These and other approaches addressing
the limitations of our current method will likely lead to the development of next-generation
algorithms with improved phosphorylation site prediction.
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3.4. Conclusion
Identifying protein phosphorylation sites is a crucial step in understanding regulatory
functions in biological systems. Computational approaches are cheaper, less time consuming, and
more practical and efficient for large-scale prediction of phosphorylation sites, as compared with
experimental methods. Here, we have developed a new bioinformatics tool, PhosphoPredict,
specifically designed for large-scale prediction of phosphorylation sites. PhosphoPredict treats
phosphorylation site prediction as a binary classification problem and uses an RF-based machinelearning approach to solve it. Furthermore, PhosphoPredict incorporates both sequence-derived and
functional features for kinase-specific prediction of substrates and phosphorylation sites, here
applied to 12 kinase families while using mRMR feature selection to significantly improve
performance. Benchmarking experiments indicate that PhosphoPredict provides a predictive
performance that is competitive with or even superior to four currently available tools. Moreover,
the techniques and framework used by PhosphoPredict are applicable to other prediction problems
involving protein PTMs, such as acetylation, ubiquitination, sumoylation, methylation and
glycosylation. It is our expectation that the PhosphoPredict program and the developed framework
described in this study are useful and widely applicable for facilitating accurate prediction and
functional annotation of post-translationally modified substrates and sites in the human proteome.
The results in this chapter also indicate that limitations and challenges remain to be addressed,
especially regarding how to developing better algorithms in a biologically meaningful manner that
can provide better interpretability of the computational models in the biological context, to improve
users’ understanding of the developed computational methods and facilitate the biological
discovery.
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Chapter 4 PREvaIL, an integrative approach for inferring catalytic
residues using sequence, structural, and network features in a machinelearning framework
Determining the catalytic residues in an enzyme is critical to our understanding the
relationship between protein sequence, structure, function, and enhancing our ability to design
novel enzymes and their inhibitors. Although many enzymes have been sequenced, and their
primary and tertiary structures determined, experimental methods for enzyme functional
characterization lag behind. Because experimental methods used for identifying catalytic residues
are resource- and labor-intensive, computational approaches have considerable value and are highly
desirable for their ability to complement experimental studies in identifying catalytic residues and
helping to bridge the sequence-structure-function gap. In this Chapter, we describe a new
computational method called PREvaIL for predicting enzyme catalytic residues. This method was
developed by leveraging a comprehensive set of informative features extracted from multiple levels,
including sequence, structure, and residue-contact network, in a random forest machine-learning
framework. Extensive benchmarking experiments on eight different datasets based on 10-fold crossvalidation and independent tests, as well as side-by-side performance comparisons with seven
modern sequence- and structure-based methods, showed that PREvaIL achieved competitive
predictive performance, with an area under the receiver operating characteristic curve and area
under the precision-recall curve ranging from 0.896–0.973 and from 0.294–0.523, respectively. We
demonstrated that this method was able to capture useful signals arising from different levels,
leveraging such differential but useful types of features and allowing us to significantly improve the
performance of catalytic residue prediction. By performing rigorous independent tests and case
studies, we prove that this new method can be utilized as a valuable tool for both understanding the
complex sequence-structure-function relationships of proteins and facilitating the characterization
of novel enzymes lacking functional annotations.
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4.1. Introduction
As powerful biological catalysts, enzymes can effectively catalyze biochemical reactions at
extremely high rates and are thus indispensable for many biological processes and pathways
(Khosla and Harbury, 2001). Many important findings acquired from enzyme fast reaction systems
(Chou and Zhou, 1982; Kuo-chen and Shou-ping, 1974; Zhou and Zhong, 1982) significantly
impact both basic research (Gardner, et al., 2015) and drive changes in medicinal chemistry (Chou,
2017). However, the residues comprising an enzyme differ greatly in functional significance, with
only a small number directly involved in catalytic activity (Furnham, et al., 2014). Accordingly,
understanding which of these are catalytic residues is critical for our determining relationships
between protein sequence, structure, function, and enhancing our ability to design novel inhibitors
and enzymes. This has important implications in the post-genomic era, with its challenge of
bridging the widening protein sequence-structure gap. Although sequence information for many
enzymes is known, relatively few enzymes have been functionally characterized. Therefore,
detailed information regarding catalytic residues and enzyme active sites explicitly involved in
catalysis remains lacking. Because experimental methods for identifying catalytic residues are
resource- and labor-intensive, high-throughput in silico approaches have considerable value and are
highly desirable for complementing experimental efforts in identifying catalytic residues and
helping to bridge the sequence-structure-function gap.
In recent years, a variety of computational methods have been developed for predicting
catalytic residues or functional residues involved in catalytic reactions (Chou and Cai, 2004). These
methods differ in several ways, including in the machine-learning or statistical-scoring technique
used, the types of sequence features used, whether or not structural features are used in addition to
sequence features, and in the sources of training and testing datasets. According to the types of
features used for constructing prediction models, existing methods can be generally categorized into
four major groups. Please refer to the Section 1.6 in Chapter 1 regarding the detailed discussions of
these methods.
In this Chapter, we present a new machine learning-based approach called PREvaIL
(PRotEin various Information-based cataLytic site predictor) for predicting catalytic residues based
on a random forest (RF) algorithm. In terms of input features, this approach combines a variety of
sequence and structural features, as well as residue-contact-network properties, and uses an efficient
feature-selection technique to select a subset of more useful features for catalytic residue prediction.
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We performed extensive benchmark experiments using eight different test datasets to evaluate the
performance of this approach and compared it with other competing methods. The results showed
that this new approach performed favorably as compared with other methods, thereby illustrating its
effectiveness in terms of the prediction performance.

4.2. Materials and methods
According to the 5-step rules (Chou, 2011), the first important step in developing a new
predictor involves construction or selection of an effective benchmark dataset. In this study, we
addressed this problem as follows.
4.2.1. Design and generation of independent test datasets of catalytic residues
To comprehensively evaluate the predictive performance of our approach and compare it with
other available methods, we employed the same nine datasets prepared by previous studies (Chea
and Livesay, 2007; Gutteridge, et al., 2003; Petrova and Wu, 2006; Youn, et al., 2007; Zhang, et al.,
2008). These nine datasets are briefly introduced below.
The first six of these datasets were carefully curated based on various levels of sequence
homology and only contained one sequence per fold, family, and superfamily (Zhang, et al., 2008),
thereby allowing rigorous and unbiased performance comparison between different methods. These
curated datasets are the SCOP fold dataset (“EF_fold”), SCOP superfamily dataset
(“EF_superfamily”), and SCOP family dataset (“EF_family”) originating from Youn et al. (2007),
SCOP superfamily dataset (“HA_superfamily”) prepared by Chea and Livesay (2007), the dataset
(“PC”) prepared by Petrova and Wu (2006), and a non-homologous dataset (“NN”) prepared by
Gutteridge et al. (2003).
The ST-1109 dataset was originally prepared by the Kurgan group (Zhang, et al., 2008). In
this dataset, all experimentally verified catalytic residues were extracted from the Catalytic Site
Atlas (CSA) database (Furnham, et al., 2014; Porter, et al., 2004), which is a comprehensive
resource for catalytic sites and residues identified in enzymes using structural data. The CD-HIT
program (Fu, et al., 2012) was applied at a sequence identity cut-off of 40% to filter homologous
sequences against those in the six aforementioned datasets in order to avoid bias introduced by
homologous sequences used for independent tests. This final design dataset contained 1,109 PDB
chains.
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The T-124 and T-37 datasets were also originally prepared by the Kurgan group (Zhang, et
al., 2008) and used as independent test datasets to evaluate the performance of different methods.
The two datasets contain 124 and 37 PDB chains, respectively, and used the CSA database (version
2.2.5) (Furnham, et al., 2014; Porter, et al., 2004) to annotate the catalytic residues in each chain.
The two datasets have low pairwise sequence identity (<30%) with respect to the two training
datasets EF_fold and ST-1109 design set, which would be used by our method to train the RF
models.
As the most comprehensive dataset, the ST-1109 design dataset was used to train the
prediction models used by our method, select optimal features, and calibrate model parameters. The
EF_fold dataset was used to train the models of our method, which was then tested using the T-124
and T-37 independent test datasets to compare the performance between different methods.
Additionally, 10-fold cross-validation tests on the six curated datasets were also performed to assess
the performance of other existing methods.

4.2.2. Overview of the PREvaIL methodology
The flowchart of our PREvaIL methodology for predicting catalytic residues based on the
integration of sequence, structural, and residue-contact-network features is shown in Figure 1.6.
There exist several major stages of developing the PREvaIL methodology, including dataset
curation, feature extraction at the sequence, structure, and network levels, feature selection, model
construction, and performance evaluation. Except for dataset curation, which was described in
section 2.1, we discuss each of these major stages in the following sections.

4.2.3. Feature engineering
Similar to previous studies, we formalized the catalytic residue prediction as a classification
problem. For this purpose, each candidate catalytic residue was represented by a feature vector, x,
with D-dimensional feature components, {x1, x2,…, xD}. The aim of this classification problem is to
predict the label y given the feature representations of a residue, i, i.e., to predict whether a residue
is catalytic (y = 1) or noncatalytic (y = 0). Table 4.1 provides a comprehensive list of all feature
components, {x1, x2,…, xD}, categorized according to 11 different feature groups and arranged in
the order of feature encoding. A series of 3,424-dimensional feature vectors were extracted and
111

used in this study. In the following sections, we describe in detail each feature type used for
extracting feature-vector components.
Table 4.1. A comprehensive summary of sequence, structure, and network features used in this study.
Feature category

Dimensionality

Software
/Database

References
(Csardi and Nepusz,
2006)

Network features

12

iGraph

Dist_Key

1

In-house

Network
neighboring
properties

3050

iGraph

(Csardi and Nepusz,
2006)

PSSM

260

PSI-BLAST

(Altschul, et al.,
1997; Jones, 1999)

EntWOP

1

PSI-BLAST

(Zhang, et al., 2008)

Structure
descriptors

6

Biopython

(Cock, et al., 2009)

B-factor

1

PDB

(Rose, et al., 2017)

Solvent
accessibility

5

Naccess

(Hubbard and
Thornton, 1993)

Secondary
structure features

8

DSSP

(Kabsch and Sander,
1983)

Physicochemical
property

3

BioJava

(Prlic, et al., 2012)

CRPair

76

In-house

(Zhang, et al., 2008)

Description
Residue-contact network features include
degree, closeness, status, hubscore,
clustering coefficient, cyclic coefficient,
constraint, betweenness, eigenvector,
cocitation, coreness and eccentrality
Relative sequential distance between
catalytic residues
The residue-contact network features
were used to describe the local spatial
environment of catalytic residues
Evolutionary information in the form of
PSSM
Shannon entropy-based weighted
observed percentage (WOP) calculated
using PSI-BLAST of the catalytic residue
of interest
Structure descriptors include residue
depth, contact number, HSEAU, HSEAD,
HSEBU, and HSEBD
B-factor or temperature factor
This feature group include solvent
accessibilities of all-atoms, Total-side,
Main-chain, Non-polar and All-polar.
Eight secondary structure types annotated
by DSSP
This feature group include charged,
hydrophobic and polar and is calculated
from sequences.
A CRPair is a pair of catalytic residues in
the protein. The sequence distances
between any two adjacent catalytic
residues are all calculated and collectively
encode for the central catalytic residue. A
total of 76 CRPairs were extracted.

Sequence features
In this study, we considered the following five different sequence-derived feature types.
1) PSSM. Evolutionary information in the form of a PSSM (Jones, 1999) is particularly useful for
improving the predictive performance of machine learning-based models in our previous studies,
including prediction of cis/trans isomerization (Song, et al., 2006), disulfide connectivity (Song, et
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al., 2007), protease cleavage sites (Song, et al., 2012), and metal-binding sites (Chen, et al., 2013;
Song, et al., 2017). We used a sliding window comprised of 13 amino acids to extract PSSM
features, resulting in a 20 × 13 = 260-dimensional vector.
2) EntWOP. This feature is calculated based on the Shannon entropy of the weighted observed
percentages (WOPs) generated by performing three iterations of PSI-BLAST search and was
originally designed by incorporating the sequence conservation information into the PSI-BLAST
profiles (Zhang, et al., 2008). This feature was included based on its emergence as among the most
important features used for predicting catalytic residues. We followed the same procedures as
described by Zhang et al. (2008) to extract this feature.
3) Dist_Key. This one-dimensional feature describes the relative sequence distance of a catalytic
residue relative to the N-terminus of the protein sequence.
4) Physicochemical property. Catalytic residues can be classified as charged, hydrophobic, or polar
residues according to their physicochemical properties. We used binary encoding to represent this
feature type (i.e., using a 3-dimensional binary vector; if the given catalytic residue is charged, the
first dimension is set to “1,” whereas the other two dimensions are set to “0”).
5) CRPair. An enzyme normally has three catalytic residues based on the requirement to form a
catalytic triad at the center of the active site (Carter and Wells, 1988). The notation of CRPair was
first introduced by Zhang et al. and is defined as a pair of catalytic residues (Zhang, et al., 2008).
The sequence distances between any two adjacent catalytic residues are all calculated and
collectively encoded for the central catalytic residue. A total of 76 CRPairs were extracted in this
study and we used binary encoding to represent each CRPair.

Structure features
To complement sequence-derived features and improve the predictive performance of our
models, we also extracted a variety of structure features, including the following: 1) eight different
types of secondary structures calculated using the DSSP program (Kabsch and Sander, 1983) and
including the 310 helix (denoted as G in DSSP), α helix (H), π helix (I), beta bridge (B), beta bulge
(E), turns (T), high curvature region (S), and loops (C); 2) solvent accessibilities of all-atoms, totalside, main-chain, non-polar, and all-polar residues, which were calculated using the NACCESS
program (Hubbard and Thornton, 1993); 3) solvent exposure features to include half sphere
exposure (HSE), contact number (CN), and residue depth (RD), with HSE a two-dimensional
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measurement of the solvent exposure of a residue (Hamelryck, 2005; Song, et al., 2008). HSE
features include HSEAU, HSEAD, HSEBU, and HSEBD, with the former two calculated using the
Cα coordinates, whereas the latter two were calculated using the Cβ coordinates. We used the
Biopython package (Cock, et al., 2009) to calculate the six solvent exposure features; 5) B-factor
(atomic displacement parameter) measures residue mobility and reflects fluctuations of an atom in a
crystallographic structure (Yuan, et al., 2005) based on its indication of residue flexibility and
dynamics. We extracted the original B-factor value for each catalytic residue from its corresponding
PDB structure and then normalized it using a previously described method (Smith, et al., 2003)
prior to its being encoded as a feature vector and used as the input.

Residue contact network features
A protein can be represented as a connected network of contacting residues in the 3D
structure space (del Sol and O'Meara, 2005). By representing protein structures as small world
networks (Watts and Strogatz, 1998), a number of important characteristic features can be extracted
from the topology of the protein 3D structures to facilitate the identification of functionally
important residues involved in both enzyme and nonenzyme protein families (del Sol, et al., 2006).
Here, we defined two residues in a protein structure as in contact if the distance between their center
points was ≤6.5 Å. This allowed conversion of a PDB structure into a residue contact network
(Wang, et al., 2012). We used the iGraph network analysis package (Csardi and Nepusz, 2006) to
calculate different network properties describing the local environment of the catalytic residue in
the residue contact network, including degree, closeness, status, hubscore, clustering coefficient,
cyclic coefficient, constraint, betweenness, eigenvector, cocitation, coreness, and eccentrality.

Network neighboring properties
Considering that neighboring nodes might affect the spatial arrangement and organization of
the central node due to their differential distance to the central node in the network, the neighboring
property of node i, . / , can be defined as follows to take this effect into consideration:
. / =

1
1−1
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9:;

3(5)
,
7(/, 5)

where f(j) is a given property of node j, d(i,j) is the shortest path length between nodes i and j, and N
is the total number of residues in a protein structure. To the best of our knowledge, this represents
the first encoding and use of this form of network neighboring properties.
We encoded the network features in two different ways. One involves encoding residuecontact-network metrics as input features, and the other involves encoding network neighboring
properties for a central residue as an input feature after representing the entire protein structure as
the residue contact small world network.

4.2.4. RF algorithm
RF is an ensemble tree-structured algorithm used for classification and regression analyses
(Breiman, 2001) and has been implemented as the randomForest package in R (Liaw and Wiener,
2002) and widely used in computational biology (Jia, et al., 2015; Jia, et al., 2016; Liu, et al., 2016;
Qiu, et al., 2016). A typical RF model consists of hundreds of decision trees and uses majority
voting to determine the final prediction outcome for unseen data samples. Compared with other
machine-learning algorithms, RF has several attractive advantages that make it suitable for dealing
with the current prediction task. It usually performs favorably and stably with high-dimensional
feature vectors, which is particularly the case in this work. The model training process is often
faster than that of other machine-learning algorithms, such as SVMs and neural networks.
Importantly, this also permits variable or feature selection, thereby providing the opportunity to
characterize important features that contribute the most to model performance. Additionally, use of
RF includes both model training and prediction stages, which is similar to many other machinelearning algorithms.

4.2.5. Feature selection based on the RF mean decrease Gini index (MDGI)
RF provides a feature-selection method based on the MDGI, which can be calculated by the
randomForest R package (Liaw and Wiener, 2002). The MDGI score measures the importance of
individual vector elements of a feature for correctly classifying a residue as catalytic or
noncatalytic. The mean MDGI was calculated as the averaged MDGI over 100 trials of randomly
classifying a set of positive (i.e., catalytic residues) and negative residues (i.e., noncatalytic
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residues) with a ratio of 1:1. The mean MDGI Z-Score of each vector element was then calculated
as:
<=>? A − BCDEF =

G; − G
H

where xi is the mean MDGI of the i-th feature, and H is the standard deviation. We divided the
vector elements into four zones according to their MDGI Z-Scores (i.e., Z-score > 2, 1.5 < Z-score
≤ 2, 1< Z-score ≤ 1.5, and 0.5 < Z-score ≤ 1, respectively). Vector elements with MDGI Z-Score s>
2.0 were considered as optimal feature candidates and used as the input features to train the RF
classifier.

4.2.6. Performance evaluation by cross-validation and independent tests
We used several standard performance measures, including precision (PRE), recall (REC),
false positive (FP) rate, the area under the curve (AUC), and the area under the recall-precision
Curve (AURPC), to comprehensively evaluate and compare the predictive performance between
different methods. Among these measures, AUC represents the area under the receiver operating
characteristic (ROC) curve, which is a plot of the true positive (TP) rate against the FP rate,
whereas AURPC is the area under the Recall-Precision curve (RPC) and used as a good alternative
to AUC if there is a large skew in the class distribution. Both AUC and AURPC were used as
primary measures to assess the predictive performance of different methods using the eight
aforementioned independent test datasets.
PRE is defined as:
IJK =

LI
LI + MI

REC (also referred to as the TP rate) is defined as:
JKN =

LI
LI + M1

FP rate is defined as:
MI EOPF =

MI
MI + L1

where TP is the number of TPs, TN is the number of true negatives, FP is the number of FPs, and
FN is the number of false negatives.
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4.3. Results and discussion
4.3.1. Feature ranking by the MDGI Z-Score
We calculated and ranked the MDGI Z-Scores of all initial 3,424 features (See Table 1 for a
summary of these features) using the randomForest R package in order to assess the relative
importance and contribution of each feature type. As a result, we identified a total of 127 featurevector elements with MDGI Z-score > 1.0, of which 41 had an MDGI Z-score > 2.0. The relative
importance and ranking of these feature vectors are plotted in Figure 4.1.
To better understand the interrelationships between the significant sequence, structure, and
network-based features, we performed classical multi-dimensional scaling (Lobley, et al., 2007) and
visualized the distributions of these features in the feature space (Figure 4.2). Feature descriptors
that are closely correlated tend to be closely clustered together in the feature space. As shown, there
existed four clearly defined feature groupings. The first group included two solvent exposure
measures, HSEAD and HSEBD, and several other network features, such as degree,
closeness_centrality, cocitation, coreness, hubscore, and eigen_centrality. The second group
contained all polar, total_side, main_chain, non-polar solvent accessibility, and two network
features, cyclic_coeff and cluster_coeff. The third group included CN, RD, HSEAU, HSEBU, and
betweenness centrality. The remaining features formed the fourth group, which included B-factor,
constraint, Dist_Key, eccentrality, and status.
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Figure 4.1. The MDGI Z-Scores for the selected feature groups. The bar represents the
corresponding MDGI Z-Score of a feature group. There were 41 features with MDGI Z-scores >2.0.

As expected, the feature interrelationships revealed by the multi-dimensional scaling plot in
Figure 4.2 agreed well with their pairwise Pearson’s correlation coefficients. For example, five
network features that were closely related to the degree feature in the feature space were coreness,
cocitation, closeness_centrality, eigen_centrality, and hubscore, with Pearson’s correlation
coefficient values of 0.896, 0.896, 0.407, 0.364, and 0.364, respectively. The observed correlations
between these features indicated they encoded similar information within this feature grouping, and
that such information was not represented by other feature groupings. Similar observations were
noted for the second, third, and fourth feature groupings, as shown in Figure 4.2.

Figure 4.2. Two-dimensional scaling plot of the representative sequence, structure, and
network-based features in the feature space. Feature descriptors that are closely correlated are
closely clustered together in the feature space. The scale units of the plot are relative to the smallest
correlation between feature pairs as measured by Pearson’s correlation coefficient (Lobley, et al.,
2007).
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4.3.2. Analysis of the importance and relevance of different feature types
We performed unpaired two-sample t tests to examine whether the mean values of a given
feature between catalytic residues and randomly selected noncatalytic residues were statistically
significant in order to assess the potential of the given feature for discriminating the two sample
sets. For the majority of features, the mean values between catalytic residues and noncatalytic
residues were statistically significant, with most having a P-value < 1.7E-05. The boxplots for some
of the selected features are shown in Figures 4.3.
To investigate and assess the contribution of a variety of sequence, structural, and residuecontact-network features to catalytic residue prediction, we examined their contributions to gain
insight into the ability of PREvaIL to discriminate between catalytic and noncatalytic residues. As
shown in Figure 4.1, among the 3,424 features initially extracted, 41 had MDGI Z-scores >2.0 and
were used in the final RF models. These features were distributed in eight specific types, including
network feature (closeness centrality), Dist_Key, a number of neighboring properties, PSSM,
EntWOP, CN, HSEAD, HSEBD, solvent accessibility, and amino acid physicochemical properties
(charge and hydrophobicity).
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Figure 4.3. Boxplots of the mean and standard deviations of the four representative structural
and residue-contact-network features based on the unpaired two-sample t test.

These top ranked features are frequently associated with features identified in previous studies
as highly correlated with catalytic residues. These include closeness centrality, which is a network
centrality feature describing the status of a residue located in the protein structure. Highly central
residues tend to have higher closeness values due to their interaction with a relatively larger number
of residues in the structure space. Closeness was highly correlated with catalytic residues (Amitai,
et al., 2004; Chea and Livesay, 2007; del Sol, et al., 2006; del Sol and O'Meara, 2005; Li, et al.,
2011), and our results confirmed this observation.
However, as an enriched feature source, sequence-derived features have been extensively
used in model training and crucial for ensuring model performance in a number of previous
bioinformatics studies focusing on prediction of protein structural and functional properties (Li, et
al., 2015; Li, et al., 2014; Song, et al., 2009; Song, et al., 2017; Wang, et al., 2014) (Disfani, et al.,
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2012; Jones and Cozzetto, 2015; Lobley, et al., 2007; Meng and Kurgan, 2016; Ofran and Rost,
2007; Zhang, et al., 2008). In our investigation, we focused on sequence-derived features, such as
evolutionary information in the form of PSSM profile, EntWOP, and Dist_Key (describing
sequence-specific distance between two adjacent catalytic residues). Among these, EntWOP was
the top-ranked feature, with the highest MDGI Z-score of 24.3 (Figure 4.1). This can be considered
a condensed type of sequence-conservation feature derived from the multiple sequence alignments
of homologous proteins gathered from the nonredundant protein databases. Zhang et al. originally
introduced the concept of this feature and used it in their SVM-based models to improve the
prediction of catalytic residues (Zhang, et al., 2008). Here we confirmed EntWOP as a powerful
feature, with its use in conjunction with PSSM features greatly benefiting catalytic residue
prediction.
This study also confirmed the critical importance of physicochemical properties of amino
acids, including hydrophobicity (Zhang, et al., 2008) and charge (Sankararaman, et al., 2010), as
well as structural features, including solvent accessibility (Gutteridge, et al., 2003; Petrova and Wu,
2006) and B-factor (Sankararaman, et al., 2010; Youn, et al., 2007). The B-factor had a relatively
smaller contribution according to its lower MDGI Z-score (1 < Z-score < 1.5). Additionally, we
identified several structural features as important for predicting catalytic residues, including CN,
HSEAD, and HSEBD (Wang, et al., 2012), with these ranked as top features (MDGI Z-scores >
2.0). To our knowledge, this was the first application of these features to build models for
identifying catalytic residues and thus represent novel informative features for this prediction task.
In summary, investigating the impact of integrating these sequence-derived, structural, and
network level features might provide complementary information to existing methods and shed light
on the sequence-structure-function relationships of functional residues. In the following sections,
we examine the effectiveness of combining these features to train our PREvaIL models and
compared them with other existing methods.

4.3.3. Performance comparison between PREvaIL and other methods
In this section, we compared the performance of our PREvaIL method with two sequencebased methods and five structure-based methods by performing 10-fold cross-validation tests on six
datasets (EF_fold, EF_superfamily, EF_family, HA_family, NN, and PC). Additionally, we also
compared the performance of our method against four methods by performing independent tests on
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the T-124 dataset. To facilitate performance comparison, we used the TP rate and PRE by adjusting
the prediction cut-off value to achieve an equal or close-to-equal PRE with different methods. For
10-fold cross-validation tests, performance results between different methods are shown in Table
4.2. In terms of independent tests, the performance results are shown in Table 4.3. The ROC curves
and Precision-Recall curves of the CRpred method and our method are shown in Figure 4.4.
The five structure-based methods in the benchmark included a neural-network method (two
versions with and without spatial clustering) (Gutteridge, et al., 2003), two SVM methods (Petrova
and Wu, 2006; Youn, et al., 2007), and a graph-theoretic method (Chea and Livesay, 2007),
whereas the two sequence-based methods included a neural-network method (Gutteridge, et al.,
2003) and CRpred (Zhang, et al., 2008).
The SVM-based method proposed by Youn et al. (2007) extracted a number of features from
sequence, sequence alignments, 3D structures, and structural-environment conservation and used
the SVM algorithm to perform automated catalytic site prediction and annotation (Youn, et al.,
2007). In their study, the authors found that structural features of residue environments, such as
solvent accessibility, together with sequence conservation were particularly important for predicting
catalytic residues. Specifically, this method achieved TP rates of 51.1%, 53.9%, and 57.0%, and
PRE values of 17.1%, 16.9%, and 18.5% on the EF_fold, EF_superfamily, and EF_family datasets,
respectively.
The method proposed by Chea and Livesay (2007) is a graph-theoretic method that uses
closeness centrality as the primary feature based on a network representation of protein structure to
predict enzyme catalytic residues (Chea and Livesay, 2007). This method achieved a TP rate of
29.3% and Precision of 16.5%, respectively, on the HA_superfamily dataset.
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Figure 4.4. ROC and RPC for the RF-based PREvaIL method and the SVM-based CRpred
method. AUC and AURPC values were provided to quantify the performance.
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Table 4.2. Performance comparison between LR and RF models of PREvaIL, CRpred, and other competing methods. All performance results

were evaluated based on 10-fold cross-validation tests using the six datasets EF_fold, EF_superfamily, EF_family, HA_family, NN, and PC.

Method

Performance evaluated on different datasets (%)

Performance
measure

EF_fold

EF_superfamily

EF_family

HA_superfamily

NN

NN

(without clustering)

(with clustering)

PC

NN

Competing

TP-rate

51.1a

53.9a

57.0a

29.3b

56.0c

68.0d

90e

50.0f

methods

Precision

17.1a

16.9a

18.5a

16.5b

14.0c

16.0d

7.0e

13.0f

TP-rate

48.2g

52.1g

58.3g

54.0g

57.1g

57.1g

53.7g

57.1g

Precision

17.0g

17.0g

18.6g

14.9g

17.8g

17.8g

17.5g

17.8g

Our LR

TP-rate

52.5

53.1

55.0

46.1

50.0

50.0

53.7

50.0

model

Precision

17.1

17.0

16.9

17.0

17.0

17.0

17.0

17.0

Our RF

TP-rate

56.5

59.4

60.2

57.9

58.9

58.9

58.1

58.9

model

Precision

17.0

17.0

17.0

17.0

17.0

17.0

17.0

17.0

CRpred

a

Performance results assessed on the EF_fold, EF_superfamily and EF_family datasets by Youn et al., 2007, respectively;

b

Performance results assessed on the HA_family dataset by Chea and Livesay, 2007;

c

Performance results assessed on the NN dataset by using the structure-based method without spatial clustering by Gutteridge et al., 2003;

d

Performance results assessed on the NN dataset by using the structure-based method with spatial clustering by Gutteridge et al., 2003;

e

Performance results assessed on the PC dataset by Petrova and Wu, 2006;

f

Performance results assessed on the NN dataset by using the sequence-based method by Gutteridge et al., 2003;

g

Performance results assessed on all the six datasets by using the sequence-based CRpred method by Zhang et al., 2008.
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Table 4.3. Performance comparison of different methods on the T-124 independent test dataset.
Method

TP

FN

FP

TN

TP-rate

Precision

190

189

1131

47503

50.1

14.4

190

189

1103

46017

50.1

14.7

105

274

549

46571

27.7

16.1

91

288

553

46567

24.0

14.1

Our LR model

183

185

1119

44339

49.7

14.9

Our RF model

229

139

1311

44147

62.2

14.9

CRpreda
(all residues)
CRpredb
(residues with
coordinates)
HAc
(residue identity
filter)
HAd
(combination
filter)

a

Performance results of CRpred by Zhang et al. (2008) based on all residues;

b

Performance results of CRpred by Zhang et al. (2008) based on residues with coordinates;

c

Performance results of the HA method by Chea and Livesay (2007) based on residue identity filter;

d

Performance results of the HA method by Chea and Livesay (2007) based on combination filter.

The method proposed by Petrova and Wu is an SVM-based method that selected seven of the 24
attributes as an optimal subset of features, including sequence conservation, catalytic propensities of
amino acids, and relative position on the protein surface as the most important features (Petrova and
Wu, 2006). This method achieved a TP rate of 90.0%, but a significantly lower PRE value of only
7.0%, on the PC dataset.
The method proposed by Gutteridge et al. (2003) is a neural network based on analysis of both
sequence and structural features and using solvent accessibility, secondary structure type, residue
depth, and the pocket in which the catalytic residues are located, as well as conservation score and
residue type, as inputs for training the neural-network models. After predicting the catalytic
residues using these models, the output and spatial clustering of the high scoring residues were then
used to predict the location of the active site (Gutteridge, et al., 2003). For the structure-based
version with spatial clustering, the method achieved a better performance in terms of TP rate
(68.0%) and PRE value (16.0%) on the NN dataset; however, its sequence-based version performed
worse than the structure-based version, with a TP rate of 50.0% and a PRE value of 13.0% on the
NN dataset.
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CRpred is also an SVM-based method that takes advantage of a wide range of sequence
features, including residue type, PSSM profile generated by PSI-BLAST, EntWOP, hydrophobicity,
and catalytic residue pairs (544 features) (Zhang, et al., 2008). To reduce the dimensionality of the
input features, CRpred uses feature selection to eliminate redundant and less relevant features
(Zhang, et al., 2008). Due to its competitive performance and the optimized parameterization of the
SVM models and carefully designed feature sets, the CRpred method is considered as a state-of-theart method for enzyme catalytic residue prediction. CRpred was extensively tested by 10-fold crossvalidation on all six datasets, achieving TP rates of 54.0% and 53.7% and PRE values of 14.9% and
17.5% on the HA_superfamily and PC datasets, respectively (Table 4.2).
As a comparison, the performance of the RF models of our PREvaIL method achieved TP
rates of 56.5%, 59.4%, and 60.2% at the fixed PRE value of 17.0% on the EF_fold,
EF_superfamily, and EF_family datasets, respectively. This was a consistently better performance
relative to all other methods, including CRpred. On the HA_superfamily dataset, PREvaIL achieved
a TP rate of 57.9% at the fixed PRE value of 17.0%, representing the best performance on this
dataset and also achieved the best performance on the NN and PC datasets (Table 4.3). The
improved performance of PREvaIL over CRpred was more pronounced when they were evaluated
in terms of the ROC curve and RPC, especially the latter (Figure 4.4). Depending on the particular
test dataset, PREvaIL consistently achieved a larger AURPC value than CRpred. These results
indicated that the PREvaIL method provided the overall best performance as compared with several
sequence- and structure-based methods.
4.3.4. Performance evaluation by independent testing using the T-124 and T-37 datasets
We performed additional independent testing using the T-124 and T-37 datasets, which
exhibit the lowest sequence identities (<30%) with the two training datasets (ST-1109 and
EF_fold). As previously suggested (Zhang, et al., 2008), we trained the PREvaIL model using the
entire EF_fold dataset, tested the trained model, and compared its performance with other methods
using the independent test datasets. The performance results between PREvaIL, CRpred, and the
structure-based HA method proposed by Chea and Livesay (2007) on the T-124 dataset are shown
in Table 4.3.
As compared with CRpred (based on all residues and residues with coordinates) and the HA
method (based on residue-identity and combination filters), PREvaIL outperformed these four
different methods when evaluated on both the T-124 and T-37 datasets. More specifically, PREvaIL
achieved a TP rate of 62.2% and a PRE value of 14.9% on the T-124 dataset, whereas CRpred
(based on residues with coordinates) achieved a TP rate of 50.1% at 14.7% REC. In contrast, the
HA method (based on residue-identity filter) achieved a TP rate of 27.71% at 16.1% REC.
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However, we noticed that all tested methods performed relatively poorly on these two independent
test datasets, as reflected by the lower AURPC values (<0.35). As observed in previous studies
(Fischer, et al., 2008; Kauffman and Karypis, 2009), none of these methods achieved >30% PRE at
50% REC on the two independent test datasets. For example, the best performing PREvaIL method
only achieved 20% PRE at 50% REC on the T-124 dataset. These results indicated that there
remains a strong need to improve the performance of the predictors, especially at the higher REC.
Future studies should investigate incorporation of other relevant features that might prove useful for
improving the predictive performance of catalytic residues. In this regards, a recent work that
proposed new network-based features that describe side chain orientation and residue contact
density (Chien and Huang, 2012) might provide additional information for further improving the
model performance.
In summary, the extensive benchmarking results on the eight datasets indicated that the
combination of the different types of features descriptors extracted from sequence, structural, and
residue-contact networks provided a more representative power that could be leveraged by the RF
algorithm to achieve better performance for accurately differentiating enzyme catalytic residues.
4.3.5. Case study
To demonstrate the effectiveness and predictive capability of PREvaIL, we further performed
a case study of catalytic residue prediction by selecting two different proteins. Specifically, we
applied two selection criteria for choosing case study proteins. A primary consideration is that they
should contain multiple catalytic residues (three or more catalytic residues), such that we can
evaluate and compare the predictive performance of our method for predicting these catalytic
residues within the same enzyme. Another consideration is that the case study proteins should have
important biological functions, as indicated by their functional roles or involvement in significant
biological pathways and processes. Figure 4.5 shows their predicted catalytic residues. The first
case study protein, anabolic ornithine transcarbamylase from Escherichia coli (PDB: 1AKM, chain
A), is an essential metabolic enzyme that catalyzes the production of L-citrulline and phosphate
from L-ornithine and carbamyl phosphate (Jin, et al., 1997) and has seven catalytic residues. The
RF models of PREvaIL correctly predicted six of these, including R57, R106, H133, Q136, C273,
and R319 (Figure 4.5 A and B, red) while incorrectly classifying the seventh catalytic residue
(T58) (Figure 4.5 A and B, yellow). The second case study protein, mitochondrial creatine kinase
(PDB: 1CRK, chain A) (Fritz-Wolf, et al., 1996), is an enzyme that catalyzes the reversible transfer
of a phosphoryl group from phosphocreatine to adenosine diphosphate and is considered important
for energy metabolism in cells with high and fluctuating energy requirements (Fritz-Wolf, et al.,
1996). It has five catalytic residues annotated in the CSA database. The RF model successfully
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predicted three of these, including R127, E227, and R231 (Figure 4.5 C and D, red) while failing
to identify the fourth and fifth catalytic residues: R287 and R315 (Figure 4.5 C and D, yellow). It
is challenging to explain why certain catalytic residues were incorrectly predicted as noncatalytic by
the model. However, we found that catalytic residues tended to have smaller EntWOP and
Dist_Key values, and larger CN, HSEAD, HSEBD values compared with noncatalytic residues.
This was consistent with the observations from Figure 4.3. From this viewpoint, those catalytic
residues with relatively larger EntWOP and Dist_Key values, or smaller CN, HSEAD, HSEBD
values represent difficult samples to predict, which is the case for the three incorrectly catalytic
residues. These results suggested that PREvaIL is a useful tool for novel catalytic residue
prediction.

Figure 4.5. Examples of the predicted catalytic residues mapped onto the original PDB
structures. (A and B) Anabolic ornithine transcarbamylase from Escherichia coli (PDB: 1AKM,
chain A) (Jin et al., 1997). (C and D) Mitochondrial creatine kinase (PDB: 1CRK, chain A) (FritzWolf et al., 1996). Different prediction catalogs are represented by different colors: TP, red; TN,
grey; FP, blue; FN, yellow.
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4.4. Conclusion
In this Chapter, we demonstrated that the combinatorial application of machine learning
techniques on multi-level protein features involving sequence-derived, structural, and residuecontact-network features allowed the development of a powerful bioinformatics predictor,
PREvaIL. Previous methods explored these different levels of features separately; however, we
illustrated their effective integration into a machine-learning framework to provide complementary
information to collectively help improve predictive performance associated with catalytic residue
prediction. Through in-depth feature analysis, we identified a smaller subset of features arising from
all of these levels that significantly contributed to the prediction. Using 10-fold cross-validation and
independent test datasets, we showed that the performance of PREvaIL compared favorably with
two sequence-based methods and five structure-based methods. The improved performance of
PREvaIL might be attributed to three major factors: 1) inclusion of a comprehensive set of
informative features at the sequence, structure, and residue-contact-network levels; 2) selection of
an optimal set of contributing features, and 3) use of the RF algorithm for machine learning-based
model training, which provided a robust and competitive performance. A local stand-alone version
of PREvaIL can be downloaded at http://prevail.erc.monash.edu/. We believe that this approach
could be utilized as a valuable tool for both understanding the complex sequence-structure-function
relationships of proteins and facilitating the characterization of novel enzymes with unknown
functional annotations.
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Chapter 5 PROSPERous: high-throughput prediction of substrate
cleavage sites for 90 proteases with improved accuracy
Proteases are enzymes that specifically cleave the peptide backbone of their target proteins.
As an important type of irreversible post-translational modification, protein cleavage underlies
many key physiological processes. When dysregulated, proteases’ actions are associated with
numerous diseases. Many proteases are highly specific, cleaving only those target substrates that
present certain particular amino acid sequence patterns. Therefore, tools that successfully identify
potential target substrates for proteases may also identify previously unknown, physiologically relevant cleavage sites, thus providing insights into biological processes and guiding hypothesis-driven
experiments aimed at verifying protease-substrate interaction. In this work, we present
PROSPERous, a tool for rapid in silico prediction of protease-specific cleavage sites in substrate
sequences. Our tool is based on logistic regression models and uses different scoring functions and
their pairwise combinations to subsequently predict potential cleavage sites. PROS-PERous
represents a state-of-the-art tool that enables fast, accurate and high-throughput prediction of
substrate cleavage sites for 90 proteases.

5.1. Introduction
Proteases are enzymes that specifically cleave the peptide backbone of target proteins (Chou, 1996;
Chou, et al., 1996; Lopez-Otin and Matrisian, 2007). This cleavage represents an important type of
irreversible post-translational modification (PTM), and is involved in many key physiological
processes (Overall and Blobel, 2007). Dysregulation of proteases has been associated with
numerous diseases (Turk, 2006). Many proteases are highly specific, cleaving only the target
substrates that present the appropriate combination of structural features and amino acid sequence
patterns. Thus, the knowledge of protease-specific substrate cleavage is fundamental for our
understanding of the functional mechanisms of proteases. The substrate specificity of proteases can
generally be characterized using peptide specificity-profiling (Schilling and Overall, 2008) or highthroughput mass spectrometry techniques (Dix, et al., 2008; Mahrus, et al., 2008). However, as
experimental identification of protease cleavage events is often difficult, expensive and timeconsuming, it is highly desirable to develop cost-effective computational methods and tools to
complement experimental efforts. In this context, computational methods and tools for identifying
potential target substrates of proteases can help guide hypothesis-driven experimental studies of
protease-substrate interaction (duVerle and Mamitsuka, 2012; Song, et al., 2011). A variety of
computational tools have been developed for this purpose, including PeptideCutter (Gasteiger, et
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al., 2003), CaSPredictor (Garay-Malpartida, et al., 2005), GraBCas (Backes, et al., 2005), PoPS
(Boyd, et al., 2005), HIVcleave (Shen and Chou, 2008) SitePrediction (Verspurten, et al., 2009),
Pripper (Piippo, et al., 2010), Cascleave (Song, et al., 2010; Wang, et al., 2014), and PROSPER
(Song, et al., 2012). Among these methods, HIVcleave is focused on predicting HIV protease
cleavage sites in proteins, while GraBCas, CaSPredictor, Cascleave and PROSPER can only predict
substrate cleavage sites for a limited number of proteases (e.g. caspases and/or granzyme B), and
consequently have only a limited applicability. Meanwhile, two methods were developed to identify
proteases and their types (Chou and Shen, 2008; Shen and Chou, 2009).
In the present study, we introduce PROSPERous, a tool for rapid, in silico prediction of proteasespecific cleavage sites within substrate sequences. PROSPERous is based on logistic regression
models that integrate various scoring functions based on the local sequence environments of
cleavage sites. We evaluated the performance of the models and compared this with three popular
tools PoPS, SitePrediction and PROSPER.

5.2. Materials and methods
5.2.1. Construction of non-redundant benchmark and independent test datasets
For this study, individual protease-family-associated benchmark datasets were extracted from the
MEROPS database (Release 9.0) (Rawlings, et al., 2016), which is a comprehensive information
resource for proteases, substrates and inhibitors. Only experimentally verified substrate sequences
and cleavage sites were collected. In addition, to avoid potential bias and over-fitting, we performed
sequence clustering and homology reduction using the CD-HIT program (Fu, et al., 2012). The
latter allowed us to remove any sequence redundancy at and above a sequence identity of 70%
between any two sequences within an extracted dataset. For reference, a complete list of substrate
sequences and cleavage sites for each protease and benchmark dataset can be found at the server
website http://prosperous.erc.monash.edu.
Moreover, to assess the performance of PROSPERous with other related methods, we also
constructed independent test datasets by extracting recently identified protease substrates from the
most-recent version of MEROPS database (Release 11.0) (Rawlings, et al., 2016). For each
protease family, we first searched all the experimentally validated substrate sequences from
MEROPS and then combined all these sequences with those from the corresponding benchmark
dataset. After this procedure, we used the CD-HIT program (Fu, et al., 2012) to perform sequence
clustering and to remove the sequence redundancy in the resultant independent test dataset, so that
any two protein sequences in the benchmark dataset and independent test dataset have a sequence
identity (SI) of less than 70%. In addition, following a reviewer’s suggestion, we also prepared a
separate set of more stringent independent test datasets using a SI of 30%.
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The benchmark dataset was used for 5-fold cross-validation tests that assess the performance
of individual scoring functions and their combinations, as well as logistic regression models that use
these scoring functions and combinations as input features. The independent test dataset was used to
compare the performance of logistic regression models of our PROSPERous approach with that of
three other prediction tools, PoPS (Boyd, et al., 2005), SitePrediction (Verspurten, et al., 2009) and
PROSPER (Song, et al., 2012).
For reference, Table 5.1 provides a statistical summary of substrate sequences and cleavage
sites of different proteases in both benchmark and independent test datasets. Sequence logo
representations of P4-P4′ sites surrounding the cleavage site are given in Figure 5.1.

Table 5.1. Statistical summary of substrate sequences and cleavage sites of proteases used for
benchmarking and independent test experiments in this study. For the independent test datasets,
two different SI cutoffs were used to reduce the sequence redundancy: 70% and 30%.
Benchmark datasets
Protease

Protease family

category

(MEROPS ID)*

Caspase-1
(C14.001)

Cysteine

Caspase-3
(C14.003)
Caspase-6
(C14.005)

Independent test datasets

Independent test datasets

at 70% SI

at 30% SI

No. of

No. of

No. of

No. of cleavage

No. of

No. of cleavage

substrates

cleavage sites

substrates

sites

substrates

sites

44

54

89

94

87

92

304

374

148

179

134

162

64

176

727

895

662

816

265

318

835

1124

754

1020

156

161

155

167

141

151

91

113

18

19

16

17

705

1616

477

895

399

691

Granzyme B
(human)
(S01.010)
Granzyme B
Serine

(mouse)
(S01.136)
Thrombin
(S01.217)

Matrix
Metallo

metallopeptidase-2
(M10.003)
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Matrix
metallopeptidase-3

56

155

5

7

3

5

(M10.005)

*For a full list of protease families whose substrate cleavage sites can be predicted by PROSPERous, please
refer to http://prosperous.erc.monash.edu.au/.

Figure 5.1. Sequence logos of P4-P4′ sites for ten proteases under investigation in this study.

5.2.2. Scoring functions
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In this study, we used several functions to score and rank the potential cleavage sites of
proteases by extracting the amino acid sequences flanking the cleavage sites. These will be briefly
summarized in the following subsections.
Nearest Neighbor Similarity (NNS)
This function describes the similarity between two amino acid sequences A(m, n) and B(m, n),
where m denotes the upstream (the non-prime side of the cleavage site) and n denotes the
downstream (the prime side of the cleavage site) length, centered on a potential cleavage site.
The similarity between two peptides A(m, n) and B(m, n) is defined as:

S(A, B) =

∑

Score(A[i], B[i])

i=1,m+n

where i runs from 1 to m+n and the Score (a, b) is the element value in the BLOSUM62 substitution
matrix. In this study, we used m=4 and n=1, 2, 3, and 4. That is, P4-Pn′, for n=1, 2, 3, 4, indicating
the sites P4-P1′, P4-P2′, P4-P3′ and P4-P4′, respectively.
A putative P(m,n) peptide will then be compared against all the known cleavage sites (the socalled “known neighbors”) in the substrate dataset, for a given protease, to calculate the sequence
similarity scores. Then the final prediction score of the putative peptide is calculated as the average
of these similarity scores.
A higher prediction score indicates a higher similarity between two sites, here the predicted
site and a known cleavage site. Since this similarity-based prediction score is averaged over all
known cleavage sites, we call this function "Nearest neighbor similarity" (NNS). Based on this
scoring function, we can score and predict other potential cleavage sites.
Amino Acid Frequency (AAF)
Amino acid frequency is a scoring function that has been popularly used to predict whether
the amino acids of a potential cleavage site are likely to occur at the given position (Verspurten, et
al., 2009). Most previous tools use this scoring function, including PoPS (Boyd, et al., 2005),
SitePrediction (Verspurten, et al., 2009) and PROSPER (Song, et al., 2012). The amino acid
frequency fi for a residue at position i (ranging from P4-P4′) can be calculated as:

fi =

ni
N

where N is the total number of residues of all known cleavage peptide sequences, and ni is the
number of each amino acid type at position i. The normalized relative frequency (NFi) is
subsequently defined as:
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NFi =

fi
fi ,max

where fi,max is the frequency value of the most frequent amino acid at the same position.
Taking the P4-P4′ peptide as an example, the frequency-based score of the potential cleavage site
can be calculated as
!" =

$%&
&'() * ,()

The potential cleavage sites can then be ranked based on this frequency-based SF score.
WebLogo-based Sequence conservation (WLS)
WebLogo is a useful application for generating the sequence logos, which are a graphical
representation of amino acid conservation at each position in a multiple sequence alignment
(Crooks, et al., 2004). Different from the AAF (which was based on the calculation of amino acid
frequencies or occurrences), the overall height of the stack in the sequence logo indicates the
sequence conservation score (Wi) at that position i. Again, taking the P4-P4′ peptide as an example,
the WebLogo conservation-based score of the potential cleavage site can be calculated as
!, =

-&
&'() * ,()

Therefore, it is possible to score and rank potential cleavage sites based on this positional
conservation score.
BLOSUM62 Substitution Index (BSI)
Amino acid substitution matrices such as BLOSUM62 have also been used to score potential
cleavage sites (Garay-Malpartida, et al., 2005; Verspurten, et al., 2009). In fact, the idea of using
the BLOSUM62 substitution matrix to score and predict cleavage sites of proteases was originally
proposed by (Garay-Malpartida, et al., 2005). Here, we briefly describe how to use this scoring
function.
Each amino acid at the P4-P4′ positions will be compared against the amino acids at the
corresponding positions in all the known cleavage sites in the substrate dataset. The score for a
potential cleavage site is then calculated by summing up all amino acid residues based on their
respective scores B(test) from the BLOSUM62 substitution matrix, compared with the known
cleavage sites. This results in a number of different scores depending on the known cleavage sites.

SB

∑
=
∑

P4

P 4'
P4
P 4'
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B(test )

B( known )

The calculated SB score represents the similarity between the potential cleavage site and the
known cleavage site: Greater values of SB close to 1 and equal to 1 indicate high similarity and
exact match to the known cleavage site, respectively. Note that we only take the highest SB score for
each potential cleavage site.
5.2.3. Combinations of individual scoring functions
To take the contribution of individual scoring functions into consideration, we further
combined them in order to produce a final prediction of potential cleavage sites. For example, to
combine scoring functions AAF and WLS, the following equation is applied to generate the final
score:

S = S F × Sw
5.2.4. Logistic regression (LR)
As a machine learning approach, the purpose of logistic regression is to estimate the
distribution P(Y|X) from the training data, where Y is a discrete value and X=<X1, …, Xd> is any
vector containing discrete or continuous variables (Demidenko, 2008). In this work, we only
consider cases where Y∈{0,1}, with Y=1 indicating a positive sample and Y=0 indicating a negative
sample. Formally, the logistic regression model can be defined as:
p Y=1 X =g θT X
where
g(z)=

1
1+e-z

is called the logistic function, and
d
T

θ X=θ0 +

θi Xi
i=1

Notice that g(z) converges to 1 as z → ∞, and g(z) converges to 0 as z → -∞. Therefore, g(θT X) and
p(Y | X ) are between 0 and 1.
Moreover, p(Y=0|X) can be estimated using the following equation as the sum of the
probabilities must equal 1:
T

p(Y=0|X )=1-g(θ X)=

e-θ

T

X

1+e-θ

T

X

LR has two main advantages: It is robust because the independent variables are not required
to either be normally distributed, or have equal variance. In addition, LR can handle nonlinear
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effects, making it a suitable algorithm for solving the current task. In fact, due to these advantages
and empirical performance, LR has been extensively used for addressing a number of classification
and prediction tasks. For example, Kirshner, et al., 2013 applied it to develop classification models
of catalytic residues (Kirshner, et al., 2013). In another work, Liao and Chin used the LR model to
address the disease classification task (Liao and Chin, 2007). Zhang et al. built an analytical
framework with LR to detect schizophrenia gene subnetworks, since schizophrenia is a severe
mental disorder with a large genetic component (Zhang, et al., 2016). More recently, LR has also
been used to identify interactive effects among profiled variables for outcome prediction which is
also an important problem in the field of bioinformatics (Xu, et al., 2017).
In this study, we implemented LR models in R (Ihaka and Gentleman, 1996), using the
individual scoring functions described above, and their combinations, as input features to train the
LR models. The performance of these models was compared with that of three other popular tools,
namely PoPS (Boyd, et al., 2005), SitePrediction (Verspurten, et al., 2009) and PROSPER (Song, et
al., 2012) (See Section 5.3 Results and discussion below).
5.2.5. Workflow of the PROSPERous server
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Figure 5.2. The flowchart of the PROSPERous web server.

To address the need for predicting potential cleavage sites of proteases, we have developed an
integrated online system termed PROSPERous (PROtease Specificity Prediction servER based on
scoring functions). PROSPERous provides a user-friendly interface for (1) selecting various scoring
functions and (2) submitting substrate sequence data. Specifically, there are several stages of
processing a query substrate sequence using the PROSPERous server. First, users need to choose a
proper cleavage site pattern P4-Pn′ (n=1, 2, 3 and 4) to score the potential cleavage site. Then, users
need to choose an appropriate scoring function or the combination of individual functions. Upon
query submission, the submitted sequence will be analyzed based on the known cleavage site
database. The score for each potential P4-Pn′ cleavage site will be calculated using the selected
scoring function and the top-ranking results will be returned to the screen.

5.3. Results and discussion
5.3.1. Performance evaluation comparison between different scoring functions
To comprehensively evaluate and compare the predictive performance between different
scoring functions, we used the substrate data of eight different proteases, including Caspase-1,
Caspase-3, Caspase-6, Granzyme B (human), Granzyme B (mouse), thrombin, matrix
metalloprotease-2 (MMP-2), and matrix metalloprotease-3 (MMP-3).
The calculated percentages of true positives in the Top 1, 3, 5, 10 and 20 rankings of
predicted cleavage sites are presented in Table 5.2. As can be seen, amongst the four individual
scoring functions, there is no universal best-performing scoring function across all the compared
eight proteases. In other words, the performance of each scoring function is protease-specific and
depends on a given protease type. For example, in terms of Top 1 ranking, the scoring function
NNS achieved the best performance for predicting the cleavage sites of Caspase-1, Caspase-3,
Granzyme B (human), Granzyme B (mouse), thrombin and MMP-2, while the scoring functions
WLS and BSI achieved the best performance for predicting cleavage sites of Capsase-6 and MMP3, respectively. In terms of the Top 20 ranking, WLS achieved the best performance for cleavage
site prediction of Caspase-1, Caspase-3, Caspase-6, Granzyme B (human), Granzyme B (mouse)
and thrombin, while BSI attained the best performance for MMP-2 and MMP-3 cleavage site
prediction. In summary, the scoring function WSI developed based on the WebLogo-represented
Sequence conservation achieved the overall best performance for the majority of proteases tested.
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Table 5.2. Prediction performance comparison between different scoring functions based on
5-fold cross-validation tests using the benchmark datasets with window size P4-P2′.
Protease (Merops ID)

Top 1

Top 3

Top 5

NNS

0.2273

0.4091

0.6136

0.7955

0.9318

Caspase-1

AAF

0.3409

0.5682

0.6136

0.7273

0.8636

(C14.001)

WLS

0.3864

0.6364

0.7727

0.8864

0.9545

SIC

1

1

1

1

1

NNS

0.3372

0.5698

0.6822

0.7984

0.8992

Caspase-3

AAF

0.3178

0.4961

0.5891

0.6899

0.7829

(C14.003)

WLS

0.3759

0.6357

0.7132

0.8488

0.9496

SIC

0.9845

0.9845

0.9845

0.9884

0.9884

NNS

0.1905

0.3809

0.4603

0.5556

0.7619

Caspase-6

AAF

0.1587

0.3016

0.3492

0.3968

0.5238

(C14.005)

WLS

0.2222

0.4286

0.5556

0.7778

0.873

SIC

0.9206

0.9206

0.9206

0.9206

0.9206

NNS

0.2652

0.4508

0.5455

0.7121

0.8409

Granzyme B (human)

AAF

0.2083

0.4091

0.4848

0.5909

0.7386

(S01.010)

WLS

0.2841

0.5265

0.6402

0.803

0.9015

SIC

0.9811

0.9848

0.9848

0.9848

0.9848

NNS

0.3161

0.471

0.6129

0.7097

0.8645

Granzyme B (mouse)

AAF

0.2194

0.4839

0.5355

0.6581

0.7806

(S01.036)

WLS

0.3419

0.5742

0.6839

0.8581

0.929

SIC

0.9871

0.9871

0.9871

0.9871

0.9871

NNS

0.3077

0.5714

0.6593

0.7802

0.8681

AAF

0.3516

0.5385

0.6044

0.6923

0.8242

WLS

0.3407

0.6484

0.7363

0.9011

0.9341

SIC

1

1

1

1

1

NNS

0.0667

0.1407

0.1955

0.317

0.4341

AAF

0.0667

0.1452

0.2

0.317

0.4119

WLS

0.0578

0.123

0.1719

0.2341

0.3393

SIC

0.963

0.9659

0.9689

0.9704

0.9763

NNS

0.0357

0.1071

0.1429

0.1964

0.3571

AAF

0.0536

0.1071

0.2143

0.2857

0.3571

WLS

0.0357

0.1607

0.25

0.2857

0.3571

SIC

0.9643

0.9643

0.9643

0.9643

0.9643

Thrombin (S01.217)

Matrix
metallopeptidase-2
(M10.003)

Matrix
metallopeptidase-3
(M10.005)

Scoring function

AAF: Amino acid frequency score;
WLS: WebLogo-based scoring function;
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Top 10

Top 20

NNS: Nearest neighbor similarity;
SIC: Substitution index-based scoring function;
AAF+NNS: Combination of amino acid frequency score and nearest neighbor similarity;
WLS+SIC: Combination of WebLogo-based and Substitution index-based scoring functions;
NNS+WLS: Combination of Nearest neighbor similarity and WebLogo-based scoring functions.

LR model: Logistic Regression model
5.3.2. Performance evaluation of combinations of different scoring functions
We also examined whether combinations of scoring functions can further improve the prediction
performance by comparing the percentages of correctly predicted true positives. The performance
results are shown in Table 5.3. Again, we found that there was no universal combination of scoring
functions that uniformly exhibited best performance across multiple different proteases. Rather, the
best-performing combination of scoring functions is case-dependent and depends on the protease of
interest. As can be observed, the combined scoring function “AAF+NNS” achieved the best
performance for predicting the substrate cleavage sites of Caspase-3 and Caspase-6, whereas the
scoring function “WLS+BSI” performed best for thrombin cleavage site prediction. In comparison,
NNS+WLS achieved the worst performance.

Table 5.3. The prediction performance between the combined scoring functions and LR
models. The results were obtained based on 5-fold cross-validation tests using window size P4-P2′.
Columns in Top 1, 3, 5, 10 and 20 indicate the percentage of cleavage sites correctly predicted as
being in the Top 1, 3, 5, 10 and 20 ranking lists, respectively.
Protease

Scoring function

Top 1

Top 3

Top 5

Top 10

Top 20

AAF+NNS

0.2727

0.4091

0.5682

0.7045

0.7727

Caspase-1

WLS+BSI

0.7727

0.9773

1

1

1

(C14.001)

NNS+WLS

0.2727

0.4091

0.5227

0.5909

0.6591

LR model

0.7273

0.9773

1

1

1

AAF+NNS

0.2727

0.4091

0.5682

0.7045

0.7727

Caspase-3

WLS+BSI

0.7727

0.9773

1

1

1

(C14.003)

NNS+WLS

0.2727

0.4091

0.5227

0.5909

0.6591

LR model

0.6512

0.9419

0.9806

0.9845

0.9884

AAF+NNS

0.2222

0.381

0.4444

0.5714

0.7302

Caspase-6

WLS+BSI

0.5079

0.7619

0.8412

0.9048

0.9206

(C14.005)

NNS+WLS

0.2063

0.381

0.4444

0.5397

0.6508

LR model

0.5238

0.7619

0.8413

0.9048

0.9206

(MEROPS ID)
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AAF+NNS

0.0357

0.0714

0.0714

0.0893

0.125

Granzyme B (human)

WLS+BSI

0.3571

0.6786

0.75

0.8214

0.9107

(S01.010)

NNS+WLS

0.0179

0.0357

0.0357

0.0357

0.0536

LR model

0.7614

0.9545

0.9773

0.9773

0.9773

AAF+NNS

0.0357

0.0714

0.0714

0.0893

0.125

Granzyme B (mouse)

WLS+BSI

0.3571

0.6786

0.75

0.8214

0.9107

(S01.036)

NNS+WLS

0.0179

0.0357

0.0357

0.0357

0.0536

LR model

0.9355

0.9677

0.9742

0.9742

0.9742

AAF+NNS

0.3187

0.5604

0.6484

0.7582

0.8022

WLS+BSI

0.8132

0.9231

0.9341

0.956

0.989

NNS+WLS

0.2857

0.4615

0.4945

0.5165

0.5165

LR model

0.8571

0.989

1

1

1

AAF+NNS

0.0089

0.0193

0.0252

0.037

0.0474

WLS+BSI

0.003

0.0074

0.0089

0.0089

0.0133

NNS+WLS

0.0059

0.0148

0.0163

0.0178

0.0193

LR model

0.5096

0.7644

0.8578

0.9348

0.9615

AAF+NNS

0.0357

0.0714

0.0714

0.0893

0.125

WLS+BSI

0.3571

0.6786

0.75

0.8214

0.9107

NNS+WLS

0.0179

0.0357

0.0357

0.0357

0.0536

LR model

0.375

0.75

0.8929

0.9464

0.9643

Thrombin (S01.217)

Matrix
metallopeptidase-2
(M10.003)

Matrix
metallopeptidase-3
(M10.005)

5.3.3. Performance comparison of LR models with other prediction tools
Table 5.4. Performance comparison of PROSPERous, PoPS, SitePrediction and PROSPER
for predicting cleavage sites of six different proteases: caspase-1, -3, -6, Granzyme B (human),
Granzyme B (mouse), thrombin, matrix metallopeptidase-2 and matrix metallopeptidase-3.
The results were evaluated in terms of AUC, MCC, Accuracy (ACC), Sensitivity (SEN), Specificity
(SPE) and Precision (PRE) on the independent test datasets after removing the sequence
redundancy using CD-HIT with 70% sequence identity cutoff.
Protease (MEROPS ID)

Tools

AUC

MCC

ACC

SEN

SPE

PRE

Caspase-1

PoPS

0.7432

0.4066

0.7021

0.7553

0.6489

0.6827

(C14.001)

SitePrediction

0.8636

0.6072

0.8032

0.8298

0.7766

0.7879

PROSPER

0.8240

0.4534

0.7234

0.6383

0.8085

0.7692

PROSPERous

0.8856

0.7249

0.8617

0.8298

0.8936

0.8864

Caspase-3

PoPS

0.8712

0.4504

0.7039

0.9162

0.4916

0.6431

(C14.003)

SitePrediction

0.9488

0.8716

0.9358

0.9441

0.9274

0.9286

PROSPER

0.9497

0.8444

0.9218

0.9441

0.8994

0.9037

PROSPERous

0.9887

0.9220

0.9609

0.9497

0.9721

0.9714
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Caspase-6

PoPS

0.7501

0.2447

0.5832

0.9497

0.2168

0.548

(C14.005)

SitePrediction

0.8867

0.6297

0.8145

0.8369

0.7922

0.8011

PROSPER

0.8798

0.7244

0.8441

1.0000

0.6883

0.7624

PROSPERous

0.9864

0.9418

0.9704

0.9933

0.9475

0.9498

Matrix metallopeptidase-2

PoPS

0.8251

0.5312

0.7592

0.8682

0.6503

0.7128

(M10.003)

SitePrediction

0.5543

0.0693

0.5346

0.5229

0.5464

0.5355

PROSPER

0.7539

0.5782

0.7816

0.6682

0.8950

0.8642

PROSPERous

0.8948

0.6601

0.8296

0.8056

0.8536

0.8462

Matrix metallopeptidase-3

PoPS

0.5510

0.1741

0.5714

0.2857

0.8571

0.6667

(M10.005)

SitePrediction

0.7347

0.5774

0.7857

0.7143

0.8571

0.8333

PROSPER

0.8776

0.7454

0.8571

0.7143

1.0000

1.0000

PROSPERous

0.9388

0.7143

0.8571

0.8571

0.8571

0.8571

Granzyme-B (human)

PoPS

0.6083

0.1161

0.5547

0.7215

0.3879

0.5410

(S01.010)

PROSPER

0.8299

0.7171

0.8550

0.7847

0.9253

0.9130

PROSPERous

0.9366

0.7814

0.8906

0.8781

0.9030

0.9005

Granzyme-B (mouse)

PROSPER

0.8196

0.4503

0.7246

0.6886

0.7605

0.7419

(S01.136)

PROSPERous

0.9619

0.8568

0.9281

0.9102

0.9461

0.9441

Thrombin

PoPS

0.8283

0.6971

0.8421

0.7368

0.9474

0.9333

(S01.217)

PROSPER

0.7036

0.4062

0.6842

0.8947

0.4737

0.6296

PROSPERous

0.9889

0.8997

0.9474

0.8947

1.0000

1.0000

Table 5.5. Performance comparison of PROSPERous, PoPS, SitePrediction and PROSPER
for predicting cleavage sites of six different proteases: caspase-1, -3, -6, Granzyme B (human),
Granzyme B (mouse), thrombin, matrix metallopeptidase-2 and matrix metallopeptidase-3.
The results were evaluated in terms of AUC, MCC, Accuracy (ACC), Sensitivity (SEN), Specificity
(SPE) and Precision (PRE) on the independent test datasets after removing the sequence
redundancy using CD-HIT with 30% sequence identity cutoff.
Protease (MEROPS ID)

Tools

AUC

MCC

ACC

SEN

SPE

PRE

Caspase-1

PoPS

0.7363

0.3936

0.6957

0.7500

0.6413

0.6765

(C14.001)

SitePrediction

0.8827

0.6205

0.8098

0.8370

0.7826

0.7938

PROSPER

0.8230

0.4517

0.7228

0.6413

0.8043

0.7662

PROSPERous

0.8836

0.7189

0.8587

0.8261

0.8913

0.8837

Caspase-3

PoPS

0.8583

0.4353

0.6975

0.9074

0.4877

0.6391

(C14.003)

SitePrediction

0.9773

0.8895

0.9444

0.9630

0.9259

0.9286

PROSPER

0.9544

0.8529

0.9259

0.9506

0.9012

0.9059
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PROSPERous

0.9869

0.9202

0.9599

0.9753

0.9444

0.9461

Caspase-6

PoPS

0.7427

0.2492

0.5855

0.9498

0.2209

0.5496

(C14.005)

SitePrediction

0.8845

0.6270

0.8130

0.8419

0.7840

0.7960

PROSPER

0.8820

0.7265

0.8455

1.0000

0.6908

0.7640

PROSPERous

0.9857

0.9355

0.9675

0.9853

0.9497

0.9515

Matrix metallopeptidase-2

PoPS

0.5528

0.0680

0.5340

0.5253

0.5427

0.5346

(M10.003)

SitePrediction

0.8411

0.5619

0.7742

0.8828

0.6657

0.7253

PROSPER

0.7674

0.5915

0.7887

0.6802

0.8973

0.8688

PROSPERous

0.9068

0.6819

0.8408

0.8278

0.8539

0.8499

Matrix metallopeptidase-3

PoPS

0.5600

0.2182

0.6000

0.4000

0.8000

0.6666

(M10.005)

SitePrediction

0.7200

0.6000

0.8000

0.8000

0.8000

0.8000

PROSPER

0.9200

0.8165

0.9000

0.8000

1.0000

1.0000

PROSPERous

0.9600

0.8165

0.9000

0.8000

1.0000

1.0000

Granzyme-B (human)

PoPS

0.6099

0.1227

0.5576

0.7284

0.3869

0.5427

(S01.010)

PROSPER

0.8282

0.7183

0.8554

0.7833

0.9275

0.9152

PROSPERous

0.9364

0.7757

0.8878

0.8814

0.8942

0.8928

Granzyme-B (mouse)

PROSPER

0.8230

0.4584

0.7285

0.6887

0.7682

0.7482

(S01.136)

PROSPERous

0.9714

0.8675

0.9338

0.9338

0.9338

0.9338

Thrombin

PoPS

0.8529

0.7385

0.8529

0.7059

1.0000

1.0000

(S01.217)

PROSPER

0.6782

0.2462

0.6176

0.7647

0.4706

0.5909

PROSPERous

0.9896

0.8885

0.9412

0.8824

1. 0000

1.0000

The example outputs of the predicted Caspase-3 substrate cleavage sites by the PROSPERous
webserver for two substrate proteins, BID and Geminin (UniProt IDs: P55957 and O75496), are
shown in Figure 5.3.
We also compared the prediction performance of PROSPERous with three other state-of-theart tools, namely PoPS (Boyd et al., 2005), SitePrediction (Verspurten et al., 2009), and PROSPER
(Song, et al., 2012), by performing independent tests using independent test datasets with sequence
redundancy removed at two different SI cutoff thresholds: 70% and 30% (please refer to
SUPPLEMENTAL METHODS). For that, we plotted the ROC curves and calculated the
corresponding AUC values. The performance results on the two types of independent test datasets
are provided in Tables 5.4 and 5.5, respectively, while the ROC curves and AUC values are shown
in Figures 5.4 and 5.5, respectively. As can be observed, for all the tested proteases, PROSPERous
has clearly outperformed the other three tools. In summary, the results indicate that PROSPERous
is a powerful tool for interrogating the protease-substrate functional relationships and guiding
hypothesis-driven substrate discovery.
148

Figure 5.3. (A) The user interface and (B) sample outputs of PROSPERous webserver for two
substrate proteins, BID and Geminin (Uniprot IDs: P55957 and O75496). For each sequence,
the top 20 predicted Caspase-3 cleavage sites are listed and highlighted on the result webpage.
Users can click the corresponding buttons to download result files in the csv, excel or PDF formats.

Figure 5.4. Performance comparison between PROSPERous, PoPS, SitePrediction and
PROSPER for cleavage site prediction using independent test datasets with redundancy
removed at the 30% SI cutoff.
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Figure 5.5. Performance comparison of protease substrate cleavage site prediction of
PROSPERous, PoPS and SitePrediction. (A) Caspase-1; (B) Caspase-3; (C) Caspase-6; (D)
MMP-2; (E) MMP-3; (F) Granzyme B (mouse); (G) Granzyme B (human) and (H) Thrombin, on
the independent test datasets with the redundancy removed at the 30% SI cutoff.
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5.4. Conclusion
We developed the tool PROSPERous to address the need to per- form high-throughput prediction
and analysis of protease-specific substrate cleavage sites in a cost-effective manner. PROSPERous
integrates characteristic scoring functions that describe the local sequence environment of cleavage
sites with LR models. Benchmarking experiments indicate that PROSPERous can achieve
performances that are generally superior to, the other three existing tools (PoPS, SitePrediction and
PROSPER). The webserver provides a straightforward and user-friendly interface for selecting various scoring functions and, accordingly, for predicting the sub- strate cleavage sites for a particular
protease. We believe that PROSPERous is an invaluable tool for assisting cost-effective discoveries of novel target substrates and their cleavage sites and for facilitating community-wide
research in the functional characteriza- tion of proteases in a high-throughput manner.
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Chapter 6 iProt-Sub: a comprehensive package for accurately mapping
and predicting protease-specific substrates and cleavage sites
Regulation of proteolysis plays a critical role in a myriad of important cellular processes. The
key to better understanding the mechanisms that control this process is to identify the specific
substrates that each protease targets. To address this, in this chapter, we develop iProt-Sub, a
powerful bioinformatics tool for the accurate prediction of protease-specific substrates and their
cleavage sites. Importantly, iProt-Sub represents a significantly advanced version of its successful
predecessor, PROSPER. It provides optimized cleavage site prediction models with better
prediction performance and coverage for more species-specific proteases (four major protease
families and 38 different proteases). iProt-Sub integrates heterogeneous sequence and structural
features and uses a two-step feature selection procedure to further remove redundant and irrelevant
features in an effort to improve the cleavage site prediction accuracy. Features used by iProt-Sub
are encoded by 11 different sequence encoding schemes, including local amino acid sequence
profile, secondary structure, solvent accessibility, and native disorder, which will allow a more
accurate representation of the protease specificity of approximately 38 proteases and training of the
prediction models. Benchmarking experiments using cross-validation and independent tests showed
that iProt-Sub is able to achieve a better performance than several existing generic tools. We
anticipate that iProt-Sub will be a powerful tool for proteome-wide prediction of protease-specific
substrates and their cleavage sites, and will facilitate hypothesis-driven functional interrogation of
protease-specific substrate cleavage and proteolytic events.

6.1. Introduction
Proteolytic cleavage is one of the few irreversible posttranslational modifications. It plays a
key role in numerous developmental and physiological processes, including digestion, protein
degradation, endocrine signaling, and cell division [1]. This process is controlled by proteases (also
known as peptidases or proteinases) that selectively cleave the peptide bonds between amino acids
in specific protein or peptide substrates. Proteases have central roles in “life or death” processes.
Through the highly selective proteolytic processing, proteases can precisely regulate a myriad of
biological processes across all living organisms [1]. In addition, these are also many other proteases
involved in protein degradation rather than processing, for example cathepsin D and cathepsin B.
Pepsin, trypsin and chymotrypsin also come into this category, even though they have a defined
specificity, because they degrade so many substrates, most of which are foreign to the body [2]. The
malfunction or deregulation of proteases results in many pathological conditions [3]. For example,
proteases are often associated with cancer invasion and metastasis due to their ability to degrade the
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extracellular matrix [4-8]. Intriguingly, proteases can function as part of an extensive network of
proteolytic interactions through interacting with other important signaling pathways involving other
protein substrates and enzymes, termed the “protease web” [9].
Our knowledge of the mechanisms that regulate and control the proteolytic processing of
proteases remains limited. The precise understanding of the biological function of a protease
requires the identification of the complete repertoire of its natural substrates and corresponding
substrate cleavage sites [10, 11]. The specificity of proteases can vary significantly, depending on
the protease and the active sites, with the cleavage site selectivity ranging from preferences for
limited and specific amino acids at specific positions, to more general preferences with little
discrimination. Current experimental methods for proteolytic cleavage characterization include onedimensional and two-dimensional gel-based methods (used for identifying the substrates) [12], Nterminal peptide identification methods (for identifying both substrates and cleavage sites), methods
using mass spectrometry, as well as quantitation methods of proteolysis to better understand the
dynamics and extent of proteolytic events such as the TAILS method [13]. Despite the advances of
these experimental methods, they are labor intensive, expensive and time-consuming, and are often
limited to the investigation of one protease each time. In this context, it is highly desirable to
develop cost-effective computational methods that can be used to identify the target substrates for a
specific protease and to facilitate the characterization of substrate specificity and the function of
proteases.
The importance and value of the in silico identification of protease target substrates and
cleavage sites has led to the development of a variety of computational methods for predicting
protease-specific substrates and cleavage sites. A number of computational studies have suggested
that substrate cleavage sites (sites surrounding the cleavage P1 sites) targeted by proteases present
unique structural and physicochemical properties that vary across different proteases, which can be
exploited to predict potential cleavage sites [11, 14-24]. However, the most successful
computational methods use a combination of these features with other complementary features [10,
14-16, 25-31], achieving overall accuracies of 70%–90% for most of the proteases under
investigation. A consensus resulting from such computational methods is that machine learning
algorithms that take into consideration integrated heterogeneous information can be used to build
more accurate predictive models for most of the proteases under investigation. Often a consensus
scoring mechanism is performed using scoring function-based techniques or machine learning
techniques. The former includes PeptideCutter [32], PoPS [33], and SitePrediction [34]. The latter
has gained significant interest in recent years and includes CASVM [35], Cascleave [15], Pripper
[36], Cascleave 2.0 [30], PROSPER [29], [31] and PROSPERous [37]. For the substrate cleavage
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site prediction of specific proteases, some ad hoc consensus schemes can also be effective,
including GraBCas [38], CaSPredictor [39] and GPS-CCD [40].
Here we build upon a previous work PROSPER (PROtease substrate SPecificity servER) to
develop a new computational method, termed iProt-Sub to address the problem of identifying the
most probable protease-specific substrates and their detailed cleavage sites from the substrate
sequence information. According to the well-known Chou’s 5-step rule [41] in developing a useful
predictor, we need to accomplish the following: 1) benchmark dataset construction, 2) protein
sample formulation, 3) operating algorithm, 4) evaluating expected accuracy, and 5) web server
establishment. In this work, we have considerably improved the design of iProt-Sub package for
each of the five procedures.
More specifically, using a well-prepared benchmark dataset, iProt-Sub extracts a wide range
of sequence-derived structural, physicochemical, and evolutionary information, which is further
integrated into a common machine learning framework in the form of support vector machine
(SVM) classifiers, to identify and rank potential substrate cleavage sites in a protease-specific
manner. The cleavage site prediction models are trained and optimized to achieve best-performing
prediction by performing a five-fold cross-validation test. Benchmarking experiments indicated that
the iProt-Sub method compared favorably with recently published methods. Moreover, mapping of
the protease-specific cleavage target substrates at the proteome-wide scale was highly accurate and
selective. iProt-Sub is accessible through a user-friendly web application available at http://iProtSub.erc.monash.edu/. The web application of iProt-Sub features a powerful and convenient graphic
interface that allows the visualization and analysis of the predicted cleavage site within the same
protein by different proteases simultaneously. The implemented iProt-Sub server thus represents a
centralized web resource for accurate in silico prediction of protease-specific substrates and their
cleavage sites.

6.2. Materials and methods
6.2.1 Overall workflow of iProt-Sub
iProt-Sub represents an advanced version of PROSPER [29]. Importantly, the improvement of
iProt-Sub over PROSPER is reflected by the following: 1) Larger coverage of more proteases.
iProt-Sub can be used to predict protease-specific substrates and cleavage sites for 38 different
proteases, whereas PROSPER covered 23 proteases; 2) Use of a wider range of sequence-derived
features. iProt-Sub utilizes 11 diverse types of sequence-based features (4562-dimensional); 3)
Application of a more effective feature selection technique to filter out irrelevant and noisy features.
iProt-Sub uses the mRMR (minimum Redundancy Maximum Relevance) [42] algorithm to identify
more informative features to enhance the predictive performance; 4) Improved predictive
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performance. Through an effective feature extraction, selection and model learning strategy, iProtSub consistently achieves improved predictive performance for predicting the substrate cleavage
sites for all tested proteases, and 5) Completely re-designed interface. The new iProt-Sub web
server now provides a more user-friendly and interactive interface that enhances user experience.
The overall flowchart of the iProt-Sub methodology is shown in Figure 6.1.

Figure 6.1. The workflow of the iProt-Sub methodology. There exist four major stages during the
development of iProt-Sub, including Dataset curation, Feature extraction and encoding, Model
construction, and Performance evaluation. Refer to the main text for a detailed description of each
of the major stages. “All features” included all the 11 types of extracted features.

6.2.2. Datasets
Numerous studies have suggested that a high quality, well-established dataset is crucial for
training a robust and reliable prediction model of protease cleavage sites [37, 43-45]. In this study,
we constructed a well-prepared benchmark dataset for assessing the predictive performance of our
method and other existing methods. For this purpose, we used the MEROPS database [46], which is
a comprehensive information resource for proteases, their substrates, and inhibitors. Only
experimentally verified substrate sequences and cleavage sites were retrieved. The annotations of
experimentally verified cleavage sites and the corresponding proteases that cleave the target
substrates were extracted from MEROPS, while the annotations of protein identifiers of the
substrates and their sequence information were extracted from UniProt [47]. In particular,
exopeptidases (aminopeptidases, carboxypeptidases, etc) and oligopeptidases were generally not
157

included, which is consistent with our previous study [29]. As we are more interested in predicting
cleavages within native proteins, peptidases that work at pH extremes and are likely to degrade only
denatured proteins were also excluded [29].
To avoid potential model bias and overfitting, we performed sequence clustering and
homology reduction using the CD-HIT program [48]. We removed sequence redundancy in the
retrieved dataset, so that any two sequences in the benchmark dataset and independent test dataset
have a sequence identity of less than 70%, which is in accordance with previous studies [15, 30, 37,
49, 50]. After this procedure, we only retained those proteases that had more than or equal to 50
experimentally verified cleavage sites. Finally, we ended up with 38 proteases with a total of 3,688
substrates and 6,637 cleavage sites. A complete list of these substrate sequences and their cleavage
sites can be found at the iProt-Sub website. A statistical summary of the curated datasets in this
study is shown in Table 6.1.
In this study, 5/6 of the substrate sequences in the resulting dataset obtained above were
randomly selected as the benchmark training dataset, while the remaining 1/6 of the dataset was
utilized as the independent test dataset. The purpose of constructing a benchmark training dataset
was to optimize the parameters of machine learning algorithms, train the prediction model and
evaluate model performance in an n-fold cross-validation manner, whereas the purpose of
constructing the independent test dataset was to validate the generalization ability of trained
prediction models and compare them with other existing tools. None of the substrate sequences in
this constructed independent test dataset appeared in the benchmark dataset, which ensures that a
fair assessment of model performance can be achieved.
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Table 6.1. Statistical summary of the substrate datasets curated in this study.
No

MEROPS ID

Protease Name

Number of
substrates

1

A01.009

Cathepsin D

23

2

C01.032

Cathepsin L

3

C02.001

4

Number of
cleavage sites

No

MEROPS ID

Protease Name

Number of
substrates

59

20

M16.002

Insulysin

6

50

17

63

21

S01.010

Granzyme B (human-type)

410

515

Calpain-1

30

61

22

S01.017

Kallikrein-related protease 5

31

59

C02.002

Calpain-2

17

66

23

S01.131

Elastase-2

45

133

5

C14.003

Caspase-3

251

373

24

S01.135

Granzyme A

44

57

6

C14.004

Caspase-7

48

64

25

S01.136

Granzyme B (rodent-type)

143

157

7

C14.005

Caspase-6

58

165

26

S01.139

Granzyme M

491

707

8

C14.009

Caspase-8

37

56

27

S01.233

42

89

9

M10.001

Matrix metallopeptidase-1

21

52

28

S01.251

78

80

10

M10.002

Matrix metallopeptidase-8

23

85

29

S08.071

Plasmin
Kallikrein-related peptidase
4
Furin

56

75

11

M10.003

Matrix metallopeptidase-2

35

115

30

A01.009 (mouse)

Cathepsin D

342

579

12

M10.004

Matrix metallopeptidase-9

43

290

31

A01.010 (mouse)

Cathepsin E

655

1216

13

M10.005

Matrix metallopeptidase-3

44

132

32

C14.001 (mouse)

Caspase-1

47

53

14

M10.008

Matrix metallopeptidase-7

42

142

33

S01.010

Granzyme B (human-type)

77

88

15

M10.009

Matrix metallopeptidase-12

23

178

34

S01.136

Granzyme B (rodent-type)

168

201

16

M10.013

23

90

35

S08.073

68

M10.014

36

92

36

S08.109

34

115

18

M12.221

13

50

37

141

141

19

M13.001

Neprilysin

19

67

38

S26.001
S26.001

PCSK2 peptidase (mouse)
KPC2-type peptidase (C.
elegans)
Signal peptidase I (E. coli)
Signal peptidase I
(S. typhimurium)

21

17

Matrix metallopeptidase-13
Membrane-type matrix
metallopeptidase-1
ADAMTS4 peptidase

54

54
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Number of
cleavage sites

6.2.3. Positive and negative samples
In this study, the number of negative samples (i.e. non-cleavage sites) in the dataset of
protease-specific substrate cleavage sites greatly dominates the number of the positive samples (i.e.
cleavage sites). This leads to a class imbalance problem. If not addressed, this can result in models
that favor negative predictions over positive [29, 51]. To address this data imbalance issue, we
employed a down-sampling strategy, randomly discarding from the over-represented negative
samples, to impose a ratio of 1 positive to every 3 negatives, as previously suggested [15, 25, 29,
51, 52]. To extract the sequence-based features of positive and negative samples, we used a local
sliding window approach, with a fixed window size of P8–P8′ sites (i.e., eight residues in the
upstream and another eight residues in the downstream to surround the cleavage site). The overall
size of the sliding window was 16 sites. With regards to the selection of reliable negative samples,
several previous studies have indicated that a few cleavage sites at the P1 position were predicted to
be solvent inaccessible [14-16]. In view of these studies and for the purpose of extracting reliable
non-cleavage sites, we randomly selected those negative samples with P1 sites predicted as solvent
inaccessible by the SABLE program [53] for constructing the prediction models.
6.2.4. Sequence encoding schemes
We formulate cleavage site prediction as a classification problem and solve it using machine
learning techniques. Each potential cleavage site (or non-cleavage site) of an amino acid sequence
is represented by a feature vector x with D-dimensional feature components {x1, ..., xD}. The
problem is to predict the label y of the site of interest that is represented and encoded by Ddimensional features. The y will be defined as “1” if the site is a cleavage site for a protease, and
“0” otherwise. The representation form of a potential site is determined based on the so-called
“sequence encoding scheme,” which is used for extracting the potentially useful information from
the amino acid sequence (often combined with predicted structural information) and converting the
sequence data into numerical feature vectors [54, 55]. Accordingly, the sequence-encoding scheme
plays a crucial role in determining the predictive performance of the machine learning-based model.
In this study, we derived a great variety of features organized into 11 different types. We evaluated
the relative predictive performance in order to identify effective combinations of features that could
lead to the overall best predictive performance for a given protease. In addition to sequence-derived
features, we also integrated evolutionary, physicochemical properties and predicted structural
features. Detailed information on the software or databases we used to extract these different types
of features is listed in Table 6.2, along with the feature category, annotations, dimension, and
references. Below we will first describe the different types of sequence encoding schemes in detail,
and then describe the SVM (Support Vector Machines) learning algorithm that is used to train the
prediction models to predict y given x.
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Table 6.2. A complete list of sequence-derived structural, physicochemical, and evolutionary features used. A local window size of 16 amino
acid residues was used to extract the features. The last row shows the total number of features used.

Number

Category

Feature type

Annotation

Dimension Tool/Database

Reference

1

Sequence-derived

BINARY

Binary sequence profile features

336

-

[37, 51]

2

CKSAAP

Composition of k-spaced amino acid pair

2400

-

[54, 84-87]

3

KNN

k-nearest neighbor features of local sequences

5

-

[86, 89]

4

AAC

Composition of 20 amino acid types

20

-

-

PSSM

Position-specific scoring matrix

320

PSI-BLAST

[91]

BLOSUM

BLOSUM62 matrix

336

-

[92]

AAIndex

Numerical
indices
representing
various
physicochemical and biochemical properties of1024
amino acids and pairs

AAIndex

[90]

CHR

Charge/hydrophobicity ratio

9

AAIndex

[90]

SS

Predicted secondary structure

48

SABLE

[53]

10

SA

Predicted solvent accessibility

32

SABLE

[53]

11

DISO

Predicted natively disordered region

32

DISOPRED2

[93]

5

Evolutionary

6
7

Physicochemical
property

8
9

Structural

Total

4562
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Sequence or sequence-derived features
With the avalanche of protein sequences generated in the post-genomic era, one of the most
challenging problems in computational biology is how to express a biological sequence with a
discrete model or a vector, yet still keep considerable sequence-order information or key pattern
characteristic. This is because all the existing machine-learning algorithms can only handle vectors
but not sequences, as elucidated in [56]. However, a vector defined in a discrete model may
completely lose all the sequence-pattern information. To avoid this for proteins, the pseudo amino
acid composition [57] or PseAAC [58] was proposed. Ever since the concept of PseAAC was
proposed, it has been widely used in nearly all the areas of computational proteomics (see, e.g., [5961] as well as a long list of references cited in [62]). According to the concept of general PseAAC
[41], a protein sequence can be formulated as
! = Ψ$ Ψ& ⋯ Ψ( ⋯ Ψ)

*

(1)

where T is a transpose operator, while the subscript Ω is an integer and its value as well as the
components Ψ( (- = 1, 2, ⋯ , Ω) depend on the way to extract the desired information from the
amino acid sequence of P, as done in a series of recent publications (see, e.g., [63-69]).
Encouraged by the successes of using PseAAC to deal with protein/peptide sequences, the
concept of PseKNC (Pseudo K-tuple Nucleotide Composition) [70, 71] was developed for
generating various feature vectors for DNA/RNA sequences [72, 73] that have proved very useful
as well [74-81]. Particularly, recently a powerful web-server called ‘Pse-in-One’ [82] and its
updated version ‘Pse-in-One2.0’ [83] have been established that can be used to generate any desired
feature vectors for protein/peptide and DNA/RNA sequences according to the need of users’
studies.
Here, we used a variety of sequence-derived features to generate various different modes of
general PseAAC that have proven very useful in our previous studies. These include:
(1) Binary sequence profile feature (termed as BINARY), which refers to the encoding of amino
acid sequences using the 21-bit (20 amino acid types plus a 21-th gap-filling residue “X”) binary
encoding method, as previously described [37, 51]. For a local sliding window of 16 amino acids to
encode a potential cleavage site, the dimensions of this feature type are 21×16 = 336.
(2) Composition of k-spaced amino acid pair (CKSAAP) [54, 84-87], which was originally termed
as collocated amino acid pair encoding [84, 85, 88]. This encoding reflects the short-range
interactions of residues within the sequence surrounding potential cleavage sites [87].
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Taking k=0 as an example, there are 400 distinct types of 0-spaced amino acid pairs (i.e., AA, AC,
AD, …, YY.). Then, a feature vector can be defined as:
233 238 239
2;;
,
,
,…,
245467 245467 245467
245467

(2)
<==

The value of each descriptor denotes the composition of the corresponding amino acid pair in the
protein or peptide sequence. For example, if the amino acid pair AA appears n times in the
sequence, the composition of the amino acid pair AA is equal to n divided by the total number of 0spaced amino acid pairs (245467 ) in the local sliding window. We defined L to be the length of the
local sliding window of cleavage site. In this case, L=16, and the value of 245467 is L—(k+1). In this
study, the CKSAAP encoding was performed over k=0, 1, 2, 3, 4, and 5. Thus, the dimension of the
CKSAAP feature vector is 400×6=2400.

(3) K-nearest neighbor (KNN) features, which describe the cluster information of local sequences
for predicting potential sites [86, 89]. This feature type ranks the top K peptides by computing the
similarity scores between the query peptide and all peptides in both the positive and negative sets
[86]. The similarity score between two peptide sequences >$ and >& is defined as:
E

?@ABC =

?(>$,D , >&,D )

(3)

DF$

? G, H =

IJK?LM62 G, H , OP IJK?LM62 > 0
0,
OP(IJK?LM62) ≤ 0

(4)

where P is the peptide with n amino acids, i is the amino acid position in the sequence, and
IJK?LM62 G, H is the corresponding element value for amino acids a and b in the BLOSUM62
matrix. Then, the ratio of positive samples in the top K peptides will be calculated. In this study, we
set K=1%, 3%, 5%, 7%, and 9% of the total numbers of positive and negative samples.

(4) Amino acid composition (AAC), which is based on the calculation of the occurrence frequency
of each of the 20 amino acid types in a local window. The frequencies of all 20 natural amino acids
(i.e. “ACDEFGHIKLMNPQRSTVWY”) can be calculated as:
P G =

2(G)
, G ∈ {V, W, X, … , Y}
J

(5)

where 2(G) is the number of occurrences of amino acid a, while L is the local window length. The
dimension of the AAC feature vector is 20.
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Physicochemical property features
These include: (1) Charge/hydrophobicity ratio (termed as CHR) [87], which describes the
charge and hydrophobicity ratio of the sequences surrounding cleavage sites; (2) AAIndex features.
AAindex [90] is a database of amino acid indices and amino acid mutation matrices. In the current
version of the AAindex database (Version 9.2), a total of 566 amino acid indices can be retrieved.
Using the AAindex database, we extracted AAindex features that reflected the physicochemical
properties of the sequences surrounding potential cleavage sites.
Evolutionary features
These include: (1) Position-specific scoring matrix (PSSM) [91], which reflects the evolutionary
information of the amino acids surrounding the cleavage sites; (2) BLOSUM62. The BLOSUM62
matrix [92] is used to represent the sequence information surrounding a potential cleavage site,
which reflects the similarity of two sequence fragments.
Structural features
In addition to the above features, we also incorporated structural information predicted from protein
sequences, which include: (1) Protein secondary structures predicted by SABLE [53]; (2) Solvent
accessibility predicted by SABLE [53], and (3) Natively disordered region predicted by
DISOPRED2 [93].
Altogether, using a sliding window of 16 amino acids to encode and represent each potential
cleavage site, we generated a 4,562-dimensional feature vector based on the 11 types of features
described above. Accordingly, each candidate cleavage site was represented by a feature vector x
with 4,562 feature components {x1, ..., x4562}.
6.2.5. Feature selection
To improve the feature representation ability and identify a subset of optimal features that
contribute the most to the prediction of substrate cleavage sites, we employed a two-step feature
selection strategy which combined maximum relevance minimum redundancy (mRMR) [42] with
forward feature selection (FFS) as described in our previous work [30, 44, 45, 94].
In this two-step feature selection strategy, the first step is to characterize the relative
importance and contribution of each initial feature in the extracted feature set using the mRMR
algorithm, which is able to rank all the initial features according to both their relevance to the
response variables and the redundancy between the features themselves. Features that were assigned
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with higher ranking by mRMR were considered as having a better trade-off between their maximum
relevance and minimum redundancy. After the first step, we selected the top 100 features as the
optimal feature candidates (OFCs).
The second step is to apply the FFS method to sequentially select the most representative
subset of optimal features from the 100 OFCs identified above. FFS adds a feature each time
(usually starting with the feature that had the highest index assigned by mRMR, all the way to the
feature that had the lowest index) and reconstruct the SVM model by performing the five-fold
cross-validation test. As a consequence, FFS resulted in a feature subset that led to the best
predictive performance [measured by the area under the receiver operating characteristic (ROC)
curve, AUC] of SVM models. The feature subset that resulted was then recognized as the optimal
feature set. Finally, we obtained 38 protease-specific SVM models optimized by this two-feature
selection strategy based on the benchmark training substrate dataset for each protease.

6.2.6. Machine learning methods
SVM is an efficient machine learning algorithm suitable for solving binary classification,
multiple classification or regression problems. The version of SVM best suited to predicting
numeric outcomes is SVR. In this application, we used SVR to construct the prediction model to
estimate the cleavage probability of substrate cleavage sites for a given protease. Due to its
excellent generalization capabilities, SVR has recently been applied in a growing number of
applications in bioinformatics and computational biology, including cleavage site prediction [15,
29, 30], residue accessible surface area [95], protein B-factor [96, 97], half sphere exposure [98],
disulfide connectivity [99], residue depth [54], torsion angles [29], and protein expression level
prediction [100]. It demonstrates competitive performance compared with other machine learning
approaches, especially when dealing with real-valued prediction tasks.
The SVR classifier is able to find a linear discriminative function of the form
P [ = \ ] Φ [ + w=

(6)

where Φ is a basis function that maps the D-dimensional feature vector to a higher dimension. It is
noteworthy that although P [ is a linear function of Φ [ , it can itself be a nonlinear function of x,
which reflects an attractive advantage of using kernel methods [101]. SVR assumes that the best
discriminative function is the one that represents the largest separation or margin between the two
classes of samples.
For implementation of the SVR algorithm, we used the LibSVM software package [102] with
the regression mode. Five-fold cross-validation and independent tests were used to fully evaluate
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the model performance. The model parameters were optimized using the benchmark training
dataset, and the predictive performance of the SVR models for each protease was evaluated by
performing five-fold cross-validation using the benchmark dataset and independent tests using the
independent test dataset. In particular, for each major sequence encoding scheme, we trained a
corresponding SVR model. In addition, we have also concatenated all the initial features and
generated an all feature-based model (referred to as ALL-Fea). We also performed feature selection
experiments to identify a subset of optimal features for the cleavage site prediction of each protease,
and accordingly trained selected feature-based model (denoted mRMR-FS).
6.2.7. Performance evaluation
To quantitatively evaluate the performance of a model, a set of four metrics are usually used
in the literature. They include: (1) overall accuracy (Acc), (2) Mathew’s correlation coefficient
(MCC), (3) sensitivity (Sn), and (4) specificity (Sp), as given below (see, e.g., [103]):
TP
TP + FN
TN
Sp =
TN + FP
TP + TN
Acc =
TP + TN + FP + FN
TP×TN − FP×FN
MCC =
TP + FP TP + FN TN + FP TN + FN
Sn =

(7)
(8)
(9)
(10)

where TP, TN, FP, and FN denote the numbers of true positives, true negatives, false positives, and
false negatives, respectively.
However, the above four metrics copied from math books lack intuitiveness and are not easyto-understand for biologists. Particularly the MCC, which is a very important metric used for
describing the stability of a predictor. Further, based on the Chou’s symbols introduced in the study
of protein signal peptides [104, 105], a set of four intuitive metrics were derived [106, 107], which
are given below:
2no
2o
2on
Sp = 1 − n
2
Sn = 1 −

0 ≤ Sn ≤ 1
0 ≤ Sp ≤ 1

2no + 2on
Acc = Λ = 1 − o
2 + 2n
2o 2n
1 − no + on
2
2
MCC =
n
o
2 −2
2o − 2n
1+ o o n
1+ n n o
2
2
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(11)
(12)

0 ≤ Acc ≤ 1
−1 ≤ MCC ≤ 1

(13)
(14)

where 2 o represents the total number of positive samples being investigated, while 2no is the
number of positive samples incorrectly predicted to be negatives; 2 n denotes the total number of
negative samples being investigated, while 2on denotes the number of the negative samples
incorrectly predicted to be positives.
According to Eq. 11-14 we can easily see the following: When 2no = 0 the Sn = 1; while
when 2no = 2 o , we have Sn = 0. Likewise, when 2on = 0 then Sp = 1; while when 2on = 2 n ,
then Sp = 0. When 2no = 2on = 0, we have Acc = MCC = 1; while when 2no = 2 o and 2on = 2 n ,
then Acc = 1 and MCC = −1; when 2no = 2 o /2 and 2on = 2 n /2, then MCC = 0.
As we can see, based on the definition of Eq. 11-14, the meanings of Sn, Sp, Acc, and MCC
have become much more intuitive and easier to understand, as concurred in a series of recent
publications (see, e.g., [75, 77, 79, 81, 106, 108-113]). It is instructive to point out that the
performance metrics as defined in Eq. 7-10 or Eq. 11-14 are valid only for single label systems;
whereas for multi-label systems (see, e.g., [114-117]), a set of more complicated metrics should be
used as discussed in [118].
In addition, the value of AUC (Under ROC Curve) [119] was also used to quantitatively
measure the quality of the predictors in this package via the 5-fold cross-validations and
independent dataset tests.

6.3. Results and discussion
6.3.1. Performance evaluation based on different sequence encoding schemes
In this section, we investigate the predictive performance of SVR models using different
sequence encoding schemes and their combinations for cleavage site prediction of multiple
proteases, by performing five-fold cross-validation. The compared sequence encoding schemes
include “BINARY”, “PSSM,” “BLOSUM,” “KNN,” “CKSAAP,” and “AAIndex.” In addition, we
also compared the performance of SVR models that were trained using all the initial features
(referred to as “ALL-Fea”) and optimal selected features (termed “mRMR-FS”) after the two-step
mRMR-FS feature selection. The ROC curves of these SVR models for cleavage site prediction of
eight proteases [caspase-3, -6, -7, -8, MMP-2, -3, granzyme-B (human), and granzyme-B (mouse)]
on the five-fold cross-validation are shown in Figure 6.2.
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Figure 6.2. ROC curves of iProt-Sub models trained using different encoding schemes and
their combinations for cleavage site prediction of eight proteases on the five-fold cross168

validation test.

6.3.2. Performance evaluation based on different sequence encoding schemes
To better understand informative features surrounding a cleavage site that may define
protease-specific substrate cleavage, we examined the flanking sequences of protease-specific
substrate cleavages with the pLogo program [123], a probabilistic approach to identifying the
presence and visualization of sequence motifs. The generated sequence logo diagrams for caspase3, -7, -6, -8, MMP-2, MMP-3, granzyme B (human), and granzyme B (mouse) are shown in Figure
6.3. To perform the sequence logo analysis, we examined the P8–P8′ sites according to the
Schechter-Berger nomenclature [124]). The sequence logo graphical representations for the other
studied proteases can be found in the Supplementary Information.
Indeed, the sequence logos in Figure 6.3 show that there exist conserved sequence motifs or
distinctive sequence patterns surrounding protease-specific substrate cleavage sites that may
potentially be used to differentiate between different proteases. Notably, it can be seen that a
predominant characteristic of substrate cleavage sites of caspases (caspase-3, -6, -7, and -8) is the
requirement of Asp residue at the P1 position [125]. For certain caspases (e.g. caspase-3 and -7),
there is also a lesser selectivity for Asp residue at the P4 position, thereby constituting the canonical
DXXD motif [125]. A commonality of the cleavage selectivity of granzyme B, compared to that of
caspases, is that they primarily recognize and cleave after the Asp at the P1 position as well. Upon a
closer look, we can see that there exist subtle differences in the substrate cleavage selectivity
between granzyme B (human) and granzyme B (mouse) [126]. Apparently, granzyme B (mouse)
has a more complicated preference favoring a number of residue types across different positions
surrounding the cleavage sites, including Val, Pro, and Gly at the P1 position, Ser at the P1′
position, and Gly at the P2′ position, respectively, while granzyme B (human) has much less
selectivity at these positions.
However, different from caspases, matrix metallopeptidases (e.g., MMP-2 and MMP-3) have
distinctive substrate specificities (Figure 6.3). Specifically, Gly was significantly over-represented
at the P7, P4, P2, P1, P3′, and P6′ positions surrounding the cleavage sites (P < 0.05, Figure 6.3).
Due to the intriguing selectivity of multiple residue types across different positions, it is much more
difficult to clearly define distinctive sequence motifs for the MMPs. These results highlight the
importance and need to improve the substrate cleavage site prediction by developing more accurate
machine learning-based predictors, especially for proteases for which canonical sequence motifbased methods fail to perform well.
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Figure 6.3. Sequence logo representations of experimentally verified cleavage sites (P8

P8

)

of eight proteases caspase-3, -6, -7, -8, MMP-2, 3, granzyme-B (human), and granzyme-B
(mouse). Sequence logos were generated using pLogo and scaled to the height of the largest column
within the sequence visualization. The red horizontal lines denote the threshold of P = 0.05.

6.3.3. Feature contribution analysis
We employed a two-step feature selection strategy by combining the mRMR algorithm [36]
with forward feature selection to characterize a subset of optimal features that contributed the most
to the the prediction of substrate cleavage sites of each protease. Figure 6.4 shows the performance
change (in terms of the AUC value) of the trained SVR models by gradually adding the selected
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features in a step-wise manner. As can be seen, all the feature selection curves started with quickly
increasing the AUC value and then settled into the plateau after reaching their maximum at the
peak, while in some cases, adding more features will lead to a drop in the AUC value (Figure 6.4).

Figure 6.4. The feature selection curve in stepwise feature selection describes the performance
change (in terms of AUC) as a function of the number of gradually increased OFCs.

Because 11 different types of features were originally extracted and used for training the
models, it is of particular interest to characterize their relative importance and contribution to
cleavage site prediction performance. In the “ALL-Fea” sequence encoding scheme that encoded all
the initial features, 11 different types of features were included. After the two-step feature selection
based on mRMR and FFS, seven types of features remained in the final optimal feature subset of
cleavage site prediction for eight proteases. To evaluate the contribution of these seven different
feature types to the classification performance for individual proteases, the performance difference
can be measured using the AUC value when a particular feature type is removed from the classifier.
This measure thus represents the additional value of such feature type in cleavage site prediction,
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accounting for both interaction and compensatory effects between features [127]. Here, we define
this measure as the “contribution percentage” for a feature type by calculating the percentage of
AUC decrease relative to other feature types after removing the feature from the classifier.

Figure 6.5. Importance of different feature types to the improvement of cleavage site
prediction performance for eight proteases. The height of each bar for a feature type represents
the proportional ‘contribution percentage’ that represents the AUC value of the feature selection
model for one protease, and the uniformed AUC drop rate for each type of feature is represented
with different colors. The AUC drop rate was obtained by comparing with the feature selection
model after removing this feature from the input.

From Figure 6.5, we can see that the three most important types of features are KNN features
with a contribution percentage ranging from 6.67% (for caspase-8) to 98.55% (for caspase-7), AAC
features with a contribution percentage ranging from 1.45% (for caspase-7) to 54.54% (for caspase6), and BINARY features with a contribution percentage ranging from 1.45% (for caspase-7) to
54.54% (for caspase-6). Among these three feature types, KNN features appear to be essential and
thus most important for the predictive performance, as it was included in the feature sets of all
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proteases under investigation. In addition, the feature importance also varies depending on the
protease, for example, KNN features made an exclusive contribution to caspase-7 cleavage site
prediction, but only made a moderate contribution to caspase-3 cleavage site prediction, secondary
to BINARY and PSSM features. This is also the case for AAC features, which made a predominant
contribution to caspase-8 cleavage site prediction (with a contribution percentage of 91.79%), but a
marginal contribution to granzyme B (human and mouse) (with contribution percentages of 11.89%
and 13.86%, respectively) cleavage site predictions, and completely dropped out of the final optimal
feature subsets in the case of caspase-3 and -7 (Figure 6.5).
6.3.4. Performance comparison between iProt-Sub and other general prediction tools
In this section, we performed an independent test and compared the performance of iProt-Sub
with three state-of-the-art general prediction tools that can be used to predict the substrate cleavage
sites for multiple proteases: PoPS [33], SitePrediction [34], and Cascleave [15]. As a number of
other tools were developed for specific proteases per se, they were not included in this comparative
analysis. In addition, as the compared tools utilize different training data and algorithms to develop
their respective prediction rules/models, the predictive capability of these tools differs from each
other. Thus, to avoid any potential bias, for a protease, we only compared with tools that could
provide valid prediction results after submitting the sequences of the independent test dataset to
each of the online web servers. As a result, the ROC curves and calculated AUC values of cleavage
site prediction for caspase-3, -6, -7, -8, MMP-2, MMP-3, granzyme B (human), and granzyme B
(mouse) are shown in Figure 6.6.
It is of particular interest to compare the performance of iProt-Sub with Cascleave, which also
utilizes the SVR algorithm and sequence-derived features (such as BINARY, predicted secondary
structure, and native disorder information) to train the prediction models. The online web server of
Cascleave provides three model options: Cascleave-BEAA, Cascleave-BEAA+BPBAA, and
Cascleave-BEAA+BPBAA+BPBDISO, which were trained using three different sequence encoding
schemes [15]. PoPS is one of the most popular bioinformatics tools for modeling and predicting
substrate specificity. It creates a simple matrix-based specificity model with different weights for
amino acid residues at different positions, built from experimental data or expert knowledge and
available to the user [33]. The specificity model can be used to score, predict, and rank likely
cleavage sites within a given substrate sequence for the designated protease of interest.
SitePrediction is also a general prediction tool for predicting cleavage sites in candidate substrates.
In order to make an accurate prediction, SitePrediction also considers other additional features that
describe the environment of potential cleavage sites (including solvent accessibility, secondary
structure, and sequence similarity to the known cleavage sites) in conjunction with the amino acid
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frequency scores [34]. Both PoPS and SitePrediction are regarded as statistical scoring functionbased tools, while Cascleave and iProt-Sub are considered as machine learning-based tools.
As can be seen from Figure 6.6, iProt-Sub achieved the overall best predictive performance
compared with the other three tools PoPS, SitePrediction, and Cascleave (with three models) for six
proteases [including caspase-3, 6, MMP-2, MMP-3, granzyme B (human) and granzyme B
(mouse)], with the only exception of caspase-7 and -8, for which iProt-Sub performed the second
best, with an AUC of 0.989 and 0.990, respectively, in contrast to the best-performing tool
Cascleave, which achieved an AUC of 0.994 and 0.997, respectively. For those proteases that iProtSub achieved the best performance, its performance gains over the other compared tools are
apparent, which is particularly the case for MMP-2, MMP-3, granzyme B (human), and granzyme B
(mouse) (Figure 6.6).
In addition, we note that although the strategy incorporating additional features generally
improved the cleavage site prediction performance for some proteases [e.g. caspase-7, MMP-3,
granzyme B (human),] in combination with feature selection, it decreased the performance for other
proteases [e.g. caspase-3, -6, -8, and granzyme B (mouse)]. This can be observed by comparing the
ROC curves and AUC values between the iProt-Sub models and iProt-Sub-ALL-Fea models in
Figure 6.6. The underlying reason for this outcome is not entirely clear, but might be associated
with the size of the cleavage site datasets and the presence of other confounding factors that
influence the cleavage outcome.
Overall, the results of the independent test indicate that by integrating heterogeneous
informative features selected by an effective two-step feature selection strategy coupled with the
SVR algorithm, iProt-Sub is able to provide a competitive predictive performance of substrate
cleavage site prediction when compared with three existing prediction tools.
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Figure 6.6. Performance comparison between iProt-Sub and other existing methods for
cleavage site prediction for different proteases based on the independent test datasets,
evaluated using ROC curves.
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6.3.5. The implementation of iProt-Sub web server
In order to facilitate high-throughput prediction and analyses of novel protease-specific
substrates and cleavage sites, we have implemented an online web server of iProt-Sub for the wider
research community to use. The web server was designed with a user-friendly interface and modern
data visualization functionality and is freely available at http://iProt-Sub.erc.monash.edu/. It was
implemented using Java Server Pages running Tomcat7 and configured in the Linux environment
on a 16-core server machine with 50 GB memory and a 4 TB hard disk. In order to submit a
prediction job, the server requires protein amino acid sequences (the submission of up to 50
sequences is permitted simultaneously) in FASTA format as the input. Users are also required to
provide their email addresses in order to receive a notification email that contains a link to the
prediction output webpage after the submitted job is completed. For a protein sequence with 500
amino acid residues, the prediction task will generally take approximately 3 min to calculate the
features and return the final prediction results. A step-by-step guideline of how to use the iProt-Sub
web server can be found at http://iProt-Sub.erc.monash.edu.au/help.html.
Figure 6.7 provides an example output of the web server. As can be seen, there are two main
sections of the prediction output involving graphical visualization output (Figure 6.7A) and ranking
output (Figure 6.7B) of the predicted cleavage sites in a protease family-specific manner. In terms
of the graphical output, all the predicted cleavage sites are indicated by vertical lines with different
colors (different colors indicate a different protease family, such as aspartic, cysteine, metallo, and
serine). When hovering the mouse cursor over each differentially colored vertical line, a window
pops up displaying detailed information associated with the predicted cleavage site/outcome,
including the P4–P4′ sequence segment, cleavage site P1 position, and the estimated sizes of N- and
C-fragment cleavage products (Figure 6.7A). This graphical visualization function can greatly
facilitate the quick identification of the predicted cleavage site(s) of interest by scanning from the
N-terminus to C-terminus and visually comparing the cleavage profiling within the same substrate
sequence across different proteases. The ranking output provides a tab-style view of the predicted
cleavage sites according to the protease family (Figure 6.7B). Each tab contains the residue
position of the predicted cleavage P1 site, the sequence ID, P4–P4′ sequence segment (with the
predicted cleavage site indicated by “|”), the estimated N- and C-fragment sizes, and the cleavage
probability score.
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Figure 6.7. Example output of the iProt-Sub web server.
Features used by the web server for predicting cleavage sites include 11 previously mentioned
feature encoding schemes, such as BINARY, AAC, PSSM, AAIndex, BLOSUM, CHR, CKSAAP,
SS, SA, DISO, and KNN. Based on the functionalities mentioned above, iProt-Sub offers important
advantages over existing prediction servers in its ability to identify potential substrates and achieves
a greater coverage and accuracy than previous predictors. To our knowledge, iProt-Sub is the most
comprehensive server that is capable of predicting substrate cleavage sites of multiple proteases
within a single substrate sequence using machine learning techniques. It is anticipated to be a

177

valuable tool for cost-effective in silico identification of novel protease-specific substrates and
cleavage sites.

6.3.6. Proteome-wide prediction and Gene Ontology enrichment analysis of protease-specific
substrates at the proteome level
We applied the developed iProt-Sub tool to scan the human proteome (149,730 proteins) with
a high stringency at the 100% specificity level in an effort to provide an overview of the substrate
repertoire of several important proteases and gain insights into the significantly enriched Gene
Ontology (GO) [128] terms and biological pathways of these “computational” substrates at the
entire human proteome level. Seven protease-specific models [caspase-3, -6, -7, -8, MMP-2, -3, and
granzyme B (human)] were used to conduct the human proteome-wide scan, and more than 20,200
reviewed human protein sequences downloaded from the UniProt database were involved in this
analysis. Note that in order to generate highly accurate mapping, we applied the prediction models
that were trained using the final optimal features based on the complete training datasets to perform
the proteome-wide substrate scanning. The statistics for the predicted substrate proteins and
cleavage sites are shown in Table 6.3. A complete list of the predicted substrates for each protease
and their corresponding substrate cleavage sites is available from the iProt-Sub website.

Table 6.3. Statistical summary of the predicted substrates and cleavage sites with the 100%
specificity at the proteome scale.
MEROPS ID

Protease Name

Number of predicted
substrates

Number of predicted
cleavage sites

C14.003

Caspase-3

10645

26929

C14.004

Caspase-7

12288

34355

C14.005

Caspase-6

5936

10156

C14.009

Caspase-8

18532

152609

M10.003

MMP-2

9805

22985

M01.005

MMP-3

402

425

S01.010

Granzyme B (human-type)

13995

47092

Based on the proteome-wide scanning results, we further conducted an enrichment analysis
using the DAVID online server [129], including GO analysis and KEGG pathway analysis. The top
five significantly over-represented biological process (BP), cellular component (CC), and molecular
function (MF) terms, and KEGG pathways of the predicted substrate proteins for caspase-3,
caspase-6, MMP-2, and MMP-3 at the proteome scale are highlighted in Figure 6.8 and Figure 6.9,
respectively. The sectorial area for a GO term represents the number of proteins with this term
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while the different colors of the sectorial area indicate the statistical significance of the enrichment
for the corresponding GO term. In general, substrate proteins targeted by different protease families
tend to be associated with different GO terms, but substrate proteins within the same family share
similar GO terms. For example, both caspase-3 and caspase-6 substrates were found to be enriched
with the GO BP terms “Cell adhesion” and “Biological adhesion” and with the GO MF terms “ATP
binding” and “adenyl ribonucleotide binding.” Similar tendencies can also be observed between the
MMP-2 and MMP-3 substrates. With regards to the CC terms, many of the predicted substrates
were found to be located in different components, including “Nuclear lumen,” “Intracellular
organelle lumen,” “Organelle lumen,” and “Cytoskeleton,” where many apoptotic morphological
changes and cellular signaling activities often occur [130].

Figure 6.8. Functional enrichment analysis of the predicted substrates for caspase-3, -6,
MMP-2, and -3 at the proteome scale, according to the biological process, cellular component,
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and molecular function classifications of Gene Ontology (GO) terms. The statistical enrichment
analyses of GO terms for predicted substrates were performed with the hypergeometric distribution.
In terms of pathway enrichment analysis, we observed that caspase and MMP substrates were
highly enriched in several KEGG pathways that involve “Focal adhesion,” “ECM-receptor
interaction,” different types of signaling pathways, and “Pathways in cancer” (Figure 6.9),
highlighting the functional roles of these protease–substrate interactions in cancer-related biological
processes. In addition, there also exist specific signaling pathways and cancer-related pathways that
were specifically enriched for caspase-3 substrates (small cell lung cancer), caspase-6 substrates
(hypertrophic cardiomyopathy), MMP-3 substrates (both small and non-small cell lung cancer), and
MMP-6 substrates (endometrial cancer and chronic myeloid leukemia). These results highlight the
functional roles of these protease–substrate interactions in cancer-related biological processes [1, 4,
5].
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Figure 6.9. The KEGG pathway enrichment analysis of the predicted substrates for caspase-3,
-6, MMP-2, and -3 at the human proteome scale. The statistical enrichment analyses of Gene
Ontology terms for predicted substrates were performed with the hypergeometric distribution.
6.3.7. Case study

Figure 6.10. Full-length sequence scanning of calpastatin by iProt-Sub for caspase-3 (above)
and MMP-2 cleavage sites (below). The horizontal axis denotes the amino acid residue position,
while the vertical axis denotes the cleavage probability score generated by iProt-Sub. A higher
threshold value of 0.95 is applied to identify the high-confidence cleavage site predictions, denoted
by the dashed line. P4–P4′ sites surrounding the predicted cleavage P1 position are given.
To illustrate the predictive power of iProt-Sub, we performed a case study where the targeted
cleavage of the protein calpastatin by caspase-3 [131] and MMP-2 [132] was examined in detail.
Calpastatin (UniProt ID: P20810) is an endogenous calpain (calcium-dependent cysteine protease)
inhibitor, which is encoded by the CAST gene in humans. It consists of an N-terminal domain and
four repetitive calpain-inhibitory domains (Inhibitory Domains 1–4). It has been suggested that
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calpastatin is involved in the control of proteolysis of amyloid precursor protein and also in muscle
protein degradation in living tissue [133].
Applying iProt-Sub to perform the substrate sequence scanning to calpastatin, we correctly
identified all the three experimentally verified cleavage sites for caspase-3 [131]: ALDD|LIDT,
DAID|ALSS, and LSSD|FTGG (Figure 6.10). In terms of MMP-2 cleavage sites, we also identified
an additional cleavage site for MMP-2: SVAG|ITAI [132]. Note that all these experimentally
verified cleavage sites were on the top-ranking list of hits according to the predicted probability
score generated by iProt-Sub, and all were above the threshold of 0.95. Moreover, iProt-Sub-based
substrate sequence scanning also led to the prediction of several other high-confidence novel
potential cleavage sites for both caspase-3 and MMP-2 (Figure 6.10). These predicted cleavage
sites may represent novel sites targeted for cleavage under different conditions, and require followup experimental validation and hypothesis-driven studies. All the results above highlight the
usefulness and value of using iProt-Sub as an in silico tool for identifying novel putative cleavage
targets and unraveling the protease–substrate interaction relationship.

6.3.8 Limitations and future work
Despite the strong performance of our developed computational approach for predicting the
substrate cleavage sites of multiple proteases, it has the following limitations:
The first limitation is that iProt-Sub is a machine learning-based approach and as such, its
predictive power derives from the machine learning models that are trained based on different forms
of sequence encoding schemes. The performance of machine learning-based models primarily
depends on the effective representation of such feature encoding schemes. Accordingly, it remains a
significant challenge in the future to identify further useful encoding schemes. There is much
promise in this respect from the availability of some recently developed powerful toolkits and web
servers for extracting a wide range of features, including Pse-Analysis [78], Bio-Seq Analysis [76],
Pse-in-One [82], repDNA [72], and iFeature [134]. These toolkits could enable us to consider a
much greater combination of different types of feature encoding schemes and explore the possibility
of evolving iProt-Sub to a more robust framework while preserving or enhancing its model
accuracy.
The second limitation is that the cleavage site prediction performance of iProt-Sub varies
greatly between proteases. Its accuracy is matrix metalloproteases, including MMP-2 and MMP-3.
The current study and several previous studies [29, 52, 135] confirmed the prediction of cleavage
sites for these proteases to be an especially challenging problem and highlighted the need to
develop specialized methods for improved MMP cleavage site prediction.
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The third limitation is that most of the substrate cleavage sites used for training the prediction
models of iProt-Sub were identified by high-throughput mass spectrometry methods, which might
introduce a potential bias in terms of representing the global proteolytic events and hence might
impact on the predictive performance of the trained models [136]. Therefore, when sufficient
heterogeneous cleavage site datasets identified by other different experimental approaches are
available in the future, it will be important to characterize their potential influence on the predictive
performance of cleavage sites.
The fourth limitation is that iProt-Sub only used the support vector regression algorithm to
build the probabilistic cleavage site prediction models. In the future work, we plan to consider using
other advanced machine learning techniques such as deep learning (DL) which can model highlevel abstraction in the data [137], using significantly enlarged benchmark datasets (the next
MEROPS release) to evaluate the performance of the DL models against other popular machine
learning classifiers.

6.4. Conclusion
We have developed the iProt-Sub tool and constructed protease-specific prediction models for
38 proteases. iProt-Sub substantially upgrades the PROSPER web server, includes a user-friendly
interface and provides users with easy-to-understand data visualization techniques to better serve
the wider research community. We have conducted a comprehensive set of experiments to
benchmark the performance of different sequence encoding schemes and compare the models with
other previously proposed state-of-the-art methods. Our experimental evaluations indicate that the
proposed iProt-Sub method outperforms those previously developed methods. iProt-Sub’s improved
performance can be attributed to several important aspects. First, we have compiled a
comprehensive experimentally verified cleavage site dataset in this work. Second, protease-specific
models have been constructed, optimized and validated to achieve a better performance than other
available tools using the powerful SVR algorithm coupled with a two-step feature selection
procedure. Third, iProt-Sub allows high-throughput prediction of potential substrate cleavage sites
for follow-up experimental validation and hypothesis-driven functional studies. A unique feature of
iProt-Sub is that, unlike previously developed tools that require users to designate the protease of
interest to make the prediction, iProt-Sub for a given substrate sequence will identify which, if any,
of its 38 proteases will cleave that substrate. This unique feature makes iProt-Sub an attractive tool
for proteomic research, especially in cases where there is insufficient knowledge about the
protease(s) responsible for such cleavage to occur. We expect that iProt-Sub will be used as a
valuable and powerful tool by the protease community and can deliver vital functional clues
regarding the protease–substrate interactivity relationship in a cost-effective manner.
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Chapter 7 Summary and future challenges
7.1. Summary
A brief summary of the results and conclusions is provided below.
(1) Using protein functional site identification as the testing paradigm, this thesis assesses realworld biological questions to demonstrate the ability of machine learning techniques to give
insight into the structural and functional roles of four types of functional residues and advance our
understanding of the protein sequence–structure–function relationships.
(2) This thesis presents computational algorithms and tools that combine heterogeneous features
with effective machine learning techniques. Through empirical benchmarking experiments, it
shows that machine learning methods could obtain high predictive accuracy. It also quantifies to
what extent heterogeneous features derived at various levels (i.e. protein sequence, structure,
network and functional levels) of the data samples can contribute to the performance of machine
learning-based models.
(3) This thesis presents an ensemble of data-driven models and implements four
webservers/software tools (MetalExplorer, PhosphoPredict, PROSPERous and PREvaIL), which
are specifically designed and dedicated to the prediction of four types of functional sites (metalbinding, phosphorylation, proteolytic cleavage and catalytic sites), as automated publicly available
tools for cost-effective and high-throughput functional site prediction.

7.2. Impact and original contributions to knowledge
7.2.1. Impact
Proteins are ubiquitous in the cell and are the building blocks of living organisms. They
differ in shapes and sizes and perform thousands of different functions that are crucial for life.
Automated prediction of functional residues that directly participate in a protein’s function is the
key to our understanding of the protein molecules and the molecular-level mechanisms of human
diseases.
From the societal impact perspective, the contribution of this thesis is implementation and
provision of data-driven automated computational methods that can be used to predict, identify

and understand these functional residues, thereby contributing to improving our understanding of
the properties and roles of such residues.
From the discipline perspective, this thesis contributes to our knowledge discovery in the
fields of structural bioinformatics, computational biology and protein science, through the
development and deployment of a suite of bioinformatics webservers and standalone software
tools.
From the theoretical perspective, this thesis proposes a variety of different feature
engineering, feature extraction and selection strategies that are specifically customised for the
prediction of different types of functional residues, thereby optimizing the predictive performance
of the trained classifiers and expanding the portfolios of such theoretical frameworks.
From the technical perspective, this thesis presents computational algorithms and tools that
utilise heterogeneous features through effective machine learning techniques. Empirical
benchmarking experiments show that these methods can deliver accurate predictions. The thesis
also quantifies to what extent heterogeneous features derived at various levels (i.e. protein
sequence, structure, network and functional levels) of the data samples can contribute to the
performance of machine learning-based models.
From the application perspective, this thesis significantly extends the bioinformatics
portfolio for multiple different types of protein functional sites and facilitates automated, highthroughput identification of these functionally important residues, thereby contributing to both
basic and translational research programs. The developed program, online webservers and
frameworks described in this thesis are useful and widely applicable for facilitating accurate
prediction and annotation of functionally uncharacterised proteins.

7.2.2. Original contributions to knowledge
This thesis approaches four problems all presented as protein feature prediction problems.
They involve the determination and characterization of binding of proteins to metal ions, protein
phosphorylation by nominated kinases, protein catalytic residues, and protease target substrates
and cleavage sites.
The specific contributions of this thesis are described below:
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Developed a computational framework to identify eight different types of metal-binding residues
Metalloproteins are highly involved in many biological processes, such as catalysis,
recognition, transport, transcription, and signal transduction. The metal ions they bind usually play
key roles in mediating these diverse functional roles. Thus, the systematic analysis and prediction
of metal-binding sites using sequence and/or structural information are crucial for understanding
their sequence-structure-function relationships.
A major contribution of my PhD work to the research field is to develop a generic
computational framework for recognition of metal-binding residues from protein sequence or
structural data. In this work, I show that it is possible to develop accurate approaches to
simultaneously predict eight different types of metal-binding residues by modelling the sequencestructure-function relationships using machine learning algorithms. I developed a new approach,
named MetalExplorer, by combining the random forest algorithm to address the prediction task of
eight different types of metal-binding sites (Ca, Co, Cu, Fe, Ni, Mg, Mn, and Zn) in protein
structures. MetalExplorer combines heterogeneous sequence-, structure-, and residue contact
network-based features and further employs a two-step feature selection approach based on the
maximum relevance minimum redundancy and forward feature selection to identify the most
informative features that contribute to the prediction performance. The development of this
generic tool enables researchers to conduct accurate prediction of potential metal-binding sites and
it will significantly facilitate the functional analysis and rational design of novel metalloproteins.

Developed a computational algorithm for cost-effective prediction analysis of kinase-specific
protein phosphorylation for 12 human kinases and kinase families
PTMs play crucial roles in regulating the biology of the cell. These modifications are
relevant because they can potentially change a protein's physical or chemical properties, activity,
localization, or stability. Reversible PTMs include phosphorylation, glycosylation, ubiquitination
and acetylation. It has been suggested that the incongruity between the complexity of vertebrate
organisms and the size of their genomes is compensated for by the large number of PTMs
available. The primary task of PTM studies is to determine the complete repertoire of their target
substrates through experimental techniques, such as mass spectrometry-based approaches and
computational methods. A second key contribution of my PhD thesis is to develop a novel
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bioinformatics approach (termed PhosphoPredict) that considers both local sequence features and
global protein functional features, for in silico identification of kinase-specific substrates of
phosphorylation, which is the largest and most important PTM type. The PhosphoPredict approach
takes into account both ‘positive’ phosphorylated substrates and the vast number of ‘background’
proteins to improve the prediction performance of kinase-specific phosphorylation sites. In
addition, the importance of the most relevant and important features that contribute the most to the
prediction performance of our approach is quantified using our designed feature selection
techniques designed for this purpose. In particular, we have also implemented a Java program
which provides users a convenient, long sought-after option of performing high-throughput
screening of potential kinase substrates by running the analysis on a local computer. We have also
applied PhosphoPredict to screen the entire human proteome and generate a comprehensive list of
high-confidence potential kinase substrates that have not been previously identified. These results,
together with the implemented Java tool, serve as a rich knowledge base for biologists to further
elucidate the mechanisms of phosphorylation and facilitate hypothesis-driven experimental design
and validation.

Developed an integrative approach for inferring catalytic residues using sequence, structural, and
network features in a machine-learning framework
Understanding which are the catalytic residues of an enzyme is critical for our understanding
of the relationship between protein sequence, structure and function, and enhancing our ability to
design novel enzymes and their inhibitors. While many enzymes have been sequenced and their
primary and even tertiary structures are well determined, experimental methods for functional
characterization of the enzymes are lagging behind. In this context, as experimental methods for
identifying catalytic residues are resource- and labor-intensive, computational approaches have
considerable value and are highly desirable, which complement experimental efforts in identifying
catalytic residues and helping to bridge the sequence-structure-function gap.
We developed a new computational method, called PREvaIL, for predicting enzyme
catalytic residues. This method is developed by leveraging a comprehensive set of informative
features extracted from multi-levels, including sequence, structure and residue-contact network in
a random forest machine learning framework. Extensive benchmarking experiments on eight
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different datasets based on 10-fold cross-validation and independent tests, and the side-by-side
performance comparisons with seven modern sequence- and structure-based methods show that
PREvaIL achieves competitive predictive performance, with an area under the receiver operating
characteristic curve (AUC) and area under the Precision-Recall curve (AURPC) ranging from
0.896 to 0.973, and from 0.294 to 0.523, respectively. We demonstrate that this method is able to
capture useful signals that arise from different levels and leveraging such differential but useful
types of features allows us to significantly improve the accuracy of catalytic residue prediction.
This new method will be utilized as a valuable tool for both understanding the complex sequencestructure-function relationships of proteins and facilitating the characterization of novel enzymes
without functional annotations.

Developed computational methods and tools that can be of immediate use by researchers in
protease systems biology
A fundamental yet unresolved question in protease biology is to identify the complete
repertoire of protease substrates. Substrate determination has long been a hypothesis-driven
process and validation of putative substrates usually requires expensive, time-consuming, and
tedious hands-on laboratory work. In this context, in silico substrate prediction approaches can
provide important insights into the substrate specificity of the studied proteases and greatly
facilitate the discovery of novel putative substrates. A third key contribution of my PhD thesis is
the development of machine learning-based bioinformatic approaches and tools to solve the
challenging problem of protease “substrate identification” in the protease biology field.
This PhD thesis has proposed two computational algorithms, called iProt-Sub and
PROSPERous. iProt-Sub is a machine learning based tool that can be used to predict potential
protease-specific substrate cleavage targets and cleavage sites using the support vector regression
algorithm, while PROSPERous is based on a two-layer logistic regression model by combining
multiple scoring functions to predict substrate cleavage sites, and thus can be seen as a useful
complementary tool to the former three other machine learning based tools. iProt-Sub and
PROSPERous are expected to be used as a powerful bioinformatics tool by the international
protease community.
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Ultimately, this PhD thesis contributes in two broad ways:
1. Exploration (development and evaluation) of statistical techniques (including feature
selection and machine learning) for protein feature prediction. Here the prediction problem inflicts
realistic constraints that are appropriate to investigate statistical techniques, but it does not do so
uniquely; the conclusions around methodology are therefore far-reaching.
2. Prediction of biologically useful information to assist specifically in the annotation of
biological sequence and structure. Here the details of the approach are not central as the main aim
is to accurately assign labels to biological observations; while the present work does investigate
the accuracy in terms of data sets, it does not present accurate predictions in terms of what they
mean to biological discovery.
As with much work in bioinformatics, this study straddles the difficult balance between
evaluation of methodology and biological discovery. It does this by focusing on mostly technical
issues that are of high importance in the bioinformatics field while pursuing biological goals that
are timely and of significance; as part of solving the aforementioned problems, the thesis chooses
and explores a range of non-trivial methods and convincingly demonstrates their power and
accuracy. Technical aspects of the taken approaches are clear and convincing, and leave no doubt
as to the sound application of statistics and computational theory.
The second contribution is less obvious and spreads over several different biological
motives, questions and applications; the key questions that motivate the development of prediction
methods are articulated only in abstract terms but deserve to be spelled out more clearly.
Moreover, with the availability of such powerful methods developed, it should be possible to
identify specific cases where they can be used productively to hypothesize biological relationships
that are then validated by reference to actual experimentation. From this perspective, the work
described in this thesis will potentially open up many potential opportunities for interested
experimental scientists to generate, refine and validate their hypotheses.

7.3. Limitations and further research
7.3.1. Limitations
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Despite the obvious improvements and competitive performance of our developed
approaches for predicting various types of protein functional sites, there are certain limitations of
our work in this thesis. The first limitation relates to the variety of sequence, structural and other
types of features. To extract useful feature types for inferring the specific type of functional
residues primarily relies on expert knowledge and also on trial-and-error experiments in real
applications. The performance of machine learning-based models depends on such feature
encoding schemes. Thus, it remains a significant challenge in the future to develop novel feature
engineering methods in order to improve the feature encodings.
The second limitation is that the accuracy for certain types of functional residues needs to be
further improved. This is particularly the case for predicting phosphorylation sites of the MAPKs
families. Also, target cleavage sites of specific proteases (such as matrix metalloproteases) were
substantially lower than other proteases (such as caspases and granzyme B) that have wellcharacterized substrate specificity.
The third limitation is the reliance on identifying and representing of ‘true negatives’ for
training the classification models, i.e. residues that really do not have any functional roles under
any given conditions. In real application settings, it is very difficult to clearly identify those ‘true
negatives’.
The fourth limitation is that machine learning models trained using partial and incomplete
datasets may be biased, and thus users of such models need to exercise caution when interpreting
and using the results for the inference of functional residues and follow-up experimental design.

7.3.2. Future challenges
Accordingly, future improvements in the performance of predictive methods may be derived
in several ways. The first is to integrate informative sequence and structural features of functional
residues with other functional contextual information of the protein, based on advanced feature
selection and engineering techniques. There have been recent studies showing that integrating
functional context information (such as cellular pathways where a protein is localised and executes
its function, as well as protein-protein interaction information that can better define its interacting
partners) improves the PTM site prediction prediction (Li et al., 2011; Patrick et al., 2015; Patrick
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et al., 2016; Patrick et al., 2017). Hence, future advances in the prediction of protein functional
residues will likely be further improved by the integration of additional types of data that
comprehensively describe protein sequence, structure, evolution, and cellular context.
The second option is to exploit ensemble learning approaches, which provide a more robust
framework for many data integration tasks (Shen and Chou, 2006; Asur et al., 2007; Chakrabarti
and Panchenko, 2009; Yanover et al., 2009). This approach uses multiple diverse and independent
basic machine learning algorithms, and combines their original predictions to make a final, more
reliable consensus prediction.
The third method is to improve the representation of true “negatives”, which is important in
order to resolve the open question of how to efficiently reduce false positives, which are often high
where there is a highly unbalanced dataset (fewer sparse positive samples against many negative
samples). On the other hand, the presence of “false negatives” could further confound the analysis,
as in some cases those false negatives can actually turn out to have a functional role when the
physiological conditions change, meaning that they are actually unidentified or unannotated
positives.
The fourth option is to consider using more advanced machine learning techniques, such as
deep learning (DL) algorithms, which can model high-level abstraction in the data (LeCun et al.,
2015), which might be able to improve the predictive performance of protein functional residues.
In addition, application of deep learning techniques often does not require the explicit extraction
and representation of biological features. The DL models can be trained by ‘self-learning’ on the
raw data, without the need for feature extraction, representation and encoding.
Finally, with greater availability of protein functional annotation data, it is becoming feasible to
build high-quality datasets that will allow further development and evaluation of computational
methods in order to improve the prediction performance of protein functional residues in the
future.
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Appendix 1. Bioinformatics glossary
We refer to the EMBLog (http://emblog.embl.de/ells/glossary/emblog-bioinformatics-glossary/),
the Protein Data Bank (http://www.rcsb.org/pdb/static.do?p=help/glossary.html), Wikipedia
(https://www.wikipedia.org),

and

Glossary

of

Genomics

(http://www.panstanford.com/pdf/9789814267540index.pdf)

for

and

Bioinformatics

providing

this
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bioinformatics glossary.
AAindex:
The amino acid index database.
Accession number:
A unique, shorthand and stable identifier given to individual entries in databases. It allows you to
track different versions of that record over time and also to jump between information in different
databases related to the same entity.
Alignment:
The result produced by the comparison of two or more gene or protein sequences in order to
determine their degree of base or amino acid similarity.
Active site:
The region of a protein that binds substrates and that is involved in chemical reactions. Generally
an active site contains very specific amino acids that participate in the binding.
Alanine (ala, A):
An amino acid with a non-polar sidechain. Alanine is weakly hydrophobic.
Alpha carbon:
The carbon in an amino acid to which the side chain is attached.
Alpha helix:
A secondary structural motif of a protein. It is characterized by hydrogen bonds between the
carbonyl group (-C=O) of one amino acid and the amino (N-H) group of the amino acid 4 residoes
below it along the helix. The helix makes one complete turn every 3.6 amino acids.
Amino acid:

Any of the subunit building blocks, containing both an acidic and amino group, that are covalently
linked to form proteins. Proteins are built from twenty naturally occurring amino acids.
Amino acid motif:
See motif
Annotation:
The process of attaching additional information about a data entry, for example a gene sequence or
protein sequence. Annotations can be structural (for example, identifying a protein coding region)
or functional (for example adding biological information about the function of a protein).
Annotation can also refer to the whole entry (an entire protein) or a particular feature (a protein
domain). Annotation can be performed automatically or manually by curators.
Angstrom:
A unit of length equal to 10-10 meters. It is commonly used to measure atomic dimensions.
Arginine (arg, R):
Amino acid with a charged basic side chain containing an amino group.
Artificial intelligence (AI):
Artificial intelligence (AI) is an area of computer science that emphasizes the creation of
intelligent machines that work and react like humans. AI is also commonly referred to as machine
intelligence (MI), is intelligence demonstrated and achieved by machines, in contrast to the natural
intelligence (NI) displayed by humans and other animals. Some of the activities computers with
artificial intelligence are designed for include learning, planning, prediction, problem solving, and
speech recognition.
Asparagine (asn, N):
Amino acid with an uncharged, polar side chain containing an amide group.
Aspartic acid (asp, D):
Amino acid with a charged acidic side chain containing a carboxyl group. The ionised form is
known as aspartate.
Beta sheet:
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A secondary structural motif of a protein. It is characterized by 2 or more amino acid chains lying
side-by-side where hydrogen bonds are formed between carbonyl groups (C=O) of one chain and
amino groups (N-H) of the adjacent chain. This arrangement forms a sheet-like structure.
Bioinformatics:
The science of managing and analyzing biological data using advanced computing techniques.
BLAST:
The Basic Local Alignment Search Tool (BLAST) is kind of a ‘Google’ search for finding regions
of similarity in nucleotide or amino acid sequence. A BLAST search enables you to compare a
query sequence with a library or database of sequences, identifying sequences in the database that
resemble the query sequence.
Chain:
A linear biopolymer such as a polypeptide (protein) or polynucleotide (DNA and RNA). Chains in
the PDB are assigned chain IDs, such as A, B, C.
Cell:
The basic unit of any living organism that carries on the biochemical processes of life.
Computational biology:
The development and application of analytical methods, mathematical modeling and
computational simulation to the analysis of biological data and study of biological systems.
Conserved sequence:
A base sequence in a DNA molecule (or an amino acid sequence in a protein) that has remained
essentially unchanged throughout evolution.
Covalent bond:
A bond that exists between two atoms if they share electrons between them. One pair of electrons
forms a single bond, whereas two pairs form a double bond.
Cysteine (cys, C):
Amino acid with an uncharged, polar side chain containing an sulfhydryl group. Cysteine can form
covalent disulfide links within protein structures.
Diffraction (X-ray):
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When a macromolecular crystal is irradiated with an X-ray beam, the electrons surrounding each
atom in the molecule bend, or diffract, the X-ray beam. As the beam exits the crystal, the scattered
X-rays produce spots, or a diffraction pattern, on a photographic film or detector.
Dihedral angle:
The spatial relationship of four atoms (A, B, C, D) that are not necessarily sequentially connected
that is defined by the angle between the plane containing atoms A, B, and C and the plane
containing atoms B, C, and D.
Disordered regions (NMR):
In NMR spectroscopy, disordered regions of molecules result in high variability between the
models of the ensemble. Atom positions in these regions are very uncertain.
Disordered regions (X-ray):
In X-ray crystallography, disordered regions of molecules appear as weak regions of electron
density and as regions with high temperature factors. Atom positions in these regions are very
uncertain.
DNA:
DNA or deoxyribonucleic acid is the molecule that encodes genetic information necessary for all
cellular functions. DNA is composed of the sugar deoxyribose, phosphate groups, and the bases
adenine (A), thymine (T), guanine (G), and cytosine (C). The DNA molecule is normally a double
helix in which the two strands are bound through complementarity of the bases. Cs from one
strand hydrogen bind to Gs of the other strand and vice versa. Similarly, As and Ts hydrogen bind
to each other.
Domain:
A distinct area in a protein of specific tertiary structure that folds independently and possesses its
own function.
Enzyme:
A macromolecule that is capable of catalyzing, or speeding up, specific biochemical reactions
without being permanently altered or consumed. The term enzyme usually refers to proteins, but
some RNA molecules can also function as enzymes.
Enzyme classification:
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A hierarchical classification of enzymes grouped according to function.
Eukaryote:
Cell or organism with membrane-bound, structurally discrete nucleus and other well-developed
subcellular compartments. Eukaryotes include all organisms except viruses, bacteria, and
bluegreen algae.
Evolutionarily conserved sequence:
A base sequence in a DNA molecule (or an amino acid sequence in a protein) that has remained
essentially unchanged throughout evolution.
FASTA:
The FASTA format is a text-based format to display and store nucleic acid sequences (DNA and
RNA) and amino acid sequences (protein). Each sequence starts with a single line containing a
greater-than sign (>) and a descriptive header (this is the name of the sequence). The name of the
sequence is added without introducing a space. FASTA information may be stored in .fas, .seq or
.txt files, the two latter ones of which can be opened and edited using a basic text editor (e.g.
Windows NotePad or Mac TextEdit).
Functional genomics:
The study of genes, their resulting proteins, and the role played by the proteins in the body's
biochemical processes.
GenBank:
The NIH sequence database that contains an annotated collection of all publicly available DNA
sequences. Each entry includes a description of the sequence, information on the source organism,
protein translation for coding regions, and bibliographic references.
Gene:
A segment of DNA that encodes a specific protein or a protein subunit.
Gene expression:
The process by which a gene's coded information is translated into proteins.
Gene family:
Group of closely related genes that make similar products.
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Gene ontology:
A controlled vocabulary of terms relating to molecular function, biological process, or cellular
components developed by the Gene Ontology Consortium. A controlled vocabulary allows
scientists to use consistent terminology when describing the roles of genes and proteins in cells.
Gene product:
The biochemical material, either RNA or protein, resulting from expression of a gene. The amount
of gene product is used to measure how active a gene is; abnormal amounts can be correlated with
disease-causing alleles.
Genetic code:
The set of triplet letters in DNA (or mRNA) that encode specific amino acids.
Genetics:
The scientific study of heredity.
Genome:
The total of all genetic material of an organism, i.e. an organism’s complete set of DNA.
Genotype:
All of the genes possessed by a particular individual.
Glutamic acid (glu, E):
Amino acid with a charged acidic side chain containing a carboxyl group. The ionised form is
known as glutamate.
Glutamine (gln, Q):
Amino acid with an uncharged, polar side chain containing an amide group.
Glycine (gly, G):
Amino acid with no side chain. Glycine is weakly hydrophobic. Glycine is often located at bends
or folds in proteins.
Glycosylation:
The addition of carbohydrate groups to particular residues on a protein.
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Highly conserved sequence:
DNA sequence that is very similar across several different types of organisms.
High-throughput sequencing:
A fast method of determining the order of bases in DNA.
Histidine (his, H):
Amino acid with an uncharged, polar side chain that contains a heterocyclic aromatic group.
Homologue:
Biological units (e.g., genes or proteins) are homologues if their feature of interest (e.g., sequence,
structure, or function) is identical or very similar and they originate from the same ancestral
biological unit (common ancestor). Homologues can either be paralogues or orthologues.
Homology:
Similarity in DNA or protein sequences between individuals of the same species or among
different species.
Hydrophilic:
"Water loving". Functional groups, amino acids, molecules, or domains that prefer to be in an
aqueous environment are termed hydrophilic. Hydrophilic groups tend to make favorable
intereactions with water, usually through hydrogen bonds.
Hydrophobic:
"Water hating". Functional groups, amino acids, molecules, or domains that prefer to be in a nonaqueous (lipid) environment because they cannot make favorable interactions with water.
Isoleucine (ile, I):
An amino acid with a nonpolar, hydrophobic sidechain.
Leucine (leu, L):
An amino acid with a nonpolar, hydrophobic sidechain.
Ligand:
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A molecule that binds specifically to another molecule (usually a protein or nucleic acid) to form a
complex. A ligand can be another protein, but is often a small molecule.
Localize:
Determination of the original position (locus) of a gene or other marker on a chromosome.
Lysine (lys, K):
Amino acid with a charged basic side chain containing an amino group.
Macromolecule:
A large molecule, frequently made up of smaller subunits. Usually refers to nucleic acids, proteins,
carbohydrates and lipids.
Machine learning (ML):
A field of computer science that uses statistical learning techniques to empower computer systems
the ability to “learn”, e.g., to progressive improve the performance on a specific task, with the
data, and without being explicitly programmed.
Methionine (met, M):
Amino acid with a sulphur-containing, nonpolar, hydrophobic side chain.
Modeling:
The use of statistical analysis, mathematical equations, computer simulation.
Mutation:
Any heritable change in DNA sequence. See also: polymorphism
Pairwise alignment:
Alignment of two biological sequences (nucleic acid or protein) for the purpose of comparing
these sequences.
Peptide:
A molecule composed of two or more amino acids linked by peptide bonds. Long peptides are
generally referred to as polypeptides or proteins.
Peptide bond:
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A covalent bond linking two amino acids between their carboxyl (COOH) and amino (NH2)
groups. Also known as amide bonds. Such linkages form peptides and proteins.
Phenylalanine (phe, F):
An amino acid with a large nonpolar sidechain. Phenylalanine is hydrophobic and is often found
burried within protein structures.
Phi:
The torsion angle of the alpha carbon-nitrogen bond of each amino acid.
Phosphate:
A chemical group composed of one phosphorous atom bound to four oxygen atoms. It can be
transferred to proteins and other biological molecules for short-term energy storage, or else for
regulatory or structural purposes.
Phenotype:
The physical characteristics of an organism or the presence of a disease that may or may not be
genetic.
Phosphorylation:
The covalent attachment of a phosphoryl (PO3-) ion onto a hydroxyl group of an amino-acid
within a protein, or on a sugar. Phosphorylation is a critical step in many biochemical processes
such as enzyme activity control. Phosphorylation is performed by enzymes that are referred to as
kinases.
Polymorphism:
Difference in DNA sequence among individuals that may underlie differences in health. Genetic
variations occurring in more than 1% of a population would be considered useful polymorphisms
for genetic linkage analysis. See also: mutation
Polypeptide:
A protein or part of a protein made of a chain of amino acids joined by a peptide bond.
Post-translational modification:
Alterations made to a protein after its synthesis, such as the addition of phosphate groups,
carbohydrate or fatty acid chains. These modifications may be critical for protein function.
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Primary structure:
The linear sequence of amino acids in a protein.
Proline (pro, P):
An amino acid with a nonpolar cyclic sidechain. Proline is weakly hydrophobic.
Prokaryote:
Cell or organism lacking a membrane-bound, structurally discrete nucleus and other subcellular
compartments. Bacteria are examples of prokaryotes. See also: chromosome, eukaryote
Protein:
A large molecule composed of one or more chains of amino acids in a specific order; the order is
determined by the base sequence of nucleotides in the gene that codes for the protein. Proteins are
required for the structure, function, and regulation of the body's cells, tissues, and organs; and each
protein has unique functions. Examples are hormones, enzymes, and antibodies.
Protein BLAST:
Protein Basic Local Alignment Search Tool is a tool which searches protein databases using a
protein query. It identifies regions of local similarity between protein sequences and can thus be
used to find the identity of unknown proteins in the database.
Protein Data Bank (PDB):
The single repository of experimentally determined structures of proteins, nucleic acids and
complex biomolecular assemblies as mangaged by the Worldwide Protein Data Bank. PDB can
also refer to a particular file format for describing structures.
Protein families:
Sets of proteins with related structure, function, or sequence.
Proteolysis:
In general, the degradation of proteins carried out by specific enzymes. With respect to the posttranslational modification of proteins, proteolysis involves the removal of the initiator methionine
or of signal sequences.
Proteome:
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Proteins expressed by a cell or organ at a particular time and under specific conditions.
Proteomics:
The study of the full set of proteins encoded by a genome.
Quaternary structure:
The arrangement of multiple tertiary structure domains or subunits into higher order spacial
arrangements.
Secondary structure:
The arrangement a protein arising from hydrogen bonding interactions within contiguous segments
of the polypeptide backbone. The two main types of secondary structure are the alpha helix and
the beta-pleated sheet.
Sequence alignment:
The result of a linear comparison between two or more gene or protein sequences in order to
determine their degree of nucleic or amino acid similarity.
Sequencing technology:
The instrumentation and procedures used to determine the order of nucleotides in DNA.
Serine (ser, S):
Amino acid with an uncharged, polar side chain containing a hydroxyl group.
Side chain:
The variable group in an amino acid that is attached to the alpha carbon.
Single nucleotide polymorphism (SNP):
DNA sequence variations that occur when a single nucleotide (A, T, C, or G) in the genome
sequence is altered.
Solvent accessibility:
The surface area of a biomolecule that is exposed to solvent in its native, folded state. Helps to
identify which amino acids are on the surface of a folded molecule and are therefore available to
interact with other molecules.
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Structural biology:
A field of study that focuses on the determination of the three-dimensional structures of
biomolecules in order to better understand their function.
Structural genomics:
A field of study dedicated to determining a large number of protein structures based on gene
sequences. The goal is to be able to generate approximate structural models of any protein based
on its nucleic acid sequence, and thereby infer its biological function.
Structural parameters:
Refers to the bond lengths, bond angles, and conformational angles in a model.
Structure prediction:
The use of algorithms to predict the secondary, tertiary and sometimes even quarternary structure
of proteins from their sequences. Since the folded tertiary structure of a protein governs how it
functions, being able to predict a protein's structure from its sequence is useful for infering its
biological function.
Structure-based drug design:
A methodology for designing new drugs that uses the three-dimensional structure of a target
molecule.
Substrate:
A molecule that binds to an enzyme and is subsequently chemically modified or cleaved.
Substitution:
In genetics, a type of mutation due to replacement of one nucleotide in a DNA sequence by
another nucleotide or replacement of one amino acid in a protein by another amino acid. See also:
mutation
Systems biology:
A field that seeks to study the relationships and interactions between various parts of a biological
system (metabolic pathways, organelles, cells, and organisms) and to integrate this information to
understand how biological systems function.
Temperature factor:
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A measure of how much the position of an atom deviates from that given in the atomic
coordinates. This deviation is due to thermal motion and crystal imperfections. Temperature
factors are also termed B-factors.
Tertiary structure:
The arrangement of the secondary structure elements of a protein arising from interactions of the
side chains including the formation of disulfide bonds between cysteine residues as well as noncovalent forces.
Threonine (thr, T):
Amino acid with an uncharged, polar side chain containing a hydroxyl group.
Torsion angle:
see dihedral angle
Transcription:
The process of copying (by RNA polymerase) genetic information from the DNA by the synthesis
of a complementary single strand of mRNA.
Tryptophan (trp, W):
Amino acid with an uncharged, polar side chain that contains a heterocyclic aromatic group.
Tyrosine (tyr, Y):
Amino acid with an uncharged, polar side chain containing an aromatic phenolic group.
UniProt:
A catalogue of protein information, including protein sequences and functions.
Valine (val, V):
An amino acid with a nonpolar, hydrophobic sidechain.
van der Waals forces:
Weak interactions, including hydrogen bonds, occurring between atoms and molecules whey they
are in close proximity.
X-ray crystallography:
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A method of determining the arrangement of atoms within a crystal, in which a beam of X-rays
strikes a crystal and causes the beam to spread in many specific directions. From the angles and
intensities of these diffracted beams, a crystallographer can produce a three-dimensional picture of
the density of electrons within the crystal. From this electron density, the positions of the atoms in
the crystal can be determined, as well as their chemical bonds. X-ray crystallography is used to
determine the atomic structure of many materials, such as salts, minerals and metals as well as
organic and biological molecules such as proteins and drugs.
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My first-authored publications included in this thesis are provided here as the Appendix.
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Abstract: Background: Metalloproteins are highly involved in many biological processes, including
catalysis, recognition, transport, transcription, and signal transduction. The metal ions they bind usually
play enzymatic or structural roles in mediating these diverse functional roles. Thus, the systematic
analysis and prediction of metal-binding sites using sequence and/or structural information are crucial
for understanding their sequence-structure-function relationships.
Objective: The objective of this work is to develop a new computational algorithm for improved
prediction of major types of metal-binding sites.
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Method: We propose MetalExplorer (http://metalexplorer.erc.monash.edu.au/), a new machine
learning-based method for predicting eight different types of metal-binding sites (Ca, Co, Cu, Fe, Ni,
Mg, Mn, and Zn) in proteins. Our approach combines heterogeneous sequence-, structure-, and residue
contact network-based features in a random forest machine-learning framework.
Results: The predictive performance of MetalExplorer was tested by cross-validation and independent
tests using non-redundant datasets of known structures. This method applies a two-step feature selection
approach based on the maximum relevance minimum redundancy and forward feature selection to
identify the most informative features that contribute to the prediction performance. With a precision of
60%, MetalExplorer achieved high recall values, which ranged from 59% to 88% for the eight metal ion
types in fivefold cross-validation tests. Moreover, the common and type-specific features in the optimal
subsets of all metal ions were characterized in terms of their contributions to the overall performance.
Conclusion: In terms of both benchmark and independent datasets at the 60% precision control level,
MetalExplorer compared favorably with an existing metalloprotein prediction tool, SitePredict.
MetalExplorer is expected to be a powerful tool for the accurate prediction of potential metal-binding
sites and it should facilitate the functional analysis and rational design of novel metalloproteins.

Keywords: Metal-binding site prediction, random forest, feature selection, functional annotation, machine learning, sequence analysis.
1. INTRODUCTION
A large proportion of proteins are metalloproteins that bind
at least one metal ion as a cofactor to mediate their catalytic or
structural roles. It is estimated that approximately one-quarter
to one-third of all proteins require metals to perform their
functions in cells [1]. Metalloproteins have numerous critical
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roles, including catalytic, regulatory, transfer, recognition,
transducer, transcription and structural functions [2-4]. The
metals in metalloproteins are involved in a wide variety of
biological processes, e.g., participation in the recombination
and repair of DNA [5, 6], improvement of the stability of
functional RNA [7] and the regulation of gene transcription and
expression [8-10]. Thus, the accurate prediction of metalbinding sites is important to facilitate a better understanding of
sequence-structure-function relationships, which can serve as a
useful reference and improve functional annotation, structural
determination, and rational design of metalloproteins to
enhance their functional properties.
A number of computational methods have been
developed for predicting metal-binding sites in proteins. One
group of these approaches is based only on the primary
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sequences of the target proteins. These methods are
especially useful when structural information is not available
for the protein of interest. In earlier research, Andreini et al.
developed a sequence comparison method for identifying
metal-binding residues [11]. Lin et al. used a series of
sequence-derived features for predicting the metal binding
residues based on a neural network [12]. Passerini et al.
proposed a new sequence-based approach that combined a
support vector machine (SVM) and a neural network [13],
achieving 73% precision at 61% recall for CH residues [13].
MetalDetector employs a decision tree to classify the CH
residues in proteins into two states (free or metal-bound) and
achieves 79.9% precision at 76.8% recall and 60.8%
precision at 40.7% recall for Cys and His, respectively [14].
In another study, Shu et al. combined SVM- and homologybased predictors to identify zinc-binding Cys, His, Glu, and
Asp (CHED) residues in proteins [15], achieving a
performance of 75% precision at the 50% recall level when
tested using a nonredundant Protein Data Bank (PDB) [16]
dataset. Andreini et al. developed an algorithm that used the
sequence profiles of known metal-binding domains in
protein sequences to predict the metalloproteome [17].
Passerini et al. described an approach for predicting the
transition metal-binding Cys and His residues from the
sequences alone in novel folds [18]. More recently, Chen et
al. proposed a new sequence-based method for predicting
zinc-binding sites, which achieved 0.851 and 0.747 of
AURPC and MCC, respectively [19].
With the development of high-throughput experimental
techniques, high-quality structures of target proteins have
become increasingly available. The predictive performance is
expected to be improved by using the three-dimensional (3D)
structures of target proteins. Thus, another group of approaches
has been developed by exploring the knowledge of 3D
structures. Barker and Thornton introduced Jess, a fast and
flexible method that uses the structural templates of known
metal-binding sites to search for novel sites in other proteins
[20]. MetSite uses neural networks to predict the metal-binding
sites in low-resolution structural models [21]. Schymkowitz et
al. employed the Fold-X force field to identify binding sites
and the binding affinities of different metal ions [22]. Goyal
and Mande [23] developed a method based on 3D-structural
motifs to search the putative metal-binding sites in PDB. Babor
et al. developed a method using a series of properties to
identify the transition metal-binding residues based on apo
structures [24]. The FEATURE method applies a novel
concentric shells theory based on a Bayesian classifier to make
predictions using the physicochemical properties of the six
concentric shells around the sites of interest [25, 26]. The
SitePredict method was developed based on a Random Forest
(RF) classifier to predict the metal-binding residues, which
combined various properties of the residue clusters, including
the evolutionary conservation score, residue propensity, and
nearby residue pair counts [27]. FINDSITE-metal was
developed to predict metal-binding residues in weakly
homologous proteins using distantly related templates [28].
Although a number of computational methods have been
developed for the identification of metal-binding sites, the
datasets used to build models by most currently available
approaches are of relatively low quantity and quality. Moreover,
the predictive performance still has to be improved before these
methods can be effectively applied to large-scale proteomic
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analyses. In the present study, we present a novel approach
referred to as MetalExplorer, which yields improved metalbinding site prediction performance. This method can be used to
predict four major types of metal-binding residues in target
proteins, CHED, by integrating heterogeneous features from the
sequence, 3D structure, and residue contact networks. More
specifically, we employed a two-step feature selection procedure
combining the maximum relevance minimum redundancy
(mRMR) [29] and forward feature selection (FFS) [30] to
identify the most informative features relevant for the prediction
of eight types of metal-binding sites (Ca, Co, Cu, Fe, Ni, Mg,
Mn and Zn). Extensive benchmarking experiments based on
fivefold cross-validation and independent tests show that
MetalExplorer performed favorably compared with an existing
metalloprotein prediction tool, SitePredict. Our results indicate
that MetalExplorer can be used as a robust tool for the accurate
prediction of potential metal-binding sites in target proteins.
2. MATERIALS AND METHODS
2.1. Methodology Employed by MetalExplorer
The MetalExplorer methodology comprises four major
steps: dataset preparation, feature extraction, feature selection,
and performance evaluation (Fig. 1). In the first step, all of the
PDB files containing metal ions were downloaded from the
PDB database [16] and CHEDs that bound to Ca, Co, Cu, Fe,
Mg, Mn, Ni, and Zn were selected from these files. In the
second step, a variety of sequence-, structure-, and residue
contact network-based features were extracted. These features
described the properties of these CHEDs, which were encoded
into feature vectors to train the prediction models to estimate
the probability of binding with each metal ion type for the
residues in a protein. In the third step, a two-step feature
selection procedure based on mRMR and FFS was used to
characterize the most informative features to predict metalbinding sites. In the last step, a subset of the selected features
was used as the input features to train the classifiers to predict
metal-binding residues. A performance comparison was also
made between MetalExplorer and SitePredict using benchmark
and independent test datasets.

Fig. (1). Flowchart showing the methodology employed by the
MetalExplorer tool.
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2.2. Holo Dataset Preparation

2.3. Apo Dataset Preparation

In this study, nonredundant datasets of protein chains were
created for Ca, Co, Cu, Fe, Mg, Mn, Ni, and Zn, respectively. For
each of the metal ion datasets, holo protein chains that were solved
with a resolution better than 2.5 Å and that contained the
corresponding metal type were downloaded from PDB. Among
the extracted protein chains, homologous sequences with >30%
sequence identity were filtered further using the CD-HIT program
[31]. This procedure yielded high-quality nonredundant datasets
for all eight types of metal ions. The final holo protein structure
datasets contained 566, 87, 79, 237, 581, 226, 141, and 737 protein
chains for Ca, Co, Cu, Fe, Mg, Mn, Ni, and Zn, respectively.

We also compiled an apo protein structure dataset to
assess the performance of MetalExplorer when identifying
metal-binding sites in unbound structures. First, we searched
the PDB database to identify the apo protein structures that
did not contain the target metal ions, but that shared >95%
sequence identity with the corresponding holo structures.
Only non-homologous PDB structures that had a resolution
better than 2.5 Å and ӊ30% sequence identity were retained
in the apo structure dataset. Next, we identified the residues
in the apo structures that corresponded to the metal-binding
residues in the holo forms. Finally, this apo protein structure
dataset contained 111, 27, 19, 38, 151, 55, 38, and 99 protein
chains for Ca, Co, Cu, Fe, Mg, Mn, Ni, and Zn, respectively.
In this apo dataset, the positives versus negatives were also
sampled at a ratio of 1:6. The numbers of proteins and metalbinding residues in the curated holo structure dataset and apo
structure dataset are shown in Table 1.

In this study, CHED residues that bound to the metal ions
were regarded as positive samples, whereas the remaining
CHEDs were considered to be negative samples. A
benchmark dataset (used for feature selection and
performance evaluation by performing fivefold crossvalidation tests) and an independent dataset (used to evaluate
the performance of the trained models based on the
benchmark dataset) were generated with a negative to
positive ratio of 6:1 (residues in the same protein were
allocated to the same dataset) (Fig. 1).

Table 1.

2.4. Feature Extraction
In this study, a variety of features were derived from the
sequence level, structure level, and network microenviron-

Statistics for the metal-binding residues and proteins with holo and apo structures, according to the type of metal ion.
Holo Structures

Apo Structures

Metal Ions

Table 2.

Number of Proteins

Number of Residues

Number of Proteins

Number of Residues

Ca

566

1666

111

262

Co

87

273

27

70

Cu

79

299

19

46

Fe

237

807

38

122

Mg

581

1186

151

280

Mn

226

690

55

139

Ni

141

379

38

85

Zn

737

3174

99

363

List of the features used in this study, which were categorized into three major types: sequence-, structure-, and networkbased features.
Feature Type

Annotation

Sequence

PSSM [PSI-BLAST [32]]
DISOPRED score [33]
Protein aggregation properties [TANGO [34]]
Sequence length
CHED percentage of the protein chain
Conservation score
Residue type

Structure

Secondary structure [DSSP [35]]
Solvent accessibility [NACCESS [36]]
B-factor
Residue spatial cluster properties [27]
Solvent exposure [Biopython [37]]

Network

Graph theoretic network feature
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ments (Table 2), which were used in combination as the inputs
for RF-based classifiers. Collectively, all of these feature types
contributed to the prediction performance, as discussed in the
following sections.
Sequence features: (1) position-specific scoring matrices
(PSSMs) calculated by PSI-BLAST [32] using a default Evalue cutoff with three iterations; (2) intrinsic disorder
predicted by DISOPRED2 [33]; (3) protein aggregation
properties predicted by TANGO [34]; (4) sequence length;
(5) CHED residue percentage in the protein chain; (6)
residue type; (7) residue conservation score derived from the
PSSM, which is defined as:
20

Scorei   pi , j log 2 pi , j
j 1

where pi,j is the frequency of amino acid j at position i. This was
extracted from the PSSM generated by PSI-BLAST.
Structure features: (1) secondary structure features of
residues calculated by DSSP [35], hydrogen bonds, solvent
accessible surface areas (SASAs), and protein backbone
torsion angles (PHI and PSI angles); (2) absolute and relative
solvent accessibility of the side chain, main chain, non-polar,
and polar regions calculated by NACCESS [36]; (3) B-factor
derived from the PDB file; (4) residue cluster properties
[27], which describe the properties of the spatial cluster
formed by the centered residue and nine nearest residues,
i.e., nearby residue pair counts, number of nearby backbone
O atom pairs, residue propensity log P-values [27], and
median-relative SASA; (5) residue-wise solvent exposure
features that represent the array of local spatial environments
of the residue, i.e., the coordination number (CN), residue
depth (RD), atom depth of a residue’s Cα atom (RDa), the
number of Cβ atoms in the lower half-sphere (HSEBD), the
number of Cβ atoms in the upper half-sphere (HSEBU), the
number of Cα atoms in the upper half-sphere (HSEAU), and
the number of Cα atoms in the lower half-sphere (HSEAD)
[38]. These features were generated by the hsexpo program
in the Biopython package [37] using the PDB files.
Network features: the network properties of the residue were
derived based on the residue-residue contact representation of the
protein structure in the 3D space [39]. In the residue contact
network, two residues are defined as being in contact if the
spatial coordinate distance of the corresponding Cα atoms of
these two residues is within a cutoff distance threshold. In the
present study, residue-residue contact graphs of protein
structures were constructed using the spatial coordinates, with a
cutoff distance of 6.5 Å. The R igraph library [39] was used to
calculate the network features of the centered residue, including
the clustering coefficient, degree, density, eccentricity,
betweenness, closeness, and status.
A sliding window approach was used to extract all the
feature values of the positive and negative samples. The window
comprised 11 residues and the target residue was in the center
position. All the feature values were normalized as follows:
X norm 

1
1  e x

where x is the real value of the extracted feature and Xnorm is
the value after normalization.
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2.5. Two-Step Feature Selection
Heterogeneous features derived from multiple resources
might contain redundant information, so feature selection
techniques have become a necessity in many classification
tasks in bioinformatics to avoid overfitting, improve the
model performance, and gain a deeper insight into more
important features that contribute to the prediction [40]. In
the present study, we applied a two-step feature selection
approach to select the most informative features to predict
metal-binding sites (the initial feature sets used to predict
these eight metal ions were exactly the same, but the feature
selection and RF model training procedures for each metal
ion were executed independently and they did not interfere
with each other). In the first step of feature selection, we
used the mRMR algorithm [29] to estimate the relative
importance of each input feature. The basic concept of
mRMR is the ranking of each feature according to its
relevance to the target classification variable, as well as its
redundancy, as opposed to other input features. In general, a
highly ranked feature is considered to have a good balance
between the maximum relevance and minimum redundancy.
After this step, we obtained 80 top mRMR features as the
optimal feature candidates (OFCs).
The second step employed a FFS [30] based on a RF
classifier [41], which was used to select the most important
and informative features from the OFCs selected in the first
step. Specifically, a fivefold cross-validation was performed
to evaluate the predictive performance of the classifiers,
where the benchmark dataset was divided randomly into five
subsets. In the cross-validation tests, four subsets were
selected as the training set to train the RF model, whereas the
remaining subset was used as the testing set to validate the
trained model. Each subset was used once only as the testing
set to make predictions. Finally, we averaged the results for
these five subsets to calculate the performance with the
overall benchmark dataset.
In the first round of FFS, the highest ranked feature by
mRMR was retained in the initial feature set, while each
remaining feature of the OFCs was removed in return and
added to the retained feature set using the RF classifier
trained based on this feature set. A feature was added to the
feature set and it progressed to the next round if the resulting
RF classifier achieved a higher score (score=AUC2+
AURPC2, which is a trade-off between the area under the
receiver operating characteristic curve (AUC) and the area
under the recall precision curve (AURPC)) compared with
the previous model. Section 2.7 provides further discussion
of AUC and AURPC. This combined score was used to
estimate the performance of the RF model because it
balanced the two overall quality parameters AUC and
AURPC. We selected 80 OFCs, therefore this FFS procedure
was repeated for 79 rounds until the most important and
informative features for prediction had been selected
systematically.
2.6. RF-Based Classifier
We used a supervised machine learning approach RF to
build the models and predict the binding residues for each
metal ion. RF is an ensemble learning method based on
classification trees [41], which has many advantages
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compared with other machine learning methods, such as high
accuracy, speed, and resistance to overfitting, as well as the
ability to interpret decision rules, use heterogeneous features,
and estimate the contribution of feature variables to
predictive performance. RF has been applied previously to
the prediction of zinc- and metal-binding sites [27, 42].
RF is a collection of decision trees and predictions are
made based on the fraction of classification trees that "vote" for
one of the two classes (i.e., positive or negative). The metalbinding residue samples (positives) were labeled with 1,
whereas the non-metal-binding residues (negatives) were
labeled with -1. In this study, the heterogeneous features of the
target residues were represented by a series of feature vectors
and encoded as the inputs for the RF-based classifiers to
identify whether residue belonged to a particular metal-binding
type. A prediction threshold was applied to the RF to make the
predictions, i.e., if the fraction of the classification trees that
voted for the positives was higher than the threshold, then this
residue was predicted to be a metal-binding site, otherwise it
was considered to be a non-binding site.
2.7. Performance Evaluation
We used the precision (PRE), recall (REC), AUC, and
AURPC to evaluate the prediction performance of our method.
Given that the positive training samples were greatly
outnumbered by the negatives (on average, roughly 30 negatives
(non-binding residues) for each positive (binding residue) in the
datasets), it was not reasonable to use the accuracy (ACC)
measure (ACC represent the proportion of true prediction results
(true positives + true negatives) in the dataset) to estimate the
performance. Thus, we preferred to use overall quality measures,
i.e., AUC and AURPC, to comprehensively evaluate the
performance of the RF classifiers. In particular, AUC plots the
true positive (TP) rate against the false positive (FP) rate, whereas
AURPC is a plot of precision (PRE) against recall (REC). For
highly imbalanced datasets, AURPC may provide a better
reflection of the difference between various prediction methods.
Thus, it is considered to be a good supplement to the AUC
measure when there is a high skew in the class distribution [43].
PRE is defined as:
PRE = TP/(TP+FP)
REC is defined as:
REC = TP/(TP+FN)
FP rate (FPR) is defined as:
FPR = FP/(FP+TN)
TP rate (TPR) is defined as:
TPR = TP/(TP+FN)
where TP, TN, FP, and FN denote the numbers of true
positives, true negatives, false positives, and false negatives,
respectively.
3. RESULTS AND DISCUSSIONS
3.1. Two-Step Feature Selection Results
We performed two-step feature selection based on
mRMR and FFS to remove noisy and redundant features
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from the initial feature set, as described in the Methods
section. Thus, we successfully selected a condensed subset
of the most relevant and informative features that contributed
to the success of the RF-based classifiers, which could be
used to predict each type of metal-binding site. The
performance changes in the RF-based classifiers during the
course of feature selection were reflected by the respective
FFS curves for the eight metal ions, as shown in (Fig. S1).
There was a general trend where the height (the FFS score,
which is approximately proportional to the predictive
performance) of the feature selection curve for a metal ion
continued to increase until it reached its highest peak. The
results indicate that the predictive performances for all eight
metal ions were improved considerably after the FFS (the
performance of the model based on the complete set of OFCs
is indicated by the score in the 80th round, i.e., the rightmost
point on the curve). The final subset of optimal features
comprised the collective features that resulted in the best
predictive performance. We then trained the model with the
optimal feature subset that achieved the highest FFS score
for each metal ion. Tables S1–S8 (Supplementary Material)
show the mRMR scores of the final selected optimal features
for all eight metal ion types. Overall, this two-step feature
selection procedure based on a combination of mRMR-based
feature importance ranking and FFS is a practical method for
selecting a subset of optimal features, which significantly
improve the predictive performance for metal-binding sites.
After the two-step feature selection procedure, we
selected the optimal subsets of features for the eight metal
ions and analyzed their distributions in terms of the type and
number of features according to three major types: sequence,
structure, and network (Table S9). Eleven feature types were
selected in the optimal feature sets after feature selection,
i.e., residue type, secondary structure assignment, network,
residue cluster properties, conservation score, solvent
exposure, CHED percentage, PSSM, solvent accessible
surface area, disorder, and B_factor. The Supplementary
Material provides further details of these features. The
number of PSSM features appeared to be larger than that of
any other feature type. However, the numbers of CHED
percentage, disorder, and B_factor features were very small,
and their fractions were also extremely low. The remaining
features were present in the optimal subsets for all eight
metal ions.
Apparently, some common features were selected in all
eight optimal feature subsets for the metal ions. In particular,
five types of features were present in the final optimal
feature subsets for all eight metal ions, including the DSSPcalculated secondary structural features, residue contact
network features, residue cluster properties, solvent exposure
features, and PSSM features.
3.2. Feature Importance and Contribution to the
Prediction Performance
To investigate the effects of these common optimal
features on the prediction performance, we performed further
cross-validation tests (with same folds and parameter
settings) using the same training datasets with and without
these features as inputs for the models. In this procedure,
each of the six common optimal feature types (residue
cluster properties, DSSP, solvent exposure, SASA, residue-
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residue contact network, and PSSM) was omitted in turn,
whereas the remaining five common optimal features were
used to train the model. A feature type was considered to
have made a significant contribution if the corresponding
performance (AUC and AURPC) of the resulting model was
decreased significantly compared with that of the model
trained using all of the common features. The differences in
performance with and without a common feature type are
shown in Table S10.

if more CHs were present in the spatial cluster of the
centered residue. A similar trend was also reported in a
previous study where a protein chain was considered more
likely to bind Zn ions if it had a higher percentage of CHs
[42]. However, the residue cluster features provide more
reliable structural-based information than that obtained from
the whole protein chain, which can yield a more accurate
description of the microenvironments of the central residues
and the contact between these residues in the cluster.

As expected, we obtained generally higher performances
with the common features than without them. This applied to
all eight different types of metal ions. However, the models
trained using only the common optimal features achieved
lower but comparable performance compared with the allfeature models. For example, the models for the Zn ion using
these two feature subsets, i.e., all optimal features versus
common optimal features, achieved AUC scores of 0.883
and 0.860, and AURPC scores of 0.678 and 0.652,
respectively. For the Ni ion, the performance of the model
decreased considerably when we only used the common
optimal features to train the model compared with the model
produced using all optimal features, i.e., AUC decreased
from 0.855 to 0.790, and AURPC decreased from 0.650 to
0.484.

A novel aspect of our method is the inclusion of residueresidue contact network features in the trained models. The
network microenvironments of the central residues used in
the present study included the clustering coefficient, degree,
density, eccentricity, betweenness, closeness, and status.
These are the most commonly used network parameters that
provide quantitative descriptors of the complex network
[42]. This feature type has been shown to further improve the
prediction performance when used in combination with other
important features. Removal of these features from the
model led to a considerable decrease in performance (except
for the residue cluster properties and PSSM features) (Table
S10). For example, the corresponding AUC and AURPC
scores for the Ca ion decreased from 0.824 and 0.533 to
0.775 and 0.460, respectively.

Our findings agree with several previously reported
observations regarding the importance of these features. For
example, structural features such as secondary structures and
solvent accessibility have been shown to be important for
predicting metal-binding sites [21]. In addition, PSSM
features have been suggested to be sufficient for
discrimination between metal-binding and non-metal binding
residues in previous studies [13]. In particular, the PSSM
features generated by PSI-BLAST [32] search using the
FASTA-formatted sequence file of the protein chain
represent the probability of each residue appearing at
different positions in the multiple sequence alignment,
thereby containing the evolutionary information of the query
protein. Compared with the results obtained using the
common features, the predictive performance was reduced
dramatically using the remaining five features when we
removed the PSSM features, where the performance
measures (AUC and AURPC) for the eight metal ions used
in the evaluation had the top three reductions in Table S10
(Fe: AUC decreased from 0.946 to 0.900 and AURPC from
0.797 to 0.578; Mn: AUC decreased from 0.872 to 0.853 and
AURPC from 0.657 to 0.539).

Another important aspect of our method is the use of
multiple residue solvent exposure features to represent an
array of local spatial environments of the residue, including
the CN, HSEBD, RD, HSEBU, HSEAU, HSEAD, and RDa.
Overall, these exposure features provide a comprehensive
description of the solvent exposure status of a residue in the
protein structure. Thus, the inclusion of these features also
helps to improve the prediction performance. Removal of
these features from the final optimal feature subsets resulted
in decreases in the AUC and AURPC scores from 0.949 and
0.803 to 0.937 and 0.771 for the Fe ion, respectively.

Residue cluster properties are other important features
that affect the model’s performance. They mainly describe
the properties of the residue cluster formed by the central
residue and its nearest nine residues in space, including the
percentage of CHED and the number of residue pairs in the
10-residues cluster. These features were proposed in a
previous study [27]. Table S10 shows that the residue spatial
cluster features made an important contribution to the
prediction performance. Removal of this feature type led to a
considerable reduction in the predictive performance, which
was reflected by the significant performance degradation in
14/16 performance measures (with the exception of AURPC
for Co and Fe) when these features were excluded from the
model training process. The analysis indicated that the
central residues were more likely to be predicted as positive

By contrast, the exposure features only had partial effects
on the prediction of four metal ions (Co, Fe, Mg, and Mn).
When we removed the DSSP feature, only the AURPC score
for the Zn ion declined significantly, whereas the remaining
measures did not change greatly. Removal of the SASA
feature had only a limited impact on the AUC score for the
Co ion. Based on these data, the overall secondary structure
assignment, solvent exposure, and SASA features were less
use than the PSSM, residue cluster, and residue-residue
contact network features, although it is difficult to
demonstrate the importance of the interactions between these
features based only on the results. The absence of one feature
was unlikely to have an obvious impact on the result, but
there were significant improvements when it was combined
with other features.
3.3. Performance Comparison with Other Methods
Numerous computational approaches have been developped for accurately identifying metal-binding sites [18, 27,
28], but we could not compare our method directly with
some predictors because of the unavailability of their web
servers or local tools [17, 23]. In addition, several existing
methods could not be used to predict the exact residues that
bind with metal ions [12, 18], which made it difficult for us
to determine the correspondences between the metal ions
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and AURPC measures to facilitate a more comprehensive
comparison.

using different methods. In addition, the binding residues
were examined only under stringent conditions by some
prediction tools [28] and we could only obtain a small
fraction of the predictive performance when our dataset was
submitted to these tools.

SitePredict is a structure-based tool that uses RF
classifiers to identify potential metal-binding sites (for six
metal ion types: Ca, Cu, Fe, Mg, Mn, and Zn) in proteins.
The RF classifiers used by SitePredict were trained with
diverse residue properties, which comprised the spatial
clustering of residue types and the evolutionary conservation
around the metal-binding sites. We fixed the PRE value at
0.600 to facilitate a comparison between the two methods.

Because of these reasons, we evaluated the metal-binding
site prediction performance of MetalExplorer by comparing
it with another structure-based tool, SitePredict [27], using
both the benchmark and independent test datasets. We
calculated the PRE, REC, AURPC, and AUC measures to
evaluate the prediction performance of both methods for the
six metal ions. In addition, we plotted the ROC and the RPC
curves for the two methods (Fig. S2 and S3 in the
Supplementary Material) using the “ROCR” package [44].
AUPRC is an excellent complement to AUC, particularly for
highly imbalanced datasets. Thus, we used both the AUC

The performance comparison results based on the
fivefold cross-validation benchmark datasets are provided in
Table 3. Compared with SitePredict, MetalExplorer achieved
larger REC values at the fixed PRE value of 0.600 for all six
types of metal ions (SitePredict could not predict the other
two types of metal ions, Co and Ni). REC (also referred to as

Fig. (2). Case studies of metal-binding residue prediction using MetalExplorer. Correctly predicted metal-binding residues are denoted as
blue, whereas residues that MetalExplorer failed to predict are shown in red. (A) Predicted Fe-binding sites in the apo and holo structures of
human homogentisate dioxygenase [PDB ID: 1EYB and 1EY2; Uniprot ID: Q93099]. (B) Predicted Mn-binding sites in the apo and holo
structures of the archael XPF/Mus 81 homolog [PDB ID: 1J23 and 1J25; Uniprot ID: Q8TZH8].
Table 3.

Comparison of the metal-binding residue prediction performance using MetalExplorer and SitePredict using a fivefold
cross-validation test.
Method

Performance

Ca

Co

Cu

Fe

Ni

Mg

Mn

Zn

AUC

0.825

0.867

0.927

0.951

0.855

0.862

0.886

0.887

AURPC

0.536

0.631

0.778

0.805

0.650

0.645

0.684

0.673

REC

0.603

0.639

0.814

0.877

0.590

0.589

0.679

0.622

PRE

0.600

0.600

0.600

0.600

0.600

0.600

0.600

0.600

MetalExplorer

AUC

0.795

—

0.870

0.861

—

0.838

0.876

0.832

AURPC

0.522

—

0.635

0.525

—

0.639

0.640

0.565

REC

0.368

—

0.676

0.350

—

0.638

0.677

0.531

PRE

0.600

—

0.600

0.600

—

0.600

0.600

0.600

SitePredict
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the TPR or sensitivity) is the proportion of TP predictions
among all positive samples, which suggests that
MetalExplorer can provide more accurate predictions of
metal-binding sites than SitePredict. Moreover, the higher
predictive power of MetalExplorer was also reflected by the
two overall quality measures. Clearly, our method performed
consistently better than SitePredict at predicting the metalbinding sites, especially for Cu, Fe, and Zn.
We also compared the performance of MetalExplorer and
SitePredict using the independent test datasets. The
performance comparison results are shown in Table S11 in
the Supplementary Material. MetalExplorer clearly
outperformed SitePredict, with the exceptions of the AUC
and AURPC measures for the Mn ion. The corresponding RP
and ROC curves are plotted in Fig. (S3). The majority of the
RP and ROC curves were better for MetalExplorer than
those for SitePredict, which agreed with the results obtained
using the benchmark datasets. Overall, the results suggest
that our method outperformed SitePredict using both the
benchmark and independent test datasets. Thus,
MetalExplorer is anticipated to be a powerful tool for
accurately predicting up to eight types of metal-binding sites
(Ca, Co, Cu, Fe, Ni, Mg, Mn and Zn) based on the effective
integration of protein sequence-, structure-, and networkbased features.
3.4. Prediction Performance for Unbound Structures
To further assess the capacity of MetalExplorer in
discriminating metal-binding from non-metal binding sites in
unbound structures, we constructed a nonredundant apo
dataset (See Materials and Method). Apo (unbound)
structures are the forms of metalloproteins that are free of
metal ions. Thus, it was interesting to determine how well
our approach performed with unbound protein structures by
applying the RF classifiers trained using the holo (bound)
structures. The performance is shown in the “Apo” line,
Table S12. There was no significant decrease in the
performance using the apo protein structures compared with
that using the holo forms. For example, for the Cu ion, the
AUC and AURPC scores only decreased from 0.933 to 0.889
and decreased from 0.837 to 0.813, respectively. These
results show that the performance of MetalExplorer using the
unbound apo structures was comparable (for Ca, Mg and Zn)
or slightly worse than that using the holo forms (for Cu, Co,
Fe, Ni and Mn). These results also indicate that this method
is insensitive to and tolerant of conformational changes or
side-chain rearrangements. Overall, these results show that
our method can also predict metal-binding residues in apo
structures with a reasonable performance.
3.5. Case Study
We performed two case studies to illustrate the predictive
ability of MetalExplorer by predicting the metal-binding
sites for the apo and holo structures of two proteins: human
homogentisate dioxygenase and archael XPF/Mus 81.
Experimental studies of human homogentisate dioxygenase
indicate that mutations in this protein can lead to
alkaptonuria (AKU, MIM: 203500), which is an autosomal
recessive error of metabolism characterized by an increase in
the level of homogentisic acid [45, 46]. These two proteins
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have three Fe-binding residues (H335, E341 and H371) and
two Mn-binding residues (D38 and R49), respectively. The
predicted metal-binding site of the two proteins are
highlighted in Fig. (2), where MetalExplorer successfully
identified two and one binding residues with Fe and Mn
ions, respectively, in both the holo and apo structures [47,
48]. This suggests that MetalExplorer can predict the metalbinding sites with Fe and Mn in the bound structures, as well
as predicting potential metal-binding sites in the unbound
apo structures.
3.6. Web Server Implementation of Metal Explorer
We developed a web server for MetalExplorer, which is
freely available at http://metalexplorer.erc.monash.edu.au/.
This server was implemented using a Java Service Page
running Tomcat7 and configured in the Linux environment
on an eight-core server machine with 16 GB memory and a 4
TB hard disk. The programs were written in Perl and Java.
The inputs for this server include the PDB identifier, the
PDB file of the protein chain, a number of structural feature
files, and the user’s email address, where the prediction
outputs generated by MetalExplorer are sent. To generate
structural feature files, users need to install and run thirdparty software to significantly reduce the computational load
on the server, i.e., Biopython for calculating the residue
solvent exposure features and NACCESS for calculating the
absolute and relative SASA of the side chain and the main
chain. In order to smoothly incorporate the third-party
methods for feature calculation, when constructing the web
server for MetalExplorer, we ran these third-party software
for the input protein structure, and reformatted and extracted
the features from their output files. However, due to the
copyright issue, we were not able to incorporate these thirdparty software directly into our stand-alone software. It was
thus recommended that interested users should refer to the
user instructions carefully and ensure that these software
operate properly, before the configuration of MetalExplorer.
Fig. (S4) shows an example of the output produced by the
server. A typical prediction task requires approximately 30
min to return the outputs. The main outputs include the
predicted probability score for each residue in the uploaded
protein structure and a plot of the probability score profile.
The predicted metal-binding residues for a particular metal
ion type are highlighted in red. More detailed user
instructions about how to generate each structural feature file
and an example of the prediction output can be found on the
website.
CONCLUSION
In this study, we developed a powerful machine learningbased approach, MetalExplorer, which significantly
improves the prediction of metal-binding sites for eight
different types of metal ions (Ca, Co, Cu, Fe, Ni, Mg, Mn,
and Zn). In particular, it combines a variety of informative
sequence, structure, and graph-theoretic residue contact
network features, and it performs an effective two-step
feature selection procedure to select the most useful features.
Extensive fivefold cross-validations and independent tests
indicate that this method delivers better performance than the
state-of-the-art tool, SitePredict. Furthermore, MetalExplorer
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can accurately predict metal-binding sites from unbound apo
structures, thereby making it particularly suitable for real
applications. The current study represents a systematic and
comprehensive effort based on feature selection techniques
to characterize and select the most relevant features that
collectively contribute significantly to the prediction
performance. Few previous studies have performed feature
selection experiments to address this important task. Finally,
we developed a user-friendly server for MetalExplorer and
we anticipate that this will become a useful tool to facilitate
community-wide efforts related to the accurate prediction of
various types of metal-binding sites.
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PhosphoPredict: A bioinformatics
tool for prediction of human
kinase-specific phosphorylation
substrates and sites by integrating
heterogeneous feature selection
Jiangning Song1,2, Huilin Wang3, Jiawei Wang4, André Leier5, Tatiana Marquez-Lago5,
Bingjiao Yang6, Ziding Zhang 7, Tatsuya Akutsu 8, Geoffrey I. Webb 2 & Roger J. Daly1
Protein phosphorylation is a major form of post-translational modification (PTM) that regulates
diverse cellular processes. In silico methods for phosphorylation site prediction can provide a useful
and complementary strategy for complete phosphoproteome annotation. Here, we present a novel
bioinformatics tool, PhosphoPredict, that combines protein sequence and functional features to
predict kinase-specific substrates and their associated phosphorylation sites for 12 human kinases and
kinase families, including ATM, CDKs, GSK-3, MAPKs, PKA, PKB, PKC, and SRC. To elucidate critical
determinants, we identified feature subsets that were most informative and relevant for predicting
substrate specificity for each individual kinase family. Extensive benchmarking experiments based on
both five-fold cross-validation and independent tests indicated that the performance of PhosphoPredict
is competitive with that of several other popular prediction tools, including KinasePhos, PPSP, GPS,
and Musite. We found that combining protein functional and sequence features significantly improves
phosphorylation site prediction performance across all kinases. Application of PhosphoPredict to the
entire human proteome identified 150 to 800 potential phosphorylation substrates for each of the 12
kinases or kinase families. PhosphoPredict significantly extends the bioinformatics portfolio for kinase
function analysis and will facilitate high-throughput identification of kinase-specific phosphorylation
sites, thereby contributing to both basic and translational research programs.
Eukaryotic proteins are typically subjected to various post-translational modifications (PTMs) in order to enable
proper and specific functioning. Among the more than 200 different types of PTMs that have been identified1,
phosphorylation is one of the most prevalent types and plays a crucial role in almost every aspect of cell life,
including metabolism, proliferation, differentiation, apoptosis, DNA replication, and cell division2, 3. Protein
phosphorylation is catalyzed by a group of enzymes called kinases, which add a phosphate (PO4) group to serine
(S), threonine (T), tyrosine (Y), or, to a lesser degree, histidine (H) residues. Additionally, phosphate moieties that
exist on substrates can be removed by phosphatases. Therefore, phosphorylation is a reversible PTM, depending
on the balance of kinases and phosphatases.
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The human genome encodes more than 500 different protein kinases, collectively regulating a diverse range
of signaling pathways and biological functions4. Recent data indicate that the majority of proteins in a eukaryotic
cell can be phosphorylated5. As a regulatory mechanism, individual protein kinases can specifically recognize and
target a subset of protein substrates for phosphorylation, i.e. they have distinctive substrate specificity6. Aberrant
regulation of protein phosphorylation often results in disease. Many members of the human protein kinase family are implicated in cancer, reflecting alteration or dysregulation at the level of the gene, mRNA, protein and/or
PTM, and they provide clinically-validated or potential targets for personalized cancer treatment7, 8. Therefore,
identification and characterization of kinases and their specific phosphorylation sites in the proteome is a critical
first step towards a complete understanding of protein-kinase-regulated signaling pathways, and their impact in
health and disease.
Owing to the recent development of large-scale high-throughput mass spectrometry techniques,
experimentally-verified phosphorylation data have rapidly accumulated7–10. For example, Sharma et al. describe
ultradeep characterization of the phosphoproteome, detecting phosphorylation of ~75% of cellular proteins5. The
Mann group has now moved MS phosphoproteome analysis to a high-throughput and systems-wide scale. They
have recently developed a scalable phosphoproteomics platform which enables rapid quantification of hundreds
of phosphoproteomes with more than 10,000 sites9. Despite these recent technological advances, it is likely that
a significant number of phosphorylation sites remain unidentified, and upstream kinases for many phosphorylation events are unknown. Therefore, computational approaches capable of identifying phosphorylation sites
and their cognate kinases complement experimental efforts and may provide a powerful additional strategy for
whole-proteome annotation. With the increasing availability of sequenced genomic data for various organisms,
comprehensive prediction of kinase/substrate pairs is becoming more advantageous and useful for proteome
annotation and hypothesis-driven experimental design.
To date, more than a dozen tools have been developed for phosphorylation site prediction. These can be categorized into three main classes: simple consensus pattern-based approaches, sequence similarity-based clustering
methods, and more advanced machine-learning algorithms. ELM11, PROSITE12, and HPRD13, 14 are examples
from the first category. These approaches depend upon the presence of an exact motif surrounding the phosphorylation site. Sequence similarity-based methods such as PostMod15 and PSEA16 are designed to give a high score
to a query peptide that has a high similarity score with known phosphorylation peptides, using sequence similarity measures like the BLOSUM62 matrix17. Since definitions of consensus patterns are often based on limited data,
the performance of such methods in predicting phosphorylation sites is poorer than that observed from more
advanced methods. Additionally, consensus pattern-based methods can only provide binary prediction outputs.
Accordingly, such methods are not suitable for large-scale analysis and probabilistic scoring schemes18.
In the last decade, a number of machine learning-based approaches have been employed to address the
task of phosphorylation site prediction. These include artificial neural networks (ANN)19 (NetPhosK20, 21), hidden Markov models (HMM)22 (KinasePhos23, 24), Bayesian decision theory (BDT)25 (PPSP26), support vector
machines27 (PredPhospho28, PPRED29, and Musite30, 31), and conditional random fields (CRFs) (CRPhos32). Since
machine learning-based methods can learn the underlying rules and signatures in the data by tuning and optimizing related parameters during the model training process, their performance is usually comparable to or even
better than the performance of consensus pattern-based methods.
Most current methods focus on predicting phosphorylation sites by integrating sequence and other informative information. Linding et al. developed a computational approach called NetworKIN to predict phosphorylation networks and assign substrate specificity, which takes into consideration the context of protein-protein
interactions33. Benchmarking tests indicate that the NetworKIN approach can yield a 2.5-fold improvement
in accuracy, while also allowing for construction of phosphorylation networks33. Recently, Li et al. proposed
a more sophisticated approach for the prediction of protein phosphorylation sites, which integrates primary
sequences with heterogeneous features, such as protein functional information, protein subcellular location, and
protein-protein interaction information34. The authors investigated eight different human kinases or kinase families (ATM, CDKs, CK2, GSK-3, MAPKs, PKA, PKB, and PKC) to evaluate the contribution of functional features to the prediction of kinase-specific phosphorylation sites based on 5-fold cross-validation tests and found
that functional features significantly boosted prediction performance for seven kinases, with the ATM family
being the only exception34. More recently, Wang and colleagues developed computational approaches35, 36 to predict kinase-specific phosphorylation sites by combining both sequence and functional information of proteins
(such as Gene Ontology and protein-protein interactions), based on random forest and support vector machines,
respectively. They found that functional information is critical for determining phosphorylation sites35, 36.
Although significant progress has been made in predicting kinase-specific phosphorylation sites, existing
approaches have a number of drawbacks. (1) Use of feature selection: Most existing tools are developed using
machine-learning techniques, like SVM. However, for machine-learning models, not all features are equally
important for the performance of the trained model. Inclusion of redundant features in model training reduces
model performance; to remove redundant features and, consequently, improve prediction performance, feature
selection is generally required. However, to this date, only a limited number of studies have adopted this strategy
to gain insight into the relative significance and contributory effects of various features. (2) Incorporation of
heterogeneous features: With the notable exceptions of NetworKIN33 and Li et al.34, most previous studies only
extracted features based on the sequence environment surrounding the phosphorylation sites, but failed to take
other relevant heterogeneous features into consideration. These include structural and other global features that
might play a decisive role in determining a protein’s phosphorylation propensity, especially for those involved
in different cellular processes or having different protein-interaction or pathway characteristics. There is an outstanding need to investigate and characterize the importance and contribution of functional features to model
performance across different kinase families and examine if there exist family-specific subsets of distinct features.
(3) Analysis based on enlarged datasets: While a few methods take protein functional features into account,
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Kinase

Number of
Number of
substrate sequences phosphorylation sites

ATM (Ataxia telangiectasia mutated)

29

58

CaM (Calcium/calmodulin-dependent protein kinase) 37

62

CDKs (Cyclin-dependent kinases)

120

274

CK1 (Casein kinase 1)

20

56

CK2 (Casein kinase 2)

108

255

GRK (G protein-coupled receptor kinase)

18

73

GSK-3 (Glycogen synthase kinase 3)

32

60

MAPKs (Mitogen-activated protein kinases)

132

312

PKA (cAMP-dependent protein kinase)

138

218

PKB (Protein kinase B)

54

77

PKC (Protein kinase C)

150

308

SRC (Src-family tyrosine kinase)

63

100

Table 1. Statistics of human kinase-specific substrates and their phosphorylation sites, derived from the
Phospho.ELM database (version 9.0).

analyses were performed on limited, outdated datasets and the quantitative contribution of such methods needs
to be systematically evaluated on sufficiently large and updated datasets. Moreover, Li et al. did not provide either
a webserver or a local tool. In summary, the next generation of computational methods needs to address the
above drawbacks in order to generate more accurate models for efficient identification of kinase-specific phosphorylation sites.
In this paper, we present PhosphoPredict, a new tool developed for computational prediction of human
kinase-specific phosphorylation sites. Our tool is based on the original idea of Li et al. to integrate heterogeneous protein functional features with sequence-derived features. However, we augmented a machine-learning
algorithm, Random Forest (RF)37, by integrating a variety of heterogeneous features at multiple levels (sequence,
structure and function) to train the kinase-specific classifiers. In particular, to improve phosphorylation site
prediction performance, we integrated protein sequence-derived features and structural features together with
other complementary functional features, including gene ontology (GO) terms, Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathways, protein-protein interactions, and protein functional domains.
In this work, we describe our tool and present a feature-importance analysis for each individual kinase family
performed with the goal of identifying the most relevant and contributing features. Based on an independent test
dataset, we compare the performance of PhosphoPredict with four other popular tools, including KinasePhos23, 24,
PPSP26, Musite30, 31, and GPS38–40, for phosphorylation site prediction for human kinases CDKs, MAPKs, PKC,
and CK2. Lastly, we present results of PhosphoPredict, here applied with 99% specificity to the entire human
proteome, showing a large number of newly identified potential substrates targeted for phosphorylation. While
we focus here on 12 human kinases or kinase families, namely ATM, CaM, CDKs, CK1, CK2, GRK, GSK-3,
MAPKs, PKA, PKB, PKC, and SRC, it is important to note that our approach can be used to develop substrate and
phosphorylation-site predictors for any kinase family not only for humans, but also for other organisms such as
plants and bacteria.

Materials and Methods

Datasets. Positive dataset. Phosphorylation sites were extracted from the Phospho.ELM Database (version
9.0)41, 42, which is a public database of experimentally verified phosphorylation sites in eukaryotic proteins. The
current release (Version 9.0) contains 8718 substrate proteins from different species covering more than 42,500
sites. In this study, we focused on human kinase-specific phosphorylation site prediction and, consequently,
extracted all human phosphorylation datasets, comprising a total of 37,145 entries and 5374 human proteins.
Furthermore, in order to reduce sequence redundancy in the extracted datasets and avoid potential bias in model
training, we employed the same procedures as described by Li et al. and removed highly homologous sequences
(at the 70% sequence identity) using the CD-HIT program43. Specifically, phosphorylation sites were extracted for
each human kinase family and only the major kinase families that contained at least 50 experimental phosphorylation sites were included in the analysis. Table 1 provides a statistical summary of the kinase families included and
their corresponding substrates and phosphorylation sites. Among the 12 types of protein kinases studied, CDKs
and MAPKs are not single protein kinases but represent two protein kinase families. Indeed, the term MAPK
comprises 14 kinases belonging to three subfamilies, the ERK, JNK and p38, and the atypical ERKs. This might
raise the question whether the members of the three subfamilies differ in their consensus phosphorylation sites.
However, this seems not to be the case, at least for the ERK, p38 and JNK family members44. In our preliminary
analysis, we generated pLogos (Figure S1) of the occurrences of amino acid residue types surrounding the phosphorylation sites for each of the three kinase types. We found that they indeed share a consensus phosphorylation
site recognition motif, namely XXPS/TPXX, requiring proline residues at the +1 and (to a lesser extent) −1
position (“X” denotes any amino acid residue type)44. Thus, it is justified to train phosphorylation site prediction
models for the overall MAPK family and the use of “MAPK” is a valid category in the context of predicting potential phosphorylation substrates and sites using PhosphoPredict. In the case of CDKs, these enzymes also exhibit
a preference for substrate peptides that exhibit a proline residue at the +1 position after the phosphorylated
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residue, but we accept that there are subtle differences in substrate selectivity amongst family members45. For
clarity, we will refer to “CDKs” and “MAPKs” instead of “CDK” and “MAPK” throughout this paper.
To evaluate the model performance, we prepared a benchmark dataset and two independent test datasets (See
the “Independent tests” section for details). The performance of the model was evaluated using randomized 5-fold
cross-validation on the benchmark dataset and validated on the two independent datasets. For each potential
phosphorylation site, a local sliding window of nine residues was used, which included four amino acids in the
upstream and four amino acids in the downstream regions surrounding the central residue. The workflow of our
developed PhosphoPredict approach is shown in Fig. 1.
Background set. All human proteins were extracted from the UniProt database46 and used as the background
protein set. The background set was used to perform statistical analysis and to identify statistically significant
functional features (See detail below).
Background set and negative dataset. We constructed the background set by extracting all S/T/Y (serine, threonine, or tyrosine) residues from the background protein set. The negative samples were then randomly selected
from the background set.

Features. We derived a variety of different features and examined them regarding their impact on model
performance. In addition to sequence-derived and functional features, we also integrated structural features,
including protein secondary structure, solvent accessibility, and native disorder, which have proven useful in previous studies of phosphorylation site prediction. These features are briefly discussed in the following subsections.
Sequence level features. Amino acid type. The amino acid sequences surrounding phosphorylation sites are primary sequence features and have proven useful for phosphorylation site prediction in previous studies34. We
encoded amino acid sequences using the 20-bit binary encoding method, wherein each amino acid was represented by a 20-dimensional binary vector composed of either zero or one elements as described previously47, 48.
Using a sliding window comprised of nine amino acids, this led to a 20 × 9 = 180-dimensional vector.
Predicted secondary structure. Protein secondary structure is a powerful attribute used for predicting phosphorylation sites. However, given that known protein secondary structure information is limited, we instead
predicted protein secondary structure from amino acid sequences by using SABLE49. Specifically, for each residue
of the query sequence, SABLE outputs three kinds of secondary structure: H, E, and C, denoting alpha-helix,
beta-strand, and coil, respectively. We encoded the three kinds of predicted secondary structure using a 3-bit
encoding, yielding a 3 × 9 = 27-dimensional vector.
Predicted solvent accessibility. Solvent accessibility is also an important feature for phosphorylation site prediction34. The SABLE program49 can also be used to predict solvent accessibility from primary sequences. It provides
a score from 0 to 6, representing the extent of solvent accessibility from ‘buried’ to ‘exposed’. Therefore, we used a
7-bit encoding for the predicted solvent accessibility, thus resulting in a 7 × 9 = 63-dimensional vector.
Predicted natively-disordered region. Disordered protein regions lack fixed tertiary structure and are either
fully or partially unfolded50. Contrary to initial suggestions that these regions are ‘useless’, recent studies indicate
that such regions are commonly involved in many biological functions50. For example, phosphorylation sites
have been observed to be preferentially located in disordered rather than ordered regions51, 52. Accordingly, some
studies used protein disorder information as an important feature for phosphorylation site prediction51, 53. We
predicted the native disorder information using DISOPRED254 and encoded it using a 2-bit encoding to form a
2 × 9 = 18-dimensional vector.
Functional features. In addition to sequence and structural features, the present study also employed functional features of proteins. These include: (1) Biological Process (BP) feature from GO55; (2) Cellular Component
(CC) feature from GO; (3) Molecular Function (MF) feature from GO; (4) Functional domain information from
InterPro56; (5) Pathway information from KEGG57; (6) Functional domains from Pfam58; (7) Protein-Protein
Interaction (PPI) from STRING59.

Over- and under-represented feature analysis by hypergeometric test. Heterogeneous functional features can be noisy and redundant, resulting in biased model training and performance assessment.
Therefore, we performed a two-sided hypergeometric test for each kinase-specific substrate protein to identify
over-represented and under-represented feature terms from the background protein set. The hypergeometric
tests were performed using the R package60. The p-values were calculated from the hypergeometric distributions
as follows:
p = Fhypergeom(q , m, n, k)

where q represents the number of samples with the feature term in the study set, m represents the number of
samples annotated with the feature in the background set, n represents the number of samples without the feature,
while k is the number of samples in the study set.
The p-values were corrected by the Bonferroni correction for testing on multiple feature terms. Feature terms
with a corrected p-value of less than 0.01 were considered significant.
After extracting all significant functional features, a simple log-odds ratio approach was originally proposed
by Li et al.61 and used to calculate the final score of each protein as the log-odds ratio score as follows:
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Figure 1. Workflow of the PhosphoPredict approach. Benchmark training/testing datasets were extracted
from the Phospho.ELM database after removing sequence redundancy (70% sequence identity) using the CDHIT program39. After feature selection using mRMR and statistical analysis of over-represented and underrepresented feature terms using hypergeometric tests, significant sequence, structural, and functional features
were extracted and used as inputs to train RF classifiers. Classifier performance was assessed using randomized
5-fold cross-validation and independent tests.
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S (xi ) =

N

f (x )

∑log 2 g (x i)
i=1

i

(1)

where N denotes the total number of significant functional features, xi represents the value of the i-th feature
which was measured by the functional annotations of the protein, f(xi) represents the probability of the i-th feature in phosphorylated proteins from the positive training dataset, while g(xi) represents the probability of the i-th
feature in all proteins from the background protein set.

Feature selection by maximum Relevance Minimum Redundancy (mRMR). Feature selection is
an important aspect in practical applications of machine learning. Many biological datasets are characterized
by a large number of initial features for model training and optimization. Dealing with oversized feature sets
is a challenging and formidable task, with several associated problems. Large feature sets slow down the speed
of the machine learning algorithm, consume many resources, and are inefficient. Additionally, many machine
learning methods suffer from reduced accuracy when dealing with large feature sets62–64. As a result, efficient
feature selection methods are required to improve efficiency of machine learning-based classifiers and minimize
classification error. Feature selection can select the most relevant and informative features by reducing the initially
high-dimensional feature space to a lower, more compact one.
mRMR is a useful feature selection algorithm based on mutual information65. It was originally proposed by
Peng et al.65 and can be downloaded from http://penglab.janelia.org/proj/mRMR/. The mRMR algorithm has
been widely used in a number of feature-selection tasks by our group66–68 as well as others69–71, often in combination with step-wise feature selection, resulting in an improved performance of trained models. Importantly,
mRMR is able to rank features according to both their relevance to the target classification variable and the redundancy between the features themselves. The features assigned with a higher rank by mRMR indicate that they
have better trade-off between maximum relevance and minimum redundancy. We selected the top 50 features
identified by mRMR as our optimal feature set.
RF is an ensemble classifier consisting of a number of decision trees. It was originally developed by Breiman37 and has been implemented as the RF package in R72. RF has several important
advantages that make it suitable for our prediction task, including: (1) It performs better with high-dimensional
feature inputs; (2) It runs efficiently on larger datasets; (3) It has higher efficiency in model training, given that
the training process is faster than many other algorithms; (4) It can estimate what variables are more important
for classification. Like many other machine-learning techniques, RF also includes model training and prediction
stages. At the training stage RF grows many classification trees and selects the classification that receives the most
votes from all trees, while at the prediction stage RF model performance is tested and evaluated.

Model training using RF.

Randomized 5-fold cross-validation test. To evaluate the prediction performance of RF-based models,
randomized five-fold cross-validation was used by randomly dividing the benchmark dataset into five subsets for
each validation step. At each cross-validation step, four subsets were merged as the training set to train the RF
model, while the remaining subset was singled out as the test set to validate the trained RF model. This procedure
was repeated five times so that each subset was used in the training and then validated in the testing. To allow for
a robust estimation of the model performance, this five-fold cross-validation procedure was repeated 100 times.
As a result, we calculated the average of RF classifier performance measures, which are reported here.
In addition to the randomized 5-fold cross-validation on the benchmark datasets, we
have also assembled an independent test dataset and performed the independent test using this dataset to allow
a fair and objective comparison to other tools. The independent dataset was extracted from another public database, PhosphoSitePlus73, by including the most recent experimental phosphorylation data and excluding those
instances that had been deposited in the database Phospho.ELM41, 42. For brevity, this first independent dataset is
referred to as “PhosPlus_set”. The prediction performances of our method, PhosphoPredict, and four other tools
(PPSP, GPS, KinasPhos, and Musite) were evaluated based on this independent dataset.
In addition, we have also constructed a second independent test dataset, which has not been previously used
in any of the other predictors. To construct it, we first downloaded the most-recent version of the UniProt database (2017 Version, last modified on 15 February, 2017). We then filtered out the overlapping sequences that
were present in both the training dataset of PhosphoPredict and the obtained UniProt dataset. After this step, we
further removed the homologous sequences in the training dataset and the resulting UniProt dataset, by applying
the CD-HIT program with a sequence identity of 70%. The resulting independent test dataset is referred to as
“UniProt_set”.

Independent tests.

Performance Assessment. We used several performance measures, including Sensitivity (SEN), Specificity
(SPE), Precision (PRE), Accuracy (ACC), the Matthew’s correlation coefficient (MCC), and the area under the
curve (AUC) to comprehensively evaluate the predictive performance of our method.
SEN is defined as:
SN = TP/(TP + FN )

(2)

SP = TN /(TN + FP)

(3)

SPE is defined as:
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PRE is defined as:
PRE = TP/(TP + FP)

(4)

ACC = (TP + TN )/(TP + TN + FP + FN )

(5)

Overall ACC is defined as:
F-score is defined as:
F − score = 2 ×

TP
2TP + FP + FN

(6)

The MCC is defined as:
74

MCC =

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

(7)

where TP is the number of true positives, TN is the number of true negatives, FP is the number of false positives,
and FN is the number of false negatives.
More specifically, AUC is the area under the receiver operating characteristic (ROC) curve, which is a plot
of true positive rate (TPR) against false positive rate (FPR). TPR is the ratio of the number of correctly classified
phosphorylation sites relative to the total number of phosphorylation sites, while FPR is the ratio of the number
of correctly classified non-phosphorylation sites relative to the total number of non-phosphorylation sites. The
performance of our method was evaluated using the seven measures based on both 5-fold cross-validation and
independent tests.

Results and Discussion

We extracted phosphorylation substrate
datasets for 12 kinase families from the Phospho.ELM database. We removed any sequence redundancy from the
original datasets and subsequently trained RF-based models of phosphorylation site prediction independently for
each of the 12 kinases or kinase families. The resulting set of models forms the core of PhosphoPredict. The tool
not only identifies relationships between substrates and specific kinase families, but also predicts corresponding phosphorylation sites for the 12 kinase families in a kinase-specific manner. The overall framework of the
PhosphoPredict approach is illustrated in Fig. 1. The four main stages in PhosphoPredict development are dataset
curation, feature extraction, feature selection, and model training and performance evaluation. The first stage
does not only involve curation but also dataset preprocessing. At the second stage, a variety of different features
at multiple levels are calculated and extracted, including sequence features, predicted structural features, and
protein functional features. At the third stage, hypergeometric tests are performed to identify over-represented
and under-represented functional feature terms and the mRMR algorithm is applied to select the most relevant
and important features. At the final stage, performance of RF-based predictors is assessed using both randomized
5-fold cross-validation and independent tests.

The overall framework of the PhosphoPredict approach.

Protein phosphorylation is a dynamic process implicated in multiple aspects of cellular function. Determinants of phosphorylation events may comprise multifaceted functional features, such as protein-protein interactions and subcellular
localization. Using a simple log-odds ratio approach61, we calculated the functional score of each protein as the
log-odds ratio score and plotted the distributions of known phosphorylated protein substrate subsets (colored
red) and background protein sets (colored black) for four common kinase families, including CDKs, MAPKs,
PKC and CK2 (Fig. 2). The functional score reflects the likelihood of a corresponding protein to be phosphorylated. The higher the log-odds ratio score, the more likely a protein is to be phosphorylated. From Fig. 2, we
can see that the distributions of the known protein substrate subsets (red) and background protein sets (black)
are significantly different. For example, the majority of proteins in the background protein sets have scores <10,
whereas proteins in the positively known substrate sets tend to have an even distribution and scores >20. These
results agree with those observed by Li et al.34.
Furthermore, we performed a statistical t-test and calculated p-values to elucidate the statistical differences
between functional scores of proteins in the positive substrate set versus the background set (Table 2). The most
significant distribution occurs in the MAPK kinase family with a p-value of 5.99e-25. The least significant distribution occurs in the CK1 kinase family with a maximum p-value of 0.00187. These results indicate that phosphorylated substrate proteins can be discerned from the background protein set and that functional features might be
helpful in distinguishing phosphorylated and non-phosphorylated proteins.

Analysis of over-represented and under-represented functional features.

In order to ascertain whether incorporation of significant functional features can improve prediction of phosphorylation sites, we integrated primary
sequences with functional features and examined their effect on the predictive performance of the trained RF
classifiers based on 5-fold cross-validation tests. All RF classifiers were trained using the default parameters and
different feature combinations. Table S1 provides the results of cross-validation based on the benchmark dataset
for each kind of functional group. Seven performance measures, including ACC, SEN, SPE, PRE, F-score, MCC,
and AUC, were calculated to compare the performance of different feature combinations.

Effect of functional features on predictive performance.
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Figure 2. Protein substrate distributions. The distributions of the known protein substrate set (red) and the
background protein set (black) for four common kinase families. The x-axis represents the log-odds ratio score,
while the y-axis represents the percentage of proteins with the corresponding scores. Data represent (A) CDKs,
(B) MAPKs, (C) PKC, and (D) CK2.

Kinase

P-value

ATM

1.16e-09

CaM

2.75e-09

CDKs

1.87e-22

CK1

0.00187

CK2

3.28e-12

GRK

3.37e-05

GSK-3

2.97e-06

MAPKs

5.99e-25

PKA

1.21e-23

PKB

1.99e-14

PKC

3.59e-24

SRC

2.20e-12

Table 2. Significance of functional score differences between proteins in the positive substrate set versus the
background set, estimated by statistical t-test.
Classifier performance for all kinase families improved after combining functional features with primary
sequence features. Specifically, for the GRK family, AUC increased from 0.595 (RF model trained using only
primary amino acid sequence features [AA]) to 0.891 (AA + CC), 0.962 (AA + BP), 0.859 (AA + MF), 0.932
(AA + InterPro), 0.943 (AA + KEGG), and 0.901 (AA + Pfam). Additionally, there was consistent improvement
in terms of other performance measures, such as ACC, F-score, and MCC (Table S1).
However, we noticed that when the primary sequence features were combined with other structural features,
such as secondary structure (SS), solvent accessibility (SA), and native disorder (DO), the performance did not
improve significantly and for certain kinase families the performance even decreased. For example, in the case
of the CaM family, when primary sequence features were used in combination with structural features, AUC
scores decreased from 0.822 (AA) to 0.759 (AA + SS), 0.817 (AA + SA), 0.791 (AA + DO), 0.756 (AA + SS + SA),
0.759 (AA + SS + DO), 0.783 (AA + SA + DO), and 0.770 (AA + SS + SA + DO) (Table S1). Similar trends were
obtained for several other kinase families, including ATM, CK2, GSK-3, MAPK, PKB, and PKC (Table S1). These
results indicate that including a large number of initial features may not coincide with improved predictive performance. Instead it can lead to performance decreases, presumably due to inclusion of noisy, irrelevant, and
redundant features. Altogether, these results highlight the need to address this problem by performing feature
selection to remove irrelevant features, identify more contributive features, and improve model performance.

Feature selection results using mRMR. A protein’s set of features is represented via a 5698-dimensional
vector. It describes various heterogeneous features, which are complex, noisy, and redundant. To identify the
most relevant features critical for phosphorylation site prediction, we employed the mRMR method to select
optimal feature subsets. Importantly, mRMR can rank each feature according to both its dependency to the
SCIENTIFIC REPORTS | 7: 6862 | DOI:10.1038/s41598-017-07199-4
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Figure 3. Phosphorylation site prediction. ROC curves for phosphorylation site prediction of three different
sequence-encoding schemes: AA (amino acid sequence encoding), AA + SS + SA + DO (amino acid
sequence + secondary structure + solvent accessibility + native disorder, without feature selection), and mRMR
(mRMR feature selection based on all the extracted initial features), evaluated using 5-fold cross-validation tests
on the benchmark datasets. Data represent (A) CDKs, (B) MAPKs, (C) PKC, and (D) CK2.

target classification variable and the redundancy between features. Evaluating performance of three different
sequence-encoding schemes, including AA (amino acid sequence encoding), AA + SS + SA + DO (amino acid
sequence + secondary structure + solvent accessibility + native disorder, without feature selection), and mRMR
(mRMR feature selection based on all the extracted initial features) allowed us to assess the individual contributions of various major types of features to model performance and the importance of feature selection. Figure 3
contains the ROC curves of three different sequence-encoding schemes for four kinase families, including CDKs,
MAPKs, PKC, and CK2. These data were the result of 5-fold cross-validation tests using the benchmark datasets.
Performance of RF-based models improved for all four kinase families following mRMR feature selection.
Specifically, the models trained by mRMR using the selected feature set achieved an AUC score of 0.991, 0.981,
0.953, and 0.975 for the four kinase families, respectively, outperforming the models trained using the other two
sequence-encoding schemes. In addition, Table 3 contains the values of the eight performance measures for all 12
kinase families. These results show that performance of the model trained using mRMR-selected features was the
best among the three different sequence-encoding schemes. This was the case for all 12 kinase families, except the
PKA kinase family, for which the performance of the mRMR feature-based model was slightly lower than that of
the AA feature-based model (Table 3).

Feature importance analysis. Using the CDK kinase family as an example, the top 50 features ranked
by mRMR are provided in Table 4. The AA6_AAseq was ranked first. Previously, amino acid composition surrounding phosphorylation sites was shown to differ significantly between phosphorylation sites and
non-phosphorylation sites30. Here, using feature selection experiments, we revealed that the sixth residue in the
9-mer sequence was particularly important for model performance. This position may be particularly important
for substrate recognition of the kinase.
Notably, a total of 35 functional features were selected and included in the list, including 31 PPI features
(denoted as Pro_PPI), two pathway features (denoted as Pro_pathway), and two CC features (denoted as Pro_CC)
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Kinase
family
ATM

CaM

CDKs

CK1

CK2

GRK

GSK-3

MAPKs

PKA

PKB

PKC

Encoding scheme

Accuracy
(%)

Sensitivity
(%)

Specificity
(%)

Precision
(%)

Recall
(%)

F-Score

MCC

AUC

AA

94.8

96.5

93.1

93.3

96.5

94.9

0.029

0.954

AA + SS + SA + DO

85.3

82.8

87.9

87.3

82.7

85.0

0.749

0.911

mRMR

100

100

100

100

100

100

1.00

1.00

AA

78.9

80.7

77.2

77.9

80.7

79.3

0.667

0.822

AA + SS + SA + DO

69.3

68.4

70.2

69.6

68.4

69.0

0.574

0.770

mRMR

92.1

86.0

98.2

98.0

86.0

91.2

0.853

0.978

AA

94.4

94.2

94.6

94.6

94.2

94.4

0.894

0.962

AA + SS + SA + DO

91.2

86.7

95.8

95.4

86.7

90.8

0.840

0.973

mRMR

96.5

95.8

97.1

97.0

95.8

96.4

0.932

0.991

AA

59.1

61.4

56.8

58.7

61.4

60.0

0.516

0.560

AA + SS + SA + DO

68.2

75.0

61.4

66.0

75.0

70.2

0.562

0.685

mRMR

87.5

77.3

97.8

97.1

77.3

86.1

0.777

0.989

AA

82.9

86.5

79.3

80.7

86.5

83.5

0.716

0.898

AA + SS + SA + DO

79.3

81.2

77.4

78.2

81.2

79.7

0.672

0.884

mRMR

92.3

90.9

93.8

93.6

90.9

92.2

0.858

0.975

AA

54.8

55.6

54.0

54.7

55.6

55.1

0.504

0.595

AA + SS + SA + DO

77.0

85.7

68.2

73.0

85.7

78.8

0.640

0.768

mRMR

92.8

88.9

96.8

96.6

88.9

92.6

0.867

0.975

AA

87.0

88.9

85.2

85.7

88.9

87.3

0.774

0.905

AA + SS + SA + DO

77.8

87.0

68.5

73.4

87.0

79.7

0.648

0.890

mRMR

95.4

90.7

100

100

90.7

95.1

0.911

0.984

AA

87.1

80.8

93.4

92.5

80.8

86.2

0.774

0.911

AA + SS + SA + DO

83.6

80.8

86.5

85.6

80.8

83.1

0.726

0.922

mRMR

94.5

93.0

96.1

96.0

93.0

94.4

0.897

0.981

AA

88.8

90.4

87.2

87.6

90.4

88.9

0.800

0.932

AA + SS + SA + DO

83.2

82.6

83.9

83.7

82.6

83.1

0.721

0.900

mRMR

88.5

90.4

86.7

87.2

90.4

88.7

0.797

0.931

AA

89.3

90.4

89.3

89.3

89.3

89.3

0.809

0.889

AA + SS + SA + DO

77.3

76.0

78.7

78.1

76.0

77.0

0.649

0.878

mRMR

96.0

92.0

100

100

92.0

95.8

0.923

0.998

AA

79.9

83.7

76.1

77.8

83.7

80.6

0.678

0.855

AA + SS + SA + DO

73.1

74.1

72.1

72.6

74.1

73.4

0.607

0.814

mRMR

87.8

86.0

89.6

89.2

86.0

87.6

0.786

0.952

Table 3. Performance comparison with different sequence encoding schemes based on the 5-fold crossvalidation tests. The best results for each kinase and performance measure are highlighted by bold. AA: binary
encoding of amino acid sequence; SS: secondary structure; SA: solvent accessibility; DO: disorder; MRMR:
sequence encoding scheme after mRMR feature selection based on all features.
(Table 4). Additionally, another important feature group includes native disorder features (denoted as AA#_DISO,
where “#” represents 1, …, 9, indicating the residue position in the 9-mer sequence), which includes nine scores.
The disorder-score distributions are significantly different between phosphorylation and non-phosphorylation
sites, with phosphorylation sites having higher disorder scores on average than non-phosphorylation sites30. This
implies that phosphorylation sites are preferentially located in disordered regions. This observation is consistent
with several previous studies31, 34 on kinase-specific phosphorylation site prediction, which also used protein
disorder features to train their respective prediction models.
Furthermore, secondary structure information is also an important feature for model performance. There
are five features included in the list of the top 50 features, namely AA4 (V192), AA5 (V195), AA5 (V193), AA6
(V198), and AA1 (V183) (Table 4). Our feature selection analysis revealed that the secondary structures of the
first, fourth, fifth, and sixth residues in the 9-mer sequence window were more important than secondary structures of other positions. These results suggest that secondary structures associated with these residue positions
contribute to recognition and specificity of the CDKs.

Performance comparison between different tools on the two independent test datasets. To
evaluate the performance of kinase-specific phosphorylation site prediction by PhosphoPredict, we compared its
results with those of four popular tools, including KinasePhos23, 24, PPSP26, Musite30, 31, and GPS38–40. We would
like to point out that in practice it is very difficult to rigorously compare the performance of all tools in an objective and non-biased manner. Some of the important guidelines for constructing unbiased and diverse data sets
and performing stringent performance comparison studies based on various biologically relevant considerations
have been recently discussed75.
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Order

Feature
order

Feature type

Score

Order

Feature
order

Feature type

Score

1

V107

AA6_AAseq

0.679

26

V3817

Pro_PPI

0.051

2

V2123

Pro_PPI

0.104

27

V198

AA6_SS

0.053

3

V2799

Pro_PPI

0.072

28

V561

Pro_CC

0.052

4

V272

AA1_DISO

0.101

29

V276

AA2_DISO

0.056

5

V3880

Pro_PPI

0.116

30

V5329

Pro_PPI

0.056

6

V1823

Pro_PPI

0.080

31

V5349

Pro_PPI

0.053

7

V5183

Pro_PPI

0.083

32

V1806

Pro_PPI

0.050

8

V192

AA4_SS

0.087

33

V5492

Pro_PPI

0.051

9

V4866

Pro_PPI

0.086

34

V288

AA9_DISO

0.052

10

V287

AA9_DISO

0.077

35

V4400

Pro_PPI

0.051

11

V1658

Pro_PPI

0.079

36

V4659

Pro_PPI

0.052

12

V1579

Pro_PPI

0.071

37

V5205

Pro_PPI

0.052

13

V195

AA5_SS

0.070

38

V271

AA1_DISO

0.051

14

V789

Pro_pathway

0.071

39

V2756

Pro_PPI

0.048

15

V1636

Pro_PPI

0.066

40

V2464

Pro_PPI

0.047

16

V277

AA3_DISO

0.064

41

V193

AA5_SS

0.048

17

V4166

Pro_PPI

0.065

42

V4096

Pro_PPI

0.048

18

V5110

Pro_PPI

0.069

43

V546

Pro_CC

0.049

19

V2710

Pro_PPI

0.058

44

V278

AA3_DISO

0.050

20

V5377

Pro_PPI

0.058

45

V3332

Pro_PPI

0.048

21

V285

AA8_DISO

0.058

46

V5064

Pro_PPI

0.046

22

V3429

Pro_PPI

0.056

47

V809

Pro_pathway

0.046

23

V3376

Pro_PPI

0.058

48

V286

AA9_DISO

0.047

24

V4179

Pro_PPI

0.057

49

V4234

Pro_PPI

0.047

25

V183

AA1_SS

0.053

50

V2516

Pro_PPI

0.047

Table 4. The top 50 important features selected by mRMR feature selection for CDKs. Annotations of feature
types: AAn_AAseq (V1-V180): Binary encoding amino acid sequence (180-dimensional vector), where n
(n = 1, 2, … 9) denotes the residue position in the local window size of 9 residues. AAn_SS (V181-V207):
Secondary structure predicted by SABLE (27-dimensional vector); AAn_SA (V208-V270): Solvent accessibility
predicted by SABLE (63-dimensional vector); AAn_DISO (V271-V288): Native disorder predicted by
DISOPRED2 (18-dimensional vector); Pro_BP (V289-V536): Over-represented Biological Process features
from Gene Ontology (248-dimensional vector); Pro_CC (V537-V587): Over-represented Cellular Component
features from Gene Ontology (51-dimensional vector); Pro_InterPro (V588-V774): Over-represented features
from InterPro (187-dimensional vector); Pro_pathway (V775-V818): Over-represented pathway features from
KEGG (44-dimensional vector); Pro_MF (V819-V895): Over-represented Molecular Function features from
Gene Ontology (77-dimensional vector); Pro_domain (V896-V946): Over-represented functional domain
features from Pfam (51-dimensional vector); Pro_PPI (V947-V5698): Over-represented protein-protein
interactions from PPI (4752-dimensional vector).

In this study, all the compared tools were implemented as online webservers or local stand-alone Java programs; in most cases, it is almost impossible to keep up to date with the knowledge of the state-of-the-art training
datasets that these webservers or tools have used to train their prediction models, especially after recent major
upgrades. Given that most phosphorylation site prediction tools have been trained using data from Phospho.
ELM, it would not be a fair comparison if we performed independent tests and evaluated the performance of different tools using the extracted data from the same resource. Therefore, to make a fair performance comparison,
we prepared two independent test datasets, termed as “PhosPlus_set” and “UniProt_set”. The performance results
were generated by directly submitting the sequences to their respective webservers or stand-alone programs and
retrieving their prediction outputs. For the Phosplus_set, we could not extract sufficient independent test data
for the MAPKs and as a result we only performed independent tests for the four kinases CDKs, CK2, PKA, and
PKC. Performance comparisons for PhosPlus_set and UniProt_set are provided in Tables 5 and 6, respectively.
GPS is a method developed using a group-based phosphorylation scoring algorithm and is regarded as a
sequence similarity-based clustering approach38–40. Compared with machine-learning methods, GPS is simpler
and faster and constitutes a kinase-specific phosphorylation site prediction method. When evaluated on the
PhosPlus_set, GPS achieved AUC scores of 0.881, 0.821, 0.880, and 0.785 on the PhosPlus_set for CDKs, CK2,
PKA, and PKC families, respectively (Table 5), while on the UniProt_set it achieved AUC scores of 0.771, 0.772,
0.741, 0.770 and 0.666 for CDKs, CK2, MAPKs, PKA, and PKC, respectively (Table 6).
Musite is a tool used for both general and kinase-specific phosphorylation site prediction30 and utilizes datasets from different databases, such as Phospho.ELM, PhosPhAt76, and UniProt, to train SVM classifiers. On the
PhosPlus_set, Musite achieved AUC values of 0.886, 0.809, 0.877, and 0.798 for CDKs, CK2, PKA, and PKC
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Kinase

CDKs

CK2

PKA

PKC

Method

Accuracy

Sensitivity

Specificity

Precision

Recall

F-Score

MCC

AUC

KinasePhos

86.6

65.2

86.9

5.8

65.2

10.6

0.195

0.777

PPSP

91.0

74.1

91.2

9.4

74.1

16.8

0.261

0.838

GPS

84.4

78.0

84.5

5.8

78.0

10.9

0.206

0.881

Musite

88.9

77.1

89.0

8.0

77.1

14.4

0.242

0.886

PhosphoPredict

94.2

77.1

94.4

14.5

77.1

24.4

0.330

0.904

KinasePhos

89.2

51.2

90.0

9.4

51.2

16.0

0.229

0.714

PPSP

93.1

49.4

94.0

14.4

49.4

22.3

0.274

0.838

GPS

94.1

50.0

95.0

17.0

50.0

25.4

0.298

0.821

Musite

96.4

41.6

97.5

25.5

41.6

33.1

0.331

0.809

PhosphoPredict

91.9

50.6

92.8

12.5

50.6

20.1

0.259

0.727

KinasePhos

90.4

61.6

90.9

11.1

61.6

18.9

0.264

0.775

PPSP

90.2

73.3

90.5

12.5

73.3

21.3

0.298

0.836

GPS

85.3

80.1

85.4

8.9

80.1

16.0

0.256

0.880

Musite

88.9

70.4

89.2

10.8

70.4

18.7

0.273

0.877

PhosphoPredict

91.1

80.5

91.3

14.0

80.5

32.7

0.327

0.896

KinasePhos

81.8

49.4

82.3

4.0

49.4

7.4

0.155

0.677

PPSP

83.8

58.8

84.2

5.3

58.8

9.7

0.183

0.734

GPS

82.1

56.8

82.7

6.6

56.8

11.8

0.203

0.785

Musite

86.7

52.3

87.2

5.8

52.3

10.4

0.183

0.798

PhosphoPredict

87.8

57.2

88.3

6.8

57.2

12.2

0.203

0.826

Table 5. Performance comparison of several prediction tools based on the PhosPlus_set. The best results for
each kinase and performance measure are highlighted in bold.
Kinase

CDKs

CK2

MAPKs

PKA

PKC

Method

Accuracy

Sensitivity

Specificity

Precision

F-Score

MCC

AUC

KinasePhos

97.3

26.5

98.6

26.3

26.4

0.250

0.626

GPS

95.6

57.8

96.3

22.7

32.6

0.344

0.771

Musite

93.2

73.4

93.6

18.1

29.0

0.342

0.841

PhosphoPredict

93.4

66.7

93.9

17.2

27.3

0.316

0.857

KinasePhos

96.2

22.5

98.2

25.3

23.8

0.219

0.604

GPS

91.9

59.6

92.7

18.1

27.7

0.298

0.772

Musite

92.6

4.8

95.0

2.5

3.3

-0.002

0.499

PhosphoPredict

92.5

33.9

94.1

13.5

19.3

0.181

0.712

KinasePhos

95.0

40.6

96.3

20.7

27.4

0.267

0.687

GPS

94.7

51.9

95.7

21.7

30.6

0.313

0.741

Musite

92.7

67.2

93.3

19.6

30.4

0.337

0.816

PhosphoPredict

91.0

65.1

91.6

15.1

24.5

0.284

0.810

KinasePhos

97.2

37.7

98.3

28.4

32.4

0.313

0.682

GPS

96.8

55.7

97.5

28.0

37.3

0.381

0.770

Musite

94.3

65.1

94.8

18.0

28.1

0.322

0.808

PhosphoPredict

95.8

48.3

96.7

20.2

28.3

0.295

0.845

KinasePhos

96.4

15.1

98.3

17.0

16.0

0.142

0.568

GPS

95.8

35.8

97.1

22.5

27.6

0.263

0.666

Musite

93.1

41.5

94.2

14.2

21.2

0.214

0.682

PhosphoPredict

93.3

29.2

94.8

11.4

16.4

0.153

0.714

Table 6. Performance comparison of several prediction tools based on the UniProt_set. The best results for
each kinase and performance measure are highlighted in bold.
families, respectively (Table 5). While on the UniProt_set, Musite achieved AUC values of 0.841, 0.499, 0.816,
0.808 and 0.682 for CDKs, CK2, MAPKs, PKA, and PKC, respectively (Table 6).
PPSP is a webserver based on Bayesian decision theory26 and the models were trained using datasets extracted
from Phospho.ELM. PPSP attained AUC values of 0.838, 0.838, 0.836, and 0.734 on the PhosPlus_set for CDKs,
CK2, PKA, and PKC families, respectively (Table 5). In particular, the AUC of PPSP for MAPKs was the highest
among all four tools. Note that at the time of performing the performance comparisons based on the UniProt_set,
PPSP was inaccessible and thus its performance was not included in Table 6.
KinasePhos is a webserver based on hidden Markov models and is capable of identifying kinase-specific phosphorylation sites23, 24. The datasets used by KinasePhos were extracted from PhosphoBase and Swiss-Prot. On the
independent datasets, the AUC values of KinasePhos on the PhosPlus_set were 0.777, 0.714, 0.775, and 0.677 for
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Figure 4. Comparative phosphorylation site prediction. ROC curves for kinase-specific phosphorylation site
prediction between PhosphoPredict and the four currently-available tools, including KinasePhos, PPSP, GPS,
and Musite. Data represent (A) CDKs, (B) MAPKs, (C) PKC, and (D) CK2.

CDKs, CK2, PKA, and PKC families, respectively (Table 5). While on the UniProt_set, KinasePhos achieved AUC
values of 0.626, 0.604, 0.687, 0.682 and 0.568 for CDKs, CK2, MAPKs, PKA, and PKC, respectively (Table 6).
Compared with these four tools, our method PhosphoPredict achieved the performance (AUC) of 0.904,
0.727, 0.896, and 0.826 on the PhosPlus_set_ for CDKs, CK2, PKA, and PKC families, respectively (Fig. 4 and
Table 5). PhosphoPredict achieved the highest AUC scores for three kinase families (CDKs, PKA, and PKC), with
the only exception being CK2, for which its performance lagged behind that of PPSP, GPS, and Musite, but was
better than that of KinasePhos. Other performance measures, such as ACC and MCC, saw similar trends. On
the UniProt_set, PhosphoPredict achieved the highest AUC values of 0.857, 0.845 and 0.714, for CDKs, PKA,
and PKC, respectively, while for the other two kinase families, CK2 and MAPKs, it achieved the second highest
AUC values. In summary, PhosphoPredict performed comparably to or better than the other four tools on both
independent test datasets.

Proteome-wide prediction analysis of potential phosphorylation sites in the human proteome. The most important advantage of computational methods as compared to experimental methods is

the ability to efficiently screen unknown or uncharacterized phosphorylation sites, saving both time and cost.
PhosphoPredict was used to screen the entire human proteome, consisting of 81,194 proteins, for potential phosphorylation sites for all 12 kinase families (Table 7), using a specificity level of 99%. Corresponding results for the
entire human proteome can be freely downloaded at http://phosphopredict.erc.monash.edu/. Our predictions of
phosphorylation sites provide valuable hypotheses to be experimentally validated.

Functional enrichment analysis of predicted kinase-specific substrates in the human proteome. To elucidate the overall functional characteristics, cellular components and biological processes, we

further performed a gene ontology (GO) enrichment analysis for the predicted kinase-specific substrates at the
proteome level using the DAVID software77. In Fig. 5, the sectorial area for a GO term represents the number
of proteins of this term while the different color of the sectorial area indicates the statistical significance of the
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Kinase

Number of predicted
Number of predicted
phosphorylated substrates phosphorylation sites

ATM

153

737

CaM

194

402

CDKs

734

3786

CK1

202

673

CK2

329

809

GRK

166

388

GSK-3

136

339

MAPKs

812

4365

PKA

488

889

PKB

491

1220

PKC

152

325

SRC

315

542

Table 7. Proteome-wide kinase-specific phosphorylation site predictions. Predictions used a cutoff value of 0.8,
which corresponded to a specificity of 99%. Prediction was performed for the whole human proteome with a
total of 81,194 proteins. Results are available for download at http://phosphopredict.erc.monash.edu/.

Figure 5. Functional enrichment analysis of the predicted substrates of four different kinases at the proteome
level, in terms of three major categories, i.e. cellular component (GO_CC), biological process (GO_BP) and
molecular function (GO_MF). For each GO category, the top five significantly enriched GO_CC, GO_BP and
GO_MF terms are displayed. (A) CDKs; (B) MAPKs; (C) PKC, and (D) CK2.

enrichment for the corresponding GO term. Only the top five most enriched GO terms for the four kinases
CDKs, MAPKs, PKC and CK2 are displayed in Fig. 5.
Phosphorylated substrates of different kinases are commonly located in the membrane regions (e.g. integral
to membrane, intrinsic to membrane, plasma membrane and mitochondrial outer membrane). We also show that
phosphorylated substrates are present in diverse cellular processes and pathways, including intracellular signaling
cascades, cell surface receptor-linked processes, ion transport, cell adhesion, and sensory perception (Fig. 5).

SCIENTIFIC REPORTS | 7: 6862 | DOI:10.1038/s41598-017-07199-4

14

www.nature.com/scientificreports/
For the CDK substrates, we found that the most significantly enriched GO CC terms are “integral to membrane”
(with p-value = 9.12e-56) and “intrinsic to membrane” (with p-value = 1.33e-55), while for the MAPK substrates,
the most significantly enriched terms are “plasma membrane” (with p-value = 9.12e-37) and “plasma membrane
part” (with p-value = 4.10e-28).
In terms of GO Molecular Function, the most enriched GO terms for phosphorylated substrates are associated
with nucleoside binding, including adenyl nucleotide binding, purine nucleotide binding and ribonucleotide
binding. Indeed, recent studies show that nucleotide-binding protein substrates can be targeted and regulated by
multiple kinases such as CDKs, MAPKs, PKA and PKC78. In particular, we also show that phosphorylated MAPK
substrates are significantly enriched for gated channel activity (with p-value = 2.241e-21) and ion channel activity
(with p-value = 1.961e-20).
Moreover, we also observe some interesting differences in the significantly enriched GO terms between different kinase substrates from Fig. 5. For example, MAPKs and PKC are especially enriched in specific GO terms
compared to the other two kinases CDKs and CK2, and the presence of adhesion/cell surface receptor linked/
intracellular signalling cascade are consistent with the known functional roles for MAPKs and PKC79. In addition,
plasma membrane-associated substrates are enriched for CDKs, which may reflect non-canonical roles beyond
cell cycle regulation80. Altogether, the functional enrichment analysis of predicted kinase-specific substrates in
this section sheds light on the functional commonality and diversity of the potential repertoires of these kinase
families.
A user-friendly Java version of PhosphoPredict
has been developed and implemented with an easy-to-use interface, which can be downloaded from http://phosphopredict.erc.monash.edu/. This program was configured on a 16-core server with 50 GB memory and a 4 TB
hard disk. It can be executed on different operating systems, including Windows, Mac OS X, and Linux. Users
are required to select the kinase model of interest from a dropdown menu, paste the amino acid sequences of
the query protein (in FASTA format), choose the prediction threshold, and then click the “predict” button. An
example of the prediction output is provided (Fig. 6). Nbs1 is a component of the MRN complex which plays a
critical role in the cellular response to DNA damage and is phosphorylated by the ATM kinase on two sites S278
and S343 in response to radiation damage81. As can be seen from Fig. 6, PhosphoPredict correctly predicted the
two well-characterized phosphorylation sites and potentially other sites (S397, S447, and T493).
In terms of prediction output display, there are two main sections of the prediction output, including the
section of 9-mer sequence ranking and a summary of the secondary structure, solvent accessibility, and disordered region of the submitted sequence, as well as predicted phosphorylation sites highlighted by different colors
(corresponding to the predicted probability score). It should be noted that the local Java program and the online
webserver of PhosphoPredict differ in the way prediction results are presented. Moreover, the server output webpage provides users with an additional feature: when hovering the mouse cursor over the “?” icon, which is next
to each result section headers (original sequence, native disorder, secondary structure and solvent accessibility),
a window pops up displaying additional information about the associated result section (See Figure S2 for an
example). In addition, the computational time required for a prediction depends on the length of the submitted
sequence. For a protein sequence consisting of 500 amino acids, the prediction task requires approximately two
minutes to generate and return prediction results. Additionally, PhosphoPredict allows adjustment of the prediction threshold to meet different requirements and results to be saved as a txt (.txt) file for further analysis.
Our PhosphoPredict Java program has been tested on several operating systems, including Windows, Linux
and Mac OS X. We highlight that, to run our software in Windows, Mac OS X and Linux systems, users should
make sure they have installed and configured the Java JDK1.8 (or newer) on their local computer(s). To that effect,
users are advised to download the proper JDK package from http:/www.oracle.com.

Availability of the Java program, PhosphoPredict.

Limitations and future work for developing improved algorithms. Although our approach
improves the prediction of phosphorylation sites for several kinases, it has certain limitations. Interestingly, while
the inclusion of additional features improved the prediction accuracy for some kinases/kinase families (e.g. CK1
and GRK) it decreased the performance for others (e.g. PKA, PKB, and PKC) (Table 3). The underlying reasons
for this observation are not evident but might be associated with the size of the datasets. In addition, incorporation of additional features can also lead to the inclusion of unwanted noisy and/or irrelevant features, which in
turn might lead to a performance decrease, if exercised without applying any proper feature selection procedures.
Indeed, as can be observed from Table 3, after performing mRMR feature selection, the model performance
increased significantly for all the kinases except PKA. This highlights the necessity and value of applying feature
selection to heterogeneous feature sets in order to improve the model performance.
On the other hand, PhosphoPredict does not consider other potentially relevant features, such as those with
functional context, e.g. surrounding contexts including cell cycle progression, prior phosphorylation events, and
determinants of kinase-substrate phosphorylation at the network level82. Incorporating such context data and
thus complementing the given sequence information, may well improve the accuracy of prediction models and
help reduce high false positive rates. In this context, inclusion of informative features (e.g. amino acid property
descriptors from the Amino Acid Index Database83) that have previously proven useful in other protein bioinformatics studies84 may also be helpful for improving the prediction performance of kinase-specific phosphorylation
substrates and sites. In this regard, a variety of common features used in previous studies are useful for phosphorylation site prediction, which include local amino acid sequences surrounding potential phosphorylation sites
in terms of binary encoding scheme35 or amino acid frequency30, 31, 34, 51, 61, protein secondary structure34, native
disorder34, and functional features in the form of GO terms34 and protein-protein interactions33–35, 82. In future
work, it will be of particular interest to identify novel contributing features, which can be used in combination
to further improve the prediction performance. Lastly, it remains a challenging task to assign reliable negative
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Figure 6. Example output of the PhosphoPredict Java application. Predicted phosphorylation sites of the cell
cycle regulatory protein p95 (Nibrin, Uniprot ID: O60934) by the ATM kinase are displayed.
data, i.e. sites that cannot be phosphorylated under any conditions. In this regard, by combining sequence information with functional context data, the positive-unlabeled (PU) learning technique85 might represent a useful
framework for building accurate models and reducing the bias caused by selection of negative samples. These
and other approaches addressing the limitations of our current method will likely lead to the development of
next-generation algorithms with improved phosphorylation site prediction.

Conclusion

Identifying protein phosphorylation sites is a crucial step in understanding regulatory functions in biological systems. Computational approaches are cheaper, less time consuming, and more practical and efficient for large-scale
prediction of phosphorylation sites, as compared with experimental methods. Here, we have developed a new
bioinformatics tool, PhosphoPredict, specifically designed for large-scale prediction of phosphorylation sites.
PhosphoPredict treats phosphorylation site prediction as a binary classification problem and uses an RF-based
machine-learning approach to solve it. Furthermore, PhosphoPredict incorporates both sequence-derived and
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functional features for kinase-specific prediction of substrates and phosphorylation sites, here applied to 12
kinase families while using mRMR feature selection to significantly improve performance. Benchmarking experiments indicate that PhosphoPredict provides a predictive performance that is competitive with or even superior
to four currently available tools. Moreover, the techniques and framework used by PhosphoPredict are applicable
to other prediction problems involving protein PTMs, such as acetylation, ubiquitination, sumoylation, methylation and glycosylation. It is our expectation that the PhosphoPredict program and the developed framework
described in this study are useful and widely applicable for facilitating accurate prediction and functional annotation of post-translationally modified substrates and sites in the human proteome.
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a b s t r a c t
Determining the catalytic residues in an enzyme is critical to our understanding the relationship between protein sequence, structure, function, and enhancing our ability to design novel enzymes and
their inhibitors. Although many enzymes have been sequenced, and their primary and tertiary structures determined, experimental methods for enzyme functional characterization lag behind. Because experimental methods used for identifying catalytic residues are resource- and labor-intensive, computational approaches have considerable value and are highly desirable for their ability to complement experimental studies in identifying catalytic residues and helping to bridge the sequence–structure–function
gap. In this study, we describe a new computational method called PREvaIL for predicting enzyme catalytic residues. This method was developed by leveraging a comprehensive set of informative features extracted from multiple levels, including sequence, structure, and residue-contact network, in a random forest machine-learning framework. Extensive benchmarking experiments on eight different datasets based
on 10-fold cross-validation and independent tests, as well as side-by-side performance comparisons with
seven modern sequence- and structure-based methods, showed that PREvaIL achieved competitive predictive performance, with an area under the receiver operating characteristic curve and area under the
precision-recall curve ranging from 0.896 to 0.973 and from 0.294 to 0.523, respectively. We demonstrated that this method was able to capture useful signals arising from different levels, leveraging such
differential but useful types of features and allowing us to significantly improve the performance of catalytic residue prediction. We believe that this new method can be utilized as a valuable tool for both understanding the complex sequence–structure–function relationships of proteins and facilitating the characterization of novel enzymes lacking functional annotations.
© 2018 Elsevier Ltd. All rights reserved.

1. Introduction
As powerful biological catalysts, enzymes can effectively catalyze biochemical reactions at extremely high rates and are
thus indispensable for many biological processes and pathways
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(Khosla and Harbury, 2001). Many important findings acquired
from enzyme fast reaction systems (Chou and Zhou, 1982; KuoChen and Shou-Ping, 1974; Zhou and Zhong, 1982) significantly impact both basic research (Gardner et al., 2015) and drive changes in
medicinal chemistry (Chou, 2017). However, the residues comprising an enzyme differ greatly in functional significance, with only a
small number directly involved in catalytic activity (Furnham et al.,
2014). Accordingly, understanding which of these are catalytic
residues is critical for our determining relationships between protein sequence, structure, function, and enhancing our ability to de-
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sign novel inhibitors and enzymes. This has important implications in the post-genomic era, with its challenge of bridging the
widening protein sequence–structure gap. Although sequence information for many enzymes is known, relatively few enzymes
have been functionally characterized. Therefore, detailed information regarding catalytic residues and enzyme active sites explicitly involved in catalysis remains lacking. Because experimental
methods for identifying catalytic residues are resource- and laborintensive, high-throughput in silico approaches have considerable
value and are highly desirable for complementing experimental
efforts in identifying catalytic residues and helping to bridge the
sequence–structure–function gap.
In recent years, a variety of computational methods have been
developed for predicting catalytic residues or functional residues
involved in catalytic reactions (Chou and Cai, 2004). These methods differ in several ways, including in the machine-learning or
statistical-scoring technique used, the types of sequence features
used, whether or not structural features are used in addition to sequence features, and in the sources of training and testing datasets.
According to the types of features used for constructing prediction
models, existing methods can be generally categorized into four
major groups.
The first group of methods was primarily developed based
on protein sequence and typically relied upon extracting useful
sequence features for inputs used to train the prediction models. Commonly used sequence features include evolutionary information in the form of position-specific scoring matrices (PSSMs)
or sequence conservation inferred from multiple sequence alignments (Capra and Singh, 2007; Fischer et al., 2008; La et al.,
2005; Pai et al., 2015; Youn et al., 2007; Zhang et al., 2008) or
other sequence-derived features, such as Jensen-Shannon divergence scores, relative entropies (Dou et al., 2012, 2010; Fischer
et al., 2008), and predicted structural information inferred from
sequences, including secondary structure and solvent accessibility
(Dou et al., 2012; Kauffman and Karypis, 2009; Shen et al., 2009).
Recently, many research groups exploited the increasing quantity of structural data deposited in the Protein Data Bank (PDB)
(Rose et al., 2017), prompting the proliferation of the second
group of methods, which leverage structural information to build
the prediction models (Alterovitz et al., 2009; Chea and Livesay,
2007; Cilia and Passerini, 2010; Gutteridge et al., 2003; Han et al.,
2012; Kirshner et al., 2013; Panchenko et al., 2004; Petrova and
Wu, 2006; Sun et al., 2016; Xin et al., 2010; Youn et al., 2007).
Xin et al. (2010) proposed a structure-based kernel algorithm for
the prediction of catalytic residues by explicitly modeling the similarity between residue-centered neighborhoods in protein structures (Xin et al., 2010). They showed that the geometry, physicochemical properties, and evolutionary conservation play an important role in determining catalytic residue activity. In a recent study, Sun et al. (2016) developed the CRHunter method
which combined both sequence and structural information in an
SVM framework that achieved stable performance when compared with other template-based predictors (Sun et al., 2016).
Chien and Huang proposed an approach EXIA based on residue
side chain orientation and backbone flexibility of protein structure, which achieved a comparable performance to that of evolutionary sequence conservation (Chien and Huang, 2012). In another study, Kirshner et al. (2013) developed the Catsid (Catalytic
site identification) search engine, which enables rapid searches for
structural matches to a user-specified catalytic site among all PDB
structures. Its capacity to rapidly search all known protein structures in the PDB is enabled by a logistic regression-based model
that allows for systematic identification of true positives based on
a set of feature descriptors (Kirshner et al., 2013).
The third group of methods (Chea and Livesay, 2007; del Sol
et al., 2006; del Sol and O’Meara, 2005; Li et al., 2011) involve

graph-theoretical methods that essentially rely on representing
protein three-dimensional (3D) structures as small world networks
(Watts and Strogatz, 1998), where amino acid residues specify
vertices within a graph while two residues in a proximal spatial
neighborhood form edges. Zhou et al. provided a comprehensive
review on recent progress in this area (Zhou et al., 2016). Previous
studies showed that representing protein structure as a topological residue-contact network can provide novel insights into protein
folding mechanisms, stability, and function (del Sol et al., 2006; del
Sol and O’Meara, 2005; Jiao and Ranganathan, 2017; Song et al.,
2010; Tang et al., 2008; Wang et al., 2012; Zheng et al., 2012).
Chea and Livesay (2007) benchmarked the performance of one particular network measure called closeness centrality and showed
that it provided statistically significant predictive power for catalytic residue predictions. They also demonstrated that solvent accessibility or residue identity could be used as an eﬃcient filter by
this network feature to further improve its predictive performance
(Chea and Livesay, 2007).
The fourth group of methods uses heterogeneous features
through the integration or fusion of sequence, structure, and other
types of features (Li et al., 2011; Sankararaman et al., 2010; Tang
et al., 2008). Because the extracted features are heterogeneous, redundant, and noisy, a number of feature-selection and dimensionality reduction algorithms are often employed and used in combination with the learning algorithms to remove irrelevant features
and improve model training in order to increase prediction accuracy. In terms of the algorithms used for training these prediction
models, machine learning or statistical scoring approaches are often employed and used include neural networks (Gutteridge et al.,
2003), information-theoretic algorithms (Capra and Singh, 2007;
Fischer et al., 2008), genetic algorithms (Izidoro et al., 2015), support vector machines (SVMs) (Chea and Livesay, 2007; Li et al.,
2011; Pai et al., 2015; Petrova and Wu, 2006; Sun et al., 2016;
Youn et al., 2007), kernel-based algorithms (Xin et al., 2010), AdaBoost (Alterovitz et al., 2009), and logistic regression (Dou et al.,
2012; Kirshner et al., 2013; Sankararaman et al., 2010). The consensus of these studies has been that evolutionary information, sequence conservation, and the structural neighborhood of catalytic
residues are important predictive features, with machine learningbased approaches often providing competitive performance, making them particularly suitable for dealing with high-dimensional
heterogeneous feature spaces.
Despite the development and increasing availability of such a
wide range of methods, three main challenges need to be overcome to predict catalytic residues by machine leaning-based approaches: (1) Sequence and structural features are still not suﬃcient to predict the catalytic residues of certain proteins. Accordingly, it is necessary to find and exploit other novel and complementary groups or types of features that can be used to further
improve prediction performance. (2) Methods for quantifying and
characterizing the relative importance and contribution of each
group of features according to model performance are needed. (3)
It is necessary to determine which machine learning algorithm
provides the overall highest and most reliable prediction performance.
To address these questions, in this study, we present a new
machine learning-based approach called PREvaIL (PRotEin various
Information-based cataLytic site predictor) for predicting catalytic
residues based on a random forest (RF) algorithm. In terms of input features, this approach combines a variety of sequence and
structural features, as well as residue-contact-network properties,
and uses an eﬃcient feature-selection technique to select a subset
of more useful features for catalytic residue prediction. We performed extensive benchmark experiments using eight different test
datasets to evaluate the performance of this approach and compared it with other competing methods. The results showed that
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this new approach performed favorably as compared with other
methods, thereby illustrating its effectiveness.
2. Materials and methods
According to the 5-step rule (Chou, 2011), the first important
step in developing a new predictor involves construction or selection of an effective benchmark dataset. In this study, we addressed
this problem as follows.
2.1. Design and generation of independent test datasets of catalytic
residues
To comprehensively evaluate the predictive performance of our
approach and compare it with other available methods, we employed the same nine datasets prepared by previous studies (Chea
and Livesay, 2007; Gutteridge et al., 2003; Petrova and Wu, 2006;
Youn et al., 2007; Zhang et al., 2008). These nine datasets are
briefly introduced below.
The first six of these datasets were carefully curated based
on various levels of sequence homology and only contained
one sequence per fold, family, and superfamily (Zhang et al.,
2008), thereby allowing rigorous and unbiased performance comparison between different methods. These curated datasets are
the SCOP fold dataset (“EF_fold”), SCOP superfamily dataset
(“EF_superfamily”), and SCOP family dataset (“EF_family”) originating from Youn et al. (2007), SCOP superfamily dataset
(“HA_superfamily”) prepared by Chea and Livesay (2007), the
dataset (“PC”) prepared by Petrova and Wu (2006), and a nonhomologous dataset (“NN”) prepared by Gutteridge et al. (2003).
The ST-1109 dataset was originally prepared by the Kurgan
group (Zhang et al., 2008). In this dataset, all experimentally verified catalytic residues were extracted from the Catalytic Site Atlas (CSA) database (Furnham et al., 2014; Porter et al., 2004),
which is a comprehensive resource for catalytic sites and residues
identified in enzymes using structural data. The CD-HIT program
(Fu et al., 2012) was applied at a sequence identity cut-off of 40%
to filter homologous sequences against those in the six aforementioned datasets in order to avoid bias introduced by homologous
sequences used for independent tests. This final design dataset
contained 1109 PDB chains.
The T-124 and T-37 datasets were also originally prepared by
the Kurgan group (Zhang et al., 2008) and used as independent test
datasets to evaluate the performance of different methods. The two
datasets contain 124 and 37 PDB chains, respectively, and used the
CSA database (version 2.2.5) (Furnham et al., 2014; Porter et al.,
2004) to annotate the catalytic residues in each chain. The two
datasets have low pairwise sequence identity (<30%) with respect
to the two training datasets EF_fold and ST-1109 design set, which
would be used by our method to train the RF models.
As the most comprehensive dataset, the ST-1109 design dataset
was used to train the prediction models used by our method, select optimal features, and calibrate model parameters. The EF_fold
dataset was used to train the models of our method, which was
then tested using the T-124 and T-37 independent test datasets to
compare the performance between different methods. Additionally,
10-fold cross-validation tests on the six curated datasets were also
performed to assess the performance of other existing methods.
2.2. Overview of the PREvaIL methodology
The flowchart of our PREvaIL methodology for predicting catalytic residues based on the integration of sequence, structural, and
residue-contact-network features is shown in Fig. 1. There exist
several major stages of developing the PREvaIL methodology, including dataset curation, feature extraction at the sequence, struc-
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ture, and network levels, feature selection, model construction, and
performance evaluation. Except for dataset curation, which was described in Section 2.1, we discuss each of these major stages in the
following sections.
2.3. Feature engineering
Similar to previous studies, we formalized the catalytic residue
prediction as a classification problem. For this purpose, each candidate catalytic residue was represented by a feature vector, x, with
D-dimensional feature components, {x1 , x2 ,…, xD }. The aim of this
classification problem is to predict the label y given the feature
representations of a residue, i, i.e., to predict whether a residue is
catalytic (y = 1) or noncatalytic (y = 0). Table 1 provides a comprehensive list of all feature components, {x1 , x2 ,…, xD }, categorized
according to 11 different feature groups and arranged in the order
of feature encoding. A series of 3424-dimensional feature vectors
were extracted and used in this study. In the following sections,
we describe in detail each feature type used for extracting featurevector components.
2.3.1. Sequence features
With the explosive growth of biological sequence data generated in the post-genomic age, one of the most important but also
most diﬃcult problems in computational biology is formulation
of a biological sequence using a discrete model or vector while
maintaining considerable sequence order or pattern information.
This is because all existing operation engines, such as SVMs and
RF algorithms, can only handle vectors, but not sequence samples (Chou, 2015). However, a vector defined by a discrete model
might lose all of the sequence-pattern information. To avoid complete loss of sequence-pattern information for proteins, the pseudo
amino acid composition (PseAAC) (Chou, 2001, 2005) was proposed
and has subsequently been utilized in many biomedicine and drug
development areas (Zhong and Zhou, 2014), as well as all areas
of computational proteomics [e.g., (Khan et al., 2017; Meher et al.,
2017; Rahimi et al., 2017; Tahir et al., 2017; Zhou et al., 2007)] and
a long list of references previously cited (Amanzadeh et al., 2014;
Behbahani et al., 2016; Beigi et al., 2011; Esmaeili et al., 2010; Hajisharifi et al., 2014; Khosravian et al., 2013; Mohabatkar, 2010; Mohabatkar et al., 2011, 2013; Mousavizadegan and Mohabatkar, 2016;
Poorinmohammad et al., 2015). Because of its wide use, three powerful open access software tools called “PseAAC-Builder” (Du et al.,
2012), “propy” (Cao et al., 2013), and “PseAAC-General” (Du et al.,
2014) were established. The former two are used to generate various modes of special PseAACs, whereas the latter the general
PseAAC, including not only all special modes of feature vectors for
proteins but also higher level feature vectors, such as “Functional
Domain,” “Gene Ontology,” and “Sequential Evolution” or “PSSM”
modes. In this study, we considered the following five different
sequence-derived feature types.
(1) PSSM. Evolutionary information in the form of a PSSM
(Jones, 1999) is particularly useful for improving the predictive performance of machine learning-based models in our previous studies, including prediction of cis/trans isomerization
(Song et al., 2006), disulfide connectivity (Song et al., 2007),
protease cleavage sites (Song et al., 2012), and metal-binding
sites (Chen et al., 2013; Song et al., 2017a). We used a sliding
window comprised of 13 amino acids to extract PSSM features,
resulting in a 20 × 13 = 260-dimensional vector.
(2) EntWOP. This feature is calculated based on the Shannon entropy of the weighted observed percentages (WOPs) generated by performing three iterations of PSI-BLAST search and
was originally designed by incorporating the sequence conservation information into the PSI-BLAST profiles (Zhang, et al.,
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Fig. 1. Flowchart describing the PREvaIL methodology for predicting catalytic residues based on the integration of sequence, structural, and residue-contact-network features
using the RF learning framework.

2008). This feature was included based on its emergence as
among the most important features used for predicting catalytic residues. We followed the same procedures as described
by Zhang et al. (2008) to extract this feature.
(3) Dist_Key. This one-dimensional feature describes the relative
sequence distance of a catalytic residue relative to the Nterminus of the protein sequence.

(4) Physicochemical property. Catalytic residues can be classified
as charged, hydrophobic, or polar residues according to their
physicochemical properties. We used binary encoding to represent this feature type (i.e., using a 3-dimensional binary vector;
if the given catalytic residue is charged, the first dimension is
set to “1,” whereas the other two dimensions are set to “0”).
(5) CRPair. An enzyme normally has three catalytic residues based
on the requirement to form a catalytic triad at the center of
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Table 1
A comprehensive summary of sequence, structure, and network features used in this study.
Feature category

Dimensionality

Software /database

References

Description

Network features

12

iGraph

Csardi and Nepusz (2006)

Dist_Key
Network neighboring
properties

1
3050

In-house
iGraph

Csardi and Nepusz (2006)

PSSM

260

PSI-BLAST

EntWOP

1

PSI-BLAST

Altschul et al. (1997) and
Jones (1999)
Zhang et al. (2008)

Residue-contact network features include degree, closeness,
status, hubscore, clustering coeﬃcient, cyclic coeﬃcient,
constraint, betweenness, eigenvector, cocitation, coreness
and eccentrality
Relative sequential distance between catalytic residues
The residue-contact network features were used to
describe the local spatial environment of catalytic
residues
Evolutionary information in the form of PSSM

Structure descriptors

6

Biopython

Cock et al. (2009)

B-factor
Solvent accessibility

1
5

PDB
Naccess

Rose et al. (2017)
Hubbard and Thornton (1993)

Secondary structure
features
Physicochemical
property
CRPair

8

DSSP

Kabsch and Sander (1983)

3

BioJava

Prlic et al. (2012)

76

In-house

Zhang et al. (2008)

the active site (Carter and Wells, 1988). The notation of CRPair
was first introduced by Zhang et al. and is defined as a pair of
catalytic residues (Zhang et al., 2008). The sequence distances
between any two adjacent catalytic residues are all calculated
and collectively encoded for the central catalytic residue. A total
of 76 CRPairs were extracted in this study and we used binary
encoding to represent each CRPair.
2.3.2. Structure features
To complement sequence-derived features and improve the predictive performance of our models, we also extracted a variety
of structure features, including the following: (1) eight different
types of secondary structures calculated using the DSSP program
(Kabsch and Sander, 1983) and including the 310 helix (denoted as
G in DSSP), α helix (H), π helix (I), beta bridge (B), beta bulge
(E), turns (T), high curvature region (S), and loops (C); (2) solvent
accessibilities of all-atoms, total-side, main-chain, non-polar, and
all-polar residues, which were calculated using the NACCESS program (Hubbard and Thornton, 1993); (3) solvent exposure features
to include half sphere exposure (HSE), contact number (CN), and
residue depth (RD), with HSE a two-dimensional measurement of
the solvent exposure of a residue (Hamelryck, 2005; Song et al.,
2008). HSE features include HSEAU, HSEAD, HSEBU, and HSEBD,
with the former two calculated using the Cα coordinates, whereas
the latter two were calculated using the Cβ coordinates. We used
the Biopython package (Cock et al., 2009) to calculate the six solvent exposure features; (4) B-factor (atomic displacement parameter) measures residue mobility and reflects fluctuations of an atom
in a crystallographic structure (Yuan et al., 2005) based on its indication of residue flexibility and dynamics. We extracted the original B-factor value for each catalytic residue from its corresponding
PDB structure and then normalized it using a previously described
method (Smith et al., 2003) prior to its being encoded as a feature
vector and used as the input.
2.3.3. Residue contact network features
A protein can be represented as a connected network of
contacting residues in the 3D structure space (del Sol and

Shannon entropy-based weighted observed percentage
(WOP) calculated using PSI-BLAST of the catalytic residue
of interest
Structure descriptors include residue depth, contact
number, HSEAU, HSEAD, HSEBU, and HSEBD
B-factor or temperature factor
This feature group include solvent accessibilities of
all-atoms, total-side, main-chain, non-polar and all-polar.
Eight secondary structure types annotated by DSSP
This feature group include charged, hydrophobic and polar
and is calculated from sequences.
A CRPair is a pair of catalytic residues in the protein. The
sequence distances between any two adjacent catalytic
residues are all calculated and collectively encode for the
central catalytic residue. A total of 76 CRPairs were
extracted.

O’Meara, 2005). By representing protein structures as small world
networks (Watts and Strogatz, 1998), a number of important characteristic features can be extracted from the topology of the protein 3D structures to facilitate the identification of functionally important residues involved in both enzyme and nonenzyme protein
families (del Sol et al., 2006). Here, we defined two residues in a
protein structure as in contact if the distance between their center
points was ≤6.5 Å. This allowed conversion of a PDB structure into
a residue contact network (Wang et al., 2012). We used the iGraph
network analysis package (Csardi and Nepusz, 2006) to calculate
different network properties describing the local environment of
the catalytic residue in the residue contact network, including degree, closeness, status, hubscore, clustering coeﬃcient, cyclic coeﬃcient, constraint, betweenness, eigenvector, cocitation, coreness,
and eccentrality.

2.3.4. Network neighboring properties
Considering that neighboring nodes might affect the spatial arrangement and organization of the central node due to their differential distance to the central node in the network, the neighboring
property of node i, φ (i), can be defined as follows to take this effect into consideration:

φ (i ) =

1 ! f ( j)
,
N−1
d (i, j )
j̸=i

where f(j) is a given property of node j, d(i,j) is the shortest path
length between nodes i and j, and N is the total number of residues
in a protein structure. To the best of our knowledge, this represents the first encoding and use of this form of network neighboring properties.
We encoded the network features in two different ways. One
involves encoding residue-contact-network metrics as input features, and the other involves encoding network neighboring properties for a central residue as an input feature after representing
the entire protein structure as the residue contact small world network.
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2.4. RF algorithm
RF is an ensemble tree-structured algorithm used for classification and regression analyses (Breiman, 2001) and has been implemented as the randomForest package in R (Liaw and Wiener, 2002)
and widely used in computational biology (Jia et al., 2015, 2016;
Liu et al., 2016; Qiu et al., 2016). A typical RF model consists of
hundreds of decision trees and uses majority voting to determine
the final prediction outcome for unseen data samples. Compared
with other machine-learning algorithms, RF has several attractive
advantages that make it suitable for dealing with the current prediction task. It usually performs favorably and stably with highdimensional feature vectors, which is particularly the case in this
work. The model training process is often faster than that of other
machine-learning algorithms, such as SVMs and neural networks.
Importantly, this also permits variable or feature selection, thereby
providing the opportunity to characterize important features that
contribute the most to model performance. Additionally, use of RF
includes both model training and prediction stages, which is similar to many other machine-learning algorithms.

Fig. 2. The MDGI Z-scores for the selected feature groups. The bar represents the
corresponding MDGI Z-score of a feature group. The feature group is the same as
the feature category described in Supplementary Table 1. There were 41 features
with MDGI Z-scores > 2.0.

FP rate is defined as:

FP rate =

FP
FP + TN

2.5. Feature selection based on the RF mean decrease Gini index
(MDGI)

where TP is the number of TPs, TN is the number of true negatives,
FP is the number of FPs, and FN is the number of false negatives.

RF provides a feature-selection method based on the MDGI,
which can be calculated by the randomForest R package (Liaw and
Wiener, 2002). The MDGI score measures the importance of individual vector elements of a feature for correctly classifying a
residue as catalytic or noncatalytic. The mean MDGI was calculated
as the averaged MDGI over 100 trials of randomly classifying a set
of positive (i.e., catalytic residues) and negative residues (i.e., noncatalytic residues) with a ratio of 1:1. The mean MDGI Z-score of
each vector element was then calculated as:

3. Results and discussion

MDGI Z − score =

xi − x̄

σ

where xi is the mean MDGI of the ith feature, and σ is the standard deviation. We divided the vector elements into four zones according to their MDGI Z-scores (i.e., Z-score > 2, 1.5 < Z-score ≤ 2,
1 < Z-score ≤ 1.5, and 0.5 < Z-score ≤ 1, respectively). Vector elements with MDGI Z-score s > 2.0 were considered as optimal feature candidates and used as the input features to train the RF classifier.
2.6. Performance evaluation by cross-validation and independent
testing
We used several standard performance measures, including precision (PRE), recall (REC), false positive (FP) rate, the area under
the curve (AUC), and the area under the recall–precision curve
(AURPC), to comprehensively evaluate and compare the predictive
performance between different methods. Among these measures,
AUC represents the area under the receiver operating characteristic
(ROC) curve, which is a plot of the true positive (TP) rate against
the FP rate, whereas AURPC is the area under the recall–precision
curve (RPC) and used as a good alternative to AUC if there is a
large skew in the class distribution. Both AUC and AURPC were
used as primary measures to assess the predictive performance
of different methods using the eight aforementioned independent
test datasets.
PRE is defined as:

PRE =

TP
TP + FP

REC (also referred to as the TP rate) is defined as:

REC =

TP
TP + FN

3.1. Feature ranking by the MDGI Z-score
We calculated and ranked the MDGI Z-scores of all initial 3424
features (see Table 1 for a summary of these features) using the
randomForest R package in order to assess the relative importance
and contribution of each feature type. As a result, we identified
a total of 127 feature-vector elements with MDGI Z-score > 1.0, of
which 41 had an MDGI Z-score > 2.0. The relative importance and
ranking of these feature vectors are plotted in Fig. 2. A detailed list
of these feature vectors according to their MDGI Z-score zones are
provided in Supplementary Table S1.
To better understand the interrelationships between the significant sequence, structure, and network-based features, we performed classical multi-dimensional scaling (Lobley et al., 2007)
and visualized the distributions of these features in the feature space (Fig. 3). Feature descriptors that are closely correlated
tend to be closely clustered together in the feature space. As
shown, there existed four clearly defined feature groupings. The
first group included two solvent exposure measures, HSEAD and
HSEBD, and several other network features, such as degree, closeness_centrality, cocitation, coreness, hubscore, and eigen_centrality.
The second group contained all polar, total_side, main_chain, nonpolar solvent accessibility, and two network features, cyclic_coeff
and cluster_coeff. The third group included CN, RD, HSEAU, HSEBU,
and betweenness centrality. The remaining features formed the
fourth group, which included B-factor, constraint, Dist_Key, eccentrality, and status.
As expected, the feature interrelationships revealed by the
multi-dimensional scaling plot in Fig. 3 agreed well with their
pairwise Pearson’s correlation coeﬃcients. For example, five network features that were closely related to the degree feature in
the feature space were coreness, cocitation, closeness_centrality,
eigen_centrality, and hubscore, with Pearson’s correlation coeﬃcient values of 0.896, 0.896, 0.407, 0.364, and 0.364, respectively
(see the Supplementary Excel file 1 Correlation matrix between
significant features for the calculated Pearson’s correlation coeﬃcients between every two features). The observed correlations between these features indicated they encoded similar information
within this feature grouping, and that such information was not
represented by other feature groupings. Similar observations were
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Fig. 3. Two-dimensional scaling plot of the representative sequence, structure, and network-based features in the feature space. Feature descriptors that are closely correlated
are closely clustered together in the feature space. The scale units of the plot are relative to the smallest correlation between feature pairs as measured by Pearson’s
correlation coeﬃcient (Lobley et al., 2007).

noted for the second, third, and fourth feature groupings, as shown
in Fig. 3 and Supplementary Excel file 1.

3.2. Analysis of the importance and relevance of different feature
types
We performed unpaired two-sample t tests to examine whether
the mean values of a given feature between catalytic residues and
randomly selected noncatalytic residues were statistically significant in order to assess the potential of the given feature for discriminating the two sample sets. The results are shown in Figs. 4
and S1, with the mean values, standard deviations, and P-values
listed in Supplementary Table S2. For the majority of features, the
mean values between catalytic residues and noncatalytic residues
were statistically significant, with most having a P-value < 1.7E−05.
The boxplots for some of the selected features are shown in
Figs. 4 and S1.
To investigate and assess the contribution of a variety of sequence, structural, and residue-contact-network features to catalytic residue prediction, we examined their contributions to gain
insight into the ability of PREvaIL to discriminate between catalytic
and noncatalytic residues. As shown in Fig. 2 and Supplementary
Table 1, among the 3424 features initially extracted, 41 had MDGI
Z-scores > 2.0 and were used in the final RF models. These features
were distributed in eight specific types, including network feature
(closeness centrality), Dist_Key, a number of neighboring properties, PSSM, EntWOP, CN, HSEAD, HSEBD, solvent accessibility, and
amino acid physicochemical properties (charge and hydrophobicity).
These top ranked features are frequently associated with features identified in previous studies as highly correlated with catalytic residues. These include closeness centrality, which is a network centrality feature describing the status of a residue located in
the protein structure. Highly central residues tend to have higher
closeness values due to their interaction with a relatively larger
number of residues in the structure space. Closeness was highly
correlated with catalytic residues (Amitai et al., 2004; Chea and

Livesay, 2007; del Sol et al., 2006; del Sol and O’Meara, 2005; Li
et al., 2011), and our results confirmed this observation.
However, as an enriched feature source, sequence-derived features have been extensively used in model training and crucial for
ensuring model performance in a number of previous bioinformatics studies focusing on prediction of protein structural and functional properties (Li et al., 2015, 2014; Song et al., 2009, 2017b;
Wang et al., 2014) (Disfani et al., 2012; Jones and Cozzetto, 2015;
Lobley et al., 2007; Meng and Kurgan, 2016; Ofran and Rost, 2007;
Zhang et al., 2008). In our investigation, we focused on sequencederived features, such as evolutionary information in the form of
PSSM profile, EntWOP, and Dist_Key (describing sequence-specific
distance between two adjacent catalytic residues). Among these,
EntWOP was the top-ranked feature, with the highest MDGI Zscore of 24.3 (Fig. 2). This can be considered a condensed type of
sequence-conservation feature derived from the multiple sequence
alignments of homologous proteins gathered from the nonredundant protein databases. Zhang et al. originally introduced the concept of this feature and used it in their SVM-based models to
improve the prediction of catalytic residues (Zhang et al., 2008).
Here we confirmed EntWOP as a powerful feature, with its use in
conjunction with PSSM features greatly benefiting catalytic residue
prediction.
This study also confirmed the critical importance of physicochemical properties of amino acids, including hydrophobicity
(Zhang et al., 2008) and charge (Sankararaman et al., 2010), as well
as structural features, including solvent accessibility (Gutteridge
et al., 2003; Petrova and Wu, 2006) and B-factor (Sankararaman
et al., 2010; Youn et al., 2007). The B-factor had a relatively
smaller contribution according to its lower MDGI Z-score (1 < Zscore < 1.5) (Supplementary Table 1). Additionally, we identified
several structural features as important for predicting catalytic
residues, including CN, HSEAD, and HSEBD (Wang et al., 2012),
with these ranked as top features (MDGI Z-scores > 2.0). To our
knowledge, this was the first application of these features to build
models for identifying catalytic residues and thus represent novel
informative features for this prediction task.
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Fig. 4. Boxplots of the mean and standard deviations of the four representative structural and residue-contact-network features based on the unpaired two-sample t test.

In summary, investigating the impact of integrating these
sequence-derived, structural, and network level features might provide complementary information to existing methods and shed
light on the sequence–structure–function relationships of functional residues. In the following sections, we examine the effectiveness of combining these features to train our PREvaIL models
and compared them with other existing methods.
3.3. Performance comparison between PREvaIL and other methods
In this section, we compared the performance of our PREvaIL method with two sequence-based methods and five structurebased methods by performing 10-fold cross-validation tests on
six datasets (EF_fold, EF_superfamily, EF_family, HA_family, NN,
and PC). Additionally, we also compared the performance of our
method against four methods by performing independent tests on
the T-124 dataset. To facilitate performance comparison, we used
the TP rate and PRE by adjusting the prediction cut-off value to
achieve an equal or close-to-equal PRE with different methods. For
10-fold cross-validation tests, performance results between different methods are shown in Table 2. In terms of independent tests,
the performance results are shown in Table 3. The ROC curves and

Precision-Recall curves of the CRpred method and our method are
shown in Figs. 5 and S2.
The five structure-based methods in the benchmark included
a neural-network method (two versions with and without spatial
clustering) (Gutteridge et al., 2003), two SVM methods (Petrova
and Wu, 2006; Youn et al., 2007), and a graph-theoretic method
(Chea and Livesay, 2007), whereas the two sequence-based methods included a neural-network method (Gutteridge et al., 2003)
and CRpred (Zhang et al., 2008).
The SVM-based method proposed by Youn et al. (2007) extracted a number of features from sequence, sequence alignments,
3D structures, and structural-environment conservation and used
the SVM algorithm to perform automated catalytic site prediction and annotation (Youn et al., 2007). In their study, the authors found that structural features of residue environments, such
as solvent accessibility, together with sequence conservation were
particularly important for predicting catalytic residues. Specifically,
this method achieved TP rates of 51.1%, 53.9%, and 57.0%, and PRE
values of 17.1%, 16.9%, and 18.5% on the EF_fold, EF_superfamily,
and EF_family datasets, respectively.
The method proposed by Chea and Livesay (2007) is a graphtheoretic method that uses closeness centrality as the primary fea-
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Fig. 5. ROC and RPC for the RF-based PREvaIL method and the SVM-based CRpred method. AUC and AURPC values were provided to quantify the performance.
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Table 2
Performance comparison between LR and RF models of PREvaIL, CRpred, and other competing methods. All performance results were evaluated based on 10-fold crossvalidation tests using the six datasets EF_fold, EF_superfamily, EF_family, HA_family, NN, and PC.
Method

Performance measure

Performance evaluated on different datasets (%)
EF_fold

Competing methods
CRpred
Our LR model
Our RF model
a
b
c
d
e
f
g

a

TP-rate
Precision
TP-rate
Precision
TP-rate
Precision
TP-rate
Precision

51.1
17.1a
48.2g
17.0g
52.5
17.1
56.5
17.0

EF_superfamily
a

53.9
16.9a
52.1g
17.0g
53.1
17.0
59.4
17.0

EF_family
a

57.0
18.5a
58.3g
18.6g
55.0
16.9
60.2
17.0

HA_superfamily
b

NN (without clustering)
c

29.3
16.5b
54.0g
14.9g
46.1
17.0
57.9
17.0

NN (with clustering)
d

56.0
14.0c
57.1g
17.8g
50.0
17.0
58.9
17.0

68.0
16.0d
57.1g
17.8g
50.0
17.0
58.9
17.0

PC
e

90
7.0e
53.7g
17.5g
53.7
17.0
58.1
17.0

NN
50.0f
13.0f
57.1g
17.8g
50.0
17.0
58.9
17.0

Performance results assessed on the EF_fold, EF_superfamily and EF_family datasets by Youn et al. (2007), respectively.
Performance results assessed on the HA_family dataset by Chea and Livesay (2007).
Performance results assessed on the NN dataset by using the structure-based method without spatial clustering by Gutteridge et al. (2003).
Performance results assessed on the NN dataset by using the structure-based method with spatial clustering by Gutteridge et al. (2003).
Performance results assessed on the PC dataset by Petrova and Wu (2006).
Performance results assessed on the NN dataset by using the sequence-based method by Gutteridge et al. (2003).
Performance results assessed on all the six datasets by using the sequence-based CRpred method by Zhang et al. (2008).
Table 3
Performance comparison of different methods on the T-124 independent test dataset.
Method
a

CRpred (all residues)
CRpredb (residues with coordinates)
HAc (residue identity filter)
HAd (combination filter)
Our LR model
Our RF model
a

Performance
Performance
Performance
filter.
d
Performance
b
c

TP

FN

FP

TN

TP-rate

Precision

190
190
105
91
183
229

189
189
274
288
185
139

1131
1103
549
553
1119
1311

47,503
46,017
46,571
46,567
44,339
44,147

50.1
50.1
27.7
24.0
49.7
62.2

14.4
14.7
16.1
14.1
14.9
14.9

results of CRpred by Zhang et al. (2008) based on all residues.
results of CRpred by Zhang et al. (2008) based on residues with coordinates.
results of the HA method by Chea and Livesay (2007) based on residue identity
results of the HA method by Chea and Livesay (2007) based on combination filter.

ture based on a network representation of protein structure to
predict enzyme catalytic residues (Chea and Livesay, 2007). This
method achieved a TP rate of 29.3% and Precision of 16.5%, respectively, on the HA_superfamily dataset.
The method proposed by Petrova and Wu is an SVM-based
method that selected seven of the 24 attributes as an optimal subset of features, including sequence conservation, catalytic propensities of amino acids, and relative position on the protein surface as
the most important features (Petrova and Wu, 2006). This method
achieved a TP rate of 90.0%, but a significantly lower PRE value of
only 7.0%, on the PC dataset.
The method proposed by Gutteridge et al. (2003) is a neural network based on analysis of both sequence and structural
features and using solvent accessibility, secondary structure type,
residue depth, and the pocket in which the catalytic residues are
located, as well as conservation score and residue type, as inputs
for training the neural-network models. After predicting the catalytic residues using these models, the output and spatial clustering of the high scoring residues were then used to predict the location of the active site (Gutteridge et al., 2003). For the structurebased version with spatial clustering, the method achieved a better performance in terms of TP rate (68.0%) and PRE value (16.0%)
on the NN dataset; however, its sequence-based version performed
worse than the structure-based version, with a TP rate of 50.0%
and a PRE value of 13.0% on the NN dataset.
CRpred is also an SVM-based method that takes advantage of
a wide range of sequence features, including residue type, PSSM
profile generated by PSI-BLAST, EntWOP, hydrophobicity, and catalytic residue pairs (544 features) (Zhang et al., 2008). To reduce
the dimensionality of the input features, CRpred uses feature selection to eliminate redundant and less relevant features (Zhang et al.,
2008). Due to its competitive performance and the optimized pa-

rameterization of the SVM models and carefully designed feature
sets, the CRpred method is considered as a state-of-the-art method
for enzyme catalytic residue prediction. CRpred was extensively
tested by 10-fold cross-validation on all six datasets, achieving TP
rates of 54.0% and 53.7% and PRE values of 14.9% and 17.5% on the
HA_superfamily and PC datasets, respectively (Table 2).
As a comparison, the performance of the RF models of our
PREvaIL method achieved TP rates of 56.5%, 59.4%, and 60.2% at
the fixed PRE value of 17.0% on the EF_fold, EF_superfamily, and
EF_family datasets, respectively. This was a consistently better performance relative to all other methods, including CRpred. On the
HA_superfamily dataset, PREvaIL achieved a TP rate of 57.9% at
the fixed PRE value of 17.0%, representing the best performance
on this dataset and also achieved the best performance on the
NN and PC datasets (Table 3). The improved performance of PREvaIL over CRpred was more pronounced when they were evaluated
in terms of the ROC curve and RPC, especially the latter (Figs. 5
and S2). Depending on the particular test dataset, PREvaIL consistently achieved a larger AURPC value than CRpred. These results
indicated that the PREvaIL method provided the overall best performance as compared with several sequence- and structure-based
methods.
3.4. Performance evaluation by independent testing using the T-124
and T-37 datasets
We performed additional independent testing using the T-124
and T-37 datasets, which exhibit the lowest sequence identities
(<30%) with the two training datasets (ST-1109 and EF_fold). As
previously suggested (Zhang et al., 2008), we trained the PREvaIL
model using the entire EF_fold dataset, tested the trained model,
and compared its performance with other methods using the in-
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Fig. 6. Examples of the predicted catalytic residues mapped onto the original PDB structures. (A, B) Anabolic ornithine transcarbamylase from Escherichia coli (PDB: 1AKM,
chain A) (Jin et al., 1997). (C, D) Mitochondrial creatine kinase (PDB: 1CRK, chain A) (Fritz-Wolf et al., 1996). Different prediction catalogs are represented by different colors:
TP, red; TN, grey; FP, blue; FN, yellow. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

dependent test datasets. The performance results between PREvaIL,
CRpred, and the structure-based HA method proposed by Chea and
Livesay (2007) on the T-124 dataset are shown in Table 3. Additionally, the performance results between PREvaIL and CRpred on the
two independent test datasets are also shown in Fig. S2 in terms
of ROC curve and RPC.
As compared with CRpred (based on all residues and residues
with coordinates) and the HA method (based on residue-identity
and combination filters), PREvaIL outperformed these four different methods when evaluated on both the T-124 and T-37 datasets.
More specifically, PREvaIL achieved a TP rate of 62.2% and a PRE
value of 14.9% on the T-124 dataset, whereas CRpred (based on
residues with coordinates) achieved a TP rate of 50.1% at 14.7%
REC. In contrast, the HA method (based on residue-identity filter)
achieved a TP rate of 27.71% at 16.1% REC. However, we noticed
that all tested methods performed relatively poorly on these two
independent test datasets, as reflected by the lower AURPC values
(<0.35) (Supplementary Fig. S2D and E). As observed in previous
studies (Fischer et al., 2008; Kauffman and Karypis, 2009), none
of these methods achieved >30% PRE at 50% REC on the two independent test datasets. For example, the best performing PREvaIL
method only achieved 20% PRE at 50% REC on the T-124 dataset.
These results indicated that there remains a strong need to improve the performance of the predictors, especially at the higher
REC. Future studies should investigate incorporation of other relevant features that might prove useful for improving the predictive
performance of catalytic residues. In this regards, a recent work
that proposed new network-based features that describe side chain
orientation and residue contact density (Chien and Huang, 2012)

might provide additional information for further improving the
model performance.
In summary, the extensive benchmarking results on the eight
datasets indicated that the combination of the different types
of features descriptors extracted from sequence, structural, and
residue-contact networks provided a more representative power
that could be leveraged by the RF algorithm to achieve better performance for accurately differentiating enzyme catalytic residues.
3.5. Case study
To demonstrate the effectiveness and predictive capability of
PREvaIL, we further performed a case study of catalytic residue
prediction by selecting two different proteins. Specifically, we applied two selection criteria for choosing case study proteins. A primary consideration is that they should contain multiple catalytic
residues (three or more catalytic residues), such that we can evaluate and compare the predictive performance of our method for
predicting these catalytic residues within the same enzyme. Another consideration is that the case study proteins should have
important biological functions, as indicated by their functional
roles or involvement in significant biological pathways and processes. Fig. 6 shows their predicted catalytic residues. The first
case study protein, anabolic ornithine transcarbamylase from Escherichia coli (PDB: 1AKM, chain A), is an essential metabolic enzyme that catalyzes the production of l-citrulline and phosphate
from l-ornithine and carbamyl phosphate (Jin et al., 1997) and
has seven catalytic residues. The RF models of PREvaIL correctly
predicted six of these, including R57, R106, H133, Q136, C273,
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and R319 (Fig. 6A and B, red) while incorrectly classifying the
seventh catalytic residue (T58) (Fig. 6A and B, yellow). The second case study protein, mitochondrial creatine kinase (PDB: 1CRK,
chain A) (Fritz-Wolf et al., 1996), is an enzyme that catalyzes the
reversible transfer of a phosphoryl group from phosphocreatine
to adenosine diphosphate and is considered important for energy
metabolism in cells with high and fluctuating energy requirements
(Fritz-Wolf et al., 1996). It has five catalytic residues annotated in
the CSA database. The RF model successfully predicted three of
these, including R127, E227, and R231 (Fig. 6C and D, red) while
failing to identify the fourth and fifth catalytic residues: R287 and
R315 (Fig. 6C and D, yellow). It is challenging to explain why certain catalytic residues were incorrectly predicted as noncatalytic
by the model. However, we found that catalytic residues tended to
have smaller EntWOP and Dist_Key values, and larger CN, HSEAD,
HSEBD values compared with noncatalytic residues. This was consistent with the observations from Figs. 4 and S1. From this viewpoint, those catalytic residues with relatively larger EntWOP and
Dist_Key values, or smaller CN, HSEAD, HSEBD values represent
diﬃcult samples to predict, which is the case for the three incorrectly catalytic residues. A detailed list of all the predicted catalytic
residues is given in Supplementary Table 3. These results suggested
that PREvaIL is a useful tool for novel catalytic residue prediction.

4. Conclusions
In this study, we demonstrated that the combinatorial application of machine learning techniques on multi-level protein features involving sequence-derived, structural, and residue-contactnetwork features allowed the development of a powerful bioinformatics predictor, PREvaIL. Previous methods explored these different levels of features separately; however, we illustrated their
effective integration into a machine-learning framework to provide complementary information to collectively help improve predictive performance associated with catalytic residue prediction.
Through in-depth feature analysis, we identified a smaller subset
of features arising from all of these levels that significantly contributed to the prediction. Using 10-fold cross-validation and independent test datasets, we showed that the performance of PREvaIL compared favorably with two sequence-based methods and
five structure-based methods. The improved performance of PREvaIL might be attributed to three major factors: (1) inclusion of a
comprehensive set of informative features at the sequence, structure, and residue-contact-network levels; (2) selection of an optimal set of contributing features, and (3) use of the RF algorithm
for machine learning-based model training, which provided a robust and competitive performance. A local stand-alone version of
PREvaIL can be downloaded at http://prevail.erc.monash.edu/. We
believe that this approach could be utilized as a valuable tool for
both understanding the complex sequence–structure–function relationships of proteins and facilitating the characterization of novel
enzymes with unknown functional annotations.
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Abstract
Summary: Proteases are enzymes that specifically cleave the peptide backbone of their target proteins. As an important type of irreversible post-translational modification, protein cleavage underlies
many key physiological processes. When dysregulated, proteases’ actions are associated with numerous diseases. Many proteases are highly specific, cleaving only those target substrates that present
certain particular amino acid sequence patterns. Therefore, tools that successfully identify potential
target substrates for proteases may also identify previously unknown, physiologically relevant cleavage sites, thus providing insights into biological processes and guiding hypothesis-driven experiments
aimed at verifying protease–substrate interaction. In this work, we present PROSPERous, a tool for
rapid in silico prediction of protease-specific cleavage sites in substrate sequences. Our tool is based
on logistic regression models and uses different scoring functions and their pairwise combinations to
subsequently predict potential cleavage sites. PROSPERous represents a state-of-the-art tool that enables fast, accurate and high-throughput prediction of substrate cleavage sites for 90 proteases.
Availability and implementation: http://prosperous.erc.monash.edu/
Contact: jiangning.song@monash.edu or geoff.webb@monash.edu or r.pike@latrobe.edu.au
Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction
Proteases are enzymes that specifically cleave the peptide backbone
of target proteins (Chou, 1996; Chou et al., 1996; López-Otı́n and

Matrisian, 2007). This cleavage represents an important type of irreversible post-translational modification, and is involved in many key
physiological processes (Overall and Blobel, 2007). Dysregulation
of proteases has been associated with numerous diseases (Turk,
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PROSPERous
2006). Many proteases are highly specific, cleaving only the target
substrates that present the appropriate combination of structural
features and amino acid sequence patterns. Thus, the knowledge of
protease-specific substrate cleavage is fundamental for our understanding of the functional mechanisms of proteases. The substrate
specificity of proteases can generally be characterized using peptide
specificity-profiling (Schilling and Overall, 2008) or highthroughput mass spectrometry techniques (Dix et al., 2008; Mahrus
et al., 2008). However, as experimental identification of protease
cleavage events is often difficult, expensive and time-consuming, it is
highly desirable to develop cost-effective computational methods
and tools to complement experimental efforts. In this context, computational methods and tools for identifying potential target substrates of proteases can help guide hypothesis-driven experimental
studies of protease–substrate interaction (duVerle and Mamitsuka,
2012; Song et al., 2011). A variety of computational tools have been
developed for this purpose, including PeptideCutter (Gasteiger et al.,
2003), CaSPredictor (Garay-Malpartida et al., 2005), GraBCas
(Backes et al., 2005), PoPS (Boyd et al., 2005), HIVcleave (Shen and
Chou, 2008), SitePrediction (Verspurten et al., 2009), Pripper
(Piippo et al., 2010), Cascleave (Song et al., 2010; Wang et al.,
2014) and PROSPER (Song et al., 2012). Among these methods,
HIVcleave is focused on predicting HIV protease cleavage sites in
proteins, while GraBCas, CaSPredictor, Cascleave and PROSPER
can only predict substrate cleavage sites for a limited number of proteases (e.g. caspases and/or granzyme B), and consequently have
only a limited applicability. Meanwhile, two methods were developed to identify proteases and their types (Chou and Shen, 2008;
Shen and Chou, 2009).
In the present study, we introduce PROSPERous, a tool for
rapid, in silico prediction of protease-specific cleavage sites within
substrate sequences. PROSPERous is based on logistic regression
(LR) models that integrate various scoring functions based on the
local sequence environments of cleavage sites. We evaluated the performance of the models and compared this with three popular tools
PoPS, SitePrediction and PROSPER.

2 Materials and methods
In this study, protease-specific substrate data were extracted from
the MEROPS database (Rawlings et al., 2016), which is a comprehensive information resource for proteases, their substrates and inhibitors. Importantly, we only collected curated substrate sequences
and cleavage sites that had been readily validated experimentally.
To assess the performance of the models, we constructed both
benchmark and independent test datasets. To avoid potential bias
and over-fitting, we performed sequence clustering and homology
reduction using the CD-HIT program (Fu et al., 2012) to remove
any sequence redundancy at and above a sequence identity of 70%
between any two sequences from the extracted dataset. After this
procedure, the resulting dataset was further split into two parts,
namely the benchmark dataset and the independent test dataset. The
performance of different scoring functions was evaluated on the
benchmark dataset, while the performance of our and other existing
methods was evaluated on the independent test dataset. A complete
list of substrate sequences and cleavage sites for each protease can
be found on the server website https://prosperous.erc.monash.edu/.
Supplementary Table S1 provides a statistical summary of substrate
sequences and cleavage sites of different proteases in both benchmark and independent test datasets, with sequence logo representations of P4–P40 sites shown in Supplementary Figure S1.
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The scoring function used for ranking potential protease-specific
cleavage sites on the basis of their flanking amino acid sequences is a
critical determinant of the prediction performance of the tool. Briefly,
several different types of scoring functions to choose from are available
in PROSPERous. These include Nearest Neighbor Similarity (NNS),
Amino Acid Frequency (AAF), WebLogo-based Sequence conservation
(WLS), BLOSUM62 Substitution Index (BSI), as well as combinations
of pairs of scoring functions, namely AAF þ NNS, WLS þ BSI and
NNS þ WLS. These different scoring functions and their combinations
are defined in detail in the Supplementary Material.
An important aspect of PROSPERous is the use of an LR routine
that builds upon combinations of individual scoring functions and
allows for a more accurate identification of potential cleavage sites.
Our extensive benchmark tests showed that the integrated use of all
individual scoring functions together in one LR framework
enhanced the quality of the predictions considerably (see detailed results in the Supplementary Material). We implemented the LR models with the R package for LR (Everitt and Hothorn, 2010). The
individual scoring functions described above, and their combinations, were used as input features to train the LR models. For each
protease, the scoring functions used to assess and rank the potential
cleavage sites were further used as input features to inform and train
each protease-specific LR model. To comprehensively evaluate the
prediction performance of these scoring functions and their combinations, we performed 5-fold cross-validation, and independent tests.
The overall flowchart of PROSPERous is shown in Figure 1.
Processing a query sequence using the server involves several steps.
Firstly, users need to choose a proper cleavage site pattern P4–Pn0
(n ¼ 1, 2, 3 and 4) to score the potential cleavage site. Choosing an optimal window for the cleavage site sequence is most relevant for the
prediction, and primarily depends on expert knowledge. However, in
the absence of such knowledge, we recommend users to choose the
P4–P20 window to make the prediction, as previous studies have indicated that this window can lead to the overall best performance for
predicting cleavage sites for a number of proteases (Song et al., 2012,
2010; Wang et al., 2014). Secondly, users need to choose an appropriate scoring function, or a combination of two such functions. Upon
query submission, the submitted sequence will be scanned against the
known cleavage site database. The score for each potential P4–Pn0
cleavage site will be calculated based on the selected scoring function,
and the top-ranking results will be displayed on the screen. The performance comparison between different scoring functions, including
pairwise combinations, and different LR models, as evaluated on two
types of independent test datasets [with sequence redundancy
removed at 70% and 30% sequence identity (SI), respectively], is presented in Supplementary Tables S2–S5.

3 Implementation
A complete description of the PROSPERous web server implementation, including a detailed flowchart, is available in the
Supplementary Material. Here, we provide a brief summary. The webserver was implemented in HTML and Perl and configured in the
Linux environment on an eight-core server machine with 16GB memory and a 4TB hard disk. In order to submit a job, users need to provide
one or more query sequences in the FASTA format. To initiate the prediction, users will also need to select the cleavage site P4–Pn0 (n ¼ 1, 2,
3 and 4) window, individual scoring functions/combinations/LR models, and the number of ranked results (Top-1, #3, #5, #10 or #50).
Upon submitting the query sequences, the prediction output by the
webserver will be displayed on the screen. The main outputs include
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Fig. 2. Performance comparison between PROSPERous, PoPS, SitePrediction
and PROSPER for cleavage site prediction using independent test datasets
with redundancy removed at the 30% SI cutoff

Fig. 1. The flowchart of the PROSPERous web server

ranking, residue position, P4–P20 cleavage site motif (P1 is the predicted
cleavage site), score and protease family that are predicted to cleave the
submitted sequence. To demonstrate how to use the server, we show an
example sequence in FASTA format in Supplementary Figure S2A,
with the corresponding output in Supplementary Figure S2B.
To facilitate high-throughput prediction of potential substrates and
cleavage sites, PROSPERous allows users to submit and process up to
1000 sequences per job submission. Users can choose to upload a plain
text file in the FASTA format or simply copy and paste the sequence
information to perform the high-throughput prediction task. The computational time for completing users’ jobs depends on the number of
submitted sequences, the sequence length and also the scoring functions or models used. To name one example, it takes approximately
7 min to complete the Caspase-3 cleavage site predictions of 1000 sequences using the best-performing LR model that was trained based
on individual scoring functions and their pairwise combinations.

4 Performance comparison with other methods
To evaluate the performance of PROSPERous for predicting
protease-specific substrate cleavage sites, we compared its performance with those of three other popular tools, including PoPS (Boyd
et al., 2005), Site-Prediction (Verspurten et al., 2009) and PROSPER
(Song et al., 2012). Both PoPS and SitePrediction are based on statistical scoring methods, while PROSPER is based on a learned support
vector machine.
The performance comparison results for the independent tests
are shown in the Supplementary Material, using all six performance
measures AUC, MCC, Accuracy, Sensitivity, Specificity and
Precision. Figure 2 and Supplementary Figure S5 show the performance comparison between different tools in terms of the primary
measure, the AUC score. We can see that PROSPERous achieved the
highest AUC values and clearly outperformed the other three tools
for the substrate cleavage site prediction of all the tested proteases.
In terms of the ROC curves and other performance measures,
PROSPERous also consistently outperformed other tools, as can be
seen from Supplementary Tables S4 and S5, and Figures S3 and S4.

5 Results
We developed the tool PROSPERous to address the need to perform high-throughput prediction and analysis of protease-specific

substrate cleavage sites in a cost-effective manner. PROSPERous
integrates characteristic scoring functions that describe the local
sequence environment of cleavage sites with LR models.
Benchmarking experiments indicate that PROSPERous can achieve
performances that are generally superior to, the other three existing
tools (PoPS, SitePrediction and PROSPER). The webserver provides
a straightforward and user-friendly interface for selecting various scoring functions and, accordingly, for predicting the substrate cleavage sites for a particular protease. We believe that
PROSPERous is an invaluable tool for assisting cost-effective discoveries of novel target substrates and their cleavage sites and for
facilitating community-wide research in the functional characterization of proteases in a high-throughput manner.

Funding
This work was supported by grants from the Australian Research Council
(ARC) [LP110200333 and DP120104460] and the National Institute of
Allergy and Infectious Diseases of the National Institutes of Health [R01
AI111965].
Conflict of Interest: none declared.

References
Backes,C. et al. (2005) GraBCas: a bioinformatics tool for score-based prediction of Caspase- and Granzyme B-cleavage sites in protein sequences.
Nucleic Acids Res., 33(Web Server issue), W208–W213.
Boyd,S.E. et al. (2005) PoPS: a computational tool for modeling and predicting
protease specificity. J. Bioinform. Comput. Biol., 3, 551–585.
Chou,K.C. (1996) Prediction of human immunodeficiency virus protease
cleavage sites in proteins. Anal. Biochem., 233, 1–14.
Chou,K.C., and Shen,H.B. (2008) ProtIdent: a web server for identifying proteases and their types by fusing functional domain and sequential evolution
information. Biochem. Biophys. Res. Commun., 376, 321–325.
Chou,K.C. et al. (1996) Predicting human immunodeficiency virus protease cleavage sites in proteins by a discriminant function method. Proteins, 24, 51–72.
Dix,M.M. et al. (2008) Global mapping of the topography and magnitude of
proteolytic events in apoptosis. Cell, 134, 679–691.
duVerle,D.A., and Mamitsuka,H. (2012) A review of statistical methods for
prediction of proteolytic cleavage. Brief Bioinform., 13, 337–349.
Everitt,B.S., and Hothorn,T. (2010) A Handbook of Statistical Analyses Using
R SECOND EDITION, Preface to First Edition. CRC Press, Boca Raton,
Florida, USA.
Fu,L. et al. (2012) CD-HIT: accelerated for clustering the next-generation
sequencing data. Bioinformatics, 28, 3150–3152.
Garay-Malpartida,H.M. et al. (2005) CaSPredictor: a new computer-based
tool for caspase substrate prediction. Bioinformatics, 21, i169–i176.

Downloaded from https://academic.oup.com/bioinformatics/article-abstract/34/4/684/4562332
by Monash University user
on 11 February 2018

PROSPERous
Gasteiger,E. et al. (2003) ExPASy: the proteomics server for in-depth protein
knowledge and analysis. Nucleic Acids Res., 31, 3784–3788.
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Abstract
Regulation of proteolysis plays a critical role in a myriad of important cellular processes. The key to better understanding
the mechanisms that control this process is to identify the specific substrates that each protease targets. To address this,
we have developed iProt-Sub, a powerful bioinformatics tool for the accurate prediction of protease-specific substrates and
their cleavage sites. Importantly, iProt-Sub represents a significantly advanced version of its successful predecessor,
PROSPER. It provides optimized cleavage site prediction models with better prediction performance and coverage for more
species-specific proteases (4 major protease families and 38 different proteases). iProt-Sub integrates heterogeneous
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sequence and structural features and uses a two-step feature selection procedure to further remove redundant and irrelevant features in an effort to improve the cleavage site prediction accuracy. Features used by iProt-Sub are encoded by 11 different sequence encoding schemes, including local amino acid sequence profile, secondary structure, solvent accessibility
and native disorder, which will allow a more accurate representation of the protease specificity of approximately 38 proteases and training of the prediction models. Benchmarking experiments using cross-validation and independent tests
showed that iProt-Sub is able to achieve a better performance than several existing generic tools. We anticipate that iProtSub will be a powerful tool for proteome-wide prediction of protease-specific substrates and their cleavage sites, and will facilitate hypothesis-driven functional interrogation of protease-specific substrate cleavage and proteolytic events.
Key words: protease; substrate; cleavage site; sequence analysis; machine learning; five-step rule

Introduction
Proteolytic cleavage is one of the few irreversible posttranslational modifications. It plays a key role in numerous developmental and physiological processes, including digestion, protein
degradation, endocrine signaling and cell division [1]. This process is controlled by proteases (also known as peptidases or proteinases) that selectively cleave the peptide bonds between
amino acids in specific protein or peptide substrates. Proteases
have central roles in ‘life or death’ processes. Through the highly
selective proteolytic processing, proteases can precisely regulate
a myriad of biological processes across all living organisms [1]. In
addition, these are also many other proteases involved in protein
degradation rather than processing, for example cathepsin D and
cathepsin B. Pepsin, trypsin and chymotrypsin also come into
this category, even though they have a defined specificity because they degrade so many substrates, most of which are foreign to the body [2]. The malfunction or deregulation of proteases
results in many pathological conditions [3]. For example, proteases are often associated with cancer invasion and metastasis
because of their ability to degrade the extracellular matrix [4–8].
Intriguingly, proteases can function as part of an extensive network of proteolytic interactions through interacting with other
important signaling pathways involving other protein substrates
and enzymes, termed the ‘protease web’ [9].
Our knowledge of the mechanisms that regulate and control
the proteolytic processing of proteases remains limited. The
precise understanding of the biological function of a protease
requires the identification of the complete repertoire of its natural substrates and corresponding substrate cleavage sites [10,
11]. The specificity of proteases can vary significantly, depending on the protease and the active sites, with the cleavage site
selectivity ranging from preferences for limited and specific
amino acids at specific positions, to more general preferences
with little discrimination. Current experimental methods for
proteolytic cleavage characterization include one-dimensional
and two-dimensional gel-based methods (used for identifying
the substrates) [12], N-terminal peptide identification methods
(for identifying both substrates and cleavage sites), methods
using mass spectrometry, as well as quantitation methods of
proteolysis to better understand the dynamics and extent of
proteolytic events such as the TAILS method [13]. Despite the
advances of these experimental methods, they are labor intensive, expensive and time-consuming, and are often limited to
the investigation of one protease each time. In this context, it is
highly desirable to develop cost-effective computational methods that can be used to identify the target substrates for a specific protease and to facilitate the characterization of substrate
specificity and the function of proteases.
The importance and value of the in silico identification of protease target substrates and cleavage sites has led to the

development of a variety of computational methods for predicting protease-specific substrates and cleavage sites. A number of
computational studies have suggested that substrate cleavage
sites (sites surrounding the cleavage P1 sites) targeted by proteases present unique structural and physicochemical properties
that vary across different proteases, which can be exploited to
predict potential cleavage sites [11, 14–24]. However, the most
successful computational methods use a combination of these
features with other complementary features [10, 14–16, 25–31],
achieving overall accuracies of 70–90% for most of the proteases
under investigation. A consensus resulting from such computational methods is that machine learning algorithms that take
into consideration integrated heterogeneous information can be
used to build more accurate predictive models for most of the
proteases under investigation. Often a consensus scoring mechanism is performed using scoring function-based techniques or
machine learning techniques. The former includes PeptideCutter
[32], PoPS [33] and SitePrediction [34]. The latter has gained significant interest in recent years and includes CASVM [35],
Cascleave [15], Pripper [36], Cascleave 2.0 [30], PROSPER [29, 31]
and PROSPERous [37]. For the substrate cleavage site prediction of
specific proteases, some ad hoc consensus schemes can also be effective, including GraBCas [38], CaSPredictor [39] and GPS-CCD
[40].
At the end of 2012, we published PROSPER (PROtease substrate SPecificity servER), a bioinformatic tool for predicting target substrates and their specific cleavage sites for 23 proteases
[29]. It represented the first comprehensive server capable of
predicting cleavage sites of multiple proteases within a single
substrate sequence using machine learning techniques. To
date, the PROSPER server has attracted >25 000 unique users
worldwide and has processed >60 000 job submissions since its
inception. Here, we build on this previous work to develop a
new computational method, termed iProt-Sub to address the
problem of identifying the most probable protease-specific substrates and their detailed cleavage sites from the substrate sequence information. According to the well-known Chou’s fivestep rule [41] in developing a useful predictor, we need to accomplish the following: (1) benchmark data set construction, (2)
protein sample formulation, (3) operating algorithm, (4) evaluating expected accuracy and (5) Web server establishment. In this
work, we have considerably improved the design of iProt-Sub
package for each of the five procedures.
More specifically, using a well-prepared benchmark data set,
iProt-Sub extracts a wide range of sequence-derived structural,
physicochemical and evolutionary information, which is further
integrated into a common machine learning framework in the
form of support vector machine (SVM) classifiers, to identify
and rank potential substrate cleavage sites in a proteasespecific manner. The cleavage site prediction models are
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Figure 1. The workflow of the iProt-Sub methodology. There exist four major stages during the development of iProt-Sub, including Data set curation, Feature extraction and encoding, Model construction and Performance evaluation. Refer to the main text for a detailed description of each of the major stages. ‘All features’ included
all the 11 types of extracted features (a detailed list is shown in Table 2).

trained and optimized to achieve best-performing prediction by
performing a 5-fold cross-validation test. Benchmarking experiments indicated that the iProt-Sub method compared favorably
with recently published methods. Moreover, mapping of the
protease-specific cleavage target substrates at the proteomewide scale was highly accurate and selective. iProt-Sub is accessible through a user-friendly Web application available at
http://iProt-Sub.erc.monash.edu/. The Web application of iProtSub features a powerful and convenient graphic interface that
allows the visualization and analysis of the predicted cleavage
site within the same protein by different proteases simultaneously. The implemented iProt-Sub server thus represents a
centralized Web resource for accurate in silico prediction of
protease-specific substrates and their cleavage sites.

Materials and methods
Overall workflow of iProt-Sub
iProt-Sub represents an advanced version of PROSPER [29].
Importantly, the improvement of iProt-Sub over PROSPER is reflected by the following: (1) larger coverage of more proteases.
iProt-Sub can be used to predict protease-specific substrates
and cleavage sites for 38 different proteases, whereas PROSPER
covered 23 proteases; (2) use of a wider range of sequencederived features. iProt-Sub uses 11 diverse types of sequencebased features (4562-dimensional); (3) application of a more effective feature selection technique to filter out irrelevant and
noisy features. iProt-Sub uses the mRMR (minimum redundancy maximum relevance) [42] algorithm to identify more informative features to enhance the predictive performance: (4)
improved predictive performance. Through an effective feature
extraction, selection and model learning strategy, iProt-Sub
consistently achieves improved predictive performance for predicting the substrate cleavage sites for all tested proteases and
(5) completely redesigned interface. The new iProt-Sub Web server now provides a more user-friendly and interactive interface
that enhances user experience. The overall flowchart of the
iProt-Sub methodology is shown in Figure 1.

Data sets
Numerous studies have suggested that a high-quality, wellestablished data set is crucial for training a robust and reliable
prediction model of protease cleavage sites [37, 43–45]. In this
study, we constructed a well-prepared benchmark data set for
assessing the predictive performance of our method and other
existing methods. For this purpose, we used the MEROPS database [46], which is a comprehensive information resource for
proteases, their substrates and inhibitors. Only experimentally
verified substrate sequences and cleavage sites were retrieved.
The annotations of experimentally verified cleavage sites and
the corresponding proteases that cleave the target substrates
were extracted from MEROPS, while the annotations of protein
identifiers of the substrates and their sequence information
were extracted from UniProt [47]. In particular, exopeptidases
(aminopeptidases, carboxypeptidases, etc.) and oligopeptidases
were generally not included, which is consistent with our previous study [29]. As we are more interested in predicting cleavages within native proteins, peptidases that work at pH
extremes and are likely to degrade only denatured proteins
were also excluded [29].
To avoid potential model bias and overfitting, we performed
sequence clustering and homology reduction using the CD-HIT
program [48]. We removed sequence redundancy in the
retrieved data set, so that any two sequences in the benchmark
data set and independent test data set have a sequence identity
of <70%, which is in accordance with previous studies [15, 30,
37, 49, 50]. After this procedure, we only retained those proteases that had 50 experimentally verified cleavage sites.
Finally, we ended up with 38 proteases with a total of 3688 substrates and 6637 cleavage sites. A complete list of these substrate sequences and their cleavage sites can be found at the
iProt-Sub website. A statistical summary of the curated data
sets in this study is shown in Table 1.
In this study, five of the six of the substrate sequences in the
resulting data set obtained above were randomly selected as the
benchmark training data set, while the remaining one of the six
of the data set was used as the independent test data set. The

Downloaded from https://academic.oup.com/bib/advance-article-abstract/doi/10.1093/bib/bby028/4979587
by Jiangning Song
on 20 April 2018

141
54
141
54
Signal peptidase I (Escherichia coli)
Signal peptidase I (Salmonella typhimurium)
S26.001
S26.001
37
38

6
410
31
45
44
143
491
42
78
56
342
655
47
77
168
21
34
Insulysin
Granzyme B (human-type)
Kallikrein-related protease 5
Elastase-2
Granzyme A
Granzyme B (rodent-type)
Granzyme M
Plasmin
Kallikrein-related peptidase 4
Furin
Cathepsin D
Cathepsin E
Caspase-1
Granzyme B (human-type)
Granzyme B (rodent-type)
PCSK2 peptidase (mouse)
KPC2-type peptidase (Caenorhabditis elegans)
M16.002
S01.010
S01.017
S01.131
S01.135
S01.136
S01.139
S01.233
S01.251
S08.071
A01.009 (mouse)
A01.010 (mouse)
C14.001 (mouse)
S01.010
S01.136
S08.073
S08.109
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36

Number of
substrates
MEROPS ID

purpose of constructing a benchmark training data set was to
optimize the parameters of machine learning algorithms, train
the prediction model and evaluate model performance in an
n-fold cross-validation manner, whereas the purpose of constructing the independent test data set was to validate the generalization ability of trained prediction models and compare
them with other existing tools. None of the substrate sequences
in this constructed independent test data set appeared in the
benchmark data set, which ensures that a fair assessment of
model performance can be achieved.

Positive and negative samples
In this study, the number of negative samples (i.e. non-cleavage
sites) in the data set of protease-specific substrate cleavage sites
greatly dominates the number of the positive samples (i.e.
cleavage sites). This leads to a class imbalance problem. If not
addressed, this can result in models that favor negative predictions over positive [29, 51]. To address this data imbalance issue,
we used a down-sampling strategy, randomly discarding from
the overrepresented negative samples, to impose a ratio of 1
positive to every 3 negatives, as previously suggested [15, 25, 29,
51, 52].
To extract the sequence-based features of positive and negative samples, we used a local sliding window approach, with a
fixed window size of P8–P80 sites (i.e. eight residues in the upstream and another eight residues in the downstream to surround
the cleavage site). The overall size of the sliding window was 16
sites. With regard to the selection of reliable negative samples,
several previous studies have indicated that a few cleavage
sites at the P1 position were predicted to be solvent inaccessible
[14–16]. In view of these studies and for the purpose of extracting
reliable non-cleavage sites, we randomly selected those negative
samples with P1 sites predicted as solvent inaccessible by the
SABLE program [53] for constructing the prediction models.

50
67
13
19

A01.009
C01.032
C02.001
C02.002
C14.003
C14.004
C14.005
C14.009
M10.001
M10.002
M10.003
M10.004
M10.005
M10.008
M10.009
M10.013
M10.014

M12.221
M13.001

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

18
19

Cathepsin D
Cathepsin L
Calpain-1
Calpain-2
Caspase-3
Caspase-7
Caspase-6
Caspase-8
Matrix metallopeptidase-1
Matrix metallopeptidase-8
Matrix metallopeptidase-2
Matrix metallopeptidase-9
Matrix metallopeptidase-3
Matrix metallopeptidase-7
Matrix metallopeptidase-12
Matrix metallopeptidase-13
Membrane-type matrix
metallopeptidase-1
ADAMTS4 peptidase
Neprilysin

23
17
30
17
251
48
58
37
21
23
35
43
44
42
23
23
36

59
63
61
66
373
64
165
56
52
85
115
290
132
142
178
90
92

Sequence encoding schemes

MEROPS ID

Protease name

Number of
substrates

Number of
cleavage sites

Number

Protease name

50
515
59
133
57
157
707
89
80
75
579
1216
53
88
201
68
115
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No

Table 1. Statistical summary of the substrate data sets curated in this study

Number of
cleavage sites

4

We formulate cleavage site prediction as a classification problem and solve it using machine learning techniques. Each potential cleavage site (or non-cleavage site) of an amino acid
sequence is represented by a feature vector x with D-dimensional feature components {x1, . . ., xD}. The problem is to predict
the label y of the site of interest that is represented and encoded
by D-dimensional features. The y will be defined as ‘1’ if the site
is a cleavage site for a protease, and ‘0’ otherwise.
The representation form of a potential site is determined
based on the so-called ‘sequence encoding scheme’, which is
used for extracting the potentially useful information from the
amino acid sequence (often combined with predicted structural
information) and converting the sequence data into numerical
feature vectors [54, 55]. Accordingly, the sequence-encoding
scheme plays a crucial role in determining the predictive performance of the machine learning-based model. In this study,
we derived a great variety of features organized into 11 different
types. We evaluated the relative predictive performance to
identify effective combinations of features that could lead to
the overall best predictive performance for a given protease. In
addition to sequence-derived features, we also integrated evolutionary, physicochemical properties and predicted structural
features. Detailed information on the software or databases we
used to extract these different types of features is listed in
Table 2, along with the feature category, annotations, dimension and references. Below we will first describe the different
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Table 2. A complete list of sequence-derived structural, physicochemical and evolutionary features used
Number

Category

Feature type

Annotation

Dimension

Tool/database

Reference

1
2
3

Sequence-derived

BINARY
CKSAAP
KNN

Binary sequence profile features
Composition of k-spaced amino acid pair
k-nearest neighbor features of local
sequences
Composition of 20 amino acid types
Position-specific scoring matrix
BLOSUM62 matrix
Numerical indices representing various
physicochemical and biochemical properties of amino acids and pairs
Charge/hydrophobicity ratio
Predicted secondary structure
Predicted solvent accessibility
Predicted natively disordered region

336
2400
5

–
–
–

[37, 51]
[54, 56–59]
[58, 60]

20
320
336
1024

–
PSI-BLAST
–
AAIndex

–
[61]
[62]
[63]

9
48
32
32
4562

AAIndex
SABLE
SABLE
DISOPRED2

[63]
[53]
[53]
[64]

4
5
6
7

8
9
10
11
Total

Evolutionary
Physicochemical
property

Structural

AAC
PSSM
BLOSUM
AAIndex

CHR
SS
SA
DISO

Note: A local window size of 16 amino acid residues was used to extract the features. The last row shows the total number of features used.

types of sequence encoding schemes in detail, and then describe the SVM learning algorithm that is used to train the prediction models to predict y given x.
Sequence or sequence-derived features
With the avalanche of protein sequences generated in the postgenomic era, one of the most challenging problems in computational biology is how to express a biological sequence with a discrete model or a vector, yet still keep considerable sequenceorder information or key pattern characteristic. This is because
all the existing machine learning algorithms can only handle
vectors but not sequences, as elucidated in [65]. However, a vector defined in a discrete model may completely lose all the
sequence-pattern information. To avoid this for proteins, the
pseudo amino acid composition (AAC) [66] or PseAAC [67] was
proposed. Ever since the concept of PseAAC was proposed, it
has been widely used in nearly all the areas of computational
proteomics (see, e.g., [68–70] as well as a long list of references
cited in [71]). According to the concept of general PseAAC [41], a
protein sequence can be formulated as:
P ¼ ½W1 W2    Wu    WX T ;

(1)

where T is a transpose operator, while the subscript X is an integer and its value as well as the components Wu ðu ¼ 1; 2;    ; XÞ
depend on the way to extract the desired information from the
amino acid sequence of P, as done in a series of recent publications (see, e.g., [72–78]).
Encouraged by the success of using PseAAC to deal with protein/peptide sequences, the concept of PseKNC (pseudo K-tuple
nucleotide composition) [79, 80] was developed for generating
various feature vectors for DNA/RNA sequences [81, 82] that have
proved useful as well [83–90]. Particularly, recently a powerful
Web server called ‘Pse-in-One’ [91] and its updated version ‘Psein-One2.0’ [92] have been established that can be used to generate any desired feature vectors for protein/peptide and DNA/RNA
sequences according to the need of users’ studies.
Here, we used a variety of sequence-derived features to generate various different modes of general PseAAC that have proven useful in our previous studies. These include:
1. Binary sequence profile feature (termed as BINARY),
which refers to the encoding of amino acid sequences using

the 21-bit (20 amino acid types plus a 21-th gap-filling residue ‘X’) binary encoding method, as previously described
[37, 51]. For a local sliding window of 16 amino acids to encode a potential cleavage site, the dimensions of this feature
type are 21  16 ¼ 336.
2. Composition of k-spaced amino acid pair (CKSAAP) [54, 56–
59], which was originally termed as collocated amino acid
pair encoding [56, 57, 93]. This encoding reflects the shortrange interactions of residues within the sequence surrounding potential cleavage sites [59].
Taking k ¼ 0 as an example, there are 400 distinct types of 0spaced amino acid pairs (i.e. AA, AC, AD, . . ., YY). Then, a
feature vector can be defined as:


NAA NAC
NAD
NYY
;
;
;...;
Ntotal Ntotal Ntotal
Ntotal


(2)

:
400

The value of each descriptor denotes the composition of the
corresponding amino acid pair in the protein or peptide sequence. For example, if the amino acid pair AA appears n
times in the sequence, the composition of the amino acid
pair AA is equal to n divided by the total number of 0-spaced
amino acid pairs (Ntotal ) in the local sliding window. We
defined L to be the length of the local sliding window of
cleavage site. In this case, L ¼ 16, and the value of Ntotal is L—
(k þ 1). In this study, the CKSAAP encoding was performed
over k ¼ 0, 1, 2, 3, 4 and 5. Thus, the dimension of the
CKSAAP feature vector is 400  6 ¼ 2400.
3. K-nearest neighbor (KNN) features, which describe the cluster information of local sequences for predicting potential
sites [58, 60]. This feature type ranks the top K peptides by
computing the similarity scores between the query peptide
and all peptides in both the positive and negative sets [58].
The similarity score between two peptide sequences P1 and
P2 is defined as:

Score ¼
(
Sða; bÞ ¼
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n
X
i¼1

SðP1;i ; P2;i Þ;

BLOSUM62ða; bÞ; if ðBLOSUM62Þ > 0
0;

if ðBLOSUM62Þ  0

(3)

;

(4)
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where P is the peptide with n amino acids, i is the amino
acid position in the sequence and BLOSUM62ða; bÞ is the corresponding element value for amino acids a and b in the
BLOSUM62 matrix. Then, the ratio of positive samples in the
top K peptides will be calculated. In this study, we set K ¼ 1,
3, 5, 7 and 9% of the total numbers of positive and negative
samples.
4. AAC, which is based on the calculation of the occurrence
frequency of each of the 20 amino acid types in a local window. The frequencies of all 20 natural amino acids
(i.e. ‘ACDEFGHIKLMNPQRSTVWY’) can be calculated as:
f ðaÞ ¼

NðaÞ
; a 2 fA; C; D; . . . ; Yg;
L

(5)

where NðaÞ is the number of occurrences of amino acid a, while
L is the local window length. The dimension of the AAC feature
vector is 20.
Physicochemical property features
These include: (i) charge/hydrophobicity ratio (termed as CHR)
[59], which describes the charge and hydrophobicity ratio of the
sequences surrounding cleavage sites; (ii) AAIndex features.
AAindex [63] is a database of amino acid indices and amino acid
mutation matrices. In the current version of the AAindex database (Version 9.2), 566 amino acid indices can be retrieved.
Using the AAindex database, we extracted AAindex features
that reflected the physicochemical properties of the sequences
surrounding potential cleavage sites.
Evolutionary features
These include: (i) position-specific scoring matrix (PSSM) [61],
which reflects the evolutionary information of the amino acids
surrounding the cleavage sites; (ii) BLOSUM62. The BLOSUM62
matrix [62] is used to represent the sequence information surrounding a potential cleavage site, which reflects the similarity
of two sequence fragments.
Structural features
In addition to the above features, we also incorporated structural information predicted from protein sequences, which include: (i) protein secondary structures predicted by SABLE [53];
(ii) solvent accessibility predicted by SABLE [53]; and (ii) natively
disordered region predicted by DISOPRED2 [64].
Altogether, using a sliding window of 16 amino acids to encode and represent each potential cleavage site, we generated a
4562-dimensional feature vector based on the 11 types of features described above. Accordingly, each candidate cleavage
site was represented by a feature vector x with 4562 feature
components {x1, . . ., x4562}.

Feature selection
To improve the feature representation ability and identify a
subset of optimal features that contribute the most to the prediction of substrate cleavage sites, we used a two-step feature
selection strategy, which combined mRMR [42] with forward
feature selection (FFS) as described in our previous work [30, 44,
45, 94].
In this two-step feature selection strategy, the first step is to
characterize the relative importance and contribution of each
initial feature in the extracted feature set using the mRMR algorithm, which is able to rank all the initial features according
to both their relevance to the response variables and the

redundancy between the features themselves. Features that
were assigned with higher ranking by mRMR were considered
as having a better trade-off between their maximum relevance
and minimum redundancy. After the first step, we selected the
top 100 features as the optimal feature candidates (OFCs).
The second step is to apply the FFS method to sequentially
select the most representative subset of optimal features from
the 100 OFCs identified above. FFS adds a feature each time
(usually starting with the feature that had the highest index assigned by mRMR, all the way to the feature that had the lowest
index) and reconstruct the SVM model by performing the 5-fold
cross-validation test. As a consequence, FFS resulted in a feature subset that led to the best predictive performance [measured by the area under the receiver operating characteristic
(ROC) curve, AUC] of SVM models. The feature subset that resulted was then recognized as the optimal feature set. Finally,
we obtained 38 protease-specific SVM models optimized by this
two-feature selection strategy based on the benchmark training
substrate data set for each protease.

Machine learning methods
SVM is an efficient machine learning algorithm suitable for
solving binary classification, multiple classification or regression problems. The version of SVM best suited to predicting
numerical outcomes is support vector regression (SVR). In this
application, we used SVR to construct the prediction model to
estimate the cleavage probability of substrate cleavage sites for
a given protease. Owing to its excellent generalization capabilities, SVR has recently been applied in a growing number of applications in bioinformatics and computational biology,
including cleavage site prediction [15, 29, 30], residue accessible
surface area [95], protein B-factor [96, 97], half sphere exposure
[98], disulfide connectivity [99], residue depth [54], torsion
angles [29] and protein expression-level prediction [100]. It demonstrates competitive performance compared with other machine learning approaches, especially when dealing with realvalued prediction tasks.
The SVR classifier is able to find a linear discriminative function of the form:
f ðxÞ ¼ WT UðxÞ þ w0 ;

(6)

where U is a basis function that maps the D-dimensional feature vector to a higher dimension. It is noteworthy that although f ðxÞ is a linear function of UðxÞ, it can itself be a
nonlinear function of x, which reflects an attractive advantage
of using kernel methods [101]. SVR assumes that the best discriminative function is the one that represents the largest separation or margin between the two classes of samples.
For implementation of the SVR algorithm, we used the
LibSVM software package [102] with the regression mode. The
model performance was fully evaluated by using 5-fold crossvalidation and independent tests. The model parameters were
optimized using the benchmark training data set, and the predictive performance of the SVR models for each protease was
evaluated by performing 5-fold cross-validation using the
benchmark data set and independent tests using the independent test data set. In particular, for each major sequence encoding scheme, we trained a corresponding SVR model. In addition,
we have also concatenated all the initial features and generated
an all feature-based model (referred to as ALL-Fea). We also performed feature selection experiments to identify a subset of optimal features for the cleavage site prediction of each protease,
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and accordingly trained a selected feature-based model
(denoted mRMR-FS).
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In addition, the value of AUC (under ROC curve) [119] was
also used to quantitatively measure the quality of the predictors
in this package via the 5-fold cross-validations and independent
data set tests.

Performance evaluation
To quantitatively evaluate the performance of a model, a set of
four metrics is usually used in the literature. They include: (1)
overall accuracy (Acc), (2) Mathew’s correlation coefficient
(MCC), (3) sensitivity (Sn) and (4) specificity (Sp), as given below
(see, e.g., [103]):
8
TP
>
>
Sn ¼
>
>
>
TP þ FN
>
>
>
>
>
TN
>
>
>
< Sp ¼ TN þ FP
TP þ TN
>
>
>
Acc ¼
>
>
TP þ TN þ FP þ FN
>
>
>
>
>
ðTP  TNÞ  ðFP  FNÞ
>
>
>
: MCC ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðTP þ FPÞ ðTP þ FNÞðTN þ FPÞðTN þ FNÞ

ð7Þ
ð8Þ
ð9Þ
ð10Þ

where TP, TN, FP and FN denote the numbers of true positives,
true negatives, false positives and false negatives, respectively.
However, the above four metrics copied from math books lack
intuitiveness and are not easy-to-understand for biologists, particularly the MCC, which is an important metric used for describing the stability of a predictor. Further, based on the Chou’s
symbols introduced in the study of protein signal peptides [104,
105], a set of four intuitive metrics was derived [106, 107], which
are given below:
8
Nþ
>

>
> Sn ¼ 1  þ
>
N
>
>
>
>
>
N
>
>
>
Sp ¼ 1  þ
>
>
N
>
>
>
>
<
Nþ þ N
þ
Acc ¼ K ¼ 1  
Nþ þ N
>
>
>
 þ

>
>
N N
>
>
1
þ þ
>
>
þ

>
N
N
>
>
ﬃ
>

> MCC ¼ sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

þ 

>
N

N
Nþ
>
þ

  Nþ
>
>
1
þ
1
þ
:
Nþ
N

0  Sn  1

ð11Þ

0  Sp  1

ð12Þ

0  Acc  1

ð13Þ

1  MCC  1 ð14Þ

where Nþ represents the total number of positive samples being
investigated, while Nþ
 is the number of positive samples incorrectly predicted to be negatives; N denotes the total number of
negative samples being investigated, while N
þ denotes the
number of the negative samples incorrectly predicted to be
positives.
According to Equations (11)–(14), we can easily see the folþ
þ
lowing: when Nþ
 ¼ 0, Sn ¼ 1; while when N ¼ N , we have

Sn ¼ 0. Likewise, when N
¼
0,
Sp
¼
1;
while
when
N
þ
þ ¼ N ,

Sp ¼ 0. When Nþ
¼
N
¼
0,
we
have
Acc
¼
MCC
¼
1;
while
when

þ
þ


þ
þ
Nþ
 ¼ N and Nþ ¼ N , Acc ¼ 1 and MCC ¼ 1; when N ¼ N =2

¼
N
=2,
MCC
¼
0.
and N
þ
As we can see, based on the definition of Equations (11)–(14),
the meanings of Sn, Sp, Acc and MCC have become much more
intuitive and easier to understand, as concurred in a series of
recent publications (see, e.g., [80, 84, 86, 88, 90, 106, 108–113]). It
is instructive to point out that the performance metrics as
defined in Equations (7)–(10) or Equations (11)–(14) are valid only
for single label systems; whereas for multi-label systems (see,
e.g., [114–117]), a set of more complicated metrics should be
used as discussed in [118].

Results and discussion
Performance evaluation based on different sequence
encoding schemes
In this section, we investigate the predictive performance of
SVR models using different sequence encoding schemes and
their combinations for cleavage site prediction of multiple proteases, by performing 5-fold cross-validation. The compared sequence encoding schemes include ‘BINARY’, ‘PSSM’, ‘BLOSUM’,
‘KNN’, ‘CKSAAP’ and ‘AAIndex’. In addition, we also compared
the performance of SVR models that were trained using all the
initial features (referred to as ‘ALL-Fea’) and optimal selected
features (termed ‘mRMR-FS’) after the two-step mRMR-FS feature selection. The ROC curves of these SVR models for cleavage
site prediction of eight proteases [caspase-3, -6, -7, -8, MMP-2, 3, granzyme-B (human) and granzyme-B (mouse)] on the 5-fold
cross-validation are shown in Figure 2.
Several important observations can be made. First, we can
see that the ‘ALL-Fea’ model and ‘mRMR-FS’ model generally
outperformed the other six models trained based on individual
encoding schemes, with the AUC values ranging between 0.89
and 1.0. Second, the ‘mRMR-FS’ model achieved the overall
best performance, after the two-step feature selection, compared with the other models for the MMP cleavage site prediction. For example, the ‘mRMR-FS’ model achieved an AUC of
0.968 for MMP-2 cleavage site prediction, while the second best
‘ALL-Fea’ model achieved an AUC of 0.892. Third, the accuracy
of protease-specific cleavage site prediction varies substantially between different proteases and different protease families. The difficult cases include cleavage site prediction of the
MMP family and other proteases (e.g. thrombin) whose activities are also regulated by confounding factors such as the
presence of exosites (sites that are located outside the active
sites) [120–122]. Compared with the caspases and granzyme B,
the performance of cleavage site prediction with the MMP family achieved by a model using the same encoding scheme is
much worse in terms of the AUC score. For example, the
CKSAAP model only achieved an AUC of 0.502 and 0.581 for the
cleavage site predictions of MMP-2 and MMP-3, respectively,
compared with that of 0.914 and 0.922 for the cleavage site prediction of caspase-3 and caspase-7, respectively (Figure 2).
Future studies should investigate incorporation of other
relevant features that might prove useful for improving the
predictive performance of cleavage sites for proteases with a
requirement for allosteric regulation to cleave their target
substrates.

Amino acid distributions in substrate cleavage site
To better understand informative features surrounding a cleavage site that may define protease-specific substrate cleavage,
we examined the flanking sequences of protease-specific substrate cleavages with the pLogo program [123], a probabilistic
approach to identifying the presence and visualization of sequence motifs. The generated sequence logo diagrams for
caspase-3, -7, -6, -8, MMP-2, MMP-3, granzyme B (human) and
granzyme B (mouse) are shown in Figure 3. To perform the
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Figure 2. ROC curves of iProt-Sub models trained using different encoding schemes and their combinations for cleavage site prediction of eight proteases on the 5-fold
cross-validation test.
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Figure 3. Sequence logo representations of experimentally verified cleavage sites (P8–P80 ) of eight proteases caspase-3, -6, -7, -8, MMP-2, 3, granzyme-B (human) and
granzyme-B (mouse). Sequence logos were generated using pLogo and scaled to the height of the largest column within the sequence visualization. The red horizontal
lines on the pLogo graph denote the threshold of P ¼ 0.05.

sequence logo analysis, we examined the P8–P80 sites according
to the Schechter–Berger nomenclature [124]).
Indeed, the sequence logos in Figure 3 show that there exist
conserved sequence motifs or distinctive sequence patterns surrounding protease-specific substrate cleavage sites that may potentially be used to differentiate between different proteases.
Notably, it can be seen that a predominant characteristic of substrate cleavage sites of caspases (caspase-3, -6, -7 and -8) is the
requirement of Asp residue at the P1 position [125]. For certain
caspases (e.g. caspase-3 and -7), there is also a lesser selectivity

for Asp residue at the P4 position, thereby constituting the canonical DXXD motif [125]. A commonality of the cleavage selectivity of granzyme B, compared with that of caspases, is that they
primarily recognize and cleave after the Asp at the P1 position as
well. On a closer look, we can see that there exist subtle differences in the substrate cleavage selectivity between granzyme
B (human) and granzyme B (mouse) [126]. Apparently, granzyme
B (mouse) has a more complicated preference favoring a number
of residue types across different positions surrounding the cleavage sites, including Val, Pro and Gly at the P1 position; Ser at the
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Figure 4. The feature selection curve in stepwise feature selection describes the performance change (in terms of AUC) as a function of the number of gradually
increased OFCs.

P10 position; and Gly at the P20 position, respectively, while granzyme B (human) has much less selectivity at these positions.
However, different from caspases, matrix metallopeptidases
(e.g. MMP-2 and MMP-3) have distinctive substrate specificities
(Figure 3). Specifically, Gly was significantly overrepresented at the
P7, P4, P2, P1, P30 and P60 positions surrounding the cleavage sites
(P < 0.05, Figure 3). Owing to the intriguing selectivity of multiple
residue types across different positions, it is much more difficult to
clearly define distinctive sequence motifs for the MMPs. These results highlight the importance and need to improve the substrate
cleavage site prediction by developing more accurate machine
learning-based predictors, especially for proteases for which canonical sequence motif-based methods fail to perform well.

Feature contribution analysis
We used a two-step feature selection strategy by combining the
mRMR algorithm [36] with FFS to characterize a subset of optimal features that contributed the most to the the prediction of
substrate cleavage sites of each protease. Figure 4 shows the
performance change (in terms of the AUC value) of the trained
SVR models by gradually adding the selected features in a stepwise manner. As can be seen, all the feature selection curves
started with quickly increasing the AUC value and then settled
into the plateau after reaching their maximum at the peak,
while in some cases, adding more features will lead to a drop in
the AUC value (Figure 4).

Because 11 different types of features were originally extracted and used for training the models, it is of particular interest to characterize their relative importance and contribution to
cleavage site prediction performance. In the ‘ALL-Fea’ sequence
encoding scheme that encoded all the initial features, 11 different types of features were included. After the two-step feature
selection based on mRMR and FFS, seven types of features remained in the final optimal feature subset of cleavage site prediction for eight proteases. To evaluate the contribution of
these seven different feature types to the classification performance for individual proteases, the performance difference can
be measured using the AUC value when a particular feature
type is removed from the classifier. This measure thus represents the additional value of such feature type in cleavage site
prediction, accounting for both interaction and compensatory
effects between features [127]. Here, we define this measure as
the ‘contribution percentage’ for a feature type by calculating
the percentage of AUC decrease relative to other feature types
after removing the feature from the classifier.
From Figure 5, we can see that the three most important
types of features are KNN features with a contribution percentage ranging from 6.67% (for caspase-8) to 98.55% (for caspase-7),
AAC features with a contribution percentage ranging from
1.45% (for caspase-7) to 54.54% (for caspase-6) and BINARY features with a contribution percentage ranging from 1.45%
(for caspase-7) to 54.54% (for caspase-6). Among these three feature types, KNN features appear to be essential and thus most
important for the predictive performance, as it was included in
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Figure 5. Importance of different feature types to the improvement of cleavage site prediction performance for eight proteases. The height of each bar for a feature
type represents the proportional ‘contribution percentage’ that represents the AUC value of the feature selection model for one protease, and the uniformed AUC drop
rate for each type of feature is represented with different colors. The AUC drop rate was obtained by comparing with the model after removing this feature from the
input.

the feature sets of all proteases under investigation. In addition,
the feature importance also varies depending on the protease,
for example KNN features made an exclusive contribution to
caspase-7 cleavage site prediction, but only made a moderate
contribution to caspase-3 cleavage site prediction, secondary to
BINARY and PSSM features. This is also the case for AAC features, which made a predominant contribution to caspase-8
cleavage site prediction (with a contribution percentage of
91.79%), but a marginal contribution to granzyme B (human and
mouse) (with contribution percentages of 11.89 and 13.86%, respectively) cleavage site predictions, and completely dropped
out of the final optimal feature subsets in the case of caspase-3
and -7 (Figure 5).

Performance comparison between iProt-Sub and other
general prediction tools
In this section, we performed an independent test and compared the performance of iProt-Sub with three state-of-the-art
general prediction tools that can be used to predict the substrate cleavage sites for multiple proteases: PoPS [33],
SitePrediction [34] and Cascleave [15]. As a number of other
tools were developed for specific proteases per se, they were not
included in this comparative analysis. In addition, as the compared tools use different training data and algorithms to develop their respective prediction rules/models, the predictive

capability of these tools differs from each other. Thus, to avoid
any potential bias, for a protease, we only compared with tools
that could provide valid prediction results after submitting the
sequences of the independent test data set to each of the online
Web servers. As a result, the ROC curves and calculated AUC
values of cleavage site prediction for caspase-3, -6, -7, -8, MMP2, MMP-3, granzyme B (human) and granzyme B (mouse) are
shown in Figure 6.
It is of particular interest to compare the performance of
iProt-Sub with Cascleave, which also uses the SVR algorithm
and sequence-derived features (such as BINARY, predicted
secondary structure and native disorder information) to train
the prediction models. The online Web server of Cascleave
provides three model options: Cascleave-BEAA, CascleaveBEAA þ BPBAA
and
Cascleave-BEAA þ BPBAA þ BPBDISO,
which were trained using three different sequence encoding
schemes [15]. PoPS is one of the most popular bioinformatics
tools for modeling and predicting substrate specificity. It creates a simple matrix-based specificity model with different
weights for amino acid residues at different positions, built
from experimental data or expert knowledge and available to
the user [33]. The specificity model can be used to score, predict and rank likely cleavage sites within a given substrate sequence for the designated protease of interest. SitePrediction
is also a general prediction tool for predicting cleavage sites
in candidate substrates. To make an accurate prediction,
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Figure 6. Performance comparison between iProt-Sub and other existing methods for cleavage site prediction for different proteases based on the independent test
data sets, evaluated using ROC curves.
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SitePrediction also considers other additional features that
describe the environment of potential cleavage sites (including solvent accessibility, secondary structure and sequence
similarity to the known cleavage sites) in conjunction with
the amino acid frequency scores [34]. Both PoPS and
SitePrediction are regarded as statistical scoring functionbased tools, while Cascleave and iProt-Sub are considered as
machine learning-based tools.
As can be seen from Figure 6, iProt-Sub achieved the overall
best predictive performance compared with the other three
tools PoPS, SitePrediction and Cascleave (with three models) for
six proteases [including caspase-3, 6, MMP-2, MMP-3, granzyme
B (human) and granzyme B (mouse)], with the only exception of
caspase-7 and -8, for which iProt-Sub performed the second
best, with an AUC of 0.989 and 0.990, respectively, in contrast to
the best-performing tool Cascleave, which achieved an AUC of
0.994 and 0.997, respectively. For those proteases that iProt-Sub
achieved the best performance, its performance gains over the
other compared tools are apparent, which is particularly the
case for MMP-2, MMP-3, granzyme B (human) and granzyme B
(mouse) (Figure 6).
In addition, we note that although the strategy incorporating
additional features generally improved the cleavage site prediction performance for some proteases [e.g. caspase-7, MMP-3,
granzyme B (human),] in combination with feature selection, it
decreased the performance for other proteases [e.g. caspase-3, 6, -8 and granzyme B (mouse)]. This can be observed by comparing the ROC curves and AUC values between the iProt-Sub models and iProt-Sub-ALL-Fea models in Figure 6. The underlying
reason for this outcome is not entirely clear but might be associated with the size of the cleavage site data sets and the presence of other confounding factors that influence the cleavage
outcome.
Overall, the results of the independent test indicate that by
integrating heterogeneous informative features selected by an
effective two-step feature selection strategy coupled with the
SVR algorithm, iProt-Sub is able to provide a competitive predictive performance of substrate cleavage site prediction when
compared with three existing prediction tools.

The implementation of iProt-Sub Web server
To facilitate high-throughput prediction and analyses of novel
protease-specific substrates and cleavage sites, we have implemented an online Web server of iProt-Sub for the wider research
community to use. The Web server was designed with a userfriendly interface and modern data visualization functionality
and is freely available at http://iProt-Sub.erc.monash.edu/. It
was implemented using Java Server Pages running Tomcat7 and
configured in the Linux environment on a 16-core server machine with 50 GB memory and a 4 TB hard disk. To submit a prediction job, the server requires protein amino acid sequences
(the submission of up to 50 sequences is permitted simultaneously) in FASTA format as the input. Users are also required to
provide their e-mail addresses to receive a notification e-mail
that contains a link to the prediction output Web page after the
submitted job is completed. For a protein sequence with 500
amino acid residues, the prediction task will generally take approximately 3 min to calculate the features and return the final
prediction results. A step-by-step guideline of how to use the
iProt-Sub Web server can be found at http://iProt-Sub.erc.mon
ash.edu.au/help.html.
Figure 7 provides an example output of the Web server. As
can be seen, there are two main sections of the prediction
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output involving graphical visualization output (Figure 7A) and
ranking output (Figure 7B) of the predicted cleavage sites in a
protease family-specific manner. In terms of the graphical output, all the predicted cleavage sites are indicated by vertical
lines with different colors (different colors indicate a different
protease family, such as aspartic, cysteine, metallo, and serine).
When hovering the mouse cursor over each differentially colored vertical line, a window pops up displaying detailed information associated with the predicted cleavage site/outcome,
including the P4–P40 sequence segment, cleavage site P1 position and the estimated sizes of N- and C-fragment cleavage
products (Figure 7A). This graphical visualization function can
greatly facilitate the quick identification of the predicted cleavage site(s) of interest by scanning from the N-terminus to C-terminus and visually comparing the cleavage profiling within the
same substrate sequence across different proteases. The ranking output provides a tab-style view of the predicted cleavage
sites according to the protease family (Figure 7B). Each tab contains the residue position of the predicted cleavage P1 site, the
sequence ID, P4–P40 sequence segment (with the predicted
cleavage site indicated by ‘j’), the estimated N- and C-fragment
sizes and the cleavage probability score.
Features used by the Web server for predicting cleavage sites
include 11 previously mentioned feature encoding schemes,
such as BINARY, AAC, PSSM, AAIndex, BLOSUM, CHR, CKSAAP,
SS, SA, DISO and KNN. Based on the functionalities mentioned
above, iProt-Sub offers important advantages over existing prediction servers in its ability to identify potential substrates and
achieves a greater coverage and accuracy than previous predictors. To our knowledge, iProt-Sub is the most comprehensive
server that is capable of predicting substrate cleavage sites of
multiple proteases within a single substrate sequence using
machine learning techniques. It is anticipated to be a valuable
tool for cost-effective in silico identification of novel proteasespecific substrates and cleavage sites.

Proteome-wide prediction and Gene Ontology
enrichment analysis of protease-specific substrates at
the proteome level
We applied the developed iProt-Sub tool to scan the human
proteome (149 730 proteins) with a high stringency at the 100%
specificity level in an effort to provide an overview of the substrate repertoire of several important proteases and gain insights into the significantly enriched Gene Ontology (GO) [128]
terms and biological pathways of these ‘computational’ substrates at the entire human proteome level. Seven proteasespecific models [caspase-3, -6, -7, -8, MMP-2, -3 and granzyme B
(human)] were used to conduct the human proteome-wide
scan, and >20 200 reviewed human protein sequences downloaded from the UniProt database were involved in this analysis. Note that to generate highly accurate mapping, we
applied the prediction models that were trained using the final
optimal features based on the complete training data sets to
perform the proteome-wide substrate scanning. The statistics
for the predicted substrate proteins and cleavage sites are
shown in Table 3. A complete list of the predicted substrates for
each protease and their corresponding substrate cleavage sites
is available from the iProt-Sub website.
Based on the proteome-wide scanning results, we further
conducted an enrichment analysis using the DAVID online server [129], including GO analysis and KEGG pathway analysis.
The top five significantly overrepresented biological process
(BP), cellular component (CC), and molecular function (MF)
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Figure 7. Example output of the iProt-Sub Web server.

terms, and KEGG pathways of the predicted substrate proteins
for caspase-3, caspase-6, MMP-2 and MMP-3 at the proteome
scale are highlighted in Figures 8 and 9, respectively. The sectorial area for a GO term represents the number of proteins with
this term, while the different colors of the sectorial area indicate
the statistical significance of the enrichment for the corresponding GO term. In general, substrate proteins targeted by different protease families tend to be associated with different GO
terms, but substrate proteins within the same family share
similar GO terms. For example, both caspase-3 and caspase-6
substrates were found to be enriched with the GO BP terms ‘Cell
adhesion’ and ‘Biological adhesion’ and with the GO MF terms
‘ATP binding’ and ‘adenyl ribonucleotide binding’. Similar tendencies can also be observed between the MMP-2 and MMP-3

substrates. With regard to the CC terms, many of the predicted
substrates were found to be located in different components,
including ‘Nuclear lumen’, ‘Intracellular organelle lumen’,
‘Organelle lumen’ and ‘Cytoskeleton’, where many apoptotic
morphological changes and cellular signaling activities often
occur [130].
In terms of pathway enrichment analysis, we observed that
caspase and MMP substrates were highly enriched in several
KEGG pathways that involve ‘Focal adhesion’, ‘ECM-receptor
interaction’, different types of signaling pathways and
‘Pathways in cancer’ (Figure 9), highlighting the functional roles
of these protease–substrate interactions in cancer-related biological processes. In addition, there also exist specific signaling
pathways and cancer-related pathways that were specifically
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Table 3. Statistical summary of the predicted substrates and cleavage sites with the 100% specificity at the proteome scale
MEROPS ID

Protease
name

Number of
predicted
substrates

Number of
predicted
cleavage
sites

C14.003
C14.004
C14.005
C14.009
M10.003
M01.005
S01.010

Caspase-3
Caspase-7
Caspase-6
Caspase-8
MMP-2
MMP-3
Granzyme B
(human-type)

10 645
12 288
5936
18 532
9805
402
13 995

26 929
34 355
10 156
152 609
22 985
425
47 092
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enriched for caspase-3 substrates (small cell lung cancer),
caspase-6 substrates (hypertrophic cardiomyopathy), MMP-3
substrates (both small and non-small cell lung cancer) and
MMP-6 substrates (endometrial cancer and chronic myeloid
leukemia). These results highlight the functional roles of these
protease–substrate interactions in cancer-related biological
processes [1, 4, 5].

Case study
To illustrate the predictive power of iProt-Sub, we performed a
case study where the targeted cleavage of the protein calpastatin
by caspase-3 [131] and MMP-2 [132] was examined in detail.
Calpastatin (UniProt ID: P20810) is an endogenous calpain (calcium-dependent cysteine protease) inhibitor, which is encoded
by the CAST gene in humans. It consists of an N-terminal domain

Figure 8. Functional enrichment analysis of the predicted substrates for caspase-3, -6, MMP-2 and -3 at the proteome scale, according to the BP, CC and MF classifications of GO terms. The statistical enrichment analyses of GO terms for predicted substrates were performed with the hypergeometric distribution.
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Figure 9. The KEGG pathway enrichment analysis of the predicted substrates for caspase-3, -6, MMP-2 and -3 at the human proteome scale. The statistical enrichment
analyses of GO terms for predicted substrates were performed with the hypergeometric distribution.

and four repetitive calpain-inhibitory domains (Inhibitory
Domains 1–4). It has been suggested that calpastatin is involved
in the control of proteolysis of amyloid precursor protein and
also in muscle protein degradation in living tissue [133].
Applying iProt-Sub to perform the substrate sequence scanning to calpastatin, we correctly identified all the three experimentally verified cleavage sites for caspase-3 [131]: ALDDjLIDT,
DAIDjALSS and LSSDjFTGG (Figure 10). In terms of MMP-2 cleavage sites, we also identified an additional cleavage site for MMP2: SVAGjITAI [132]. Note that all these experimentally verified
cleavage sites were on the top-ranking list of hits according to
the predicted probability score generated by iProt-Sub, and all
were above the threshold of 0.95. Moreover, iProt-Sub-based
substrate sequence scanning also led to the prediction of several other high-confidence novel potential cleavage sites for
both caspase-3 and MMP-2 (Figure 10). These predicted cleavage

sites may represent novel sites targeted for cleavage under different conditions, and require follow-up experimental validation and hypothesis-driven studies. All the results above
highlight the usefulness and value of using iProt-Sub as an in silico tool for identifying novel putative cleavage targets and unraveling the protease–substrate interaction relationship.

Limitations and future work
Despite the strong performance of our developed computational
approach for predicting the substrate cleavage sites of multiple
proteases, it has the following limitations:
The first limitation is that iProt-Sub is a machine learningbased approach and as such, its predictive power derives from
the machine learning models that are trained based on different
forms of sequence encoding schemes. The performance of

Downloaded from https://academic.oup.com/bib/advance-article-abstract/doi/10.1093/bib/bby028/4979587
by Jiangning Song
on 20 April 2018

Map and predict protease cleavage sites

|

17

Figure 10. Full-length sequence scanning of calpastatin by iProt-Sub for caspase-3 (above) and MMP-2 cleavage sites (below). The horizontal axis denotes the amino
acid residue position, while the vertical axis denotes the cleavage probability score generated by iProt-Sub. A higher threshold value of 0.95 is applied to identify the
high-confidence cleavage site predictions, denoted by the dashed line. P4–P40 sites surrounding the predicted cleavage P1 position are given.

machine learning-based models primarily depends on the effective representation of such feature encoding schemes.
Accordingly, it remains a significant challenge in the future to
identify further useful encoding schemes. There is much promise in this aspect from the availability of some recently developed powerful toolkits and Web servers for extracting a wide
range of features, including Pse-Analysis [87], Bio-Seq Analysis
[85], Pse-in-One [91], repDNA [81] and iFeature [134]. These toolkits could enable us to consider a much greater combination of
different types of feature encoding schemes and explore the
possibility of evolving iProt-Sub to a more robust framework
while preserving or enhancing its model accuracy.
The second limitation is that the cleavage site prediction
performance of iProt-Sub varies greatly between proteases. Its
accuracy is lowest for matrix metalloproteases, including MMP2 and MMP-3. The current study and several previous studies
[29, 52, 135] confirmed the prediction of cleavage sites for these
proteases to be an especially challenging problem and highlighted the need to develop specialized methods for improved
MMP cleavage site prediction.
The third limitation is that most of the substrate cleavage
sites used for training the prediction models of iProt-Sub were
identified by high-throughput mass spectrometry methods,
which might introduce a potential bias in terms of representing
the global proteolytic events [9] and hence might impact on the

predictive performance of the trained models [136]. Therefore,
when sufficient heterogeneous cleavage site data sets identified
by other different experimental approaches are available in the
future, it will be important to characterize their potential influence on the predictive performance of cleavage sites.
The fourth limitation is that iProt-Sub only used the SVR algorithm to build the probabilistic cleavage site prediction models. In the future work, we plan to consider using other
advanced machine learning techniques such as deep learning
(DL), which can model high-level abstraction in the data [137],
using significantly enlarged benchmark data sets (the next
MEROPS release) to evaluate the performance of the DL models
against other popular machine learning classifiers.

Conclusions
We have developed the iProt-Sub tool and constructed proteasespecific prediction models for 38 proteases. iProt-Sub substantially upgrades the PROSPER Web server, includes a user-friendly
interface and provides users with easy-to-understand data visualization techniques to better serve the wider research community. We have conducted a comprehensive set of experiments to
benchmark the performance of different sequence encoding
schemes and compare the models with other previously
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proposed state-of-the-art methods. Our experimental evaluations indicate that the proposed iProt-Sub method outperforms
those previously developed methods. iProt-Sub’s improved performance can be attributed to several important aspects. First,
we have compiled a comprehensive experimentally verified
cleavage site data set in this work. Second, protease-specific
models have been constructed, optimized and validated to
achieve a better performance than other available tools using the
powerful SVR algorithm coupled with a two-step feature selection procedure. Third, iProt-Sub allows high-throughput prediction of potential substrate cleavage sites for follow-up
experimental validation and hypothesis-driven functional studies. A unique feature of iProt-Sub is that, unlike previously developed tools that require users to designate the protease of
interest to make the prediction, iProt-Sub for a given substrate sequence will identify which, if any, of its 38 proteases will cleave
that substrate. This unique feature makes iProt-Sub an attractive
tool for proteomic research, especially in cases where there is insufficient knowledge about the protease(s) responsible for such
cleavage to occur. We expect that iProt-Sub will be used as a valuable and powerful tool by the protease community and can deliver vital functional clues regarding the protease–substrate
interactivity relationship in a cost-effective manner.

Key Points
• In this work, we present iProt-Sub, a powerful bioinfor-

•

•

•

•

matics tool for the accurate prediction of proteasespecific substrates and their cleavage sites.
It provides optimized cleavage site prediction models
with better predictive performance and coverage for
four major protease families and 38 proteases.
iProt-Sub integrates heterogeneous sequence and structural features derived from multiple levels in combination with an effective two-step feature selection
procedure.
Benchmarking experiments using cross-validation and
independent tests showed that iProt-Sub was able to
achieve a better performance than several existing generic tools. It is publicly accessible at http://iProt-Sub.erc.
monash.edu.au/.
Application of iProt-Sub to scan the entire human
proteome provides an insightful overview of the substrate repertoire of several important proteases and significantly enriched GO terms and biological pathways
of the ‘computational’ substrates at the proteome level.
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