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Abstract

Accurately identifying strand residues (B-residues) from protein sequences aids
prediction and analysis of numerous structural and functional aspects of proteins. This
thesis is focused on improving sequence-based prediction of strand residues and strands,
which in turn would lead to better recognition of B-sheets (arrangements of multiple
strands). We developed a novel ensemble-based predictor, BETArPRED, achieving a
statistically significant performance improvement over existing, state-of-the-art
secondary structure predictors. Our method improves prediction of strand residues and
strands, and it also finds strands that were missed by the other methods. When compared
with the top-performing three dimensional structure predictor, our BETArPRED
improves predictions of strands and provides more correct predictions of strand residues,
while the other predictor achieves higher rate of correct strand residue predictions when
under-predicting strands. Next, we investigate strand residue-residue pair propensities
incorporating long-range interactions, and a scoring function that uses these propensities.
This scoring function is empirically shown to differentiate between strand and non-strand
residues. We study the effect of residue conservation and directionality of strands in B-
sheets on these propensities, and conclude that they provide little to no further
improvement. We also compare our pair propensities with other recently proposed
relative frequency-based pair propensities, and find that our pair propensities provide
better discriminatory power in judging a residue from a strand to a non-strand. These
proposed pair propensities could be used to further improve the sequence-based B-residue

predictors.
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1 Introduction

In molecular biology, a protein is a biologically active molecule, whose function in vivo
is defined by its 3-dimensional (3D) structure. However, when it is first produced by a
living organism, a protein is not in its 3D structure; it is instead a linear arrangement of
amino acids, selected and ordered by the genetic code of that organism. This linear
sequence must then undergo a complex process of folding to produce a stable 3D
structure. If this complex process proceeds normally, the resulting biomolecule will
correctly implement the target functionality. On the other hand, if the process goes awry,

a wide spectrum of diseases can result.

In his Nobel Prize-winning work, Anfinsen (1973) experimentally showed that proteins
form specific shapes determined by their amino acid sequence. Since then, sequence
based computational structure prediction methods assume the protein sequence contains
all of the information needed to predict the 3D structure. However, it is not yet known
fully how the 3D structure can be determined from this sequence. Hence this topic has
been a main focus of research in the last few decades. A full understanding of the
relationship between protein sequence and structure would aid in the prediction of
unknown protein structures and would impact related areas, such as rational design of
novel proteins and peptides. Knowing the 3D structure is also essential to understanding a
protein’s function and to investigate the interactions with other molecules (Singh et al.,
2006; Laskowski et al., 2005; Espadaler et al., 2005; Bowie et al., 1991), and is crucial in

rational drug structure-based design (Klebe et al., 2000; Lengauer et al., 2000).

Structural bioinformatics, which is a subfield of computational biology, attempts to
determine the (unknown) 3D structure of a new protein sequence, based on the

1



assumption that a given protein sequence folds into a unique protein structure (Anfinsen,
1973) and utilizing a principle that similar protein sequences lead to similar 3D structure.
Currently, only a small fraction of all proteins have a known 3D structure. These
structures are published and stored in the publicly available Protein Data Bank (PDB)
(Berman et al., 2000). As of 15" January 2012, PDB includes 72,683 proteins
(http://www.rcsb.org/pdb/results/), while the overall number of known non-redundant
protein sequences that are stored in the RefSeq database (Pruitt et al., 2002) includes
14,090,554 (http://www.ncbi.nlm.nih.gov/RefSeq/). This wide structure-sequence gap is
a result of the relatively low throughput of empirical methods for determining protein

structure (e.g. X-ray crystallography, nuclear magnetic resonance).

The 3D (tertiary) structure of a protein consists of repeating units of secondary structure
(SS) states, which include helix (h), strand (e) and coil (c¢) states. The two major types of
secondary structures are the a-helix (helix) and B-strand (strand). About half of the amino
acids (AAs) that comprise a protein sequence fold into the a-helix and B-strand secondary
structures; the remaining residues are in more irregularly structured states called coils.
The secondary structures are arranged in the 3D fold, which in turn defines the unique
physical and chemical properties of proteins (Rost and Sander, 1996). Hence,
determining the sequence of secondary structures in a protein is an important
intermediate step in determining the tertiary structure. During the last three decades, there
has been intense research in the sequence-based prediction of the protein secondary

structures.



1.1 Motivation

In spite of significant advances in secondary structure prediction, the existing approaches
for predicting strands from protein sequences are of relatively poor quality when
compared to the other two structural types (o-helix and coil). One of the reasons for this
is that strands can interact with other strands positioned far away in the linear protein
sequence to form -sheet structures. These long-range interactions are a unique feature of
the strand structures, and are essential to understanding the structure of B-sheets (Zhang
and Kim, 2000). Strand to strand interactions are wide-spread (every strand interacts with
at least one other strand to form a B-sheet) and the linear distance between interacting
strands is irregular. In contrast, helices and coils are established based on local
interactions and they rarely interact with each other. Only a few methods have been
proposed for the prediction of long-range interactions in a protein sequence and their
accuracy is relatively low (Hubbard, 1994; Asogawa, 1997; Baldi et al., 2000; Steward
and Thornton, 2002; Rost et al., 2003; Punta et al., 2005; Vullo et al., 2006; Cheng and
Baldi, 2007), which implies that the prediction of strands is a difficult problem. Other
reasons for the relatively low performance of the existing approaches are the weak
coupling between P-residues pair’s on neighboring strands in a [B-sheet (Mandel-
Gutfreund et al., 2001) and the lack of a systematic approach to solve this problem

(Cheng and Baldi, 2005).

At the same time, an understanding of strand structures finds several important
applications in the prediction of B-sheets and the prediction of the tertiary structure of
proteins (Zaremba and Gregoret, 1999; Steward and Thornton, 2002; Ruczinski et al.,
2002; Rost et al., 2003; Cheng and Baldi, 2005; Wu and Zhang, 2008; Lippi and

Frasconi, 2009; Max et al., 2010), characterization of super-secondary structures and



protein folding patterns (Kamat and Lesk, 2007), elucidation of folding pathways and
understanding the stability of protein folds (Smith and Regan, 1997; Merkel and Regan,
2000; Mandel-Gutfreund et al., 2001), design of new proteins (Smith and Regan, 1995;
1997; Kortemme et al., 1998; Kuhlman et al., 2003), and in investigations of certain
mechanisms causing neurodegenerative diseases(such as Alzheimer’s, Parkinson’s and
Prion diseases) (Fernandez-Escamilla et al., 2004; Stefani and Dobson, 2003; Stohr et al.,
2008; Kedarisetti et al., 2008). We also observe that more than 75% of proteins currently
in the PDB contain B-sheets, demonstrating the importance of these structures. These
applications and the abundance of the P-sheet structures motivate the need for
computational approaches that improve the prediction of strand residues (amino acids in
the protein sequence that fold into strands), strands (segments of consecutive B-residues),

and their pairs (pairs of strands that form B-sheets) from the protein sequence.

1.2 Overview of proposed research

Before computational methods can identify B-sheet candidates, we must first identify the
residues that make up individual strands; current computational methods are relatively
ineffective for this task. Thus, our aim is to improve the prediction of strands from the
protein sequence, and to investigate the pairings of the amino acids that are crucial for the

formation of B-sheets. To this end, this thesis addresses the following three objectives:

Objective 1: Secondary structure predictors normally solve the three-state prediction
problem. However, we can also cast secondary structure prediction as three two-state
problems (strand vs. non-strand; helix vs. non-helix; coil vs. non-coil). This will be our
approach in the construction of our strand residue prediction algorithm (BEATrPRED).

In this research, we first compare two-state strand predictions against two-state helix



predictions from state-of-the-art secondary structure predictors. This is needed to verify
the continued existence of the quality gap between strands and helices in this new

representation.

Objective 2: We investigate the creation of a new, more accurate method for the
prediction of the strand residues and strands. We hypothesize that improvements can be
achieved by employing a consensus-based approach (by combining multiple existing
prediction methods), and by combining local and long-range predicted structural

information.

Objective 3: We investigate the propensities of the residue residue pairs in the
strand_strand contacts, and we hypothesize that these propensities can be used to further
improve the prediction of the strand residues and strands. We also study the influence of

the sequence conservation on these propensities.

In Objective 1, we compare a group of state-of-the art prediction models on a new dataset
of 429 protein chains, which we created to minimize the effect of templates in the models
(see Section 4.2.2 for further discussion). Protein chains in this dataset were selected
from the PDB based on low similarity to each other, high-resolution structure
determination, and recent deposition (at the time of the experiments). From this
comparison, we select the best-performing predictors as the base predictors in our
proposed ensemble in Objective 2. We combine predictions from these base methods
with additional features (representing residue, window, and chain properties that are
based on AA, SS and depth information) to form our proposed method. We then evaluate
the performance of this new predictor against the individual predictors from Objective 1

on our new dataset. In addition, we compare all of these predictors, our new predictor,
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and an additional method (the best-performing 3D structure predictor from the CASP 8
competition (Zhang, 2009)) on the CASP 8 competition dataset. In Objective 3, we
empirically determine the propensity of amino acid pairs to align with each other in a
strand pairing in a B-sheet. We computed these propensities based on the direction of
alignment between the strands (parallel or anti-parallel). We also examine how
conservation of amino acids interacts with these propensities. We then empirically

determine whether these propensities can be used to identify strand residues.

1.3  Outline

The remainder of this dissertation consists of five chapters. Chapter 2 provides
background information. Chapter 3 details our experimental design and evaluation
procedures. Chapter 4 addresses objectives 1 and 2, summarizing and evaluating the
model developed for the prediction of strand residues and strands. Chapter 5 addresses
objective 3 and details the investigation of strand residue residue pair propensities.

Finally, Chapter 6 concludes with a summary of contributions and future work.



2 Background

In this chapter, we first provide background information on proteins that includes basic
definitions of proteins, a brief overview of protein structures, related structural databases,
details about B-sheet sub-units (candidates or topology), and the specific tools used to
process protein sequence and structure data. We then describe the data mining concepts

and methods that are used in the context of our research.

2.1 Background on proteins

2.1.1 Basic definitions

An Amino Acid (AA) is an organic acid containing an amino group (‘'NH3), carboxyl
group (COQ), variable side chain (R) group and a hydrogen atom (H) are all attached to
a central a carbon (C,) atom. The general structure of an amino acid is shown in Figure
2-1. There are 20 different types of amino acids that constitute the building blocks of
proteins. Each amino acid has unique physiochemical properties that differ based on the
variable side chain group. Amino Acids are denoted by a 3 letter code or a single letter
code (Lodish et al., 2003). We employ the single-letter code in this dissertation. Amino

acids also often referred to as residues.



R group (Variable side-chain group)

R
| (Fixed main-chain group)

(0]
. | Carboxyl
Amino v
o- Carbon /
H B -Carbon

Figure 2-1 General structure of an amino acid

A peptide bond is a molecular bond between the carboxyl group of one amino acid and
the amino group of the next amino acid with removal of a water molecule. This bond is
also known as an amide bond (Petsko and Ringe, 2004). Figure 2-2 shows the peptide

bond link between two amino acids.

R1

0 Il{ H %
BN C<0 " H—N* c/

H H

R2
Amino acid 1 Amino acid 2
H,0

/

Backbone Peptide bond R2

Figure 2-2 Peptide bond link between two amino acids

A peptide is formed by linking a series of amino acids via peptide bonds in a predefined
order, usually <40 amino acids in length (Lodish et al., 2003). Figure 2-3 represents a

peptide as a chain of amino acids, using a single letter code.

GIVEQCCTSICSLYQLENYCN

Figure 2-3 Peptide chain of human insulin (PDB id: 3Q6E, chain A)



A polypeptide is a chain of many (>40) amino acids linked by peptide bonds. Figure 2-4
shows a polypeptide chain representing amino acids using circles. The ends of the chain
(called terminals) are annotated with the respective groups. The protein sequence is read

from the N-terminal to the C-terminal (Lodish et al., 2003).

.coo- &

/-l

C-Terminal

Figure 2-4 Polypeptide chain with the annotated terminals

The N-terminal refers to the end of a polypeptide chain terminated by an amino acid

with a free amine group (NH3+) (Lodish et al., 2003). (see Figure 2-4).

The C-terminal refers to the end of a polypeptide chain terminated by an amino acid

with a free carboxyl group (COO-) (Lodish et al., 2003). (see Figure 2-4).

Proteins are bio-molecules composed of one or more polypeptide chains containing

amino acids linked together via peptide bonds (Petsko and Ringe, 2004).

The Backbone is a part of the peptide chain consisting of a series of N-Ca-C3 atoms
(main chain portion with sequence NCCNCCNCCNCC...), which helps to determine the

protein conformation (shape) (Petsko and Ringe, 2004). See Figure 2-2.



Hydrogen bonds contribute significantly to the overall stability of the protein structure
(its folded state). Hydrogen bonds are formed between main chain groups, or between the
side chain groups, or between the main chain and side chain group; see Figure 2-1 for the
definition of the main and side chain groups. In all cases, the hydrogen bond involves an
attractive interaction between the hydrogen atom of a donor group (positively polarized),
such as OH or NH, and a pair of nonbonding electrons on an acceptor group (negatively
polarized), such as CO (Petsko and Ringe, 2004), see Figure 2-5. The donor group atom
that carries the hydrogen must be electronegative for the attraction to be significant. The
hydrogen bonds vary in length from 0.26 to 0.34nm (i.e., the distance between heavy

atoms N and O in Figure 2-5).

i F L
o
H—N" C|= H—N" C<
| | o
H Hydrogen bond H
R2 R2

Figure 2-5 Hydrogen bond between main chain groups

Dihedral, Phi (¢p) and Psi (y), angles. In Figure 2-6 the amino acid with the central
carbon atom Ca forms a bond with N and Cf atoms. The angle of the bond between Ca
and N to the adjacent peptide bond is known as phi(¢}) and the angle of the bond between
Ca and CP to the adjacent peptide bond is known as psi(y) (Petsko and Ringe, 2004).
Both of these angles, ¢ and y, form the dihedral angles/torsion angles (which describe
conformations around rotatable bonds). These angles could take different values for the
same amino acid occurring in different positions of the same protein sequence as well as
in different proteins. They are useful to define the protein structure, particularly the

secondary structure.
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Multiple sequence alignment (MSA) arranges three or more sequences such that
positions believed to be similar / identical based on functional, structural, or evolutionary
relationships between these sequences are written in a common column. When a
sequence does not possess a matching amino acid in a particular position then this

13K

position is denoted by a gap, i.e., . Multiple sequence alignment is useful for
displaying the common fragments (segments of AAs) in a given set of sequences (Koonin

and Galperin, 2003). These fragments may have common structure or function and thus

one protein can be used to annotate other proteins.

VTISCTGSSSNIGAG-NHVKWYQQLPG
VTISCTGTSSNIGS--ITVNWYQQLPG
LRLSCSSSGFIFSS--YAMYWVRQAPG
LSLTCTVSGTSEFDD-WYYSTWVRQPPG

[each letter represents one amino acid and '-' represents a gap|

Figure 2-7 Multiple sequence alignment example

Sequence profile or position-specific scoring matrix (PSSM) is a summary of the
amino acid types present at each sequence position (column) in a given MSA; PSSM is
also called a sequence profile. The matrix assigns positive scores to residues that appear
more often than expected by chance and negative scores to residues that appear less often
than expected by chance. It has been shown that for a given protein family (a set of
functionally similar proteins), structural and functional constraints influence the amino

acid types appearing at each position in the protein sequence and also that sequence—

11



structure correlations exist for secondary structures (MacCallum, 2004). Therefore, the
sequence profiles are related to the secondary structure, i.e., they could be used and were

used to predict the secondary structure.

Sequence homology

Homology is based on the evolutionary relationship found between two similar protein
sequences which are derived from different species. Typically two protein sequences
derived from the recent common ancestors are more similar than those derived from
distant common ancestors since distant ancestors can accumulate many dissimilar
mutations in their respective evolutionary paths. Hence, finding the evolutionary
relationship between distant ancestors using only their protein sequences becomes a
difficult task (Petsko and Ringe, 2004). Sequence homology is defined as the percentage
of amino acids that are similar after aligning a protein sequence with other sequences.
Proteins with similar function often (but not always) have similar protein sequences in
corresponding functional regions. This observation has been used to find protein
sequences with known structure/function that exhibit similarity to a protein sequence
with unknown structure/function. Information about similar proteins provides insights
into the structure and function of the query protein. This approach is also used to predict
the protein secondary structures of newly discovered protein sequences, but requires that
a query protein exhibits at least 30% homology to other proteins in the database. In the
case of low similarity (i.e <25% similarity), predicting the unknown secondary structures
becomes difficult. Tools like BLAST and PSI-BLAST have been developed to find the

similar sequences from databases.
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Sequence conservation

Scientists compare protein sequences from different species to identify residues that are
conserved despite evolutionary change; it is assumed that such residues play particularly
important roles in a protein’s folding and function. However, sequences are only a 1D
representation of 3D proteins. It is important to recognize that the 3D spatial orientation
of residues also drives sequence conservation. For example, residue contacts in -sheets,
a binding surface, or an enzyme active site may have several conserved residues spread
across the protein sequence, but in 3D space the residues are consolidated into a localized
binding surface. In addition, amino acids can be divided into several groups of similar
characteristics; substitution of an amino acid by a similar one can still result in a similar

3D structure (although this is not always the case) (Vyas et al., 2009; Cai et al.,2009).

2.1.2 Overview of protein structures

A protein is a large biomolecule consisting of a chain of amino acids (AA) that are linked
through peptide bonds. This linear chain of amino acids can spontaneously fold into three
dimensional structures called native folds, which are biologically active forms. The order
of the AA’s in a protein chain and the properties of their side chains determine the 3D-
structure and function of the protein (Anfinsen, 1973; Rost and Sander, 1993). The
structure of proteins can be analyzed on four different levels. These four levels are

summarized below.

Primary structure (also called amino acid sequence or protein sequence) is defined by
the linear order of AAs along a polypeptide chain in a protein (Branden and Tooze,
1999). The following Figure 2-8 depicts the primary structure of a protein using the
single letter code for AAs.

13



MSLLNIKFTDNAVDYLKRREILDKILILITDDGGGKYSIQGGSCSMGAHEFSIIWLDK
VDPDYPVKIANEQNVKIYTSDFDKTMLGPNMVMDYNAGSLSLSSDEGLLDGSVDIGN
GAALLKANKNVOMGINRQCEGHHHHHH

[The sequence continues over multiple rows]

Figure 2-8 Primary structure of Fe-S biosynthesis protein (PDB ID: 2QGO chain-A).

Secondary structure (SS) is defined by the localized sections of the folded segments of
a polypeptide chain that are stabilized by regular patterns of hydrogen-bonds between the
peptide NH and CO groups of different residues (Petsko and Ringe, 2004). The three
basic types of secondary structures are the a-helix (h), B-strand (e), and coil (c), see

Figure 2-9.

L .‘,l
~
Ly P
3

A —helix {h} - strands {e} Coil {c}

Figure 2-9 Secondary structures

These secondary structures form clusters (segments) in the primary structure, see Figure

2-10.

cccceeeechhhhhhhhhccceccceeeeeecccecccccecccccecececccceeeeeece
cccceccceececcccceeeechhhhcccccocceeeeeecceeeeececceececeeceeceecee
hhhhhhhhhhccccecececececcecceccecccecce

[h-helix state, e-strand state, and c-coil state]

Figure 2-10 Secondary structure of Fe-S biosynthesis protein (PDB ID: 2QGO chain-A).

An o-helix is formed when a polypeptide chain arranges into a regular spiral or rod like
structure. In the most frequent type of helix structure, i.e., a-helix, the CO group of the
backbone of an amino acid at position j forms a hydrogen bond with the NH backbone
group of the amino acid that lies at position j + 4 (Petsko and Ringe, 2004). Hence, a-

helix has four residues per turn. Other types of helical structures such as 3;, helix and ©
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helix, which are relatively rare in proteins, have three and five residues per turn,

respectively.

A B-strand is usually three or more residues in length. Backbone atoms in two strands
connect through hydrogen bonds and form a sheet. A stretch of at least three consecutive
strand residues is identified as a B-strand if all the (¢, y) values in this region lie within
the region defined by: 180°< ¢ < -30°, 60° < y < 180° or —180° < y < —150°
(Gunasekaran et al., 1998). The other type of beta structure is B-bridge, defined by two

backbone hydrogen bonds that will be described in more detail later.

A Coil is a non-repetitive, relatively irregular secondary structure. Three main types of
coils include turns (which assume a few defined structures), bends and loops that are
irregularly shaped (Branden and Tooze, 1999). Coils connect a-helix and [-strand

segments, i.e., they serve as linkers, and without them proteins would be loosely packed.

Super secondary structures (also called motifs) involve multiple secondary structures in
a particular geometric arrangement. If a single secondary structure is considered as a
‘unit’ then a super secondary structure would be comprised of at least two 'units' of
secondary structure (Gruber A, et al., 2008). Some of these super secondary structures are

known to have a specific biological role but for others their role is unknown.

The tertiary structure of a protein is a specific three-dimensional shape resulting from
the folding of the entire polypeptide chain and can be seen as the spatial arrangement of
the secondary structures (Branden and Tooze, 1999). The tertiary structure is defined by

the coordinates of the atoms of the constituent AAs. The tertiary structure of the Fe-S
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biosynthesis protein (PDB ID: 2QGO) is shown in Figure 2-11. This structure is shown in
a simplified ribbon form that shows secondary structures of the protein backbone instead

of the atomic coordinates.

i

'{}
Coil/
\ Helix

Figure 2-11 Tertiary structure of Fe-S biosynthesis protein (PDB ID:2QGO)

Quaternary structure is the arrangement of multiple folded protein chains in a multi-
subunit complex (Branden and Tooze, 1999). A variety of bond interactions including
hydrogen bonding, salt bridges, and disulfide bonds hold the various chains in a
particular geometry. For example, the simplified ribbon representation for the quaternary
structure of the deoxy hemoglobin (PDB ID: 101J) shown in Figure 2-12 contains four
protein chains that together form a globular protein (i.e., protein that assumes a sphere-

like shape).

[Each of the four constituent chains is shown using a different shade of gray]

Figure 2-12 Quaternary structure of Deoxy hemoglobin (PDB ID: 101J)
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2.1.3 Protein databases

Protein Data Bank

The Protein Data Bank (PDB) is a worldwide repository of 3D structural information
concerning proteins, which has identified structures for around 72,000 protein structures
among the millions of known sequences. These structures are obtained by the
experimental methods such as X-ray crystallography or NMR spectroscopy. The data is
submitted by biologists and scientists from around the world, and is curated by the
Research Collaborators for Structural Bioinformatics (RCSB) PDB Advisory Committee.
The PDB repository can be accessed online for free (http://www.rcsb.org/). This database
is well maintained and up-to-date, and has been used in many structure-related
investigation applications. As of 15" January 2012, PDB contains 72683 protein chain
structures (http://www.rcsb.org/pdb/results/). Several databases have been are derived
from PDB to classify proteins in terms of their structure, function and evolution. PDB is a
key resource in structural biology studies and is the source of data that is used to design

and validate our proposed method.

Dictionary of Secondary Structures of Proteins (DSSP)

The secondary structure label for each AA is assigned using the dictionary of secondary
structures of proteins (DSSP) program (Kabsch and Sander, 1983), which uses the atomic
coordinates of a given protein chain structure obtained from the PDB. The current version
of this product is 17.1. The DSSP annotates each residue as belonging to one of the eight
secondary structure types: H (o-helix), G (3-helix, also known as 3y helix), I (5-helix,
a.k.a. m-helix), B (residue in isolated beta-bridge), E (extended B-strand), T (hydrogen

bond turn), S (bend), and “ ” (any other). Typically, these eight states are reduced to
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three states as follows: helix (h, which includes H, G, and I), strand (e, which includes E
and B), and coil (c, which includes remaining types) (Moult et al., 2009). These three
states are widely used to indicate the protein secondary structure states and are also used
by the EVA (evaluate the accuracy of automated protein secondary structure prediction

methods) web server (Rost and Eyrich, 2001).

2.1.4 B-sheets

A B-sheet is an assembly of two or more B-strands that are hydrogen bonded to form a
sheet-like (planar) arrangement. The formations of backbone hydrogen bonds between
adjacent strands which may be far away from each other in the sequence (Branden and
Tooze, 1999) provide a significant increase in overall stability of a protein. Formation of
B strand pairs can be subdivided into individual interactions between B-strand residues
(known as B-residue pairs/ B-contacts), which allows for step-wise prediction of B-sheets
(Cheng and Baldi, 2005). In B-sheets, the strand pairs can be arranged in three ways:

antiparallel, parallel, and mixed, as shown in Figure 2-13 and discussed below.

Antiparallel beta-sheet The different types of

1 beta-sheet. Dashed lines
indicate main chain
hydrogen bonds.

|:"‘ -] Mixed beta-sheet

Py T I

Parallel beta-sheet

[Arrows denote B strands and their orientation in the protein chain and dashed lines denote
hydrogen bonds]

Figure 2-13 Parallel, antiparallel. and mixed p-sheet arrangements.
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Antiparallel B-sheets: In an antiparallel arrangement, the successive B strands run in
opposite directions in the sequence so that the CO and NH groups of one residue in the
first strand establish their hydrogen bonds with the NH and CO groups of the same
partner in the second strand, respectively (Berg et al., 2002). This is known as a close pair
of hydrogen bonds (Ho, 2002). Hence, in antiparallel B-strand pair data, either both
residues of a pair are hydrogen bonded or both residues are non-hydrogen bonded (see
Figure 2-14). This arrangement produces the strongest inter-strand stability as it allows
for the inter-strand hydrogen bonds between carbonyls and amines to be planar, which is
the preferred orientation. Hence, in antiparallel strand arrangement, N-terminus of one

strand is adjacent to the C-terminus of the other strand.

Parallel p-sheets: In a parallel arrangement, the successive B strands run in the same
direction. The NH group of one residue in the first strand is bonded to the CO group of a
partner residue in the second strand. However, the CO group of the residue in the first
strand is not bound to the NH group of the partner residue in the second strand, but
instead finds a residue immediately following the other residue of the pair in the second
strand (Berg et al., 2002). This is known as a wide pair of hydrogen bonds (Ho, 2002) as
shown in Figure 2-14. This orientation is slightly less stable because it introduces non
planarity in the inter-strand hydrogen bonding pattern. Hence, in parallel -strand pair
data, one residue is hydrogen bonded whilst the pairing residue is non-hydrogen bonded

(see Figure 2-14).

Mixed p-sheets: In a mixed arrangement, an individual strand may exhibit a mixed
bonding pattern, with a parallel strand on one side and an antiparallel strand on the other
(Berg et al., 2002). Such arrangements are less common than a random distribution of

orientations would suggest.
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[In an H-bonded pair, the amine and carboxyl groups of the partner AAs bind to each other. In a
non-H-bonded pair, such bindings do not exist; the amine and carboxyl groups bind to partner
AAs in a different -strand]

Figure 2-14 Different forms of bonding between partner AAs in a strand pair. A residue pair
may be H-bonded or non-H-bonded (depicted on the left side of the figure). Additionally, H-
bonded pairs may form with wide or narrow residues, depending on the orientation of the
two strands (depicted on the right side of the figure) (Ho, 2002).

p-bridge

Formation of a single pair B-sheet hydrogen bond is defined as a B-bridge or B-bulge, i.e.
a B-strand pair of length 1. DSSP defines bridge partners as residues across from each
other on adjacent B-strands, and it also determines whether the bridge partners interact via
backbone N—OH-bonds (in other words, a B-bridge must be an H-bonded pair). In

general, a J-sheet consists of parallel or antiparallel bridges (Kabsch and Sander, 1983).

Table 2.1 shows an example of a protein sequence, with the B-sheet subunits labeled.
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Table 2-1 B-sheet subunits of the Fe-S biosynthesis protein (PDB ID:2QGO_A)

[where B denotes a B-bridge, p; denotes parallel B--strand pairs, a; correspond to antiparallel j3--
strand pairs, and i denotes strand pairs. The sequence continues over three rows in the table.]

Primary sequence MSLLNIKFTD NAVDYLKRRE ILDKILILIT DDGGGKYSIQ GGSCSMGAHF
8—St§te Secondary structure CCCCBEEECH HHHHHHHHTT CTTSEEEEEE CSSCSTTCCC CCCCCCCCCE
p-Bridge B -
Parallel P-strands pair EEE EEE
P1 P2
IAntiparallel B-strands pair EEEEEE E
ai

Primary sequence SIIWLDKVDP DYPVKIANEQ NVKIYTSDFD KTMLGPNMVM DYNAGSLSLS
8-State Secondary structure  [FREEESSCCT TCCEECBCSS CCEEEECHHH HTTSCSSEEE EEETTEEEEE
B-Bridge — T B - - -
Parallel B-strands pair EEEE EEE EEE

Ps3 P2 P1
Antiparallel B-strands pair [EEEEE EE EE EEE EEE EEEEE

ai az az as as ag
Primary sequence SDEGLLDGSV DIGNGAALLK ANKNVQOMGIN RQCEGHHHHH H
8-State Secondary structure ETTEEEEEEE EEEEHHHHHH HHHHHCCCCC CCCCCCCCCC C
B-BRIDGES - — —
Parallel B-strands pair EE?’)E

3

IAntiparallel B-strands pair E EEEE

Q4 ay

2.1.5 Tools used for generating datasets and features

CD-HIT:

CD-HIT(Li and Godzik, 2002)

stands for Cluster Database at High Identity with

Tolerance. CD-HIT takes a formatted sequence database as input and reduces the overall

size of the database by removing redundant’ (highly similar) sequences and outputs a set

of 'non-redundant' (at a given similarity level) representative sequences. CD-HIT clusters

all input sequences into groups with sequences that are similar with each other above a

certainty identity threshold and then selects one chain from each cluster to generate the

set of representative sequences. The algorithm implements a very fast heuristic to find

highly similar segments between sequences to avoid costly full alignments.

BLAST AND PSI-BLAST

BLAST (Basic Local Alignment Search Tool) is a search method (Altschul, 1990) that

finds sequences in a database similar to a given query protein sequence, where the
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similarity exceeds a preset threshold score. Position-Specific Iterative BLAST (PSI-
BLAST) is an iterative alignment method that uses sequence profiles (Altschul et al.,
1997). The first iteration of the PSI-BLAST is similar to a run of the BLAST program
and generates a MSA using the BLAST program output to calculate a PSSM. This PSSM
is used by the second iteration of the PSI-BLAST to detect sequences in a database that
are also above the threshold score. These newly found sequences are used to recalculate
the PSSM. This process is repeated until no more new similar sequences are found or a
user-defined number of iterations have elapsed. Whereas BLAST generates sequences
that are similar based on a single query protein sequence, PSI-BLAST is able to retrieve
sequences that have similar structure/function to the input sequence through a profile
search that combines the underlying conservation information. Hence, PSI-BLAST
method can identify related sequences even though much of their primary sequences have
been altered through evolutionary changes (Altschul et al., 1997; Aravind and Koonin,
1999). PSI-BLAST tool is available online from the National Center for Biotechnology

Information (NCBI) website (http://www.ncbi.nlm.nih.gov/BLAST/).

RDpred

Residue depth quantifies how deeply a given residue is buried within the protein 3D
structure. This information aids in the prediction of protein folds, functional sites and in
protein design. RDpred is a recent sequence based residue depth prediction method
(Zhang et al., 2008) that predicts residue depths using three depth indices/definitions: two
distance-based depths based on the MSMS (Koh et al., 2003) and DPX (Pintar et al.,
2003) methods, and a volume based depth based on the SADIC algorithm (Varrazzo et
al., 2005). These three approaches are complementary to each other. Since, the absolute

correlations between these depth predictions range between 0.63 and 0.77 (Yuan and
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Wang, 2008). In addition, RDPred was shown to outperform a competing sequence based
residue depth predictor designed by Yuan (2008). The prediction of exposed residues
(residues with low depth) has implications in characterization/prediction of interactions
with ligands and other proteins, while the prediction of buried residues (residues with
high values of depth) could be used in the context of the prediction and simulation of

protein folding.

2.2 Background on computational methods

Experimental techniques for determining a protein structure such as X-ray
Crystallography and Nuclear Magnetic Resonance (NMR) methods (Rhodes, 2006)
remain slow, laborious, expensive and do not scale up to current sequencing speeds.
Furthermore, using experiments to determine how proteins function is a daunting task;
and furthermore their native environments are very specific, which can be difficult to
replicate in the laboratory. Hence researchers have developed several high throughput
computer methods that can rapidly sift through massive amounts of data and help
determine the structure and function in silico. Machine learning methods are one of the
computational approaches that aim to extract information from data through a process of
training from examples. These approaches rely heavily on similarity of protein sequences
for prediction of protein 3D structure (structural features, topology and coordinates).
Machine learning methods are suitable candidates due to the abundance of data and a lack

of a clear theoretical model that can be used to deduce structure.
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2.2.1 Definitions

A feature describes an attribute or property of an object (i.e. it is an observation or
computed value). The set of possible values that a feature can take is its domain. An

object can be described by a set of features.

Example-2.1:
PDB_ID 2JWU
Chain_ID A

Amino Acid Sequence TTYKLILNLKQAKEEAIKELVDAATAEKYFKLYANAKTVEGVWTYKDETKTFTVTE
AA Sequence length 56
‘T’ count in AA sequence 9

‘H’ count in AA sequence 0

In Example 2.1, chain ID, length of the AA sequence, count of AAs of type T, and count

of AAs of type H are the features that describe a given protein chain.

These feature values are summarized as, Chain Id = A is a nominal feature, i.e., the
values of this feature, which is “A”, is nominal. Sequence length = 56 is a numerical
feature, i.e., the values of this feature, which is “56”, is numerical. Also, Amino acid ‘T’
count= 9 and Amino acid ‘H’ count= 0 are numerical features. Similarly, we can derive

different types of features from the protein sequences.

A dataset is collection of objects, where each object is described by the same set of
attributes/features. The most popular representation of a dataset is a two-dimensional
table. A given row represents an object, and a column represents a feature.

Example-2.2: For the following three protein sequences, Table 2-2 represents a dataset,

where each row represents an object/instance and a column is described by a feature.
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sequence 1: TTLYTSLHAYFVAAPTGCNAEGFFATLGGEI
sequence 2: GCLGDKCDYNNGCCSGYVCSRTWKWCVLNGPW
sequence 3: MGINTRELFLNFTIVLITVILMWLLVRSYQY

Table 2-2 Protein dataset using feature-based representation.

Protein_length | Number of | Number of
‘T’s in AA ‘L’s in
sequence sequence
31 5 3 <- feature vector for sequence 1
32 1 2 <- feature vector for sequence_2
31 3 5 <- feature vector for3 sequence_3

Feature space is the cross-product of all the feature domains; this is the universal set
from which examples are drawn.
Example-2.3: For the following protein sequence, protein is specified by a set of three
features. The cross product of these features is the feature space.

sequence - TTLYTSLHGYFVFGPTGCNLEGFFATLGGEI

feature space - (Protein_length, # of ‘“T’s in sequence, # ‘L’s in sequence)

Feature vector represents an object as one point in the feature space described by the

values of its features. In machine learning feature vector is also called
tuple/record/example, and is usually represented by one row in the dataset table.
Example-2.4: For the following protein sequence, generated three features that represent
the protein instance, values of its features forms a feature vector,

Sequence - TTLYTSLHGYFVFGPTGCNLEGFFATLGGEI

Feature space- (Protein_length, # of ‘T’s in sequence, # ‘L’s in sequence)

Feature vector - (31,5,4)

Class (O) (also called predicted feature) is defined by the user and usually is a distinct

feature. The values of the class feature are referred to as class labels. The labels reflect
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some categorization of the underlying objects. The learning task in classification is to
determine a mapping from feature vectors to class labels that approximates the observed

label assignment with minimal error.

Training data is a finite subset of the entire available dataset defined as 7,=(4, C), which
consists a subset of instances 4 =(4;. . . A4,) associated with class labels C =(C, . .. C,),
in which class is predefined. Training dataset is used to generate a prediction model using

a learning process.

Test data is a finite subset of the entire available dataset defined as 7,= (4, C), which
consists a subset of instances 4 =(4; . . . 4,) associated with class labels C=(C; ... C,),
in which class is hidden from the prediction model. Test data that is used in a
classification (prediction) process as well as in the learning process are known as in-
sample evaluation. Test data that is used in a classification (prediction) process, and is not
used in the learning process are known as out-of-sample evaluation. The prediction
model uses the predicting features from the test dataset to predict the class labels, which
are compared with the hidden (true) values to evaluate the predictive quality of the
model. Out-of-sample evaluation is considered a less-biased estimate of the expected
performance of the classifier (predictor) on all possible inputs from the feature space.

Example-2.5: A protein dataset shown in Table 2-3 includes class feature called
protein_type (this feature will be predicted using the remaining features) which has two
class values (labels) defined as peptide (P) or polypeptide (O). The protein length,
number of ‘T’ in the AA sequence, and number of ‘H’ in the secondary structure are the
predicting features. The training data is the first four rows, where the class labels are

predefined. The last row where class is hidden and has to be predicted is the test data.
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Table 2-3 Protein dataset using feature-based representation including class

Predicting features

v

v

Class feature

Protein_length| Number of ‘T’sin | Number of ‘H’s in Protein
AA sequence secondary sequence type
Sequence 1 31 5 5 P
Sequence 2 31 7 6 P .
Training

Sequence 3 62 3 21 O dataset
Sequence 4 77 9 4 O

Sequence 5 65 1 4 -- Test dataset

Positive and negative examples are the examples in a dataset that satisfy the class
condition are called positive (+ve) examples and remaining are called negative (-ve)

examples.

Example-2.6: The positive and negative examples are shown in Table 2-4, where class
label ‘P’ is defined by a condition that needs three predicting features: protein_length,
number of ‘T’s in AA sequence, and number of ‘H’s in secondary sequence (i.e.

Length<40 and T>4 and H>4) Positive examples are the first two rows that satisfy the

condition and negative examples are last two rows that do not satisfy the condition.

Table 2-4 Protein dataset using feature-based representation including class with type

annotation.
[Positive examples correspond to peptides (P) and negative examples correspond to others]
Protein_length| Number of ‘T’sin | Number of ‘H’s in Protein
AA sequence secondary sequence type
Sequence_1 31 5 5 P +ve
Sequence 2 31 7 6 P examples
Sequence_3 62 3 21 (0)
-ve
Sequence 4 77 9 4 0 examples
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2.2.2 Classification methods

Machine learning (ML) in computational biology focuses extensively on the prediction of

protein secondary structure or other unknown properties, based on known properties

(Baldi and Brunak, 2001). This section is focused on ML methods that are used in this

dissertation for the prediction of protein secondary structure. These methods concern the

prediction/classification problem.

Classification is a task in which a classification system learns patterns from training

dataset (7,) and generates classification model that is used to predict a class label C, for

each object 4, from a test dataset (7,). The classification model’s performance is

evaluated by comparing the predicted class labels with the original class labels for the

instances in 7, using metrics and testing procedures. The entire process is summarized

Figure 2-15.
e -
. 1
1 .
i _ : Classification
Model »{ Prediction Predicted Labels C ¢ for | ; process
1 .
. each 4
2 'Y ' :
1 .
ML i :
. 1
Algorithm ! :
! 3 Performance
E evaluation i
Learning process Rk H """"""""""""" I
) 5
L Test Data (4,C,)
Training Data (4:.C) Dataset

[Numbers denote the order of operations.]

Figure 2-15 Learning and classification process, where training dataset used for learning
and test data is used for classification (single-split with out of sample approach).
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We explore the use of three classifiers in this dissertation: logistic regression (LOG)
(Cessie and Houwelingen, 1992), a normalized Gaussian radial basis function (RBF)
network (Bugmann, 1998), and a linear-kernel based Support Vector Machine (SVM)
(Fan et al., 2008), which are described next. Our ultimate solution is based on the logistic
regression; the other two classifiers were empirically evaluated to be inferior for our
classification task. Thus, we provide a detailed introduction with an example for the LOG
model, while the other two models are overviewed briefly. A more detail description of

these classification methods is outside of the scope of this dissertation.

Logistic Regression (LOG)

Logistic regression (Cessie and Houwelingen, 1992) has been applied to a broad range of
problems in computational biology such as protein interaction prediction (Qi et al., 2006),
sequence-based prediction of DNA-binding residues (Hwang et al., 2007), prediction of
protein intrinsic disorder (Peng et al., 2006), protein structural class prediction
(Kedarisetti et al., 2006), etc. This record indicates that LOG is a reasonable candidate for
our problem. LOG is useful when a user wants to predict the presence or absence of a
characteristic or outcome based on values of a set of predicting variables. LOG fits a
linear combination of predictor variables that passes through a sigmoid function, where
the values of the class variable are the outcome. In our work, we used binary LOG where
the class feature has two categories. A general form of the binary regression model is

given in equation [2.1]:

P= ! where z=Cy+ Cix1+ Coxa+ ... + Cpix, [2.1]

—z 2

1+e

Where, C, is a constant, C; are coefficients of the linear polynomial z in the predicting

features x;, i = 1, 2, ..., m is the feature index, and m is the number of predicting features.
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The value of z is used to compute the probability P for a given outcome (label). The
probability of the second outcome (in the binary classification) equals 1— P. The
coefficients Cy and C; are calculated from the training dataset to minimize error rate on
that dataset. We use WEKA (Hall et al., 2009) to derive the coefficients; a more detailed

explanation of this calculation is outside of the scope of this dissertation.

The logistic regression is demonstrated below with an example using the data shown in
Table 2-3. This simple model uses three predicting features to predict the two class labels
defined by the protein type class features. The LOG model is generated by fitting the

training data (the first four rows). The resulting coefficients are summarized in Table 2-5.

Table 2-5 LOG coefficients from the training dataset from Table 2-3

Variables Coefficients | Coefficient values
Protein length (x;) C, -0.7034
Number of ‘T’s in AA sequence (X») C, -0.5974

Number of ‘H’s in protein Secondary

sequence (x3) G -0.7886

Co 46.0905

We use this model to predict the last (test) instance sequence 5 in Table 2-3. The

probabilities P of each class label are calculated using the equation [2.1] as follows

z=(-0.7034%65) + (-0.5974*1) + (-0.7886*4) + 46.0905 = -3.3823

Praperr = — =0.0329

1+e

=0.9672

Prabero = Z

1+e
Praver p T Praper o = 0.0329+0.9672 = 1
Hence, this test instance is classified as class O with 0.9672 probability and error of

0.0329.
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Normalized Gaussian radial basis function network (NRBF)

Neural Networks (NNs) are widely used in protein secondary structure prediction
problem and also the earliest machine learning technique applied in the field of
computational biology (Stormo et al., 1982). An example of an artificial neural network
containing radial basis functions is shown in Figure 2-16, where there are three layers in
the network, the input layer, the output layer, and a hidden layer. Each hidden node has a
different radial basis function that is centered on a feature vector from the training
dataset. The goal of this type of network is to create a model that correctly maps the
inputs to the output using training data, so that the model can be used to produce the
output class label when it is unknown (Abdi, 1994). In normalized RBF network
(Bugmann, 1998) the output node activity is normalized by the total input activity in the
hidden layer. As a result of the normalization, the activity of the hidden nodes determines

which weights contribute the most to the output.

o
rQ

QRGOS

INPUT HIDDEN OUTPUT
X (centers,c;)) y

[This diagram is redrawn from the paper (Abdi, 1994)]
Figure 2-16 Radial basis function NN model
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Support Vector Machines (SVM)

The goal of SVM modeling is to find the optimal hyper plane that separates feature
vectors into classes. Figure 2-17(a) shows, a simple SVM model in a binary class, where
the feature vector classes are represented by diamonds and stars. SVM model detects a
single line from out of all possible lines that separates the feature vectors into two classes.
The feature vectors near the separating line are called support vectors and the distance
between the dashed lines that are drawn parallel to the separating line and close to the
support vectors is called the margin. SVM detects the single optimal line by maximizing
the width of the margin. If the data is not separable by linear plane, SVM with the help
of kernel mapping function transform the data into a higher dimensional space in order to
perform the separation. In Figure 2-17(b) shows, SVM using non-linear polynomial
kernel function to transform the data into a higher dimensional space to perform the
separation (http://www.dtreg.com/svm.htm). The most common kernels for a range of
applications are linear, polynomial, radial basis function (RBF), and sigmoidal. In this
work we use SVMs with linear kernels to perform the prediction of binary class feature
vectors. More details about SVM can be found in numerous sources (Cristianini and
Shawe-Taylor, 2000; Smola et al., 2000; Campbell, 2002; Sanchez, 2003; Fan et al.,

2008).
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Support vectors

Large margin

Small margin

(a)

X2 A

Nonlinear separation boundary

Points misclassified by
inear separation
boundary are unfilled

Class 1, y=-1 AN

(b)

[source of this diagram is from http://www.dtreg.com/svm.htm and redrawn]

Figure 2-17 (a) shows separating the points with straight line and (b) shows separating the
points with non-linear curve (polynomial)

2.2.3 Feature selection methods

Feature selection methods are used to reduce dimensionality of data, i.e., the number of
the predicting features. A feature selection method simplifies the subsequently used
classifier by retaining only the relevant features. This may lead to improving the accuracy
of the classifier and it decreases the size of the dataset. In this dissertation, we consider

two feature selection strategies: a filter-based and a wrapper based method.

Filter based methods remove unnecessary features without using a classifier (Kohavi
and John, 1996). Some filter based methods strive for retaining consistency in the data
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(Allmuallim and Deitterich, 1991), i.e., they remove a feature only when doing so would
not worsen the consistency. Consistent data are when a given combination of features and
their values is associated with a single class label. Instances are considered inconsistent if
they have the same feature values and different class labels. Other filter based methods
rank features according to a relevancy score (Kira and Rendell, 1992; Holmes and Nevill-
Manning, 1995). In our work, we considered two filter-based methods that are
computationally efficient, which is important given the relatively large size of our data.
The consistency-based (CONS) method (Liu and Setiono, 1996) is monotonic, fast, able
to remove redundant and/or irrelevant features, and capable of handling some noise. The
correlation-based (CFS) method (Hall, 2000) is a fast filter method that identifies relevant
features as well as redundancy among relevant features within the high dimensionality
data. These two methods were shown to reduce the dimensionality of the feature vector
while maintaining or improving prediction quality in the subsequent classification (Liu

and Setiono, 1996; Hall, 2000).

The CONS method (Liu and Setiono, 1996) uses a ratio between the numbers of
inconsistent vs. total number of examples when the input data are projected onto a given
subset of features. The CONS method attempts to amplify the discriminating power of
the data, as defined by the predicting features. This method finds the smallest set of

features that can distinguish classes, as if with the full feature set.

The CFS method (Hall, 2000) uses correlation as the relevancy score. This score
considers the correlation between a given feature and the class feature and the correlation
of that feature with other predicting features. The CFS method uses a ratio between a
correlation-based estimate of the predictive value of a given feature (correlation with the

class) set and its estimated redundancy (with other predicting features). For example, this
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correlation can be calculated as the entropy of Y before and after observing X. The
relevance score measure computed by CFS value lies between 0 and 1. A value of 0
indicates that X and Y have no association; the value 1 indicates that knowledge of X
completely predicts Y. The CFS method uses a search algorithm along with it’s

correlation-based relevancy score to evaluate the merit of feature subsets.

The wrapper-based method (Hall and Smith, 1999) uses a classification algorithm in a
cross validation (CV) design to evaluate feature subsets. In other words, feature sets are
assessed based on their prediction quality using a given classification algorithm (Hall and
Smith, 1999). The wrapper-based selection was performed simultaneously with classifier
selection and we considered three classifiers: LOG, NRBF, and SVM. Wrapper-based
methods often achieve better results than the filter-based methods, but are slower as they
must repeatedly call the classification algorithm and must be rerun when a different

algorithm is used.

2.2.4 Data Mining Software

WEKA

WEKA (Waikato Environment for Knowledge Analysis) is a product of the University of
Waikato (New Zealand) and was first implemented in its current form in 1997. WEKA
software is written in the Java language and provides a GUI (graphical user interface) for
interacting with data files and producing visual results. Weka is open-source software
that provides many different algorithms for data mining and machine learning. The
software is freely available (http://www.cs.waikato.ac.nz/ml/weka/), platform
independent and provides facilities for scripting experiments. It is actively maintained,
with selected new algorithms being added as they appear in the research literature.
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LIBLINEAR

LIBLINEAR (Library for Large Linear Classification) is a classifier for data with
millions of instances and features (Fan et al., 2008). LIBLINEAR is also open source
software (http://www.csie.ntu.edu.tw/~cjlin/liblinear/), operates in a scriptable command-
line mode, and interfaces with MATLAB/Octave, Java, Python, and Ruby. LIBLINEAR
includes implementations for logistic regression and linear support vector machines. It
also supports multi-class classification, and cross validation for model selection. We use

this software due to the relatively large size of our dataset.

SigmaPlot v12

SigmaPlot is a graph-plotting and curve-fitting package, available online at
http://www.sigmaplot.com/downloads. SigmaPlot was used to generate plots and to fit a
Gaussian mixture distribution to our data in Chapter 5. It integrates with Microsoft Excel,
and provides wizards for plotting and fitting. It also allows for user-defined fitting,
presentation of 3-dimensional (3-D) mesh-plots and plots of multiple 3-D plots in the

same graph, which were not utilized in this dissertation.
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3 Experimental design and evaluation

This chapter summarizes the experimental designs used to develop and validate the
models, and also details the performance measures and the statistical tests used in this

thesis to evaluate the models.

3.1 Experimental design

We use two experimental designs in our research: the single-split design and the cross-
validation design. Both designs generate out-of-sample estimates of the quality of a
classifier (predictor). In the single-split protocol, the original data is randomly divided
into training and testing datasets. These sets are disjoint, i.e. the original data is sampled
without replacement to form both the training and testing datasets. The training dataset is
used to inductively determine a prediction model, and the testing dataset is used to
determine the out-of-sample quality of that predictor, according to one or more quality
metrics. As discussed previously, this is considered a less-biased estimate of the
predictor’s performance on novel inputs. In the k-fold cross validation protocol, the
original data is divided into k subsets of approximately equal size. A training dataset is
formed by merging k-1 of these subsets, while the remaining dataset is treated as the
testing dataset. Training and testing process then proceeds as in the single-split design.
The entire procedure is repeated k times, with each subset held out as the test dataset
exactly once. The quality of the predictions is evaluated by aggregating the out-of-sample
performance measures over the k iterations. The k-fold cross validation method is

considered more reliable than the single-split method, as it reduces the risk of randomly
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selecting and training and test set on the predictor performs unusually well, which would

bias the estimated performance.

3.2 Performance measures

A confusion matrix is commonly used to represent the output of a given classifier
(Kohavi and Provost, 1998). Table 3-1 shows a confusion matrix for a binary
classification, in which rows represent the observed class labels and columns represent
the predicted class labels. The diagonal elements summarize the correctly classified
instances and the cross-diagonal elements represent misclassified examples. The entries
in the confusion matrix report the number of true positives (7P), which are correctly
predicted positive examples; false negatives (FN), which are the incorrectly predicted
positive examples; false positives (FP), which are the incorrectly predicted negative

examples; and true negatives (7N), which are the correctly predicted negative examples.

Table 3-1 Confusion matrix for binary classification.

Predicted +ve Predicted —ve
Observed +ve TP FN
Observed —ve FP TN

We consider an example in which a classification model predicts a given AA as B-strand
or non-f-strand for a sequence with 100 residues that includes 55 B-strand and 45 non-f3-
strand residues. Among the 55 B-strand type residues, the model predicts 45 as [3-strands
(TP) and 10 as non-B-strands (FN). Similarly, among the 45 non-B-strand type residues,

30 were correctly predicted as non B-strands (7NV) and 15 were incorrectly predicted as [3-

strands (F#P). The resulting confusion matrix is shown in Table 3-2.
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Table 3-2 Example confusion matrix

Predicted B-strand Predicted non-B-strand
Observed B-strand 45 10
Observed non-f-strar 15 30

Next, we define several performance measures computed from the elements of the
confusion matrix, which we use to assess our prediction models. These measures quantify
prediction quality at the residue and the segment (B-strand) levels. The former means that
we assess predictions for each AA, and the latter means that we assess predictions of
entire secondary structure segments (in particular, the P-strand segments). These
performance measures are consistent with the measures applied in the EVA platform
(Koh et al., 2003), which is frequently used to evaluate secondary structure prediction

methods.

Residue-level measures include:
Accuracy (Acc) measures the percentage of predictions that are correct and is defined by

(TP+1TN) _ number of correct predictions
(TP+TN + FP+FN) total number of predictions

Accuracy= [3.1]

The accuracy measure may not be a sufficient when the number of negative examples is
much greater than the number of positive examples in the given data, For example,
suppose there are 10000 examples, 9950 of which are negative class and 50 of which are
positive class. If the model predicts them all as negative, the accuracy would be 99.5%,
even though the classification system misses all positive cases. Hence, there is a need for
other measures (Baldi et al., 2000; Rost et al., 2003; Punta et al., 2005; Cheng et al.,
2007, etc..) that are at least less sensitive to such a biased class distribution. This is not to
say that accuracy is of no value; it is, however, necessary to supplement accuracy with

additional quality measures, in order to obtain a complete picture of a classifier’s
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performance. In the remainder of this section, we present some of the alternatives used in

our experiments.

Recall (Qy ,»s) measures the percentage of positive examples that were predicted as
positive (i.e. how many of the examples predicted by the model were truly positive
among all observed positive examples). This measure is also known as sensitivity and is

defined by

TP number of correct positive predictions

stiobs = [3 . 2]

TP+FN  total number of positive examples

Precision (Qy, pr.q) measures the percentage of positive predictions that are correct (i.e.
how many of the examples predicted by the model were truly positive among all

predicted positive examples). This measure is defined by

TP number of correct positive predictions

stgred = [33]

TP + FP  total number of positive predictionss

Egs. [3.1], [3.2], and [3.3] assume binary prediction where the positive examples are the
[-strand residues and the negative examples are the remaining AAs. We also computed

O, for each secondary structure state separately (i.e. O obs, Oh preas Qe obs Qe preas Oc obs

Q. prea Were also determined).

Per residue prediction accuracy (Q3) quantifies the three-state per-residue accuracy and
is the most widely used score for evaluating secondary structure predictions (Zhang et al.,
2010). Q; gives the overall percentage of correctly predicted residues in each of the three
states: helix, strand and coil. N is the number of residues in a sequence.

100
O,=— D.TP, [3.4]
N i={h,e,c}
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Mathew’s Correlation Coefficient (MCC) measures the quality of a prediction by

comparing the predictions against a random assignment of a class label and is defined by

oo ((TP*TN)—(FP* FN)) (3.5]
J((TP+ FN)(TP + FP)(TN + FN)(IN + FP)) '

Matthew’s correlation coefficient equals 1 if the prediction is perfect, 0 if the prediction
is not better than random and is negative if the prediction is even worse than random

(Mathews, 1975).

As in Lin et al. (2005) and McGuffin and Jones (2003), we also computed four quality
measures that quantify different types of residue prediction errors based on observed and

predicted strand segments; see Figure 3-1 for an example.

(i) Over-prediction error (0,,) is defined as the number of FP residues where the entire
segment of the predicted strand residues (predicted B-strand) does not overlap with the

observed residues state.

(i1) Under-prediction error (U, ) quantifies the number of FN residues where none of the
residues in the entire segment of the observed strand residues (observed [B-strand) is

correctly predicted.

(iii) Length error (L,) represents the total number of FN residues and FP residues where
some of the predicted strand residues overlap with an observed strand residues and where
the incorrect predictions form a segment that extends to a terminus of the observed -

strands.

(iv) Inner segment error (W,) is defined as the number of FN residues which are inside
an observed B-strand, i.e., the segment of these incorrect predictions does not extend to a

terminus of the observed -strand.
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————— EEEE-----EEEE------EEEEEE----EEEE- observed structure
-EE-—--EEEE-————- EEEEE--EE--EFE-————————— Prediction
-00--LEEEL----LLEELLL--LEWWEEL----UUUU- Prediction errors

[Over-prediction errors denoted by O, under-prediction errors denoted by U, length error denoted
by L, and inner-segment errors denoted by W]

Figure 3-1 Illustration of four types of prediction errors. The top line gives the observed
positions of strand residues (E) and non-strand residues (-),the middle line shows a
prediction, and the bottom line annotates the errors using bold font.

Segment level measures include:

Segment overlap (SOV3;) quantifies prediction of the secondary structure segments.
Given both predicted and observed secondary structure assignments, the segment overlap
measure quantifies the overlap of secondary structure segments of each state rather than
individual residues (Zemla et al., 1999). A high SOV; value means that there is a large
overlap between observed and predicted secondary structure segments, and low SOV;
value indicates smaller overlap. SOV; values lie between 0 and 1. This measure has been
comprehensively tested during the 2™ critical assessment of techniques for protein
structure prediction (CASP2) (Lesk 1997) and the subsequent CASP assessments (these
are competitions that assess techniques in the field of protein structure prediction). We
computed SOV’; for three-state secondary structure segments and computed SOV for each
state separately where i={helix(%), strand(e), and coil(c)} (i.e., SOV, SOV, SOV.). We

used SOV, (i.e., for B-strand segments) measure to evaluate the strand prediction model.

Segment overlap for three states (SOV) is calculated as follows:

5 minov(g, . g,) +9(g,.s,)

SOV, = 1
N i={he,c} s maXOV(Sn’Szi)

x len(g,) [3.7]

maxov(g. ., ¢, )—minov(g, , g, );minov(g, , . );
Where 8(g, .g,)=min| 275 S $1i0827 13 g1
te int(len(g,)/2);int(len(g,,)/2)
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Segment overlap for -strand segments (SOV.,) is calculated as follows:

minov(g, , +d(q. ,
Sov, =+ ¥ ($10082.) 4 0081252 o ) [3.9]
B maxov(g, ,g, )

Where

maxov(g, ,¢,.)—minov(g ,g, );minov(g, ,g,.);

| | [3.10]
int(len(g, )/ 2);int(len(g, )/2)

5(S199S26) = min

Where, N is the number of residues in a sequence, s is the segments, i is the secondary
structure state, s;; is the observed segment, s, is the predicted segment, minov is the
minimum overlap between the observed and predicted segments, maxov is the extent of
the observed and predicted segments and ¢ is the accepted variation which assures minov
over maxov ratio to 1.0 where there are only minor deviations at the end of segments.

SOV, and SOV, is computed similar to SOV..

Average strand segments coverage (ASSC) is a new measure defined by this thesis that
quantifies the overall strand coverage of strands in the sequence. ASSC measures how
many of the residues are correctly predicted in each overlapping segment pairs from the
observed and predicted B-strand segments of a sequence, whether those residues were
continuous or not. This differs from SOV,, which measures the ratio of the minov and
maxov (which are continuous residues of the segment) portions of the overlapping
segment pairs from the observed and predicted B-strand segments of a sequence. We used
ASSC measure to evaluate the prediction model on the overall coverage of strand

segments residues in a sequence. This measure is defined by
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Sip

i=1 Sio
= [3.11]

2

Assc =

Where §;, is the number of residues in the observed f-strand S, S, is the number of
predicted strand residues that overlap with residues in the observed (3-strand §;, and /V is

the total number of 3-strands.

3.3 Statistical significance tests

Our tests of statistical significance for our results proceed in two steps. We first use the
Shapiro-Wilk test (Shapiro and Wilk, 1965) to verify normality. The Shapiro-Wilk test
tests the null hypothesis that the data in the group forms a normally distributed

population. The test statistic is:

(Z aix(i))z
W _ i=1

= [3.12]
Z(xi _)_C)2

where x; is the i-th order statistic, i.e., the ™ smallest number in the sample;

X =(x; +... +x,) / nis the sample mean and the constants g; are given by

mly!
= (mTV—lV—lm)l/z

(a,....a,) [3.13]

Where m = (m,,.....,m, )T and m,, ..., m, are the expected values of the order statistics of

independent and identically-distributed random variables sampled from the standard
normal distribution, and V is the covariance matrix of those order statistics. Small values
of W indicate non-normality; however, there is no closed-form expression for the
distribution of W. Tables of critical values for W may be found in (Pearson and Hartley,

1972).
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We used paired t-test (Goulden, 1956) when our data satisfies the normality test. In the

paired t-test, the null hypothesis is that the mean difference between pairs X, is zero,

while the alternative hypothesis is that the mean difference is nonzero. The test statistic is

)?D — Ho

) SD/\/;

t [3.14]

The average (X ,) and standard deviation (sp) of those differences are used in the
equation. The constant |, is non-zero in a variant that tests the average of the difference
is significantly different from p,. The #-value is then compared to the Student’s #-
distribution with n-1 degrees of freedom. The null hypothesis is rejected if and only if the

probability P(¢) is less than or equal to the chosen significance o/2 (for a two-sided test).

We use the Wilcoxon signed rank test (Wilcoxon, 1945) when the data does not pass the
normality test. This test analyzes paired differences by using ranks of the data, i.e., it
considers the signs of the differences, instead of the magnitude. The null hypothesis is
the medians of the two groups are the same, i.e. m; = m,, while the alternative is m; # m,.

The test statistic W, is defined as
/8 :z(ﬁ[ R, [3.15]
i=1

where R; is the i-th ranked (nonzero) difference between paired items, and ¢; is the sign of
that difference. W, considers only positive differences (W. considers only negative
differences; one uses the smallest of the two as the test statistic). For a small number of
differences, an exact computation of the p-value for this statistic is given by

(http://www.stat.auckland.ac.nz/~wild/ChanceEnc/Ch10.wilcoxon.pdf). However, for a

45



larger number of differences (roughly 20 or more), we can approximate the distribution

of W, as being normal. The z-statistic is

Z:WA—'UA [3.16]
Oy
1
u, =Pl +2”B L) and o, :\/”A”B(”i;”ff D) [3.17]

w, denotes the observed rank sum, n, of our n observations from a distribution are
labeled group 4 and npobservations from the same distribution are labeled group B. The z

statistic is compared against the normal distribution with zero mean and variance = 1
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4 Prediction of strand residues

4.1 Overview

The existing approaches for prediction of B-strand residues from protein sequences are
characterized by a relatively poor quality. This is likely due to the long-range (in the
sequence) interactions that are characteristic of [-sheets, unlike helices and coils. This
stems from the fact that extraction of long-range interactions suffers from a combinatorial
explosion when compared to more local interactions that can be characterized using one
short segment in the chain. Only a few methods have been proposed for the prediction of
long-range residue-residue contacts/interactions and their accuracy is relatively low
(Hubbard, 1994; Asogawa, 1997; Baldi et al., 2000; Steward and Thornton, 2002; Rost et
al., 2003; Punta et al., 2005; Vullo et al., 2006; Cheng et al., 2007). Other reasons for the
relatively low predictive performance for the B-strand residues are the weak coupling
between B-residues pairs on neighboring strands (Mandel-Gutfreund et al., 2001), i.e., the
interactions are “irregular” and thus difficult to find; and the lack of a systematic
approach towards the problem (Cheng and Baldi, 2005). At the same time, the knowledge
of B-sheet topology, i.e., the pairing of all the -strands in a given protein, is essential for
understanding the structure of B-sheets (Zhang and Kim, 2000). To this end, our work
focuses on improving the accuracy of sequence-based prediction of 3-strand residues and
[-strand segments. Improving these predictions would help with more accurate prediction
and understanding of the B-sheet topology and in other areas that were discussed in

Section 1.1.
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4.2  Existing research and proposed solution

The past three decades have seen intense research in the sequence-based prediction of
protein secondary structure (SS) (Rost, 2001). In the last fifteen years, Q; for state-of-the-
art predictors improved from about 70% (Rost and Sander, 1993) to over 80%
(Montgomerie et al., 2006; Zhang et al., 2011). Recent SS predictors employ a variety of
machine learning-based models such as neural networks, support vector machines, and
regression. They can be categorized into standalone methods and ensembles that combine
multiple SS predictors. A majority of the standalone predictors are based on different
types of neural networks, including PHD (Rost, 1996), PSIPRED (Jones et al., 1999;
McGuffin et al., 2000), SABLE (Adamczak et al., 2005), SSpro (Pollastri et al., 2002),
YASPIN (Lin et al., 2005), PORTER (Pollastri and McLysaght, 2005), and SPINE (Ofer
and Zhou, 2007). Their Q; is relatively high and ranges between 73% and 78% on the
benchmark EVA dataset (Rost and Eyrich, 2001; Rost and Sander 2000; Lin et al., 2005).
The ensemble predictors include CoDe (Selbig et al., 1999), PROTEUS (Montgomerie et
al., 2006; 2008), and CDM (Cheng et al., 2007), and they achieve Q; of up to 89.9% on

their test datasets (Montgomerie et al., 2008).

The above methods attempt to solve the general three—state prediction problem; however,
recent research shows that predicting specific SS types, such as specific coil types
including B- and y-turns (Zheng and Kurgan, 2008; Hu and Li, 2008; Tang et al., 2011)
also produces high-quality results. Empirical analysis of two SS predictors, YASPIN and
PORTER, reveals that their O, values are lower than O, by 7 to 16 percentage points (Lin
et al., 2005; Pollastri and McLysaght, 2005; Jones, 1999). This indicates that binary
classification of strand vs. non-strand residues (either coils or helices) may be

characterized by lower improvement over a baseline than the binary classification of
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helices or coils (Ward et al., 2003). Furthermore, fragments of protein sequence that fold
into strands are characterized by specific patterns that concern occurrence of certain AA
types, which were investigated in numerous studies over the last 3 decades (Chou et al.,
1982; Chou et al., 1986; Chou and Carlacci, 1991; Mandel-Gutfreund and Gregoret,
2002; Bhattacharjee and Biswas, 2010), and which could be exploited to build effective

predictors.

Virtually all modern SS predictors, including PSIPRED, SSPRO, PORTER, and
PROTEUS, exploit local information in the sequence using a windowing approach to
compute their predictions. In other words, to predict a given AA they use information
about the neighboring AAs in the sequence and ignore AAs that are farther away. Their
designs also imply independence between positions in the window, i.e. although
predictions are based on neighboring AAs they use them individually and do not exploit
relations between them. While this is acceptable when considering the AA sequence,
windowing the predicted SS sequence (e.g. in the second stage of popular PSIPRED
method that uses predicted SS) loses vital information. This recently prompted
development of a method that post-processes predicted SS (Madera et al., 2010), and it
inspires the development of our feature set. We also note that certain residue
characteristics, such as burying depth, that can be predicted relatively accurately from the
sequence (Yuan and Wang, 2008; Zhang et al., 2008) and have not been considered by
the existing SS predictors, could provide valuable predictive input. More specifically,
recent analysis shows that helices are about three times more abundant on the protein
surface when compared with strands, while their abundance in the protein core is

comparable, and twice as high compared to coils (Yuan and Wang, 2008).
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To this end, we propose BETArPRED (BETA Residues PREDictor) (Kedarisetti et al.,
2011), which focuses on the two-state strand prediction problem. Our approach is
motivated by recent works demonstrating that ensemble-based SS predictors outperform
standalone solutions (Montgomerie et al., 2006; 2008; Albrecht et al., 2003). Similarly,
combining multiple predictors results in improvements in related predictive efforts,
including prediction of protein fold types (Shen and Chou, 2006; Chen and Kurgan,
2007), structural classes (Mizianty and Kurgan, 2009; Kedarisetti et al., 2006; Gromiha
and Selvaraj, 1998), quaternary structure type (Shen and Chou, 2006), transmembrane
helices (Shen and Chou, 2008), and disorder (Schlessinger et al., 2009; Mizianty et al.,
2010; Xue et al., 2010), to name a few. Furthermore, correlations between neighboring
SSs are known to be stronger than between neighboring residues (Crooks and Brenner,
2004; Liu et al., 2004). Hence, BETArPRED first passes sequences to three base SS
predictors (SSpro, PSIPRED and SPINE). Our selection of these three base predictors is
discussed in Section 4.2.3. BETArPRED also uses residue depth predictions computed
with RDpred (Zhang et al., 2008) (see section 0), and sequence-derived information to
generate features. The features utilize local (window-based) patterns in the predicted SS
to exploit relations between adjacent residues. They further combine information about
the predicted SS and residue depth, and consider global (sequence-wide) information

concerning chain length.

4.2.1 Overview of proposed solution

We propose a novel type of ensemble in which we accept the strand residue predictions
of the strongest base method and (re)predict the remaining residues. The overall design of
the proposed method is shown in Figure 4-1. The input protein sequence is fed into

SSpro, SPINE and PSIPRED to obtain predicted SS. The strand residues predicted by
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SSpro are passed to the final prediction due to its best performance on our generic
globular protein dataset. This design is motivated by high predictive quality of SSpro for
strand residues (as evidenced later in this chapter based on Table 4-1) and the fact that
such ensemble provides an improvement in predictive quality over a classical method that
would simply combine multiple predictors (as evidenced based on results in Table 4-3
and Table 4-4 which are discussed in Section 4.2.5). The design of the classical method
which predicts all residues is denoted on Figure 4-1 when removing the parts shown
using dotted lines and it is denoted as alternative design in this thesis. Using our design,
the predicted SSs, residue depth predicted with RDpred method (Zhang et al., 2008), and
the sequence itself are used to compute a feature vector for the remaining residues that
were not predicted by SSpro as strand residues. These features combine both local
(window-based) and global (sequence-based) information. The feature vector is passed to

a classifier, and the predicted strand residues are merged with the predictions from SSpro.

Protein sequence

v v v v
SS predicted | | SS predicted | | SS predicted Residue depth

by SSpro by SPINE by PSIPRED predicted by RDpred

l \4 \ 4 \4

| Feature-based sequence representation |

A 4

[ Classifier ]

Y '
Strand residues

predicted by SSpro Predictions for the remaining residues

Predicted strand residues

[the alternative (classical) design can be obtained by removing dotted lines and predicting all
residues by a classifier]

Figure 4-1 The overall design of the proposed BETArPRED method.
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4.2.2 Datasets

A new dataset is created to train and test the proposed strand prediction model. This
dataset has sequences with low (<25%) sequence similarity. The low similarity assures
that the solution cannot be found by a simple sequence alignment. This dataset is a subset
of PDB (Berman et al., 2000) that are deposited between Jan. 2007 and Dec. 2008; the
evaluation was performed in 2009. The main reason to create a new dataset is to make it
dissimilar with the previous training sets used by the methods that are used in the
proposed ensemble and methods that are compared with the proposed model. These
methods were evaluated in 2009 and their corresponding predictive models were built
before 2007. Next, this dataset is further filtered to consider only protein chains with
high-quality structures; those determined by using X-ray crystallography with resolution
< 2.5A and R-value < 0.25 (Rhodes 2006; Rupp, 2011). Then using CD-hit program (Li
et al., 2002), the sequence similarity within the dataset is reduced by selecting a subset of
chains that has pair wise sequence identity <40%. Additionally, to minimize the effect of
templates used by the methods those are utilized in the proposed solution, we removed
any sequence that has >25% similarity to the sequences deposited in PDB before Jan.
2007 using pairwise similarity computed by BLASTp program. As in Cheng and Baldi
(2005) and Lippi and Frasconi (2009), we retained the sequences that have at least 50
residues and contain at least 10% strand residues. This is motivated by the fact that
metrics that we use to evaluate strand prediction, which are mentioned in Chapter 3,
require that strand residues are present in the native structure; otherwise calculations
would lead to divide by 0. The final dataset consists of 861 protein sequences, and is
referred to as dataset-1 in this thesis. The strand and non-strand residues in this dataset

were annotated using DSSP (Kabsch and Sander, 1983).
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This dataset was randomly divided into two subsets, the TRAINING and the TEST sets.
The TRAINING dataset contains 429 protein sequences (103,390 residues and 25,697
strand residues), which are used to design and train the predictive model using 5-fold
cross validation. The TEST dataset contains 432 sequences (106,405 residues and 25,648
strand residues) and is used to determine the out-of-sample prediction quality of
BETArPRED. Also, BEATrPRED is evaluated on targets from the CASP8 experiment
(Moult et al., 2009). In forming our CASPS8 dataset, we exclude 3 targets which could not
be processed using DSSP and another 7 for which the predictions of the top-performing
tertiary structure predictor in CASP8 (Cozzetto et al., 2009) were missing. This dataset
includes 111 sequences (5,358 strand residues, out of 22,875 total residues). The datasets

are available at http://biomine.ece.ualberta.ca/BETArPred/BrP.htm.

4.2.3 Empirical evidence on sequence based strand residue and j3-
strands predictions

We considered the key SS predictors listed by Rost (2009) which include PORTER,
PSIPRED, SSpro, SABLE, and YASPIN, as well as two recent predictors, SPINE and
PROTEUS2. PSIPRED is widely applied in prediction of various structural properties
such as solvent accessibility (Garg et al., 2005), fold (Chen and Kurgan, 2007), structural
class (Mizianty and Kurgan, 2009), outer membrane beta barrel protein types (Mizianty
and Kurgan, 2011), folding rate (Ivankov and Finkelstein, 2004), and - and y-turns
(Zheng and Kurgan, 2008; Hu and Li, 2008), to name a few. PROTEUS2 is a recent
ensemble method that was selected due to its reported favorable performance when
compared with competing SS predictors (Montgomerie et al., 2006; Zhang et al., 2011).

YASPIN was reported to provide high quality predictions of strand residues (Lin et al.,
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2005; Zhang et al, 2011). PORTER (the standalone version provided at
http://distill.ucd.ie/porter/), SSpro 4.0, and SPINE were selected due to their strong
performance on the EVA server and in a recent benchmark (Koh et al., 2003; Zhang et
al., 2008). We computed Acc, Qe obss Qe preas SOV3, SOV, and SOV, values on the
TRAINING set for each of the seven predictors, see Table 4-1. We select the three
methods with highest accuracy (SSpro, PSIPRED, and SPINE) to implement our
BETArPRED. These methods also have high SOV, SOV,, SOV; and Q. .. values, while
their Q, s 1s also relatively large. SABLE and PORTER have low Q, ., while
PROTEUS and YASPIN over-predict strand residues, leading to low Q. ,.... The selected
predictors have SOV, < SOV, confirming that helices are predicted more accurately than

strands.

Table 4-1 Seven SS predictors compared on the TRAINING dataset.
[The methods are sorted by Acc]

SS predictor|  Acc Oors | Ocpea | SOV, | SOV, | SOV;
SSpro 89.02 70.49 82.64 74.76 80.78 77.33
IPSIPRED 88.71 73.76 79.24 75.49 80.25 77.51
SPINE 88.68 72.01 80.27 75.51 80.02 77.23
SABLE 88.31 68.60 81.29 74.14 78.46 76.48
IPROTEUS 87.95 82.42 72.65 78.89 79.24 77.51
PORTER 87.03 66.82 77.74 71.37 78.34 76.08
'YASPIN 85.57 72.67 70.18 73.00 76.21 73.41

4.2.4 Features

We employ features generated at three levels: the predicted residue itself (raw values),
from a local window centered over the predicted residues (aggregated local information),
and the entire protein sequence (aggregated global information). The features are
obtained from three input sources: the sequence, the predicted SS, and the predicted
depth. In total we extract 214 features for 209795 instances. Out of those 103390

instances used for training and 106405 instances are used for test.
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The following feature definitions use the following terminology: the first letter in the
prefixes of the feature names indicates the information level, i.e., » denotes residue, w
denotes window, and p denote sequence-level features. The second letter of the prefix
indicates the information source used to derive the feature value, i.e. a denotes to AA
information and s denotes to SS based information. Additional symbols are defined as
follows:

e A method, i={PSIPRED, SSPro, SPINE}

e The SS state, ~={h,e,c}

e S8 state segment, a segment formed with a particular SS state

e A depth index, j={MSMS, DPX, SADIC}

e Dipeptide Type, m={hh, ee, cc, hc, ec, ch, ce} We do not consider the dipeptides
where strand residues are next to helix residues, since they very rarely occur
naturally, if at all.

o Tripeptide Type, n={hhh, hcc, cch, hhc, chh, hch, eee, ecc, cce, cec, eec, cee,
ece, ccc, ech, hce} We do not consider the tripeptides where strand residues are
next to helix residues, since they very rarely occur naturally, if at all.

e Fragment Size, s = {3, 5, 9}

Residue-level Features

For each residue in a given sequence, the following 9 features are computed:
r_a_from_ N, The linear distance between the N terminal and the current residue
position.(1 feature).
r_a_from_C, The linear distance between the C terminal and the current residue

position (1 feature).
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r_a_ss; The type of SS state predicted by a method (3 features).

r_a_score, The relaibility scores for the predicted SS state by the PSIPRED method
(1 feature).

r_a_depth,; The depth predicted for a given residue by the RDpred method based on

each of the depth indices (3 features).

Window-level Features

174 features are computed for each residue in a given protein sequence using a local
window. The maximum window size that we use is 9 (4 residues on each side of the
predicted residue). This size was selected since previous work suggests that formation of
strands appears to be affected by residues within 3 positions in the sequence (Chen et al.,
2006). We extended the resulting 7 residues-wide window to include one more position
assuming that feature selection (which is described in the next sub-section) will remove

features that are irrelevant.

Among the 174 features, 63 are generated using the predicted residue depths (in some
cases combined with the predicted SS):
w_a_depth; frag,, is the average depth predicted by a depth index for a given
window size (3*3=9 features).
w_s_m;_avgdepth_state;_depth; is the average depth predicted by a depth index for
ecach central SS state of a prediction method in a given window. (3*3*3=27
features). A value of -1 is used when a given SS state is not predicted in the window.
w_s_m;_avgdepth_seg, depth; is the average depth predicted by a depth index for
each SS state segment of a prediction method in a given window. (3*3%*3=27

features). The values for the remaining two SS state segments are set to -1.
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Another 87 features quantify composition of the predicted SS:
w_s_m; statey is the count of SS state residues by a prediction method in a given
window (3*3=9 features)
w_s_m; state, norm_len, is the normalized count (by length) of SS state residues by
a prediction method in a given window (3*3=9 features).
w_s_m; dipep,, is the count of each dipeptide segment type by a prediction method
in a given window (7*3=21 features).
w_s_m; tripep, central res, is the binary feature that describes whether the central
tripeptide segment predicted by a method, matches a defined tripeptide segment type

in a given window (16*3=48 features).

The following 9 features utilize the reliability scores for the SS predicted by PSIPRED:
w_S_mpsiprep._avg rel score state, is the average reliability score for SS state
predicted by the PSIPRED method in a given window (3 features).

w_S_ mpsiprep._max_rel_score state;, is the maximum reliability score for SS state
predicted by PSIPRED method in a given window (3 features).
w_S_ mpsiprep._min_rel _score state, ,is the minimal reliability score for SS state

predicted by PSIPRED method in a given window (3 features).

The next 9 features quantify the number and size of predicted SS segments:
w_s_m; max_seg len, is the maximal length of SS segment predicted by a method in
a given window (3 features).
w_s_m; min_seg len, is the minimal length of SS segment predicted by a method in
a given window (3 features).
w_s_m; seg number, is the number of SS segments predicted by a method in a given

window (3 features).
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The final 6 features quantify the position of the predicted residue with respect to the
predicted SS segment that includes this residue:
w_s_m; max_interface distance, is the maximal distance between the position of the
predicted residue (center of the window) and the two termini of the central SS
segment of a method in a given window (3 features)
w_s_m; min_interface_distance, is the minimal distance between the position of the
predicted residue(center of the window) and the two termini of the central SS

segment of a method in a given window (3 features)

Sequence-level Features

A total of 31 features are computed by exploring the entire protein sequence:
p_a_chain_len, is the length of the protein sequence (1 feature).
p_s_m; segs, is the number of the SS segments predicted by a method (3 features).
p_s_m; seg; norm_len, is the count of the SS state segments predicted by a method,
normalized by the sequence length (3*3=9 features).
p_s_m; seg; norm_total, is the count of the SS state segments predicted by a method,
normalized by the total SS segments in the sequence (3*3=9 features).
p_s m; Eseg * 1, is the count of strands where length of the strand predicted by a
method equals length of the central segment *+ 1 in a given sequence when the
central segment is of B-strand type (3 features). These features are set to -1 when the
predicted residue in not in a 3-strand.
p s m; Eseg * 2, is the count of strands predicted by a method where length of the

strand equals length of the central segment =+ 2 in a given sequence when the central
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segment is of P-strand type (3 features). These features are set to -1 when the
predicted residue in not in a B-strand.

p_ s m; Eseg * 3, is the count of strands predicted by a method where length of the
strand equals length of the central segment =+ 3 in a given sequence when the central
segment is of PB-strand type (3 features). These features are set to -1 when the

predicted residue in not in a 3-strand.

The p s m; Eseg +/-1, p s m; Eseg +/-2 and p s m; Eseg +/-3 features help the
ensemble when predicting sequences that are rich in B-strands. More specifically, if a
residue is in a strand segment, and there are other strands of similar size as this strand in
the same protein, the residue is more likely to be a strand since B-strands commonly

(although not universally) interact with other strands of similar size to form B-sheets.

The values of -1 are used as feature values in cases where the input information is
undefined, e.g., when finding number of similarly sized -strand for a residue which is
not in a B-strand. This value is used by the classifier to identify the fact that value is
undefined. We selected -1 since this value is always outside of the domain of these
features, e.g., if a given residue is not in a B-strand then the predicate “number of
similarly sized (-strand segments” is semantically distinct from the case of a residue in a

[-strand where there are no similarly-sized strands in the sequence.

4.2.5 Feature and classifier selection

We use empirical feature selection to identify a subset of features that are effective in

predicting strand residues. At the same time, we require a classifier with favorable
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predictive quality. These experiments were performed using the WEKA (Hall et al.,
2009) and LIBLINEAR (Fan et al., 2008) software packages. We considered two feature
selection strategies: a filter-based method in which feature sets are evaluated by their
“association” with the prediction outcomes, and a wrapper-based method in which feature
sets are assessed based on prediction quality using a given classification method (Hall

and Smith, 1999).

We applied two filter-based methods, consistency-based (CONS) (Liu and Setiono, 1996)
and correlation-based (CFS) (Hall, 2000) that are described in Section 2.2.3. These two
methods were shown to reduce the dimensionality of the feature vector while maintaining
or improving prediction quality. Also, these methods were used in other areas of
bioinformatics, such as a sequence-based prediction of protein crystallization propensity
(Kurgan et al., 2009), prediction of structural classes of proteins (Mizianty and Kurgan,
2009; Kedarisetti et al., 2006), gene expression and protein patterns (Liu and Wong,
2002), where they provided satisfactory results. We used these two selection methods on
the TRAINING dataset using 5-fold cross validation and we combined the features
selected in each fold together. We also took the union and intersection of these two

feature sets, which are denoted UNION and INTER, respectively.

The wrapper-based selection was performed simultaneously with classifier selection. We
consider three classifiers that are fast, useful and commonly used in this research context:
logistic regression (LOG) (Cessie and Houwelingen, 1992), a normalized gaussian radial
basis function (NRBF) network (Bugmann, 1998), and a linear-kernel based Support
Vector Machine (SVM) (Fan et al., 2008) due to speed. The RBF network requires
setting the number of clusters, k, and we use two variants with A&=1 and =2, referred to as

RBF(1) and RBF(2), respectively. These settings allowed for fast calculations given the
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large size of our data. We also parameterized the value of complexity constant C for the
SVM for each of the feature sets using 5-fold cross validation. As with the filter-based
selection, we used best-first search to generate features subsets that were inputted into the
four classifiers, LOG, RBF(1), RBF(2), and SVM. Each of the feature sets was evaluated
on the TRAINING dataset using 5-fold cross validation. We evaluate the classifiers using
three indices: Accuracy (Acc), average of Q. e and Q. . (Avg), and SOV..

Consequently, we have three feature sets.

Next, we used the same four classifiers to compare the predictive quality of all selected
feature sets (four selected using filter-based methods and three using the wrapper-based
method). Each of the 28 experiments (4 classifiers * 7 feature sets) is based on the 5-fold
cross validation on the TRAINING dataset. The complete results are given in Table 4-2.
Additionally, we repeated the same procedure with an alternative design (i.e standard
ensemble), where all the residues predicted by a classifier. Using results in Table 4-2, we
selected four best models based on the highest Acc and the highest SOV, values. Out of
those four best models, two models are selected from the standard ensemble, one with
highest accuracy and one with highest SOV, values. Similarly, we selected two best
models for the proposed design, one with highest accuracy and one with highest SOV..
As observed in Table 4-2, two models attain the same highest accuracy for the proposed

design and out of those two we chose one best model with the higher Q. ,eq.
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Table 4-2 Results obtained using S fold cross validation on the TRAINING dataset for the
considered four classifiers and seven feature sets. Chosen design results shown in bold italics.

[The first two columns specify the classifiers and the feature set identified by the corresponding
feature selection method. The results for the proposed design that accepts strand residues predicted
by SSpro and predicts the remaining residues are shown in the “(proposed method)” columns. The

results for the design that predicts all residues are given in the “alternative design” columns. The

results with the highest accuracy (4cc) and SOV, are shown using bold. N/A means that the

quality index value could not be computed since no strand residues were predicted. ]
Classifier |[Feature | Prediction of all residues [Strand residues predicted
selection (alternative design) by SSpro with

prediction of the
remaining residues
(proposed method)

ACC SOVE Qe obs Qe pred ACC SOVE Qe obs Qe pred

SVM CONS 75.22 0 0 N/A [89.05]74.77| 70.53 | 82.71
CES 88.50 | 73.08 |72.13|79.55[89.05|76.21| 74.40 | 80.02
UNION 75.22 0 0 N/A [89.05]74.77| 70.53 | 82.71
INTER 88.74 | 75.51 |73.87|79.28 |89.05|74.77| 70.53 | 82.71
ACC 89.07 | 74.79 |70.31|82.98 |89.31[76.71| 75.40 | 80.27
AVG * 89.08 | 78.75 |78.57]77.62 |24.78| 5.07 | 100 | 24.78
SOVe 55.39 | 79.34 |82.73]33.69 |55.59|80.27| 84.64 | 34.06
LOG CONS 89.25 | 75.56 |72.16]82.26 |89.19|77.36| 76.16 | 79.39
CEFS 89.33 | 74.61 |70.91]|83.52 |89.23|77.23| 76.03 | 79.60

UNION 89.31 | 75.09 |71.99]82.64 |89.24|77.73| 76.29 | 79.45
INTER 89.02 | 74.67 |69.08 | 83.77 |89.15[76.77| 75.69 | 79.54

IACC 89.20 | 75.58 |71.92|82.25|89.51|78.19| 76.63 | 80.15
AVG 89.43 | 75.47 |73.15]82.22 |89.51|78.35| 77.00 | 79.92
SOVe 88.86 | 76.49 |75.10|78.91 [89.45|78.51| 77.12 | 79.66
RBF(1) CONS 88.72 | 77.24 |76.95|77.38 |89.23[76.34| 74.84 | 80.36
CFS 89.37 | 77.01 |75.20] 80.61 |89.48|78.05| 76.64 | 80.04

UNION 89.33 | 76.47 |75.45|80.30 [89.48|78.05| 76.64 | 80.04
INTER 89.03 | 78.31 |76.08|78.91 |89.35|77.56| 75.92 | 80.07

IACC 89.07 | 74.66 |70.31|82.97 89.29|77.62| 74.32 | 80.91
AVG * 89.54 | 77.31 |75.62]80.92|89.01|79.51] 80.09 | 76.62
SOVe 88.74 | 76.23 |76.33|77.82 |89.01[79.54| 80.05 | 76.62
RBF(2) CONS 88.89 | 74.27 |72.52|80.69 [89.30|76.56| 75.07 | 80.44
CFS 89.22 | 75.74 |72.30| 82.05 [89.48|78.05| 76.64 | 80.04

UNION 89.18 | 74.31 |69.75|83.89 [89.48|78.05| 76.64 | 80.04
INTER 89.07 | 78.59 |76.66| 78.69 |89.41[78.19| 77.20 | 79.46

ACC 89.34 | 77.19 |73.43|81.70 |89.36|77.66| 74.05 | 81.33
AVG * 89.00 | 74.34 |73.12|80.67 |88.97|79.68 | 80.86 | 76.11
SOVe 88.78 | 77.30 |75.24|78.57 |89.16|78.86| 78.13 | 78.12

AVG' means wrapper-based feature selection evaluated using average of Q. ,req and O, ops

Table 4-3 compares the four best models against the three base SS predictors on the
training dataset. Results show that SSpro has the highest Q. ,.q value, i.e., only about
17% of its strand residue predictions are incorrect. This is why strands predicted by this

method are passed to the output in our design. However, 29% of the observed strand
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residues are missed by SSpro, and our proposed ensemble is designed to find them. Also,
Table 4-3 reveals that there are two best results in terms of high accuracy with a tradeoff
between Q. ,q and Q. ,». Out of those two, we selected one best model with highest
SOV, value, which was obtained by the LOG classifier and wrapper-based feature
selection evaluated using accuracy (the last row in Table 4-3). The selected feature set

used in our best model includes only 9 features and they are discussed in detail later.

Table 4-3 Results of 5-fold cross-validation on the TRAINING dataset for the two best
performing feature sets, according to Accuracy and SOV, , using the proposed design and
alternative design, they are compared with three base SS predictors (PSIPRED, SSpro and
SPINE).

[The proposed/alternative design rows encode the classifiers (SVM, RBF(1), and LOG) and
feature selections (SOV, , Avg, and Acc) used. The results with the highest accuracy (4cc), O pred
and SOV, of the chosen design were shown using bold.]

Predictor Acc | SOV, |Q, ,450. ,,,ej
SSpro 89.02| 74.76 [70.49] 82.64
PSPRED 88.71| 75.49 [73.76|79.24
SPINE 88.68] 75.51 [72.01]80.27
Alternative design (predicts all residues) SOVe + SVM [55.39] 79.34 [82.73]33.69
Avg + RBF(1) |89.54] 77.31 |75.62|80.92
Proposed design (by taking strand residues predictedSOVe + SVM |55.59] 80.27 [84.64|34.06
by SSpro and predicting the remaining positions) Acc+ LOG  [89.51] 78.19 [76.63|80.15

We also compare the four best models from Table 4-3 on the TEST and CASPS8 datasets.
The results, which are summarized in Table 4-4, confirm that the chosen ensemble
provides favorable predictive quality as measured by accuracy, SOV, and a good trade-off
between Q. .5 and Q. ,req. Thus, the proposed BETArPRED method uses the strand
residues predicted by SSpro and predicts the remaining residues utilizing the LOG

classifier and the 9 features.
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Table 4-4 The results on the TEST and CASPS8 dataset for the two best performing feature
sets, measured by accuracy and SOV, on the TRAINING dataset, using the proposed design
and the alternative design.

[The proposed/alternative design rows encode the classifiers (SVM, RBF(1), and LOG) and
feature selections (SOV,, Avg, and Acc) used. The results with the highest accuracy (4cc) and
SOV, of the chosen design were shown using bold.]

Predictor TEST dataset CASPS8 dataset

Acc SOVE Qe obs Qe pred| Acc SOVE Qe obs Qe pred|
Alternative design (predicts [SOVe+ SVM |[54.57|79.04| 82.84 | 32.64 |53.40(76.84|82.42| 31.65
all residues) Avg + RBF(1) | 89.42(78.14| 75.29 | 79.77 | 88.10| 70.58 | 70.64| 77.45
Proposed design (by taking |[SOVe + SVM |54.90(79.96| 84.48 | 33.04 |53.82|77.66|83.95| 32.08

strand residues predicted by |Acc+LOG  |89.41|79.46| 76.60 | 78.95 | 89.70|77.65|76.30| 79.62
SSpro and predicting the

remaining positions)

4.3 Experimental results and discussion

4.3.1 Comparative analysis of predictions of strand residues

Our predictions are assessed using residue level (Acc, Qe obs, Qe preas Oc U., L., and W,)
and p-strand segment level (ASSC and SOV,) quality measures. We compare
BETArPRED with the seven SS predictors on the TEST and CASP8 datasets. For the
CASP8 dataset we also include the best automated 3D structure predictor from the
CASPS8 experiment (Cozzetto D,,et al.,2009), the ZHANG-server, with the predicted
structure processed using DSSP to obtain the positions of strand residues. We include
results on the entire CASP8 dataset and also on its two subsets that include sequences
with at least 1 strand residue and 10% of strand residues respectively; the 10% amount is
consistent with work in (Cheng and Baldi, 2005; Lippi and Frasconi 2009) and with the
TEST dataset. This is because most of the quality indices (Q. ops, Ue, Le, We, ASSC, and
SOV,) could not be measured for chains without strand residues and they may provide
statistically unreliable estimates when the number of strand residues is low. In particular,

for chains with no strand residues they would default to zero and cannot quantify how

64



many strand residues are incorrectly predicted. The results are given in Table 4-5. We
also assess the statistical significance of improvements on these datasets between
BETArPRED and other predictors. This was done by comparing the corresponding
results for individual proteins. When a given quality measure for both predictors is
normally distributed (per the Shapiro-Wilk test of normality with p-value < 0.05) we

applied the paired t-test and otherwise we used the Wilcoxon rank sum test.

Table 4-6 provides these results for different versions of the CASP8 dataset and for the
TEST dataset. The results demonstrate that BETArPRED achieves the highest SOV, and
accuracy on the TEST dataset. The ASSC, SOV,, Q. o, and U, of BETArPRED are
statistically significantly better at 0.05 when compared with six out of the seven SS
predictors. When compared with the remaining PROTEUS which over-predicts strand
residues, BETArPRED significantly improves Q. ,..q, Acc, L. and W,. The results on the
CASP8 confirm these findings. We note statistically significant improvements in SOV,
ASSC, Q. o5, and U,. Overall, the results indicate that BETArPRED accurately predicts
individual strand residues (highest accuracy among SS predictors on both CASP8 and
TEST sets) as well as B-strands (highest SOV, except for YASPIN on the CASPS set).
Importantly, the low values of the U,, which are significantly lower than most of the
other predictors including SSpro, demonstrate that our method finds B-strands that were
missed by other methods. When compared with the ZHANG-server, our method
significantly improves prediction of strand segments (as measured by ASSC and SOV.,)
and is inferior in the context of prediction of strand residues. We note that ZHANG-
server under-predicts strand residues and these predictions have high quality, while

BETATrPRED finds substantially more observed strand residues (higher O, ).
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Table 4-5 The results of the BETArPRED and the seven representative SS predictors on the
TEST and CASPS8 datasets, as well as for subsets of the CASP8 datasets that include chains
with at least 1 strand residue and at least 10% of strand residues. Results on the CASP8

datasets also include the top-performing automated 3D predictor, ZHANG-server

Dataset Predictor ASSC| SOV, | Q. b5 |OQ. prea| Acc |0, | U, | L, | W,
TEST BETArPRED 76.20 | 79.46 | 76.60 | 78.95 [89.41(1.46/ 2.22 | 6.89 | 0.02
432 chains with  |SSPRO 70.58 | 75.72 | 71.08 | 82.03 [89.251.16| 2.86 | 6.69 | 0.03
atleast 10% PSIPRED 72.13 | 75.53 | 72.97 | 77.96 [88.491.29] 3.13 | 7.07 | 0.03
strand residues oo g 70.00 | 74.87 | 70.71 | 79.33 [88.48[1.31] 2.99 [ 7.17 | 0.06
SABLE 67.01 | 73.37 | 67.43 | 79.45 [87.92[1.24] 3.42 | 7.41 | 0.02
PROTEUS 80.23 | 77.68 | 79.99 | 71.59 [87.50(1.35] 2.16 | 8.64 | 0.09
PORTER 65.01 | 70.90 | 66.17 | 76.97 |87.05|1.47] 2.57 | 7.53 | 0.02
YASPIN 73.00 | 73.16 | 72.81 | 68.32 [85.28[2.71] 3.45 | 8.55 | 0.01
CASPS BETArPRED 75.75 | 76.83 | 75.89 | 79.96 [89.74[1.39] 2.28 | 6.64 | 0.04
111 chains ZHANG-server | 67.49 | 71.96 | 67.98 | 90.30 |90.70(0.45| 2.87 | 5.95 | 0.04
SSPRO 70.25 | 73.69 | 70.65 | 83.14 [89.72[0.93] 2.83 | 6.47 | 0.04
PSIPRED 72.02 | 72.21 | 72.96 | 77.26 |88.591.34] 3.13 | 6.93 | 0.02
SPINE 7143 | 73.66 | 71.55 | 80.13 |89.13[1.31] 2.93 | 6.57 | 0.07
SABLE 67.27 | 72.02 | 67.63 | 79.88 [88.37]1.36/ 3.37 | 6.89 | 0.01
PROTEUS 74.90 | 72.00 | 75.54 | 72.08 [87.36(1.49] 3.04 | 7.99 | 0.02
PORTER 63.20 | 67.44 | 63.90 | 75.28 [86.57[1.37] 3.53 | 8.51 | 0.02
YASPIN 78.88 | 77.89 | 79.11 | 73.14 [88.25[1.87] 2.57 | 7.30 | 0.01
CASPS BETArPRED 75.75 | 75.74 | 75.89 | 79.96 [89.33[1.45] 2.37 [ 6.90 | 0.04
106 chains with  [ZHANG-server | 67.49 | 70.63 | 67.98 | 90.37 [90.34]0.45 2.99 | 6.18 | 0.04
atleast 1 strand  [gopRrQ 70.25 | 72.45 | 70.65 | 83.14 [89.3210.97] 2.94 | 6.73 | 0.05
residue PSIPRED 72.02 | 70.90 | 72.96 | 77.26 [88.131.39] 3.26 | 7.20 | 0.02
SPINE 7143 | 72.42 | 71.55 | 80.19 [88.72[1.34] 3.04 | 6.83 | 0.07
SABLE 67.27 | 70.70 | 67.63 | 80.06 [87.96[1.37] 3.50 | 7.16 | 0.01
PROTEUS 74.90 | 70.68 | 75.54 | 72.37 [86.96[1.55| 3.16 | 8.31 | 0.02
PORTER 63.20 | 65.90 | 63.90 | 75.30 [86.04[1.42] 3.67 | 8.85 | 0.02
YASPIN 78.88 | 76.84 | 79.11 | 73.45 |87.89(1.84 2.67 | 7.59 | 0.01
CASPS BETArPRED 76.15 | 80.15 | 76.23 | 80.22 [89.051.43] 2.39 | 7.19 | 0.04
99 chains with at |ZHANG-server | 67.95 | 72.77 | 68.35 | 90.47 [90.06(0.46| 3.01 | 6.43 | 0.04
least 10% strand  [ggpRrQ 70.60 | 76.63 | 70.97 | 83.30 [88.990.96 2.99 | 7.01 | 0.05
residues PSIPRED 72.47 | 75.30 | 73.37 | 77.60 |87.84[1.34] 3.27 | 7.54 | 0.02
SPINE 71.76 | 76.53 | 71.86 | 80.59 [88.43[1.28] 3.06 | 7.15 | 0.07
SABLE 67.63 | 75.00 | 67.95 | 80.43 |87.64]1.32 3.52 | 7.50 | 0.01
PROTEUS 75.35 | 74.98 | 75.95 | 72.70 |86.62[1.50] 3.17 | 8.69 | 0.02
PORTER 63.51 | 69.70 | 64.19 | 75.26 |85.52[1.48 3.73 [ 9.25 | 0.02
YASPIN 79.16 | 80.33 | 79.38 | 73.84 [87.60(1.77] 2.74 | 7.88 | 0.01
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Table 4-6 The results of the statistical significance tests on the TEST dataset and CASP8
datasets that include 111 chains, 106 chains with at least 1 strand residue, and 99 chains with

at least 10% of strand residues which compare BETArPRED against the seven

representative SS predictors and ZHANG-server.

[The “---“/*--“/"-* means that BET ArPRED is worse with p < 0.02/0.05/0.1, the “+++/“++/"+*
means that BETArPRED is better with p < 0.02/0.05/0.1, and “=" denotes that the BETArPRED
and the other methods are not significantly different]

Dataset Predictor ASS |SOV,| Q. obs| Qe prea| Acc| O, | U, | L, w,
C
TEST SSPRO | | | ——— | = o= |+ | = =
432 chains with [pPSIPRED gt | A | = + | 4+ = =
atleast 10%  IgpyNg | A | A | = || = | = |
strand residues SABLE ot |t | ot = |44+ | = [+++| =+ =
PROTEUS ———| = |=-==] ++t |+ | = = | 4+ | +++
PORTER | A | = | —— | + =
YASPIN | | A | A [ A | | o ——
CASPS8 ZHANG-server + = = -——— -———| = =
111 chains SSPRO + = ++ = = = = =
PSIPRED = + = +++
SPINE = = = ++
SABLE S o A = = F+
PROTEUS = + = | +H+
PORTER 4+ | | = ++ +++ =
'YASPIN = = = +++ |+ = = = _
CASPS ZHANG-server + = = —— =] -—- =
106 chains with SSPRO 4+ = 4t = = = = =
at least 1 ) PSIPRED _ T _ _ | =
strand residue SPINE - - n - - - . - -
SABLE FE | | = = = |++| = =
PROTEUS = ++ = || = ||+ =
PORTER +++ | A | = |+++| = | +++| = =
'YASPIN = = = +++ |+ = = -
CASPS ZHANG-server ++ + =+ | | = |- = —— =
99 chains with ([SSPRO ++ + 4t = = = = =
atleast10%  lpgypRED = [+ | = | = ot
strand residues SPINE n n n .
SABLE | | = = Ao
PROTEUS +++ |+ = | +++
PORTER +++ | A | + |+t +++ =
'YASPIN = = = +++ |+ = = = -
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4.3.2 Comparison of 3-state secondary structure predictions

Here, we want to investigate how our two-state BETArPRED predictions compare with
existing three-state predictors and how this affects predictions of the other two secondary
structure states (helix and coil). To address this, we designed an approach to generate the
3-state predictions using the outputs of the BETArPRED method and we compare them
with the considered seven representative SS predictors. By design, BETArPRED predicts
all strand residues predicted by SSpro as strands. To generate 3-state predictions for
BETArPRED, we combined the outputs of BETArPRED with the predictions from SSpro
(which obtains the highest accuracy on the training dataset see Table 4-1), without
changing the strand residue prediction assignments of BETArPRED. More specifically,
we predict strands for all residues predicted by BETArPRED as strands and all non-

strand residues predicted by BETArPRED are assigned the state predicted by SSpro.

We compare these three-state predictions with the corresponding predictions produced by
the other secondary structure predictors on the TEST and the CASP8 datasets, see Table
4-7. The results show that the improved prediction of the strand residues provided by
BETArPRED does not have a detrimental effect on the prediction of helix and coil
residues. The overall three-state predictive quality measured using Q; and SOV; for
BETATrPRED is the highest for both datasets. A direct comparison between the 3-state
predictions generated by SSpro and the SSpro predictions augmented using the
BETArPRED outputs demonstrates that the latter increases both O; and SOV; values on
the TEST and CASPS datasets. On the TEST dataset, we observe a small decrease in the

SOV, and SOV, and substantially improved SOV, value.
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Table 4-7 Summary of results for the 3-state secondary structure predictions generated by
combining predictions of BETArPRED with SSpro and the seven representative SS
predictors on the TEST dataset and the CASP8 dataset that includes the automated 3D
predictor, ZHANG-server.

[We predict strands for all residues predicted by BETArPRED as strands and we use predictions
from SSpro for the non-strand residues predicted by BETArPRED to obtain the 3-state secondary
structure predictions]

Dataset [Predictor Q3 SOV3SOVhSOVeSOVth_0[, Qh_predQe_ob Qe_predQc_obch_pred

TEST BETArPRED [80.45/77.56 |81.27 79.46 [73.70 [84.91 [85.30 [76.60(78.95 |78.85|77.17

SSPRO 80.12(77.07 [81.76 [75.72 [73.73 |85.25 [84.56 [71.08 [82.03 |81.04(75.56
PSIPRED 78.73]76.68 [80.25 [75.53 [72.16 |85.47 [82.00 [72.97[77.96 [76.28[76.19
SPINE 78.82(76.32 [80.59 [74.87 (72.10 |84.56 [82.89 [70.71[79.34 |78.65[75.09
SABLE 77.8775.90 [79.01 [73.37 [72.40 |81.60 [84.70 [67.43 79.45 |80.84(72.04
PROTEUS 78.48]77.08 [78.57 |77.68 [71.27 |84.21 [86.40 [79.99 [71.59 [72.58[76.22
PORTER 76.81{75.50 [79.22 {70.91 [71.91 |81.90 [82.75 [66.17 [76.97 [78.72(72.04
YASPIN 75.20[73.56 [77.03 |73.16 |68.56 |80.94 [81.00 [72.81|68.32 |71.61[74.48

CASP8 | BETArPRED [80.15/78.83 |80.16 [80.15(73.57|84.61 [84.98 [76.23 80.22 |78.96[76.20
99 chains |[ZHANG-server |78.1473.36 |78.51 [72.77 |68.96 [85.90 |77.42 |68.35(90.47 |78.19[73.43

with at SSPRO 80.10/78.16 [81.92 [76.63 [73.82 |85.92 [84.23 [70.97 |83.30 |80.99 [75.20
least 10% |PSIPRED 77.93(77.06 [78.88 [75.30|71.70 |83.81 [81.82 [73.37 (81.82 |75.8574.83
strand SPINE 78.71[76.77 |78.88 [76.53 [72.21 |83.20 [83.16 [71.86[80.59 [79.29[74.19
residues |[SABLE 77.5475.94 [77.65 [75.00 [71.60 |79.85 [85.46 [67.9580.43 |81.7570.74
PROTEUS 76.3874.13 [73.08 [74.98 |67.94 |81.22 [83.27 [75.95[72.70 |72.57(73.09
PORTER 74.43(73.29 [75.00 [69.70 |68.80 |80.44 [80.95 [64.19 [75.26 |75.8569.00
YASPIN 78.26(77.39 [80.75 [80.33 169.99 [84.96 [82.83 [79.38[73.84 |71.8477.25

4.3.3 Analysis of the selected features

Error! Reference source not found. lists the features used by BETArPRED. They
utilize all considered input predictions at all three information levels. The features use the
residue-level SS predicted by PSIPRED and SPINE, local information extracted from the
SS predicted by PSIPRED, SPINE and SSpro, a combination of the local predicted SS
and residue depth quantified using both volume and distance based definitions, and
sequence-level information concerning the chain length. Figure 4-2 visualizes values of
two pairs of these features. Both plots show how a given combination of a predicted
depth-based feature with a feature that utilizes predicted SS is helpful in annotation of the
strand vs. non-strand residues. The position of each marker indicates the values of the
two features (essentially the same as a scatter plot, except that each marker represents a

cluster of points in this 2D projection). Coloration of the marker indicates the observed
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class mixture associated with that cluster of residues, and the shape of the marker
indicates the number of residues in the cluster. Note that “predicted SS” that defines
features on the x-axis comes from a different predictor than for the y-axis. When the
predicted SS of the residue is a strand (x-axis in the bottom panel) or when this residue is
located inside a strand segment (x-axis in the top panel), the values of the average depth
of the predicted helical conformations in the vicinity of this residue (y-axes) provide
evidence on its proper classification. If there are no predicted helices (-1 on the y-axis),
then it is most likely a strand conformation (the marker is green). The higher the average
depth of the predicted helices (shown on the y-axis), the smaller the likelihood that our
prediction should be a strand (the marker is more red). This agrees with the underlying
biology, as it is more likely that the predicted helical conformation is correct if its depth

is higher.

Table 4-8 Features used by the BETArPRED.

Feature name

Description

r a ssPSIPRED
r a ssSPINE

Residue-level predicted SS by PSIPRED and SPINE

w_s mPSIPRED tripepeee central res
w_s mPSIPRED tripepece central res
w_s_mSPINE tripepece_central res
w_s_mSSpro_tripepcch central res

Local predicted by PSIPRED, SPINE, and SSpro SS of|
tripeptides, including EEE, ECE, and CCH
combinations, centered on the predicted residue

w_s_mPSIPRED avgdepth segh depthMSMS
w_s mSSpro_avgdepth_stateh depthSADIC

Local average predicted depth of the predicted helix
residues and helical segments predicted by PSIPRED
and SSpro

p_a chain length

Sequence-level chain length
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The y-axis quantifies the average predicted depth for the helix segment predicted by PSIPRED that includes the

predicted residues. Value of -1 is used when the predicted residue in not in a helix segment. The x-axis shows th

SS predicted by SPINE for the predicted residue.

Figure 4-2 Scatter plots of two pairs of features used by the BETArPRED. Size of the
markers denotes number of residues and color denotes their membership (green for strand
residues and red for non-strand residues)
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4.3.4 Case study

We selected the galactose mutarotase related enzyme QSFKD7 (PDB ID: 3DCD) among
the CASPS targets to demonstrate our method. This chain contains about 45% strand
residues with several short and longer segments. Figure 4-3 shows side-by-side the
observed SS derived from DSSP, the results from BETArPRED, and the predictions from
the ZHANG-server and SSpro. The results reveal that the proposed predictor finds three
[B-strands in the middle of the sequence that were missed by SSpro, adding a total of 16
strand residues to the SSpro predictions, out of which 12 are correct and 4 are incorrect.
BETATrPRED correctly finds additional B-strands as a trade-off for a few over-predicted
strand residues located at the termini of the correctly predicted B-strands. An evaluation
of the case study predictions is presented in Table 4-9. The ZHANG-server under-
predicts the strand residues; only 87 residues were correctly identified, while
BETArPRED correctly predicts 111 out of the total of 133 strand residues. The U, of
BETArPRED is 3.7, which is lower by 3.7 and 3.3 when compared with SSpro and
ZHANG-server, indicating that our method finds a few extra B-strands. At the same time,
this comes as a trade-off for the Q. .., of BETArPRED that is lower by 2.5 and 8.9

percent when compared with SSpro and ZHANG-server.
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AR: XDYTIENNXI KVVISDHGAE IQSVKSAHTD EEFXWQANPE IWGRHAPVLF PIVGRLKNDE
DSSP: -EEEEE---E EEEEE-B--E EEEEEE---- -B-B------ ———--—- EEB --------- E
SSpro:  --EEEE---E EEEEE----E EEEEE----- EEEEE----- --—-—-- EEE E--——--—-- E
BrP: --EEEE---E EEEEE----E EEEEEE---- EEEEE----- ——————-- EEE E-———-———- E
Zhang:  -EEEEE---- EEEEE----E EEEEE----- E-——-—=—== ——————- EE- —-——--———=
AR: YTYKGKTYHL GQHGFARNAD FEVENHTKES ITFLLKDNEE TRKVYPFKFE FRVNYNLXNN
DSSP: EEE--EEEE- ---B----- B -EEEEEE--E EEEEEE---- ———-——-- EE EEEEEEEE--
SSpro:  EEE--EEEE- --—-------- EEEEE----E EEEEEE---- ------- EEE EEEEEEE---
BrP: EEE--EEEE- -------—- E EEEEE----E EEEEEEE--- ------ EEEE EEEEEEE---
Zhang: EEE--EEE-- -—-—-——-—- -EEE------ -EEEE----- -——--—-- EE EEEEEEEE--
AR: LLEENFSVVN KSDETXIFGV GGHPGFNLPT DHGENKEDFY FDXHPSVTRV RIPLKDASLD
DSSP: EEEEEEEEEE ----- EEE-E EE--EEE--- -------- EE EEEE----EE E--EE--EE-
SSpro:  EEEEEEEEEE --------—= —-——- EE--- -—--———= EE E---—--—=-= ————————m
BrP: EEEEEEEEEE ------ EEE- ----EEE--- -—----—- EE EE---—-- EEE E--—------
Zhang:  EEEEEEEEEE ----- EE--- EE--E----- —-——-—-—- E EEE----E-- -——--——-——-
AA: WNNRSLAPTD SLIALSDDLF KDDALIYELR GNDNKVSLRT DKNKFHVNVW TRDAPFVGIW
DSSP: ----EEE--- -- EE----== ---- EEEE-- --- EEEEEEE ----- EEEEE EE---EEEEE
SSPro:  mmmm—mmmmm mmm—mmmmem oo EEEEE-- ---- EEEEE- ----- EEEEE ----- EEEEE
BrP: mmmmm————= == EE------ --- EEEEE-- ---- EEEEEE ----- EEEEE E----EEEEE
Zhang:  ====-===--= --= EE--——-- -- EE--—--—- -———- EEEE- ----- EEEEE E----- EE--
AA: SQYPKTDNYV CIEPWWGIAD RDDADGDLEH KYGXNHLKPG KEFQAGFSXT YHSTTDEVKL
DSSP:  =====--- EE EEEEEE---- B----- B-—-—- ---- EEE--- -EEEEEEEEE EE--------
SSpro:  —------- EE EEE------- ——————-——— ———- EEE--- -EEEEEEEEE EE----EE--
BrpP: = ====———= EE EEE------- ——————-—-—-——= ———-— EEE--- -EEEEEEEEE EE----EE--
Zhang:  ———--—---- E-mmmmmmmm mmmmmm e - EE--- -EEEEEEEEE E---------
[where “— and “E” denote non-strand and strand residues and B denotes beta-bridges,

respectively. The AA sequence is split into multiple rows. DSSP is annotated such that bold

indicates strand residues missed by SSpro and BrP, and underlined bold shows strand residue
segments found by BrP and missed by SSpro. BrP is annotated such that bold / underlined bold
indicate mistakes / improvements when compared with SSpro]

Figure 4-3 Comparison of the SSpro, BETArPRED (BrP), and ZHANG-server (ZHANG)
predictions with the observed SS derived from DSSP for the galactose mutarotase related
enzyme QSFKD7 (PDBid 3DCD). The DSSP, SSpro, BrP and ZHANG are shown in four
consecutive rows.

Table 4-9 The empirical evaluation of the predictions for the case study shown in Figure4-3.

[First column shows the prediction method, second gives the number of correctly predicted strand
residues, and next four columns show the strand segment overlap, accuracy for stand residues, and
U, and Q, ,,.smeasures.]

Method # Strand residues correctly predicted | SOV, | Acc | U, | Q. prea
SSpl‘O 99 79.8 83.0 | 7.3 89.2
BETArPRED 111 86.6 85.6 | 3.7 86.7
ZHANG 87 74.5 80.7 | 7 95.6
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4.4 Summary

BETATrPRED is empirically shown to improve predictions of strand residues and strand
segments when compared to a wide range of modern SS predictors and with the best-
performing tertiary structure predictor in CASPS. It could thus be useful in prediction of
higher level structures such as 3-sheets (Cheng and Baldi,2007; Max et al., 2010). Since
BETArPRED performs well for low identity chains its outputs could be useful in the
context of the development of improved sequence profile-profile alignments (Wu and
Zhang, 2008). The improvements stem from the novel design, which uses features that
aggregate and combine information coming from three SS predictors and the residue
depth predictor. Although the BETArPRED provides high quality predictions, there is
still room for further improvement. One potential approach could be to exploit strand-
strand interactions. This could be done with the help of scoring profiles that reflect inter-
strand amino acid pairing preferences, which are tackled in the next Chapter. Another
useful source of information that could be used to improve the strand predictions is
related to position-specific propensities of AA types in strand segments. BETArPRED is

freely available at http://biomine.ece.ualberta.ca/BET ArPred/BrP.htm.
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5 Strand residue-residue pair propensities

5.1 Overview

Prediction of B-sheets requires an understanding of the interactions between component
strands. This is dependent on their constituent amino acids, as cross-strand pairing is
influenced by the residue side-chains (Fooks et al., 2006). Several investigations on the
pairing of amino acids in [-sheets have been carried out and their prediction quality of
contacts between [-strands are roughly 32-35% accurate (Lippi and Frasconi,2009;
Tegge et al.,2009; Cheng and Baldi, 2007; Punta and Rost, 2005). In our previous
chapter, we developed a model that improves prediction of B-strand residues and f-
strands, which are the basic building blocks of [B-sheets, when compared with the
currently available methods. Our method implements a novel ensemble of secondary
structure prediction methods. However, the existing B-strand residue prediction methods,
including our BETArPRED (Kedarisetti et al., 2011), are largely based on local
interactions, i.e. their inputs are implemented using a sliding window of neighboring
residues in the sequence (with the exception of BETArPRED that uses one chain-based
input). Hence, in this chapter we investigate whether the use of long-range interactions

could provide information that would be useful for prediction of the B-strand residues.

In this context, we propose and empirically analyze scoring functions that quantify the
propensity of a given residue to form a B-strand based on propensities of specific
residue_residue pairs to interact in B-sheets. We also study the impact of residue
conservation and the strand directionality on the quality of these scoring functions. We

use the scoring functions to differentiate between strand and non-strand residues, to
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determine whether these scoring functions would generate a useful input for the

prediction of strand residues.

5.2  Existing research and proposed work

Residue residue pairing preferences were first studied in parallel and antiparallel B-sheets
by Lifson & Sander (1979) on a small dataset of 35 protein chains. They suggested that
the resulting residue residue pair correlations are useful in statistical prediction of protein
tertiary structure. Later, residue residue pair preferences in antiparallel B-sheets and
parallel B-sheets were studied separately (Wouters and Curmi, 1995; Hutchinson et al.,
1998; Zaremba and Gregoret, 1999; Fooks et al., 2006; Cheng et al., 2007; Zhang et al.,
2010). Side chain interactions and residue residue pair preferences within antiparallel -
sheets were studied in two cases: for pairs whose backbone atoms are hydrogen bonded
(H-bonded sites), and for pairs which are not hydrogen bonded (non-H-bonded sites)
(Wouters and Curmi, 1995). In addition, an experimental study of the interplay between
side chain interactions and the stability of 3-sheets observed the greatest stabilization for
charge-charge interactions and optimally arranged pairings (i.e., how specific
residue residue pair preferences between strands should align) (Merkel et al., 1999). We
discuss some of the findings from these studies later in this chapter when analyzing our
results. These investigations demonstrate a weak correlation between pairing preferences
and suggest that these interactions are not instrumental in determining the B-sheet
structures. Moreover, these works use relatively small datasets which include protein
structures that were resolved with low resolution, did not attempt to investigate whether
the pairing preferences could be used to identify strand residues, and also normalized the
pair preferences using a product of probabilities of individual residues, which may not be

a good choice when they would be used to identify strands. (Note that in this field,
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normalization does not mean a transform of a feature domain to [0, 1], rather it refers to
any process that makes the residue_residue pairs commensurate; in the sense that the bias

due to the background frequency of the residues has been corrected.)

In recent quantitative studies, the residue residue pair preferences were applied to predict
certain characteristics of B-strands. The B-sheets were predicted from strand-strand pairs
identified in native PB-strand segments, by computing strand residue residue pair
probabilities based on contact maps (represent the distance between all possible residue
pairs of a 3D protein structure using a binary 2D matrix) (Baldi et al., 2000; Cheng et al.,
2007). The drawback of these studies is that they utilized the native B-strand segments. A
couple of recent studies concern prediction of strand-strand pair orientation using relative
frequency of residue_residue pairs that occur in parallel and antiparallel B-sheets (Zhang
et al., 2010; Zhang et al., 2009). In other words, given a pair of native -strand segments,
the authors have proposed a method that decides whether this pair interacts in parallel or
antiparallel fashion. In summary, these works did not concern the identification of -

strand residues and they assumed that the native B-strand information is known.

Recently, a few related databases were also developed. One database (ICBS) concerns
inter-chain strand-strand interactions only (Dou et al., 2004). Inter-chain interactions
occur between protein sequences; in a quaternary structure, strands from different chains
can form strand pairs, extending a -sheet across multiple chains. SheetsPair is another
database of amino acid pairs that occurs in B-sheets (Zhang et al., 2007), including both
inter-chain and intra-chain interactions. However, this database is not suitable for our
investigation, as neither sequence similarity nor structure quality (i.e. resolution and R-

value) are recorded in this database.
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In contrast to prior research, our work uses a relatively large dataset composed of high
quality structures, and we propose a scoring function that quantifies propensity of a given
residue to form B-strand. We also use a different type of normalization to generate the
residue residue propensities, which is based on native intra-chain strand residue residue
pairs. To the best of our knowledge, our study is the first to investigate the use of the long
range strand-strand interactions within a protein chain to identify B-strand residues. We
perform a comprehensive study of strand residue residue pair propensities for parallel
and antiparallel strand pairs, and we further investigate the influence of residue
conservation on these residue residue pairs. Similar to previous works that compute
residue_residue pair preferences for H-bonded pairs (Wouters and Curmi, 1995;
Hutchinson et al., 1998; Mandel-Gutfreund et al., 2001), we also focus on H-bonded
strand residue residue pairs annotated by DSSP. Furthermore, we utilize these
propensities to build novel scoring functions, which are shown to be useful for the

1dentification of strand residues.

5.2.1 Goals

Our aim is to investigate the propensities of the residue residue pairs in strand-strand
contacts that occur within a protein chain. This chapter focuses on third Objective that
was discussed in Chapter 1. This investigation requires us to complete the following three
tasks:

Task 1: To design and compute strand residue residue pair propensity tables for parallel
and antiparallel B-sheets using a large dataset of high quality protein structures.

Task 2: To study the effect of the residue conservation and the directionality of the

strand-strand interactions on the propensities of the strand residue residue pairs.
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Task 3: To construct and evaluate scoring functions that can identify -strand residues in

a given protein sequence.

This work is the first to address Tasks 2 and 3; if successful, our results could be used in

a new generation of sequence-based -strand predictors.

5.2.2 Datasets

We derived two datasets to study the residue residue pair preferences for parallel and
antiparallel strand pairs. The first dataset, called the parallel dataset (PR), includes all H-
bonded residue residue pairs that occur in parallel strand pairs; the second dataset, called
the antiparallel dataset (APR), includes all H-bonded residue_residue pairs that occur in
antiparallel strand pairs. These two datasets were derived from the 861 protein structures
from the dataset described in Section 4.2.2. The strand residue residue pair details for
each protein were determined using DSSP. We separated the strand-strand pairs into
parallel and antiparallel subsets based on the orientation of a given pair of strands. The
PR dataset contains 2001 strand pairs and 13218 residue residue pairs. The APR dataset
contains 4012 strand pairs and 32008 residue residue pairs. Note that there are almost
twice as may strand pairs in APR dataset compared to PR dataset, which shows that the
antiparallel strands are more prevalent than the parallel strands. This is a result of the fact
that antiparallel strands are more stable, see Section 2.1.4 for details. To normalize the
propensity tables, we computed a third dataset called NR (normalization dataset) based
on a random pairing of residues in a given protein chain. We first generated a set of
segments extracted from protein chains that follow the distribution of observed strand
segment sizes, separately for parallel and antiparallel strands. Next, we aligned each of
these segments at a random position in the same protein chain to extract the

corresponding residue residue pairs. Finally, we used these “random” residue residue
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pair propensities to normalize propensities calculated for the parallel or antiparallel native
(within the same protein chain) strand residue_residue pairs. We believe that normalizing
by the random pairings can better quantify propensities of residue residue pairs when
compared with the normalization using a product of propensities of the two individual
residues, particularly in a context of using these propensities to find strand residues

within a protein chain.

5.2.3 Propensity scores

Normalization of residue_residue pair scores

Residue residue pair propensity scores are computed for parallel and antiparallel datasets
separately to build two 20x20 dimensional tables. These pairs are symmetric and thus the
tables include 210 values (190 heterogeneous pairs that include two different AA types
and 20 homogenous pair of a given AA type with itself). To generate these scoring tables,
first we count the occurrences of the strand residue_residue pairs in the PR, APR, and NR
datasets. Next, we perform normalization by dividing the count of a given strand
residue residue pair in the PR and APR dataset with the count of the corresponding
residue residue pair in the NR dataset. This normalization is quite different from the
previous works (Zhang et al.,, 2010), where a product of probabilities of the two
individual residues was used to approximate the probability of that pair. Also, we
compute residue pair probability using intra-strand pairs rather than (approximated) inter-
strand pairs. An element in the propensity table for parallel and antiparallel direction is
computed as follows:

P4~ A) e

o= 5.1
Miv ™ P4, A ) .
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_PA A
Mo ™ p( 4, A )

[5.2]

where the scores m;; ,. and my; ,,. represent propensity of A; A; (residue_residue) pairs
that interact in a parallel or antiparallel strand pair , respectively, P(4; A4;),. and P(4; A;.
Jape TEPresent the count of the A; A; residue residue pairs computed from the PR and
APR datasets respectively, and P(4; A;.. represents the count of the A; A;

residue_residue pairs computed from the NR dataset.

Strand residue_residue pair propensity scores

The strand residue_residue pair propensity scores for parallel and antiparallel datasets are
given in Table 5-1 and Table 5-2, respectively. The propensity values >1 indicate the
corresponding residue residue pairs are more likely to form a strand pair for a given
direction when compared with a random pairing of residues in the same protein chain.
Note that the two matrices are both upper triangular since we only consider 210 possible
amino acid pairs, regardless of the arrangement of the two amino acids within a pair (i.e.,

these matrices are symmetric).
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Table 5-1 Strand residue_residue pair propensities that occur in parallel strand pairs

calculated based on dataset-1.

[The maximal score is shown in bold font and the underlined scores correspond to pairs that are

discussed in (Fooks et al., 2006)]

A CDEF GH

A 0.726 1.517 0.106 0.211 1.178
1.084 0.407 0.674 2.501
0.084 0.048 0.173

0.070 0.552

2.504

L1 IORZECNR~ZOTETA

0.404
0.709
0.243
0.190
1.172

0.199

0.650
1.530
0.357
0.774
0.933
0.361

0.929

I

2.239
4.978
0.335
0.380
3.747
1.240
1.213

13.993

K LMNUP QRS STVWY

0.439
0.542
0.224
0.852
0.379
0.219
0.751
0.787

0.117

1.127
1.264
0.300
0.355
2272
0.799
0.624
5218
0.467
2.659

82

1.031
0.394
0.193
0.155
2517
0.585
0.848
4.286
0.830
1.781

1.239

0.298
0.241
0.263
0.189
0.368
0.237
0.591
0.811
0.310
0.354
0.299

0.694

0.140
0.056
0.062
0.104
0.099
0.091
0.000
0.356
0.075
0.173
0.176
0.074

0.000

0.195
0.799
0.137
0.261
0.183
0.207
0.255
0.656
0.370
0.420
0.271
0.302
0.000

0.127

0.450
0.487
0.436
0.823
0.632
0.370
0.609
0.805
0.511
0.600
0.221
0.527
0.121
0.654

0.268

0.437
0.785
0.246
0.435
0.461
0.388
0.661
1.223
0.382
0.367
1.041
0.400
0.078
0.307
0.624

0.371

0.550
1.490
0.473
0.520
0.647
0.627
1.265
1.455
0.618
1.001
1.699
1.151
0.110
0.956
1.501
0.554

0.949

2312
3.497
0.328
0.568
4.069
1.013
1.266
6.602
0.935
4581
3331
0.817
0.582
0.743
1.269
0.795
1.962
8.758

0.723
0.619
0.185
0.514
0.820
0.973
0.401
2.662
0.189
1.177
1.301
0.642
0.264
1.548
0.723
0.161
0.646
2.939

0.000

1.003
1.626
0.185
0.581
2.464
0.593
1.369
3.252
0.755
1.982
1.626
0.641
0.464
0.673
0.973
0.523
1.053
3.422
1.265

1.231



Table 5-2 Strand residue_residue pair propensities that occur in antiparallel strand pairs
calculated based on dataset-1.

[The maximal score is shown in bold font and the underlined scores correspond to pairs that are
discussed (Mandel et al., 2001). The scores in underlines italics correspond to pairs that are cross-
referenced with the results in (Wouters and Curmi, 1995).]

A CDEVFGHTITIKILMNUZP QORI STVWY
A 0747 0739 0251 0383 1255 0497 0.675 1535 0326 1024 0748 0269 0.139 0494 0.530 0.494 0.773 1.858 1547 1382
2.686 0.429 0.358 2.445 0.602 1.316 3.514 0.346 0.932 1.221 0.696 0.367 0.895 0.530 0.556 1.454 2.359 2.813 1.940

0.365 0.302 0.566 0.241 0.600 0.334 0.720 0.295 0.219 0.326 0.122 0.516 1.034 0.488 0.767 0.588 0.476 0.395

0.355 0.878 0.340 0.895 0.772 1300 0.558 0.735 0.673 0263 0.876 1840 0.697 1.183 0.872 0.835 1.122
2.948 1161 1.106 2.656 0.751 2.240 2.137 0.490 0.716 0.942 0.881 0.876 1309 2.753 2.081 2.706
0.406 0.618 0.965 0.287 0.762 0.639 0.293 0.136 0.285 0.352 0.481 0.653 1.113 1.644 1.271
0.810 1.481 0.811 0.689 0.934 0.537 0.413 0.755 0.704 1.244 1.716 1.220 1.127 1.343

5186 1.024 2.732 2307 0.648 0352 0.970 0.931 1.028 1.087 3.294 3.042 2.739

0.476 0517 0.762 0.409 0.198 0.819 0.620 0.839 1247 1.050 1324 1614

1.830 1.410 0.315 0.256 0.655 0.775 0.688 0.746 2.364 2.148 2.072

2.046 0.617 0.436 1.063 0.365 0.698 1.331 3.471 0.955 1.886

0591 0.138 0.567 0.589 0.629 1.204 0.850 1.028 0.590

0.070 0.083 0.183 0.183 0.363 0.399 0.786 0.799

0.974 1.127 1.106 2.069 0.895 1.790 1.621

0.785 0.915 1.498 1.304 1.772 1.900

0.823 1.552 1.186 0.812 1.055

2229 1.59 0.800 1321

4362 2.579 2.691

1.902 2.648

< E AR IORZEN R~ O T A

2.686

Impact of residue conservation on the propensity of strand residue residue
pairs

We also compute the propensities of conserved strand residue_residue pairs that occur in
parallel and antiparallel strand pairs. To generate the corresponding propensity tables,
first we compute conservation scores for all AAs in the considered protein chains. These
conservation score values are binarized to differentiate between conserved and non-
conserved residues by setting a threshold. Next, we compute the propensities of the
conserved strand residue residue pairs for PR and APR datasets with the normalization

using the NR dataset.
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Computation of residue conservation

The conservation score of an amino acid that typically mutates is higher compared to an
amino acid that typically does not mutate easily (Johansson and Toh, 2010). There are
several methods, including entropy—based, variance-based, and matrix score-based, to
calculate conservation scores from the multiple sequence alignments (Pei and Grishin,
2001). A recent study suggests that the relative entropy measure leads to more
biologically relevant results (Wang and Samudrala, 2006). This measure found
applications in several areas, such as identification of protein functional site regions (La
and Livesay, 2005), identification of binding sites (Zhang et al., 2010), fold recognition
(Chen and Kurgan, 2007), identification of residues determining functional specificity of
protein subfamilies (Wang and Samudrala, 2006). Therefore, we chose the relative

entropy measure to compute residue conservation.

To compute the relative entropy, we first generate PSSM (position specific scoring
matrices) profiles for all the protein chains using PSI-BLAST program (Altschul et al.,

1990) with default parameters. The relative entropy is defined as follows:

WP(A )

53
bp(4,) [5.3]

ZWP(A )log

where RE; is the relative entropy of a residue at the /™ position in a chain, WP(4;) are the
weighted observed percentages extracted from position-specific scoring matrix (PSSM)
for the i™ AA type at /™ position, and bp(4;) is the background probability of the i AA
type. The background frequency is the ratio of the occurrence of /™ AA type to the total

number of residues in the dataset.
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We considered residue conservation score values for 51345 strand residues in 861 chains
(alignments) from our dataset to establish a threshold that differentiates between
conserved and non-conserved strand residues. Based on similar work in (Pei and Grishin,
2001), we plot a histogram of the conservation values; Figure 5-1 presents the histogram
with bin size 0.30, where o is the standard deviation. The histogram shows a single peak
with asymmetric tails, a short and steep tail on the left side and a long tail on the right
side. Such a shape indicates a mixed distribution that is likely to have a few distinct
components. This shape is similar to a distribution shown in (Pei and Grishin, 2001),
where the authors concluded that it can be approximated by the sum of two Gaussian
distributions, one that corresponds to low conservation and another that corresponding to
high conservation components. We performed a similar analysis by fitting the sum of two
Gaussian  distributions ~ with  the help of the  SigmaPlot software
(http://www.ritme.com/tech/sigmaplot); see Figure 5-1. Clearly, the bin size for a
histogram has an important influence on the goodness-of-fit for any model fitted to it; we
therefore also examined mixture models (again, of two Gaussians) for histograms of the
same data at 0.1c and 0.2c. We use multiple measures of goodness-of fit: the standard
error of the model, the coefficient of determination (R”) of the model, and a one-way
ANOVA (analysis of variance) (see Supplementary Figure 0-1, 2&3 in Appendix A).
Overall, while the models for 0.1c and 0.3c are nearly as good a fit as each other (and in
fact all three are very strong fits), the mixture model for 0.3c is a slightly better fit than
for 0.1c. This choice is important because if the two distributions correspond to low and
high conservation as assumed, then the exact conservation value where these two
distributions are equal can be used as a threshold to distinguish low conservation from

high conservation. Thus, the threshold depends on our choice of bin size.
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Based on the above analysis, and following (Pei and Grishin, 2001), we model the
histogram with bin size at 0.3c (see Figure4.1) as the sum of two Gaussians, which
approximate the distribution of the low conservation and high-conservation components,
respectively. The low conservation component (on the left) contributes to the main peak
together with the left tail. The high conservation component (on the right) gives rise to
the long right shoulder. The cut-off threshold to separate conserved and non-conserved
AAs is the crossing point of these two Gaussian distributions, equal to 1.0532. This
threshold is used to binarize the residue conservation, such that the residue is assumed as
conserved if the relative entropy value is > 1.0532, and otherwise it is assumed to be non-

conserved.

Number of Residues Scatter plot for bin size 0.3

10000 -Gaussian 1

u1=0.7792

61=0.4685

p1=0.4224

-Gaussian 2

u2=1.8408

62=0.8008

p2=0.5776

-Histogram of points:
2=9058.06

-Results of best-fit solution
Standard error of estimate =281.89
coefficient of determination
(R*=0.99

8000

5000

1000 +

2000

Conservation index

[The values on the x-axis are binned with the bin size equal 0.30 where o is the standard deviation.
The corresponding number of residues is shown on the y-axis. Based on (Jimin et al., 2001) and
using the Sigmaplot software, these data were fitted into the sum of two Gaussian distributions.

(gl + g2): f=a*(pl*exp(-.5*((x- u1)/ 61)2)+p2*exp(-.5*((x- p2)/ 62)2)), where p1 and pl are
means, 61 and 62 are standard deviations and pl and p2 are coefficients in the sum of two
Gaussians. These two Gaussian distributions serve as an approximation of the low conservation
and the high conservation components, respectively, and a is parameter that describes bin
size*number of residues. We analyzed bin sizes of 0.1 ¢, 0.2 ¢ and 0.3 o; the best fit to our data

(judged by R2 and a one-way ANOVA) occurs for 0.3 ¢ (see Appendix A for details). The dashed

line shows the threshold that is used to binarize the conservation scores]

Figure 5-1 The relative entropy-based conservation score values in histogram, which are
shown using black dots.

86



Conserved strand residue_residue pair propensity tables

Conserved residue residue pair propensity scores are computed from the PR and APR
datasets, respectively, by assuming that both residues in a residue_residue pair should be
conserved. There are 4591 and 14406 conserved strand residue residue pairs from among
13218 and 32008 strand residue residue pairs in the PR and APR datasets, respectively.
An element in the propensity table for parallel and antiparallel direction is computed as
follows:

_Pe(A4i- A
MCore™ (A, A

[5.4]

_pe A, A
MCo ™ (4, A D

[5.5]

where the score mcj ,, mc; 4 represents the propensity of conserved A; A;
(residue_residue) pairs that interact in parallel or antiparallel strand pairs, repectively,
Pc(A;_A)),. and Pc(A;_A;)q. represents the count of the conserved A; A; pairs computed
from the PR and APR datasets respectively, and P(4;_A,),q, represents the count of the A,.

_A,; pairs computed from the NR dataset.

The conserved strand residue_residue pair propensity scores for the PR and APR datasets
are shown in Table 5-3 and Table 5-4, respectively. Propensity values >1 indicates that
the corresponding residue_residue pairs are more likely to form a strand pairs for a given

direction when compared with a random pairing of residues in the same protein chain.
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Table 5-3 Conserved strand residue_residue pair propensities that occur in parallel strand
pairs calculated based on dataset-1.

[The maximal score is shown in bold font and the underlined scores correspond to pairs that are

A CDE F G

A 0.499 2.340 0.175 0.101 1.560 0.486
3.121 0.780 1.386 4.801 1.320
0.242 0.055 0.200 0.466

0.122 0.504 0.357

5.381 1.778

0.439

“E e IO ZEE RS QDA

discussed in (Fooks et al., 2006)]

H

0.965
4.406
0.411
1.465
2.340
0.891

2.675

I

2.118
9.477
0.255
0.373
4.753
1.749

2.229

K LMNUPQR STVWY

0.404
0.993
0.136
0.545
0.655
0.137
0.915
0.621

0.000

0.815
1.734
0.398
0.335
2.837
0.778
0.943
5.153
0.392

2.274

88

1.535
1.135
0.555
0.000
5.033
1.189
1.899
7.348
1.594
1.282

3.566

0.204
0.000
0.535
0.084
0.471
0.430
0.681
0.406
0.178
0.295
0.861

1.373

0.108
0.000
0.177
0.187
0.284
0.184
0.000
0.535
0.043
0.184
0.506
0.107

0.000

0.240
0.985
0.225
0.575
0.328
0.278
0.734
0.524
0.629
0.369
0.780
0.474
0.000

0.367

0.312
0.255
0.574
0.607
0.835
0.355
1.192
0.999
0.580
0.261
0.510
1.012
0.078
1.184

0.308

0.210
1.399
0.397
0.339
0.620
0.380
1.294
1.344
0.065
0.333
2.496
0.443
0.075
0.236
0.984

0.450

0.463
1.950
0.574
0.478
0.838
0.592
2.600
1.824
0.839
1.098
2.362
2.154
0.317
1.342
1.640
0.712

1.170

1.169
2,978
0.174
0.302
3.671
0.619
1.325
4329
0.478
2485
2.588
0.769
0.464
0.698
0.949
0.390
1.327
1.676

1.040
1.783
0.531
0.423
1.518
1.019
1.156
4.991
0.000
1.337
3.745
1.618
0.761
4.161
1.300
0.462
1.195
2.433

0.000

1.061
2.080
0.246
0.814
5.249
1.290
3.121
5.305
1.226
2.568
4.235
1.419
0.817
1.507
1.274
0.669
1.129
3.219
3.121

2.193



Table 5-4 Conserved strand residue_residue pair propensities that occur in antiparallel strand pairs
calculated based on dataset-1.

[The maximal score is shown in bold font and the underlined scores correspond to pairs that are
discussed in (Mandel et al., 2001). The scores in underlines italics correspond to pairs that are
cross-referenced with (Wouters et al., 1995)]

A CDEF G H I

A 0.627 0.994 0.244 0.410 1.146
4.972 0.746 0.442 4.513
0.483 0.218 0.875
0.387 1.248

5.110

“E e FOTZERN R =TI QmETA

0.569
1.147
0.355
0.422
1.815
0.559

0.904
2.808
0.831
1.218
2.127
0.900
1705

1.343
4.862
0.371
0.638
3.688
1.076
1.799
6.019

K LMNUP QRS STVWY

0.306
0.452
0.778
1073
1.015
0.227
0.955
0.831
0.484

0.788
1.243
0.226
0.392
2.308
0.835
0.787
2.261
0.423
1.804

0.978
3.074
0.442
0.710
3.721
1.010
1.730
2.651
1.058
1.280
4.262

5.3 Discussion of propensity scores

5.3.1 Comparison of propensity scores

0.286
0.994
0.440
0.641
0.901
0.377
0.795
0.663
0.511
0.299
0.823
1.154

0.146
0.663
0.136
0.238
1.193
0.210
0.535
0.483
0.192
0.159
0.807
0.153
0.062

0.421
1.466
0.735
0.931
1.423
0.355
1.248
1.270
1.095
0.503
2.113
0.856
0.144
1.579

0.436
1.015
1.029
2.100
1.190
0.386
0.894
0.909
0.739
0.697
0.487
0.699
0.148
1.509
0.835

0.430
0.823
0.570
0.516
1.213
0.677
1.771
0.908
0.845
0.686
0.796
0.776
0.120
1.351
1.038
1.147

0.684
1.989
0.880
1.218
1.722
0.830
2.122
1.217
1.358
0.614
1.506
1.566
0.332
3.101
1.811
2.032
2.507

1.058
1.491
0.420
0.476
2.159
0.851
1.003
1.870
0.569
0.997
2571
0.620
0.261
0.584
0.788
0.812
0.954
0.681

2.140 1.367
6.251 3.149
0.677 0.550
1.180 1.340
4.086 4.136
2.557 1.764
2.357 2.670
4.204 3.660
1.989 1.634
2.756 2.387
2.122 3.339
1.842 0.836
1.455 1.231
2.557 2.607
2.942 3.004
1.105 1.421
1.439 1.496
2.528 2.039
3.729 4.972

4.463

We plot the strand residue_residue propensity scores for A; A; pairs (in solid black line),

conserved A; A; pairs (in dotted line), and the relative frequency A; A; pair scores (in

solid grey line) that were recently developed in (Zhang et al., 2010) for parallel and

antiparallel pairs in Figure 5-2 and Figure 5-3, respectively. These Figures facilitate a

direct comparison of differences between our scores and the recent representative scores

that were developed using a different normalization.
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(a) Top 25 strand residue-residue pair scores, conserved strand residue -residue pair scores, and relative frequency of residue -residue pair scores that
occur in parallel beta-sheets
‘ —e— strand Ai-Aj pair propensity score ---m--conserved strand Ai-Aj pair propensityscore —a——realtive frequncy of Ai-Aj pair scores (Zhang etal., 2010)
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Figure 5-2 210 A;_A; pair scores for parallel direction, where A;_A; pairs are arranged in descending order of strand A;_A;
pair propensity scores. Top 25 preferred (with highest values) pairs are shown in panel (a) and remaining pairs shown in panel

(b).
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Top 25 strand residue-residue pair scores, conserved strand residue-residue pair scores, and relative frequency of residue-residue pair
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Excluding top 25 strand residue-residue pair scores, conserved strand residue-residue pair scores, and relative frequency of residue-
residue pair scores that occur in anti parallel beta-sheets
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Figure 5-3 210 Ai_Aj pair scores for antiparallel direction, where Ai_Aj pairs are arranged in descending order of strand
Ai_Aj pair propensity scores. Top 25 preferred (with highest values) pairs are shown in panel (a) and remaining pairs shown
in panel (b)
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Based on Figure 5-2 which concerns the parallel direction, among the 210 strand A; A;
pair scores, 28% show preference in formation of strand pairs (i.e., their score value is
greater than 1). To compare, the propensities for the conserved pairs and pairs based on
work in (Zhang et al., 2010) show preference in 41% and 59% of cases, respectively. For
the antiparallel direction, see Figure 5-3, among the 210 strand A; A; pair scores, 41%
have score values > 1. The corresponding percentages for the conserved pairs and pairs
based on work in (Zhang et al., 2010) are 50% and 78%, respectively. These results
suggest that a larger fraction of residues pairs are preferred for the formation of the
antiparallel strands; this could be because the antiparallel strands are more prevalent in
protein chains than the parallel strands. Also, a relatively small number of strand A;_A;
pairs have high score values (say, >3, which would indicate the three time higher
likelihood to form strand pairs), which agrees with other works where only several
(<10%) of pairs are show to be significant for the formation of B-sheets (Fooks et al.,

2006; Wouters and Curmi, 1995).

Next, we computed Spearman’s correlation coefficient between the three sets of strand
A;_A; pair scores, for each direction separately. The correlation coefficient values
between our propensities for all and the conserved pairs are 0.89 and 0.90 for the parallel
and antiparallel direction, respectively, which means these two propensity tables are
highly correlated. The coefficient values calculated between our pair scores and the
propensities from (Zhang et al., 2010) are 0.83 and 0.89 for the parallel and antiparallel
direction, respectively, which again shows that these two approaches to calculate
propensity are highly correlated. However, the correlation coefficients between our
scores for conserved residues and the scores from (Zhang et al., 2010) are 0.76 and 0.78,
respectively, which suggests a lower similarity. This is due to the fact that these scores

differ on two aspects: the normalization and the inclusion of the conservation.
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Next, we compared the top 5 preferred (highest-scoring) parallel A;_A; pairs (I I, V_V,
I V,1 L, and C_I) from our strand A; A, pair propensity scores with the top 5 preferred
pairs from the other two methods, see Figure 5-2. Out of these 5 pairs, 2 (I I and C I)
and 3 (V_V,1 V,and I L) also appear among the top 5 based on the conserved strand A,
_A; pair propensity scores and based on propensities calculated by Zhang et al. (2010),
respectively. We also compared the top 5 preferred antiparallel A; A; pairs (I I, V_V,
C I, M_V, and I V); see Figure 5-3. Out of these 5 preferred pairs, only 1 pair (I I) is
among the top 5 pairs calculated using the conserved strand A; A, pair propensity scores,
and similarly 1 pair (I_V) is among the top 5 based on (Zhang et al., 2010). These results
suggest that in spite of the relatively high correlation, the proposed and the existing
propensities differ. We also note that based on our scores four of the A; A; pairs (I_I,
V. V, C 1, and I V) are in the top 5 preferred pairs for both parallel and antiparallel
directions. Moreover, the A; A; pair with the highest score (I_I) and the A; A, pair with

the lowest score (P_P) for parallel and antiparallel directions are the same.

5.3.2 Comparison of propensity scores with existing literature

A recent investigation of A; A, pairs in parallel beta sheets (Fooks et al., 2006), gives a
list of nine preferred pairs (N N, I L V. V,L L, 1 V,C C,D K, E K, and E R). 5 out
of these 9 pairs (I I, V.V, L L, 1 V, and C S) are among the preferred pairs based on
our A;_A; pair propensity scores, and 6 pairs (NN, [ I, V_V, L L, 1 V, and C_C) are
preferred based on our conserved A; A; pairs propensity scores. These pairs are shown
using underline in Table 5-1 and Table 5-3. An investigation of strand residue pairs for
antiparallel -sheets listed 11 statistically significant A; A, pairs (H_ H, G W, F L,F Y,

V.YV WKS 1Y, RS, K R,and K Q) that are H-bonded (Mandel et al., 2001). Out
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of these 11, 6 pairs are be preferred based on our strand pair propensity scores (G W,
FLFY, VY,V W andl Y), and 8 based on the conserved-pair scores (H H, G W,
F L FY,V.Y,V W and1 Y); these pairs are shown using underline in Table 5-2 and
Table 5-4. In another, older work that analyzes the intra-chain interactions and pair
correlations in antiparallel B-sheets, the authors give nine high scoring AA pairs (C_C,
EK,ER, QR,FF SS, DK, QK,and T N) that are H-bonded (Wouters and
Curmi, 1995). Out of the 9, 6 pairs (C C, E E,E R, Q R, F F, and T N) and 7 pairs
(CCEK ER QR,FF,SS,and T N) are also preferred based on our propensity
regular and conservation-based scores, respectively; these pairs are shown using
underlined italics in Table 5-2 and Table 5-4. In addition, the ICBS database (Dou et al.,
2004) suggests two homo-pairs (the same AAs in a pair): C_C and M_M, and one hetro-
pair (different AAs in a pair) C_W, which are favored in the antiparallel B-sheets. These
three pairs are also preferred based on our propensities. Our comparative analysis shows
that our propensity tables, which are computed, based on the intra-chain normalization,

overlap with prior work and that we find a few “new” preferred pairs.

5.3.3 Use of propensity scores to find pB-strand residues

Chapter 4 describes the BETArPred method, which improves strand residue prediction
when compared with the existing methods. However, there is room left to further
improve the strand residue prediction from the sequence. Here, we investigate whether
long range interactions, specifically the strand residue residue pair propensity tables, can
be used to differentiate between strand and non-strand residues. To do that, we define a
scoring function based on sliding the observed/predicted strand segment over the

sequence and aggregating the strand residue residue pair propensities for the aligned
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pairs. We investigate whether these scores differ significantly between the native strand

and native non-strand residues.

Scoring function

To compute scoring function values, we first collect all (native or predicted) strand
segments in a given sequence. Next, we slide each strand segment in one direction (left to
right or parallel, and right to left or antiparallel) along the sequence. While sliding a
given segment in a given direction, we compute the scoring function value for each
residue in the sequence (for the residues in the center of sliding window), except for the
residues that belong to the segment in question; this is to assure that we do not use a

given strand segment to “self-score” its own residues. The scoring function is

[5.6]

where m; represents the A; A; residue_residue (or conserved residue residue) pair
propensity scores from the corresponding tables (Table 5-1, Table 5-2, Table 5-3, and
Table 5-4), depending on the direction of sliding and the use of conservation, and L is the

number of pairs that were scored.

The scoring function computes an average strand residue_residue pair propensity over all
pairs of residues between the slid strand segment and the corresponding segment on the
protein chain. Overlapping segments correspond to a potential matching strand pair, and
all AA pairs in these segments can contribute equally to the formation of the strand pair.
Higher values of the scoring function means these two segments are more likely to

interact to form a strand-strand pair, while lower value means these two segments are less
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likely to interact. We find the maximum value for each residue among all segments in all

sliding positions as follows:
Max S, = Max(s,;,S,;,83;5---.S,;) [5.7]

Where ‘i’ is the i residue in the sequence and ‘7’ is the number of scores available for all

. . .th . . h
the residues. s,; is the score of the i residue in the 7" row.

An example that illustrates the computation of scoring function values for a fragment of
the amino acid sequence of the Apolipoprotein A-I Binding Protein (PDB ID: 2DG2) is
shown in Figure 5-4. The example includes two strand segments which are slid in parallel
direction (left to right). After we calculate the scoring function values for each position
when sliding each strand segment, we aggregate these scores by computing a maximum
for each amino acid (row 45 in Figure 5-4). We calculate the maximum since each strand
must interact with at least one other to form a (-sheet. While most of the strands in a
chain could interact with more than one other strand, determining the number of
interacting strands is not our objective. We need only determine that there is a strong
interaction with at least one other strand, and this shows that the residue of interest is
likely a strand residue. We observe that in our example in Figure 5-4, most of the
residues with high maximal scores, at 1.7 and 1.8, do indeed form strand segments. This
agrees with the observed structure (see row 2) where these two strands in fact form a -
sheet. We evaluate the quality of these maximum-based propensities through statistical
tests that compare their values between native strand and non-strand residues in the next
section. We note that we do not calculate the scoring function when the slid segment
overlaps with itself in the sequence (rows 3 to 8 for the first strand segment, and rows 36
to 44 for the second strand). Instead, we assign a default value of -1. This value is used

since the scoring function values are always positive and we want to ignore these default
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values when calculating the maximum. We use this scoring procedure in six cases: (1)
when sliding the strand segments in parallel direction; (2) when sliding the strand
segments in antiparallel direction; (3) when sliding the strand segments in parallel
direction and scoring using only the conserved residue_residue pairs; (4) when sliding the
strand segments in antiparallel direction and scoring using only the conserved
residue residue pairs; (5) when sliding the strand segments in parallel direction, scoring
using only the conserved residue residue pairs, and recording the maximal scores only
for conserved residues; (6) when sliding the strand segments in antiparallel direction,
scoring using only the conserved residue residue pairs, and recording the maximal scores
only for conserved residues. These six cases are evaluated when using (for sliding) both
the native strand segments assigned with DSSP and the strand segments predicted with

BETArPRED.
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[The first row shows the amino acid sequence. The native strand segments, which are identified in
row 2 and above the sequence, were assigned with DSSP. Rows 3 to 26 show scoring function
values that are obtained by sliding strand 1 segment over the sequence in parallel direction (left to
right) and rows 27 to 44 give the scoring function values that are computed by sliding strand 2
segment. Row 45 shows the maximum value calculated for each residue among the corresponding
scores generated by all segments in all sliding positions. Scores shown in bold font correspond to
location of the native strand segments. ]

Figure 5-4 Example computation of the scoring function values for a fragment of the AA
sequence of the Apolipoprotein A-I Binding protein (PDB ID: 2DG2).
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5.3.4 Evaluation of maximum-based propensities

Table 5-5 summarizes the statistical comparison of the propensities for strand and non-
strand residues. We consider the six cases defined in Section 5.3.3, which are shown in
consecutive rows in Table 5-5. Specifically, we calculate the maximum-based
propensities using all residue pairs and conserved residue pairs by sliding strand
segments in the parallel and antiparallel directions, and we calculate the maximum-based
propensities only for conserved residues using conserved residue pairs by sliding strand
segments in the parallel and antiparallel directions. The above cases were executed when
using the DSSP assigned native strand segments, including all segments in both
directions (column 3 in Table 5-5) and a subsets of segments in their native direction
(column 4 in Table 5-5), and when sliding the BETArPRED predicted strand segments
(column 5 in Table 5-5). In case of column 4, we exclude protein chains from which do
not have DSSP assigned strand segments in the indicated direction since we cannot score
these proteins. As a result, we exclude a total of 348 and 78 sequences from our dataset
when assessing propensities for parallel and antiparallel directions, respectively.
Similarly for column 5, we exclude 3 protein chains for which BETArPRED did not
predict any strand segments. Moreover, when calculating the maximum-based
propensities using the conserved residue pairs, when there are no conserved pairs to
compute the scoring function then we use the default “-1” value; this is because the
scoring function values are always positive and we use maximum to aggregate the scores,

so a “-1” value is always ignored.
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Table 5-5 Comparison of averages for strand and non-strand residue from dataset-1 in the
18 experimental designs and their statistical significance test results.

[Score types include propensity scores of Table 4.1, Table 4.2 , Table 4.3 and Table 4.4. The

directions of sliding include parallel (p) and antiparallel (ap). The tests concern sliding of DSSP
assigned native strand segments, including all segments in both directions (column 3), and a

subsets of segments in their native direction (column 4), and sliding of BETArPRED predicted

segments (column 5). The statistical tests compare scores for native strand residues (E avg) and
native non-strand residues (nE avg).Statistical tests are performed by selecting 1000 non-strand

and 323 strand residues at random (to maintain the native proportions of strand and non-strand

residues) from dataset-1 to compute the averages and to measure significance of the differences

between these two sets of scores. This is repeated 1000 times and the “prob. of p-value at 0.05”
column reports the probability (fraction) of the 1000 tests where the “E avg” is significantly higher
than “nE avg” at the 0.05 level.]

no direction (all

direction (only in the

no direction using

Direc segments) using DSSP- | correct direction) using | BETArPRED-predicted
-tion |score derived strands DSSP-derived strands strands
of sli- type E E Prob. of E E Prob. of E E Prob. of
. avg | nEavg | avg | nEavg | avg |nEavg |
dlllg +/-std +/-std p value +/-std +/-std p value +/-std +/-std p value
at 0.05 at 0.05 at 0.05
p  |allpairs | 39514 [ 32355 [ | [3.6392 [ 29712 | | [3.5617 [ 33552 | (o4
+1.6029 +1.3689 +1.4531 +1.2039 +1.4788 +1.3939 )
conserved| 51484 | 4.5320 4.5842 | 4.0270 4.8252 | 4.7151
pairs 437456 | +3.4067 767 +34946 | +3.1671 695 435206 | +3.4634 055
conserved
pairs for | 53521 | 4.5463 4.7949 | 4.0997 4.8541 | 4.6345
conserved| #3.4447 | +3.0150 982 432082 | +2.7603 964 433560 | +3.2619 77
AAs
ap all pairs 2.2795 1.9888 1 2.0631 1.8117 1 2.1182 | 2.0383 748
+0.5395 +0.4660 +0.4361 +0.3936 +0.5012 +0.4772 )
conserved| 29422 | 2.7883 2.6952 | 2.5400 2.8479 | 2.8360
pairs +1.4553 | +1.4390 396 £1.3907 | +1.3847 476 £1.4200 | +1.4314 019
conserved
pairs for | 3.0054 | 2.7622 2.7523 | 2.5171 2.8541 | 2.7906
conserved| =1.1816 +1.1315 936 +1.1096 +1.0740 952 +1.2969 +1.3086 124
AAs

Table 5-5 shows the average values of the maximum-based propensities over the entire

dataset for native strand residues (E avg) and native non-strand (nE avg) residues. We

tested the significance of any differences between these values. We could not directly

compare the entire set of propensities (51345 and 158450 values for strand and non-

strand residues, respectively) due to the large sample size. Instead, we randomly select

1000 values for the non-strand residues and 323 values for strand residues to maintain the

native proportions of strand and non-strand residues. Next, we run the normality test for

these two sets using Shapiro-Wilk test (Shapiro and Wilk, 1965) at the 0.05 significance
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level. Since these two groups were always normally distributed we used the student’s
group t-test to assess significance. This test was repeated 1000 times, each time selecting
a different set of strand and no-strand residues, and we recorded how many times the test
was significant at 0.05 significance level. Next we calculated the probability of
significance as (sum_plus - sum_minus) / 1000, where “sum_plus” denotes the number of
times when the maximum-based propensities of strand residue are significantly higher
than for the non-strand residues and “sum_minus” denotes the number of times when the
maximum-based propensities of non-strand residue are significantly higher than for the

strand residues.

Table 5-5 shows that, as expected, the average maximum-based propensities are always
(for all 18 setups) higher for the strand residues. When using the DSSP assigned native
strand segments and when scoring using all residues (rows 2 and 5, and columns 3 and 4),
the probability of significance is 1, which means that the difference between the scores
for strand residues and non-strand residues was always found to be significant. This result
suggests that the maximum-based scores are helpful in differentiating strand and non-
strand residues. This demonstrates that our propensities can be used to find strand

residues based on long-distance interactions.

Table 5-5 also shows that the averages are higher for the parallel direction when
compared to the antiparallel direction. For example, when using the DSSP assigned
strand segments and when scoring using all residues pairs (rows 2 and 5, and column 3)
the average (+ standard deviation) for strand and non-strand residues is 3.9514 (+1.6029)
and 3.2355 (£1.3689) for the parallel direction, and 2.2795 (£0.5395) and 1.9888
(£0.4660) for the antiparallel direction, respectively. This is due to the higher strand

residue residue pair propensity score values for the parallel direction (see Table 5-1)
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when compared to the values for the antiparallel direction (see Table 5-2). Similarly,
when we use the conserved strand residue residue pair scores to compute scoring
function values, the averages are higher than when using all strand residue residue pair
scores (e.g., rows 2 and 3, column 3). This is again due to the fact that the
residue_residue pair propensity score values for all residues (see Table 5-1 and Table
5-2) are lower than for the conserved pairs (see Table 5-3 and Table 5-4). The above
discussion shows that different strand residue residue pair propensity tables induce
different magnitudes of the average means. Therefore, we do not rely on the raw average
values to decide whether the maximum-based propensities are useful; instead we use the

statistical tests of significance.

The probability of significance when calculating the scoring function using conserved
residue pairs (rows 3 and 6) is lower than when using all residues pairs (rows 2 and 5).
This is most likely because many segment pairs that are used to calculate the scoring
function have no conserved residue residue pairs, which means that fewer scores are
available to calculate the maximums. Similarly, we believe that the probability of
significance is lower when we slide the strand segments in their native direction (columns
3 and 4), since again this results in fewer scores that are used to calculate the maximums.
Moreover, our analysis in Section 5.3.1 shows that the strand residue_residue propensity
scores are similar between the parallel and antiparallel directions, which suggest that
directional information does not provide strong predictive value for differentiating strand

and non-strand residues.

The last column in Table 5-5 shows the results when we use the predicted strand
segments from BETArPRED to calculate the maximum-based scores. As expected, the

probability of significance (0.623 and 0.748 for the parallel for antiparallel directions,
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respectively) is lower than when using the DSSP assigned segments (column 3). This is
because the predicted strand segments may include errors. Nonetheless, this evaluation
indicates that our scoring functions can aid prediction of B-strand residues in a protein

sequence.

We also compare our propensities (Table 5-1 and Table 5-2) with the propensity scores
based on recent work by Zhang et al. (2010) (see column 3 & 4 in Table 5-6). For the
scores by Zhang et al., the probability of significance is 1 when we slide the observed
strand segments (that are assigned by DSSP) in either direction. This is the same as when

using the new scores proposed in this work; (see column 3 in Table 5-6).

Table 5-6 Comparison of averages for strand and non-strand residue from our dataset using
our scores with propensity scoring tables from (Zhang et al.,2010) for parallel (p) and
antiparallel (ap) directions and their statistical significance test results.

[The tests concern sliding of all DSSP assigned native strand segments (column 3) and sliding of
BETArPRED predicted segments (column 4). The statistical tests compare scores for native strand
residues (E avg) and native non-strand residues (nE avg). We select 1000 non-strand and 323
strand residues at random (to maintain the native proportions of strand and non-strand residues)
from our dataset to compute the averages and to measure significance of the differences between
these two sets of scores. This is repeated 1000 times and the “prob. of p-values at 0.05” column
reports the probability (fraction) of the 1000 tests where the “E avg” is significantly higher than
“nE avg” at the 0.05 level.]

Direction |Residue no direction (all segments) no direction using
of sliding |reside pair using DSSP-derived BETArPRED-predicted
for all scores strands strands
pairs Eavg | nE avg pl_’:;lbu' eozf ¢ E avg nE avg P;‘_)‘l]);‘l‘:lfe
+/-std +/-std 0.05 +/-std +/-std at 0.05
3.9514 | 3.2355 3.5617 3.3552
Qurs £1.6029 | 13689 | | | £1.4788 | +13939 | 0623
P others
(Zhang et 5.8585 | 4.9792 1 5.3474 5.1186 0611
+1.8143 | £1.5342 +1.6237 | +1.5640
al.,2010)
2.2795 | 1.9888 2.1182 2.0383
Qurs £0.5395 | 04660 | | | 05012 | 04772 | 748
ap others
4.1041 | 3.6557 3.8592 3.7361
(Zhanget | 0601 | 407618 | | | z0.8082 | 0.7765 | O-6%°
al.,2010)
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However, when using the predicted strand segments, the probability of significance is
higher when using our scores, i.e., 0.623 vs. 0.611 for the parallel direction and 0.748 vs.
0.685 for antiparallel direction (see column 4 in Table 5-6). The 6% improvement in the
probability when scanning in the antiparallel direction is relatively substantial, especially
considering the fact that the antiparallel strands are more prevalent than the parallel
strands. These results suggest that our strand residue_residue propensity tables provide an
improvement over the existing approaches in the context of identification of the 3-strand

residues.

54 Summary

In this chapter, we investigated the use of long-range interactions to identify B-strand
residues in protein sequences. We computed the propensities of residue pairs to form
residue_residue interactions in B-sheets. We also computed the propensities for conserved
residue residue pair interactions that occur in B-sheets to study the effect of residue
conservation. We normalized these propensities using residue_residue pair scores in the
same chain (intra-chain) rather than normalizing with a product of individual residue
scores, as was done in previous works. Our chosen normalization is arguably more
suitable for sequence-based prediction of B-strand residues. We also compared these
residue residue propensity scores, including scores based on all and based on conserved
pairs, with the relative frequency scores that were recently proposed in (Zhang et al.,
2010). Our residue residue pair propensity scores are shown to be correlated with other
two types of scores (scores that include conservation and scores by Zhang et al., (2010))
and our top residue residue pair propensity scores (pairs that are more prevalent in [3-
sheets) are in agreement with previously identified residue residue pairs in -sheets.

However, our empirical evaluation of the utility of these propensity scores in finding -
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strand residues shows that our propensities provide somewhat greater predictive power

when compared with the propensities proposed by Zhang et al. (2010).

We also propose a maximum-based scoring function which is used to differentiate
between the strand and non-strand residues. These maximum-based scores are based on
long-range interactions, and they complement the current B-strand residue predictors that
utilize local, window-based information. We assess the usefulness of these scores by
comparing their values for strand and non-strand residues. Our results show that the
average values for strand residues are significantly higher than for the non-strand
residues, meaning these scores can be helpful in differentiating between strand and non-
strand residues. We also tested our methods by including the residue conservation and
strand directionality information separately and combined, but we were unable to gain
further benefits. Overall, our analysis suggests that our residue residue pair propensities
combined with our maximum-based scoring function are potentially useful for the

prediction of B-strand residues.
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6 Conclusions

6.1 Review

This thesis focuses on improving computational prediction of B-residues (strand residues)
and strands in proteins based on the amino acid sequence. Such predictions would lead to
better sequence-based recognition of B-sheets. We followed a systematic step-wise
approach consisting of three main steps. In the first step, we investigated the two-state
performance of existing secondary-structure predictors, and confirmed that Q, is inferior
to Oy; this indicates that there is a need for a specialized B-strand residue prediction
algorithm, to see whether a new prediction method is needed. In the second step, we
developed a prediction model that improves prediction of B-residues and strands, when
compared with the existing methods. In the third step, we investigated propensities of
residue_residue interactions in strand pairs to develop scoring functions that could

potentially (in the future) lead to the development of even better strand predictors.

In chapter 4, we developed the BETArPRED model that uses a novel ensemble-based
design to predict the B-residues and strand segments. Our BETArPRED predictions are
compared with seven modern SS predictors and the top-performing automated structure
predictor in CASPS8, the ZHANG-server. Our model provides statistically significant
improvements over each of the considered SS predictors and improves prediction of [3-

residues and strands.

In chapter 5, we computed the propensities of residue residue pairs and conserved
residue_residue pairs that interact in B-sheets. We compared the strand residue residue

pair propensity scores with the relative frequency scores of the strand residue-residue
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pairs that were recently proposed by Zhang et al., (2010). Our residue residue pair
propensity scores are shown to be correlated with the other two scores (our conservation-
based scores and the scores by Zhang et al., (2010)). We also observed that our top
ranked residue residue pair propensity scores (for pairs that are more prevalent in [-
sheets) are in agreement with previously published residue residue pairs in beta-sheets.
Next, we proposed a scoring function based on the propensity scores. We found
empirically that scores generated by the scoring function can differentiate between strand
and non-strand residues. We also observed that inclusion of the residue conservation and
strand directionality information does not provide an improvement in differentiating the
strand and non-strand residues. Finally, we compared our propensities with the
propensities proposed in (Zhang et al., 2010) by using them with the scoring function to
differentiate strand and non-strand residues utilizing strand segments predicted by
BETArPRED. These empirical results show that our propensities provide greater

predictive power for the prediction of B-strand residues.

6.2 Contributions

Objective 1 of this thesis was to compare two-state strand predictions against two-state
helix predictions from state-of-the-art secondary structure predictors. Objective 2 was to
investigate the creation of a new, more accurate method for the prediction of the strand
residues and [-strands. Objective 3 was to investigate the propensities of the
residue residue pairs in the strand-strand contacts, and determine whether these
propensities can be used to further improve the prediction of the strand residues and B-

strands. My specific contributions for each of these objectives are as follows.

The contributions for the objective 1 are:

107



e | generated a high quality dataset for prediction of B-residues and B-strands. The
criteria applied to compile this dataset were to minimize the effect of templates
for secondary structure predictors and to include a generic set of globular
proteins that samples from the whole protein structure space with a low sequence
similarity and using high quality crystal structures. I divided this dataset into
training and test subsets, where the latter subset was used for blind comparison of
our predictor that was developed in this dissertation with other relevant
predictors. These datasets are available at

http://biomine.ece.ualberta.ca/BET ArPred/BrP.htm.

e Using my dataset, I empirically investigated how the existing methods perform
with respect to B-strands (B-residue) and helix prediction in 2-state rather than 3-
state secondary structure prediction. I found, as expected, that prediction of -
strands is characterized by poorer predictive quality when compared with

prediction of helices, which motivates investigation of objectives 2 and 3.

My contributions for objective 2 include:
e | introduced an ensemble method (BETArPRED) for prediction of B-strands and

B-residues, which utilizes a novel architecture.

e | introduced a new comprehensive set of features that exploits three types of
information including the amino acid sequence, predicted secondary structure
and predicted residue depth, aggregated at three levels: residue, window and

sequence. This set of features is used as an input to BETArPRED.
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I introduced a new quality measure called average strand segment coverage
(ASSC) to evaluate the strand segment predictions at the sequence level. This
measure is different from the currently used SOV. The 4ASSC measures how many
residues are correctly predicted in a strand segment — whether these residues
were contiguous or not, whereas SOV calculates the ratio of the largest single
contiguous portion of the segment to the largest extended portion of the
overlapping segment. If more than one portion of the segment is correctly
predicted, those other portions will be ignored. Therefore, 4SSC complements

the SOV measure.

I also evaluated our BETArPRED method using other residue level prediction
errors (under, over, length and inner segment errors) in the context of the [-
residue predictions and comprehensively compared it with other SS predictors
and a leading 3D structure predictor, Zhang-server. My empirical results
computed using the test dataset (from objective 1) show that BETArPRED
improves predictions of strand residues and strand segments when compared to a

wide range of modern SS predictors.

My contributions for objective 3 are:

I proposed and computed new propensity scores for the strand residue residue
pairs. I compared our residue residue propensities with other recently proposed
propensities (Zhang et al., 2010) and with my propensities calculated using
conserved strand residue residue pairs. I also cross checked my propensities
against preferred strand residue residue pairs identified in the literature. I found

that my propensity scores are in agreement with the literature.
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e | developed a maximum based scoring function that uses the strand
residue residue pair propensities and I utilized scores generated by this function
to differentiate between strand and non-strand residues. Using statistical tests of
significance, I found that these scores can distinguish between the strand and

non-strand residues.

e | found that the inclusion of sequence conservation and direction of strand
segments does not improve the propensity scores in the content of their use for
finding strand residues. More specifically, use of the propensity scores that
incorporate conservation and direction does not improve the identification of the
strand vs. non-strand residues when using my scoring function.

e My empirical analysis demonstrates that our propensity scores provide better
discriminative power (to distinguish strand and non-strand residues) when
compared with the recent propensities developed by Zhang and colleagues
(2010). This was performed by using my scoring function and strand segments

predicted by BETArPRED.

6.3 Future work

Although BETArPRED provides high quality predictions, there is still room for further
improvement. One potential approach could be to exploit strand-strand interactions. This
could be done with the help of our scoring profiles from Chapter 5, and which reflect
intra-strand amino acid pairing preferences. (Our results in Table 5-5 are a first step in

this direction.) A similar approach was recently proposed and successfully used to predict
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relative orientation of a pair of native strand segments (Zhang et al., 2010). In our case,
these scoring profiles would be utilized to score the predicted strand residues with respect
to their potential match with strand residues on another predicted strand segment. Such an
approach would reflect the long range interactions between strand segments that are not

covered by the current local window-based strand predictors.

Another useful source of information that could be used to improve the strand predictions
is related to position-specific propensities of amino acid types in strand segments. Recent
work shows that these propensities are position-specific and that they follow a
characteristic periodic pattern in inner positions with respect to the cap residues at both
termini of the strand segments (Bhattacharjee and Biswas, 2010). The last extensions of
the current method involves flexible windows as proposed by Chou and colleagues (Chou
and Shen, 2007; Chou, 2002; Chou, 2001), instead of the fixed-size windows which are

used in the current version of BETArPRED, to extract the local information.
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Appendix

Scatter plot for bin size 0.1 ¢

Number of residues
3000

-Gaussian 1

n1=1.7937

61=0.8042

p1=0.6021

-Gaussian 2

u2=0.7496

062=0.4373

p2=0.3979

-Histogram of points:
a=3480.29

-Results of best-fit solution
Standard error of estimate=187.88
coefficient of determination
(R*=0.96
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[The values on the x-axis are binned with the bin size equal 0.1c where ¢ is the standard deviation.
The corresponding number of residues is shown on the y-axis. Based on (Jimin et al., 2001) and
using the Sigmaplot software, these data were fitted into the sum of two Gaussian distributions.

(gl + g2): f=a*(pl*exp(-.5*((x-u1)/ 61)2)+p2*exp(-.5*((x- u2)/ 62)2)), where ul and p1 are
means, 61 and o1 are standard deviations and pl and p2 are coefficients in the sum of two
Gaussians. These two Gaussian distributions serve as an approximation of the low conservation
and the high conservation components, respectively, and a is parameter that describes bin
size*number of residues. The parameters of the best fit are shown on the right side. The dashed
line shows the threshold that is used to binarize the conservation scores.]

Supplementary Figure 0-1 The relative entropy-based conservation score values in a
histogram, which are shown using black dots.

ANOVA results for bin size 0.16:

Nonlinear Regression - Dynamic Fitting Tuesday, July 06, 2010, 5:28:09
PM

Data Source: Data 1 in Notebooké6

Equation: User-Defined, Weighted Sum 2 Gaussian
f=a*(pl*exp(-.5*((x-x10)/b1)"2)+p2*exp(-.5*((x-x20)/b2)"2))
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Dynamic Fit Options:
Total Number of Fits 200
Maximum Number of Iterations 200

Parameter Ranges for Initial Estimates:
Minimum Maximum

a -2631.0000 7893.0000

bl 0.0000 3.4091

b2 0.0000 3.4091

x10 -1.3000 3.9000

x20 -1.3000 3.9000

pl 0.0000 1.5000

p2 0.0000 1.5000
Summary of Fit Results:

Converged 98.5%
Singular Solutions 83.0%
[1l-Conditioned Solutions 15.5%
Iterations Exceeding 200 1.5%

Results for the Overall Best-Fit Solution:

R Rsqr  Adj Rsqr

0.9823 0.9649 0.9603 187.8832
Coefficient Std. Error t

a 3480.2911 1444.5066 2.4093

bl 0.8042 0.1150 6.9950

b2 0.4373 0.0914 4.7857

x10 1.7937 0.2069 8.6715

x20 0.7496 0.0629 11.9177

pl 0.6021 0.3040 1.9807

p2 0.3979 2.0012E-006198825.6620

Analysis of Variance:

Analysis of Variance:

DF

SS

Regression 7 106618413.3380

Residual 46

1623803.6620

Total 53 108242217.0000

MS

15231201.9054
35300.0796
2042305.9811

Corrected for the mean of the observations:

DF

SS

Regression 6  44663058.4512

Residual 46

1623803.6620

Total 52 46286862.1132

Statistical Tests:

Normality Test (Shapiro-Wilk)

W Statistic= 0.9019

Significance Level = 0.0500

MS

7443843.0752
35300.0796
890131.9637
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Standard Error of Estimate

P

0.0200
<0.0001
<0.0001
<0.0001
<0.0001

0.0536
<0.0001

F
210.8733

Failed (P =0.0004)

P
<0.0001



Constant Variance Test Passed (P =0.3232)

Fit Equation Description:

[Variables]

x = col(1)

y =col(2)

reciprocal y = 1/abs(y)

reciprocal ysquare = 1/y"2

'Automatic Initial Parameter Estimate Functions
peaksign(q)=if(total(q)>q[1], 1, -1)
xatymin(q,r)=xatymax(q,max(r)-r)

[Parameters]

a = if(peaksign(y)>0, max(y), min(y)) "Auto {{previous: 3480.29}}
bl = fwhm(x,abs(y))/2.2 "Auto {{previous: 0.80419}}

b2 = fwhm(x,abs(y))/2.2 "Auto {{previous: 0.437316}}

x10 = if(peaksign(y)>0, xatymax(x,y), xatymin(x,y)) "Auto {{previous: 1.7937}}
x20 = if(peaksign(y)>0, xatymax(x,y), xatymin(x,y)) "Auto {{previous: 0.749613}}
pl=0.5" {{previous: 0.602113}}

p2=10.5" {{previous: 0.397887}}

[Equation]
f=a*(pl*exp(-.5*((x-x10)/b1)"2)+p2*exp(-.5*((x-x20)/b2)"2))
fitftoy

"fit f to y with weight reciprocal y

"fit f to y with weight reciprocal ysquare

[Constraints]

b1>0

b2>0

pl>0

p2>0

pl+p2=1

[Options]

tolerance=1¢-010

stepsize=1

iterations=200

Number of Iterations Performed = 36

131



Scatter plot bin size 0.2 ¢

Number of residues
5000

-Gaussian 1

ul1=1.8580

61=0.7888

p1=0.5654

-Gaussian 2

u2=0.7822

62=0.4685

p2=0.4346

-Histogram of points:
a=6123.71

-Results of best-fit solution
Standard error of estimate=354.34
coefficient of determination
(R*=0.96
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[ The values on the x-axis are binned with the bin size equal 0.2c where o is the standard
deviation. The corresponding number of residues is shown on the y-axis. Based on (Jimin et al.,
2001) and using the Sigmaplot software, these data were fitted into the sum of two Gaussian
distributions. (gl + g2): f=a*(p1*exp(-.5*((x-u1)/ 61)2)+p2*exp(-.5*((x- n2)/ 62)2)), where ul
and p1 are means, o1 and o1 are standard deviations and pl and p2 are coefficients in the sum of
two Gaussians. These two Gaussian distributions serve as an approximation of the low
conservation and the high conservation components, respectively, and a is parameter that describes
bin size*number of residues. The parameters of the best fit are shown on the right side. The
dashed line shows the threshold that is used to binarize the conservation scores]

Supplementary Figure 0-2 The relative entropy-based conservation score values in a
histogram, which are shown using black dots.

ANOVA results for bin size 0.26:

Nonlinear Regression - Dynamic Fitting Tuesday, July 06, 2010, 5:21:06
PM

Data Source: Data 1 in NotebookS
Equation: User-Defined, Weighted Sum 2 Gaussian
f=a*(pl*exp(-.5*((x-x10)/b1)"2)+p2*exp(-.5*((x-x20)/b2)"2))

Dynamic Fit Options:
Total Number of Fits 200
Maximum Number of Iterations 200
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Parameter Ranges for Initial Estimates:
Minimum Maximum

a -4236.0000 12708.0000

bl 0.0000 3.5542

b2 0.0000 3.5542

x10 -1.3482 4.0447

x20 -1.3482 4.0447

pl 0.0000 1.5000

p2 0.0000 1.5000
Summary of Fit Results:

Converged 99.0%
Singular Solutions 87.5%
[11-Conditioned Solutions 11.5%
Iterations Exceeding 200 0.5%
Inner-Loop Failures 0.5%

Results for the Overall Best-Fit Solution:

R Rsqr  Adj Rsqr Standard Error of Estimate
0.9811 0.9626 0.9528 355.3416
Coefficient Std. Error t P
a 6123.7125 3672.0365 1.6677 0.1089
bl 0.7888 0.1882 4.1922 0.0003
b2 0.4685 0.1224 3.8294 0.0009
x10 1.8580 0.3454 5.3787 <0.0001
x20 0.7822 0.1178 6.6384 <0.0001
pl 0.5654 0.4308 1.3123 0.2024
p2 0.4346 1.9827E-006219199.8522 <0.0001
Analysis of Variance:
Analysis of Variance:
DF SS MS
Regression 7 184154581.7563 26307797.3938
Residual 23 2904155.2437 126267.6193
Total 30 187058737.0000 6235291.2333
Corrected for the mean of the observations:
DF SS MS F P
Regression 6  74692480.9230 12448746.8205 98.5902 <0.0001
Residual 23 2904155.2437 126267.6193

Total 29  77596636.1667  2675746.0747
Statistical Tests:

Normality Test (Shapiro-Wilk) Failed (P =0.0198)
W Statistic= 0.9149 Significance Level = 0.0500

Constant Variance Test Passed (P =0.2531)
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Fit Equation Description:

[Variables]

x = col(1)

y =col(2)

reciprocal y = 1/abs(y)

reciprocal ysquare = 1/y"2

'Automatic Initial Parameter Estimate Functions
peaksign(q)=if(total(q)>q[1], 1, -1)
xatymin(q,r)=xatymax(q,max(r)-r)

[Parameters]

a = if(peaksign(y)>0, max(y), min(y)) "Auto {{previous: 6123.71}}
bl = fwhm(x,abs(y))/2.2 "Auto {{previous: 0.788793}}

b2 = fwhm(x,abs(y))/2.2 "Auto {{previous: 0.468531}}

x10 = if(peaksign(y)>0, xatymax(x,y), xatymin(x,y)) "Auto {{previous: 1.85804}}
x20 = if(peaksign(y)>0, xatymax(x,y), Xatymin(x,y)) "Auto {{previous: 0.78221}}
pl=0.5" {{previous: 0.565396} }

p2=10.5" {{previous: 0.434604} }

[Equation]
f=a*(pl*exp(-.5*((x-x10)/b1)"2)+p2*exp(-.5*((x-x20)/b2)"2))
fitftoy

"fit f to y with weight reciprocal y

"fit f to y with weight reciprocal ysquare

[Constraints]

b1>0

b2>0

pl>0

p2>0

pl+p2=1

[Options]

tolerance=1¢-010

stepsize=1

iterations=200

Number of Iterations Performed = 32
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Scatter plot for bin size 0.3 ¢
Number of Residues

10000 -Gaussian 1
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-Histogram of points:
a=9058.06

-Results of best-fit solution
Standard error of estimate =281.89
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(R*=0.99
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[The values on the x-axis are binned with the bin size equal 0.16(a), 0.26(b), 0.35(c), where o is
the standard deviation. The corresponding number of residues is shown on the y-axis. Based on
(Jimin et al., 2001) and using the Sigmaplot software, these data were fitted into the sum of two
Gaussian distributions. (gl + g2): f=a*(p1*exp(-.5*((x-n1)/ 61)2)+p2*exp(-.5*((x- u2)/ 62)2)),
where pul and pl are means, o1 and o1 are standard deviations and p1l and p2 are coefficients
in the sum of two Gaussians. These two Gaussian distributions serve as an approximation of the
low conservation and the high conservation components, respectively, and a is parameter that
describes bin size*number of residues. The parameters of the best fit are shown on the right
side. The dashed line shows the threshold that is used to binarize the conservation scores.]

Supplementary Figure 0-3 The relative entropy-based conservation score values in a
histogram, which are shown using black dots.

ANOVA results for bin size 0.36:

Nonlinear Regression - Dynamic Fitting Tuesday, July 06,2010, 12:44:35
PM

Data Source: Data 1 in Notebook2
Equation: User-Defined, Weighted Sum 2 Gaussian
f=a*(pl*exp(-.5*((x-x10)/b1)"2)+p2*exp(-.5*((x-x20)/b2)"2))

Dynamic Fit Options:
Total Number of Fits 200
Maximum Number of Iterations 200

Parameter Ranges for Initial Estimates:

Minimum Maximum
a -6380.0000 19140.0000
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bl 0.0000 2.8433

b2 0.0000 2.8433

x10 -1.3048 3.9144

x20 -1.3048 3.9144

pl 0.0000 1.5000

p2 0.0000 1.5000
Summary of Fit Results:

Converged 97.0%
Singular Solutions 82.0%
[1l-Conditioned Solutions 15.0%
Iterations Exceeding 200 2.0%
Inner-Loop Failures 1.0%

Results for the Overall Best-Fit Solution:

R Rsqr  Adj Rsqr Standard Error of Estimate
0.9954 0.9909 0.9867 281.8909
Coefficient Std. Error t P

a 9058.056318108498046.4301 5.0021E-007 1.0000
bl 0.4685 0.0875 5.3565 0.0001
b2 0.8008 0.1261 6.3490 <0.0001
x10 0.7792 0.0780 9.9924 <0.0001
x20 1.8408 0.2370 7.7668 <0.0001
pl 0.4224 844534.3121 5.0021E-007 1.0000
p2 0.57761154625.0448 5.0021E-007 1.0000

Analysis of Variance:

Analysis of Variance:

DF SS MS
Regression 7 276590790.9124 39512970.1303
Residual 13 1033012.0876 79462.4683
Total 20 277623803.0000 13881190.1500

Corrected for the mean of the observations:

DF SS MS
Regression 6 112397639.6624 18732939.9437
Residual 13 1033012.0876 79462.4683
Total 19 113430651.7500 5970034.3026

Statistical Tests:

Normality Test (Shapiro-Wilk)

W Statistic= 0.9684 Significance Level = 0.0500

Constant Variance Test Passed (P =0.2804)

Fit Equation Description:
[Variables]
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F
235.7458

Passed (P =0.7210)

P
<0.0001



x =col(1)

y =col(2)

reciprocal y = 1/abs(y)

reciprocal ysquare = 1/y"2

'Automatic Initial Parameter Estimate Functions
peaksign(q)=if(total(q)>q[1], 1, -1)
xatymin(q,r)=xatymax(q,max(r)-r)

[Parameters]

a = if(peaksign(y)>0, max(y), min(y)) "Auto {{previous: 9058.06} }
bl = fwhm(x,abs(y))/2.2 "Auto {{previous: 0.468465}}

b2 = fwhm(x,abs(y))/2.2 "Auto {{previous: 0.80078}}

x10 = if(peaksign(y)>0, xatymax(x,y), xatymin(x,y)) "Auto {{previous: 0.779216}}
x20 = if(peaksign(y)>0, xatymax(x,y), xatymin(x,y)) "Auto {{previous: 1.84077}}
pl =0.5" {{previous: 0.422445}}

p2 =0.5" {{previous: 0.577555}}

[Equation]
f=a*(pl*exp(-.5*((x-x10)/b1)"2)+p2*exp(-.5*((x-x20)/b2)"2))
fitftoy

"fit f to y with weight reciprocal y

"fit f to y with weight reciprocal ysquare

[Constraints]

b1>0

b2>0

pl1>0

p2>0

pl+p2=1

[Options]

tolerance=1¢-010

stepsize=1

iterations=200

Number of Iterations Performed = 19
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