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Preface

Modern biology has become an information science. Since the invention of a
DNA sequencing method by Sanger in the late seventies, public repositories
of genomic sequences have been growing exponentially, doubling in size every
16 months—a rate often compared to the growth of semiconductor transistor
densities in CPUs known as Moore’s Law. In the nineties, the public—private
race to sequence the human genome further intensified the fervor to gener-
ate high-throughput biomolecular data from highly parallel and miniaturized
instruments. Today, sequencing data from thousands of genomes, including
plants, mammals, and microbial genomes, are accumulating at an unprece-
dented rate. The advent of second-generation DNA sequencing instruments,
high-density cDNA microarrays, tandem mass spectrometers, and high-power
NMRs have fueled the growth of molecular biology into a wide spectrum of
disciplines such as personalized genomics, functional genomics, proteomics,
metabolomics, and structural genomics. Few experiments in molecular biol-
ogy and genetics performed today can afford to ignore the vast amount of
biological information publicly accessible. Suddenly, molecular biology and
genetics have become data rich.

Biological data mining is a data-guzzling turbo engine for postgenomic
biology, driving the competitive race toward unprecedented biological discov-
ery opportunities in the twenty-first century. Classical bioinformatics emerged
from the study of macromolecules in molecular biology, biochemistry, and
biophysics. Analysis, comparison, and classification of DNA and protein se-
quences were the dominant themes of bioinformatics in the early nineties.
Machine learning mainly focused on predicting genes and proteins functions
from their sequences and structures. The understanding of cellular functions
and processes underlying complex diseases were out of reach. Bioinformatics
scientists were a rare breed, and their contribution to molecular biology and
genetics was considered marginal, because the computational tools available
then for biomolecular data analysis were far more primitive than the array
of experimental techniques and assays that were available to life scientists.
Today, we are now witnessing the reversal of these past trends. Diverse sets
of data types that cover a broad spectrum of genotypes and phenotypes, par-
ticularly those related to human health and diseases, have become available.
Many interdisciplinary researchers, including applied computer scientists, ap-
plied mathematicians, biostatisticians, biomedical researchers, clinical scien-
tists, and biopharmaceutical professionals, have discovered in biology a gold
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mine of knowledge leading to many exciting possibilities: the unraveling of the
tree of life, harnessing the power of microbial organisms for renewable energy,
finding new ways to diagnose disease early, and developing new therapeutic
compounds that save lives. Much of the experimental high-throughput biology
data are generated and analyzed “in haste,” therefore leaving plenty of oppor-
tunities for knowledge discovery even after the original data are released. Most
of the bets on the race to separate the wheat from the chaff have been placed
on biological data mining techniques. After all, when easy, straightforward,
first-pass data analysis has not yielded novel biological insights, data mining
techniques must be able to help—or, many presumed so.

In reality, biological data mining is still much of an “art,” successfully
practiced by a few bioinformatics research groups that occupy themselves
with solving real-world biological problems. Unlikely data mining in business,
where the major concerns are often related to the bottom line—profit—the
goals of biological data mining can be as diverse as the spectrum of biologi-
cal questions that exist. In the business domain, association rules discovered
between sales items are immediately actionable; in biology, any unorthodox
hypothesis produced by computational models has to be first red-flagged and
is lucky to be validated experimentally. In the Internet business domain, clas-
sification, clustering, and visualization of blogs, network traffic patterns, and
news feeds add significant values to regular Internet users who are unaware of
high-level patterns that may exist in the data set; in molecular biology and ge-
netics, any clustering or classification of the data presented to biologists may
promptly elicit questions like “great, but how and why did it happen?” or
“how can you explain these results in the context of the biology I know?” The
majority of general-purpose data mining techniques do not take into consider-
ation the prior knowledge domain of the biological problem, leading them to
often underperform hypothesis-driven biological investigative techniques. The
high level of variability of measurements inherent in many types of biological
experiments or samples, the general unavailability of experimental replicates,
the large number of hidden variables in the data, and the high correlation of
biomolecular expression measurements also constitute significant challenges in
the application of classical data mining methods in biology. Many biological
data mining projects are attempted and then abandoned, even by experienced
data mining scientists. In the extreme cases, large-scale biological data min-
ing efforts are jokingly labeled as fishing expeditions and dispelled, in national
grant proposal review panels.

This book represents a culmination of our past research efforts in biolog-
ical data mining. Throughout this book, we wanted to showcase a small, but
noteworthy sample of successful projects involving data mining and molec-
ular biology. Each chapter of the book is authored by a distinguished team
of bioinformatics scientists whom we invited to offer the readers the widest
possible range of application domains. To ensure high-quality standards, each
contributed chapter went through standard peer reviews and a round of revi-
sions. The contributed chapters have been grouped into five major sections.
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The first section, entitled Sequence, Structure, and Function, collects contri-
butions on data mining techniques designed to analyze biological sequences
and structures with the objective of discovering novel functional knowledge.
The second section, on Genomics, Transcriptomics, and Proteomics, contains
studies addressing emerging large-scale data mining challenges in analyzing
high-throughput “omics” data. The chapters in the third section, entitled
Functional and Molecular Interaction Networks, address emerging system-
scale molecular properties and their relevance to cellular functions. The fourth
section is about Literature, Ontology, and Knowledge Integrations, and it col-
lects chapters related to knowledge representation, information retrieval, and
data integration for structured and unstructured biological data. The con-
tributed works in the fifth and last section, entitled Genome Medicine Appli-
cations, address emerging biological data mining applications in medicine.

We believe this book can serve as a valuable guide to the field for graduate
students, researchers, and practitioners. We hope that the wide range of topics
covered will allow readers to appreciate the extent of the impact of data mining
in molecular biology and genetics. For us, research in data mining and its
applications to biology and genetics is fascinating and rewarding. It may even
help to save human lives one day. This field offers great opportunities and
rewards if one is prepared to learn molecular biology and genetics, design user-
friendly software tools under the proper biological assumptions, and validate
all discovered hypotheses rigorously using appropriate models.

In closing, we would like to thank all the authors that contributed a chapter
in the book. We are also indebted to Randi Cohen, our outstanding publishing
editor. Randi efficiently managed timelines and deadlines, gracefully handled
the communication with the authors and the reviewers, and took care of ev-
ery little detail associated with this project. This book could not have been
possible without her. Our thanks also go to our families for their support
throughout the book project.

Jake Y. Chen
Indianapolis, Indiana

Stefano Lonardi
Riverside, California
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Chapter 1

Consensus Structure Prediction for
RNA Alignments

Junilda Spirollari and Jason T. L. Wang
New Jersey Institute of Technology
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1.1 Introduction

RNA secondary structure prediction has been studied for quite awhile.
Many minimum free energy (MFE) methods have been developed for pre-
dicting the secondary structures of single RNA sequences, such as mfold [1],
RNAfold [2], MPGAfold [3], as well as recent tools presented in the liter-
ature [4,5]. However, the accuracy of predicted structures is far from per-
fect. As evaluated by Gardner and Giegerich [6], the accuracy of the MFE
methods for single sequences is 73% when averaged over many different
RNAs.

Recently, a new concept of energy density for predicting the secondary
structures of single RNA sequences was introduced [7]. The normalized free
energy, or energy density, of an RNA substructure is the free energy of that
substructure divided by the length of its underlying sequence. A dynamic
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programming algorithm, called Densityfold, was developed, which delocalizes
the thermodynamic cost of computing RNA substructures and improves on
secondary structure prediction via energy density minimization [7]. Here, we
extend the concept used in Densityfold and present a tool, called RSpredict, for
RNA secondary structure prediction. RSpredict computes the RNA structure
with minimum energy density based on the loop decomposition scheme used
in the nearest neighbor energy model [8]. RSpredict focuses on the loops in an
RNA secondary structure, whereas Densityfold considers RNA substructures
where a substructure may contain several loops.

While the energy density model creates a foundation for RNA secondary
structure prediction, there are many limitations in Densityfold, just like in all
other single sequence-based MFE methods. Optimal structures predicted by
these methods do not necessarily represent real structures [9]. This happens
due to several reasons. The thermodynamic model may not be accurate. The
bases of structural RNAs may be chemically modified and these processes
are not included in the prediction model. Finally, some functional RNAs may
not have stable secondary structures [6]. Thus, a more reliable approach is
to use comparative analysis to compute consensus secondary structures from
multiple related RNA sequences [9].

In general, there are three strategies with the comparative approach. The
first strategy is to predict the secondary structures of individual RNA se-
quences separately and then align the structures. Tools such as RNAshapes
[10,11], MARNA [12], STRUCTURELAB [13], and RADAR [14,15] are based
on this strategy. RNA Sampler [9] and comRNA [16] compare and find stems
conserved across multiple sequences and then assemble conserved stem blocks
to form consensus structures, in which pseudoknots are allowed.

The second strategy predicts common secondary structures of two or more
RNA sequences through simultaneous alignment and consensus structure in-
ference. Tools based on this strategy include RNAscf [17], Foldalign [18], Dy-
nalign [19], stemloc [20], PMcomp [21], MASTR [22], and CARNAC [23].
These tools utilize either folding free energy change parameters or stochastic
context-free grammars (SCFGs) and are considered derivations of Sankoff’s
method [24].

The third strategy is to fold multiple sequence alignments. RN Aalifold
[25, 26] uses a dynamic programming algorithm to compute the consensus
secondary structure with MFE by taking into account thermodynamic stabil-
ity, sequence covariation together with RIBOSUM-like scoring matrices [27].
Pfold [28] is a SCFG algorithm that produces a prior probability distribution
of RNA structures. A maximum likelihood approach is used to estimate a
phylogenetic tree for predicting the most likely structure for input sequences.
A limitation of Pfold is that it does not run on alignments of more than 40 se-
quences and in some cases produces no structures due to under-flow errors [6].
Maximum weighted matching (MWM), based on a graph-theoretical approach
and developed by Cary and Stormo [29] and Tabaska et al. [30], is able to
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predict common secondary structures allowing pseudo-knots. KNetFold [31]
is a recently published machine learning method, implemented using a hierar-
chical network of k-nearest neighbor classifiers that analyzes the base pairings
of alignment columns in the input sequences through their mutual information,
Watson—Crick base pairing rules and thermodynamic base pair propensity de-
rived from RNAfold [2]. The method presented in this chapter, RSpredict,
joins the many tools using the third strategy; it accepts a multiple alignment
of RNA sequences as input data and predicts the consensus secondary struc-
ture for the input sequences via energy density minimization and covariance
score calculation.

We also considered two variants of RSpredict, referred to as RSefold and
RSdfold respectively. Both RSefold and RSdfold use the same covariance score
calculation as in RSpredict. The differences among the three approaches lie in
the folding algorithms they adopt. Rse-fold predicts the consensus secondary
structure for the input sequences via free energy minimization, as opposed to
energy density minimization used in RSpredict. RSdfold does the prediction
via energy density minimization, though its energy density is calculated based
on RNA substructures as in Densityfold, rather than based on the loops used
in RSpredict.

The rest of the chapter is organized as follows. We first describe the imple-
mentation and algorithms used by RSpredict, and analyze the time complexity
of the algorithms (see Section 1.2). We then present experimental results of
running the RSpredict tool as well as comparison with the existing tools (see
Section 1.3). The experiments were performed on a variety of datasets. Finally
we discuss some properties of RSpredict, possible ways to improve the tool
and point out some directions for future research (see Section 1.4).

1.2 Algorithms

RSpredict, which can be freely downloaded from http://datalab.njit.edu/
biology /RSpredict, was implemented in the Java programming language. The
program accepts, as input data, a multiple sequence alignment in the FASTA
or ClustalW format and outputs the consensus secondary structure of the
input sequences in both the Vienna style dot bracket format [26] and the
connectivity table format [32]. Below, we describe the energy density model
adopted by RSpredict. We then present a dynamic programming algorithm
for folding a single RNA sequence via energy density minimization. Next,
we describe techniques for calculating covariance scores based on the input
alignment. Finally we summarize the algorithms used by RSpredict, combining
both the folding technique and the covariance scores obtained from the input
alignment, and show its time complexity.
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1.2.1 Folding of a single RNA sequence
1.2.1.1 Preliminaries

We represent an RNA secondary structure as a fully decomposed set of
loops. In general, a loop L can be one of the following (see Figure 1.1):

i. A hairpin loop (which is a loop enclosed by only one base pair; the
smallest possible hairpin loop consists of three nucleotides enclosed by
a base pair)

ii. A stack, composed of two consecutive base pairs

iii. A bulge loop, if two base pairs are separated only on one side by one or
more unpaired bases

iv. An internal loop, if two base pairs are separated by one or more unpaired
bases on both sides

v. A multibranched loop, if more than two base pairs are separated by zero
or more unpaired bases in the loop

We now introduce some terms and definitions. Let S be an RNA sequence
consisting of nucleotides or bases A, U, C, G. S[i] denotes the base at position
i of the sequence S and S[i, j] is the subsequence starting at position i and
ending at position j in S. A base pair between nucleotides at positions i and
j is denoted as (7, j) or (S[i], S[j]), and its enclosed sequence is S[i, j]. Given
a loop L in the secondary structure R of sequence S, the base pair (i*,j*) in
L is called the exterior pair of L if S[i*](S[j*], respectively) is closest to the
5" (3, respectively) end of R among all nucleotides in L. All other nonexterior
base pairs in L are called interior pairs of L. The length of a loop L is the
number of nucleotides in L. Note that two loops may overlap on a base pair.
For example, the interior pair of a stack may be the exterior pair of another
stack, or the exterior pair of a hairpin loop. Also note that a bulge or an
internal loop has exactly one exterior pair and one interior pair.

We use the energy density concept as follows. Given a secondary structure
R, every base pair (i,7) in R is the exterior pair of some loop L. We assign
(i,4) and L an energy density, which is the free energy of the loop L divided by
the length of L. The set of free energy parameters for nonmultibranched loops
used in our algorithm is acquired from [33]. The free energy of a multibranched
loop is computed based on the approach adopted by mfold [1], which is a
linear function of the number of unpaired bases and the number of base pairs
inside the loop, namely a + b X ny + ¢ X ng, where a, b, c are constants, n;
is the number of unpaired bases and ns is the number of base pairs inside
the multibranched loop. We adopt the loop decomposition scheme used in the
nearest neighbor energy model developed by Turner et al. [8]. The secondary
structure R contains multiple loop components and the energy densities of
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FIGURE 1.1: llustration of the loops in an RNA secondary structure. Each
loop has at least one base pair. A stem consists of two or more consecutive
stacks shown in the figure.

the loop components are additive. Our folding algorithm computes the total
energy density of R by taking the sum of the energy densities of the loop
components in R. Thus, the RNA folding problem can be formalized as follows.
Given an RNA sequence S, find the set of base pairs (¢,7) and loops with
(i,7) as exterior pairs, such that the total energy density of the loops (or
equivalently, the exterior pairs) is minimized. The set of base pairs constitutes
the optimal secondary structure of S.

When generalizing the folding of a single sequence to the prediction of the
consensus structure of a multiple sequence alignment, we introduce the notion
of refined alignments. At times, an input alignment may have some columns
each of which contains more than 75% gaps. Some tools including RSpredict
delete these columns to get a refined alignment [28]; some tools simply use the
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original input alignment as the refined alignment. Suppose the original input
alignment A, has N sequences and n, columns, and the refined alignment A
has IV sequences and n columns, n < n,. Formally, the consensus structure of
the refined alignment A is a secondary structure R together with its sequence
S such that each base pair (S[i], S[j]), 1 < i < j < n, in R corresponds to
the pair of columns ¢, j in the alignment A, and each base S[i], 1 < i < n,
is the representative base of the ith column in the alignment A. There are
several ways to choose the representative base. For example, S[i] could be
the most frequently occurring nucleotide, excluding gaps, in the ¢th column
of the alignment A. Furthermore, there is an energy measure value associated
with each base pair (S[i], S[j]) or more precisely its corresponding column pair
(i,7), such that the total energy measure value of all the base pairs in R is
minimized.

The consensus secondary structure of the original input alignment A, is
defined as the structure R,, obtained from R, as follows: (i) the base (base pair,
respectively) for column C, (column pair (C,1, C,2), respectively) in A, is
identical to the base (base pair, respectively) for the corresponding column C
(column pair (C1, C2), respectively) in A if C, ((C,1, C,2), respectively) is not
deleted when getting A from A,; (i) unpaired gaps are inserted into R, such
that each gap corresponds to a column that is deleted when getting A from A,
(see Figure 1.2). In Figure 1.2, the RSpredict algorithm transforms the original
input alignment A, to a refined alignment A by deleting the fourth column (the
column in red) of A,. The algorithm predicts the consensus structure of the
refined alignment A. Then the algorithm generates the consensus structure
of A, by inserting an unpaired gap to the fourth position of the consensus
structure of A. The numbers inside parentheses in the refined alignment A
represent the original column numbers in A,.

In what follows, we first present an algorithm for folding a single RNA
sequence based on the energy density concept described here. We then gener-
alize the algorithm to predict the consensus secondary structure for a set of
aligned RNA sequences.

1.2.1.2 Algorithm

The functions and parameters used in our algorithm are defined below
where S[i, j] is a subsequence of S and R][i, j] is the optimal secondary struc-
ture of S[i, j].

i. NE(i, j) is the total energy density of all loops in RJi, j], where nu-
cleotides at positions i, 7 may or may not form a base pair.

ii. NE,(¢,7) is the total energy density of all loops in RJ[i, j] if nucleotides
at positions 7, j form a base pair.

iii. ey (¢,7)(Fu(i,j), respectively) is the free energy (energy density, respec-
tively) of the hairpin with exterior pair (i, ).
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FIGURE 1.2: Illustration of the consensus structure definition used by
RSpredict.

iv. es(i,7)(Fs(i,7), respectively) is the free energy (energy density, respec-
tively) of the stack with exterior pair (¢, j) and interior pair (i +1,j—1).

v. eg(i,5,7, §'), (EB(i,J,7', j'), respectively) is the free energy (energy
density, respectively) of the bulge or internal loop with exterior pair
(,7) and interior pair (i, j').

vi. ey (4,4,1, 1,0, Joy - - 0k, J5) By (4, 5,30, 51,15, 45, - - -, 0% J),) Tespectively,
is the free energy (energy density, respectively) of the multibranched loop
with exterior pair (¢, j) and interior pairs (¢}, 51), (45, j5) ..., (%%, Jr) -
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It is clear that

Ey (i,j) = ;H(Zf)l (1.1)
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Ep(i,5,1,j') = (1.3)

N A Y AV Y
EJ(Z7.777’1=.717Z27¢727"'77’k:7]k:):

Here n, is the number of unpaired bases and ns is the number of base
pairs in the multibranched loop in (vi).

Thus, the total energy density of all loops in RJ[i, j] where (i,j) is a base
pair is computed by Equation 1.5:

min {Ep (4,5,7,7) + NEp (¢, 5)}
J

NEp (4,j) = min | i<i’'<j/'<
: A AT Y V]
min {EJ (7/,]7@1,]1,127]27 s 7Zk7]k)

1<) < <ih <jh<--- <}, <}, <j
]f . .
+> 1 NEp (if,,j})}
(1.5)

That is, the energy density is calculated by taking the minimum of the
following four cases:

i. (4,7) is the exterior pair of a hairpin, in which case the energy density
NEp (i, 7) equals Egy(i,7), which is the energy density of the hairpin

ii. (4,7) is the exterior pair of a stack, in which case NEp (i, j) equals the
energy density of the stack, i.e., Eg(i,7), plus NEp(i + 1,5 — 1)

iii. (4,7) is the exterior pair of a bulge or an internal loop, in which case
NEp(i,j) equals the minimum of the energy density of the bulge or
internal loop Fp(i,7,7,7') plus NEp(¢/,j') for all i < i’ < 7' < j

iv. (4,7) is the exterior pair of a multibranched loop, in which case NEp (i, j)
equals the minimum of the energy density of the multibranched loop
Ej (54,00, 1o i, b - s ) plus Sk NEp (i, j1), for all i < i} <

J1 <22<]2<"'<Zk. <jk <]
Equation 1.6 below shows the recurrence formula for calculating NE(z, 5):

NE (i, — 1)

NE (i + 1, 5)

NEP (Z7j)

mini<h<j{NE (Z, h— 1) + NE (h,j)}

NE (4,4) = min (1.6)



Consensus Structure Prediction for RNA Alignments 11

(b) (c)

FIGURE 1.3: Tllustration of the cases in Equation 1.6. a) the total nor-
malized energy of all loops in the optimal secondary structure R[i,j — 1] of
subsequence S|i,j — 1]; b) the total normalized energy of all loops in the op-
timal secondary structure R[i + 1,j] of subsequence S[i 4+ 1, j]; ¢) the total
normalized energy of all loops in the optimal secondary structure RJ[i, j] of
subsequence S[i, j], where S[i] and S[j] form a base pair; d) the minimum of
NE(i, k — 1) plus NE(k, ) for all ¢« < k < j; The dashed line between two
nucleotides means that the two nucleotides may or may not form a base pair.
The solid line between two nucleotides means that the two nucleotides form a
base pair.

That is, the energy density is computed by taking the minimum of the
following four cases:

i. The total energy density of all loops in the optimal secondary structure
Ri,j — 1] of subsequence S [i,j — 1] (Figure 1.3a)

ii. The total energy density of all loops in the optimal secondary structure
R[i+ 1, 4] of subsequence S[i + 1, j] (Figure 1.3b)

iii. The total energy density of all loops in the optimal secondary structure
RJi, j] of subsequence S|, j], where S[i] and S[j] form a base pair (Figure
1.3¢)
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iv. The minimum of NE(i,h — 1) plus NE(h, j) for all i < h < j (Figure
1.3d)

Note that case (iii) of Equation 1.6 is not considered when the nucleotides at
positions i, j are forbidden to form a base pair, i.e., (S[i], S[4]) is a nonstandard
base pair. A standard base pair is any of the following: (A,U), (U,A), (G,C),
(C,G), (G,U), (U,G); all other base pairs are nonstandard.

In calculating the time complexity of the folding algorithm, there is a need
to check for finding the optimal ¢/, 5/ where ¢ < ¢’ < j' < j in case (iil) (the
optimal @1, 51,45, jb, ..., ), Jj, where i < i} < ji <1y <jy <--- <ip <j;. <j
in case (iv), respectively) of Equation 1.5. It can be shown that it takes linear
time to compute NEp(i,7) in Equation 1.5. Hence, the time complexity of
the folding algorithm is O(n3) since we need to calculate NEp(i,5) for all
1 <i < j < n, where n is the number of nucleotides in the given sequence S.
The energy density of the optimal secondary structure R for the sequence S
equals NE(1,n).

1.2.2 Calculation of covariance scores

When applying the above folding algorithm to a multiple sequence align-
ment A,, we take into consideration the correlation between columns of the
alignment. In many cases, the sequences in the alignment may have highly
varying lengths. We refine the alignment A, by deleting columns containing
more than 75% gaps to get a refined alignment A [28]. We will use this refined
alignment throughout the rest of this subsection.

1.2.2.1 Covariance score

We use the covariance score introduced by RNAalifold [25, 26, 34] to
quantify the relationship between two columns in the refined alignment. Let
fi;(XY') be the frequency of finding both base X in column ¢ and base Y
in column j, where X,Y are in the same row of the refined alignment. We
exclude the occurrences of gaps in column ¢ or column j when calculating
fi;(XY). The covariation measure for columns ¢, j, denoted C;j, is calculated
by Equation 1.7:

c, = S XY, X'Y'f,; (XY) Dij (XY, X'Y") fi; (X'Y")
‘ 2

(1.7)

Here, D;;(XY, X'Y") is the Hamming distance between the two base pairs
(X,Y) and (X', Y’) if both of the base pairs are standard base pairs, or 0
otherwise. The Hamming distance between (X,Y) and (X', Y”) is calculated
as follows:

D (XY, X'Y')=2-6(X,X")-6(Y,Y") (1.8)
where

1 if X=X

no_
6(X,X7) = {0 otherwise (1.9)
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Observe that the information acquired from the two base pairs (X,Y)
and (X', Y”) is the same as that from (X', Y”’) and (X,Y"). Thus, we divide
the numerator in Equation 1.7 by two so as to obtain the non-redundant
information between column ¢ and column j in the refined alignment.

For every pair of columns i, j in the refined alignment, the covariance score
of the two columns 7 and j, denoted Covyj, is calculated in Equation 1.10:

COVl'j = Cl'j “+c1 X NFU (]_1())

Here, C}; is as defined in Equation 1.7, ¢; is a user-defined coefficient (in
the study presented here, ¢; has a value of —1), and
NCij

N

NF;; = (1.11)
where IV is the total number of sequences and NC;; is the total number of
conflicting sequences in the refined alignment. A conflicting sequence is one
that has a gap in column 7 or column j, or has a nonstandard base pair in the
columns 4, j of the refined alignment. A sequence with gaps in both columns
1,7 is not conflicting.

1.2.2.2 Pairing threshold

We say that column ¢ and column j in the refined alignment can possibly
form a base pair if their covariance score is greater than or equal to a pairing
threshold; otherwise, column 4 and column j are forbidden to form a base pair.
The pairing threshold, 7, used in RSpredict is calculated as follows.

It is known that, on average, 54% of the nucleotides in an RNA sequence
S are involved in the base pairs of its secondary structure [35]. We use this
information to calculate an alignment-dependent pairing threshold, observing
that the base pairs in the consensus secondary structure of a sequence align-
ment represent the column pairs with the highest covariance scores. Given that
different structures contain different numbers of base pairs, we consider two
different percentages of columns, namely, 30% and 65%, in the sequence align-
ment. For each percentage p, there are at most 7}, possible base pairs, where

(pxn)x(pxn—1)

T, = 5 (1.12)

and n is the number of columns in the sequence alignment.

Now, we calculate the covariance scores of all pairs of columns in the
given refined alignment, and sort the covariance scores in descending order.
We then select the top T, largest covariance scores and store the covariance
scores in the set ST,. Thus, the set STq 65 contains the top largest covariance
scores that involve 65% of the columns in the refined alignment; the set ST 39
contains the top largest covariance scores that involve 30% of the columns in
the refined alignment; and STg.65\STo.30 is the set difference that contains
covariance scores in ST 5 but not in STy 30 (see Figure 1.4). The pairing
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FIGURE 1.4: Illustration of the pairing threshold computation. The pairing
threshold used in RSpredict is computed as the average of the covariance
scores inside the shaded area.

threshold 1 used in RSpredict is calculated as the average of the covariance
scores in STg.65\STo.30, as shown in Equation 1.13:

Z COVZ'j S STO,65\STO_3ocOVij
IST0.65\STo.30]

n= (1.13)
where the denominator is the cardinality of the set difference ST 65\STo.30-

If the covariance score of columns ¢ and j is greater than or equal to 7,
then column ¢ and column j can possibly form a base pair, and we refer to
(i,4) as a pairing column. If the covariance score of the columns i and j is
less than 7, we will check the covariance scores of the immediate neighboring
column pairs of 4, j to see if they are above a user-defined threshold [31] (in the
study presented here, this threshold is set to 0). The immediate neighboring
column pairs of ¢,j are i+ 1, j —1 and ¢ — 1, j + 1. If the covariance scores
of both of the immediate neighboring column pairs of 4, j are greater than or
equal to max{n, 0}, then (¢, j) is still considered as a paring column.

1.2.3 Algorithms for RSpredict

Given a refined multiple sequence alignment A with N sequences, let (4, j)
be a pairing column in A. Let X7 (Y]S , respectively) be the nucleotide at

position i (j, respectively) of the sequence S in the alignment A. (Xf , YjS )
must be the exterior pair of some loop L in S. We use e (X7, Y;%) to repre-
sent the free energy of that loop L. If (XZS ,YjS ) is a nonstandard base pair,
e (Xis, YJS) = 0. We assign the pairing column (i, j) a pseudo-energy e;; where

- Z XS YS + Co X COVZ'J' (114)
SEA
Here, ¢ is a user-defined coefficient (in the study presented here, ¢co = —1).

Thus, every pairing column in the refined alignment A has a pseudo-energy.
We then apply the minimum energy density folding algorithm described in
the beginning of this section to the refined alignment A, treating each pairing
column in A as a possible base pair considered in the folding algorithm.
Notice that when calculating the energy density for the loop L, the se-
quence S is in the refined alignment A, which may have fewer columns than



Consensus Structure Prediction for RNA Alignments 15

the original input alignment A, (cf. Figure 1.2). RSpredict computes all energy
densities based on the refined alignment, and the program uses loop lengths
from the refined alignment A rather than the original input alignment A,.
Let R be the consensus secondary structure, computed by RSpredict, for the
refined alignment A. We obtain the consensus structure R, of the original
input alignment A, by inserting unpaired gaps to the positions in R whose
corresponding columns are deleted when getting A from A, (cf. Figure 1.2).
The following summarizes the algorithms for RSpredict:

1. Input an alignment A, in the FASTA or ClustalW format.

2. Delete the columns with more than 75% gaps from A, to obtain a refined
alignment A.

3. Compute the pseudo-energy e;; for every pairing column (,j) in A as
in Equation 1.14.

4. Run the minimum energy density folding algorithm on A, using the
pseudo-energy values obtained from step (3) to produce the consensus
secondary structure R of the refined alignment A. The base at position 4
of the consensus secondary structure R is the most frequently occurring
nucleotide, excluding gaps, in the ith column of the refined alignment A.

5. Map the consensus structure R back to the original alignment A, by in-
serting unpaired gaps to the positions of R whose corresponding columns
are deleted in Step (2).

Notice that Equation 1.6 is used to compute the NE values only. To gen-
erate the optimal structure R in Step (4), we maintain a stack of pointers
that point to the substructures of loops with minimum energy density as we
compute the NE values. Once all the NE values are calculated and the energy
density of the optimal secondary structure R is obtained, we pop up the point-
ers from the stack to extract the optimal predicted structure. In step (5), we
map the bases (base pairs, respectively) for the columns (column pairs, respec-
tively) in A to their corresponding columns (column pairs, respectively) in A,.
For example, consider Figure 1.2 again. In the figure, the refined alignment A
is obtained by deleting column 4 from the original input alignment A,. The
bases for columns 1, 2, 3, 4 in A are mapped to columns 1, 2, 3, 5 in A,. The
base pair between column 1 and column 9 in A becomes the base pair between
column 1 and column 10 in A,; the base pair between column 2 and column
8 in A becomes the base pair between column 2 and column 9 in A,. An
unpaired gap is inserted to the position corresponding to the deleted column
41in A,.

Let N be the number of sequences and n, be the number of columns in the
input alignment A,. Step (2) takes O(Nn,) time. Step (3) takes O (n2) time.
Step (4) takes O (n3) time. Step (5) takes O(n,) time. Therefore, the time
complexity of RSpredict is O (N Nne + ng) , which is approximately O (ng) as
Nis usually much smaller than n,.
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1.3 Results

We conducted a series of experiments to evaluate the performance of
RSpredict and compared it with five related tools including KNetFold, Pfold,
RNAalifold, RSefold, and RSdfold. We tested these tools on Rfam [36] se-
quence alignments with different similarities. The Rfam sequence alignments
come with consensus structures. For evaluation purposes, we used the Rfam
consensus structures as reference structures and compared them against the
consensus structures predicted by the six tools. The similarity of a sequence
alignment is determined by the average pairwise sequence identity (APSI) of
that alignment [6]. In the study presented here, a sequence alignment is of
high similarity if its APSI value is greater than 75%, is of medium similarity
if its APSI value is between 55% and 75%, or is of low similarity if its APSI
value is less than 55%. The data sets used in testing included 20 Rfam se-
quence alignments of high similarity and 36 Rfam sequence alignments of low
and medium similarity. These data sets were chosen to form a collection of
sequence alignments with different (low, medium and high) APSI values, dif-
ferent numbers of sequences, as well as different sequence alignment lengths.
More specifically, the data sets contained sequence alignments that ranged in
size from 2 to 160 sequences, in length from 33 to 262 nucleotides and had
APSI values ranging from 42% to 99%.

The performance measures used in our study include sensitivity (SN) and
selectivity (SL) [6], where

TP

TP

Here, TP is the number of correctly predicted base pairs (“true positives”),
FN is the number of base pairs in a reference structure that were not predicted
(“false negatives”) and FP is the number of incorrectly predicted base pairs
(“false positives”). False positives are classified as inconsistent, contradicting
or compatible [6]. When predicting the consensus secondary structure for a
multiple sequence alignment, a predicted base pair (2, j) is inconsistent if col-
umn ¢ in the alignment is paired with column ¢, q # j, or column j is paired
with column p, p # i, and p, ¢ form a base pair in the reference structure of the
alignment. A base pair (i, 7) is contradicting if there exists a base pair (p, q) in
the reference structure of the alignment, such that ¢ < p < j < ¢. A base pair
(i,4) is compatible if it is a false positive but is neither inconsistent nor contra-
dicting. The £ in SL represents the number of compatible base pairs, which are
considered neutral with respect to algorithmic accuracy. Therefore £ is sub-
tracted from FP. Finally, we used the Matthews correlation coefficient (MCC)
to combine the sensitivity and selectivity, where MCC is approximated to the
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geometric mean of the two measures, i.e., MCC = /SN x SL [18]. The larger
MCC, SN, SL values a tool has, the better performance that tool achieves and
the more accurate that tool is.

1.3.1 Performance evaluation on Rfam alignments
of high similarity

The first data set consisted of seed alignments of high similarity taken
from 20 families in Rfam. The APSI values of these seed alignments ranged
from 77% to 99%. The alignments ranged in size from 2 to 160 sequences and
in length from 33 to 159 nucleotides. Table 1.1 presents the accession number,
description, number of sequences, and length of the seed alignment of each of
the 20 Rfam families used in the experiment. The seed alignments of the 20
families are of high similarity; their APSI values are shown in the last column
of the table. The families are sorted, from top to bottom, in ascending order
on the APSI values. All six tools including RSpredict, KNetFold, RNAalifold,
Pfold, RSefold and RSdfold were tested on this data set.

The graphs in Figure 1.5 show the trend of the MCC, SN, and SL, which
are sorted in descending order for each tool under analysis. The X-axis shows,
therefore, the rank of the MCC (SN and SL, respectively) from highest to
lowest. For example, number 1 in the X-axis corresponds to the highest
score achieved by each tool. The Y-axis represents the MCC, SN, and SL,
respectively.

It can be seen from Figure 1.5 that RSpredict performed the best while
RSdfold performed the worst among the six tools. The Pfold tool had good
performance in selectivity but did not perform well in sensitivity and as a
result in MCC. It also suffered from a size limitation (the Pfold web server
can accept a multiple alignment of up to 40 sequences). Only 17 out of the 20
sequence alignments used in the experiment were accepted by the Pfold server;
the other three alignments (RF00386, RF00041, and RF00389) had more than
40 sequences and therefore could not be run on the Pfold server. RSpredict
had stable performance with the best mean 0.85 (standard deviation 0.16,
respectively) in MCC, while the other methods’ MCC values varied a lot and
had means (standard deviations, respectively) ranging from 0.37 to 0.82 (0.24
to 0.34, respectively).

1.3.2 Performance evaluation on Rfam alignments of
medium and low similarity

In the second experiment, we compared RSpredict with the other five
methods on multiple sequence alignments of low and medium similarity. The
test dataset included seed alignments of 36 families taken from Rfam [36].
The APSI values of the seed alignments ranged from 42 to 75%, the number
of sequences in the alignments ranged from 3 to 114, and the alignment lengths
ranged from 43 to 262 nucleotides. Table 1.2 presents the accession number,
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TABLE 1.1: Rfam alignments of high similarity.
Number of

Accession Description sequences Length APSI
RF00460 U1A polyadenylation 8 75 7%
inhibition element (PIE)
RF00326 Small nucleolar RNA Z155 8 81 79%
RF00560 Small nucleolar RNA 38 132 82%
SNORA17
RF00453 Cardiovirus cis-acting 12 33 32%
replication element (CRE)
RF00386 Enterovirus 5" cloverleaf 160 91 83%
cis-acting replication
element
RF00421 Small nucleolar RNA 9 122 84%
SNORA32
RF00302 Small nucleolar RNA 8 130 84%
SNORAG65
RF00465 Japanese encephalitis virus 20 60 86%
(JEV) hairpin structure
RF00501 Rotavirus cis-acting 14 68 87%
replication element (CRE)
RF00041 Enteroviral 3 UTR element 60 123 87%
RF00575 Small nucleolar RNA 4 88 89%
SNORD70
RF00362 Pospiviroid RY motif stem 16 79 92%
loop
RF00105 Small nucleolar RNA 23 82 92%
SNORD115
RF00467 Rous sarcoma virus (RSV) 23 75 93%
primer binding site (PBS)
RF00389 Bamboo mosaic virus 42 159 93%

satellite RNA
cis-regulatory

element
RF00384 Poxvirus AX element late 7 62 93%
mRNA cis-regulatory
element
RF00098 Snake H/ACA box small 22 150 93%
nucleolar RNA
RF00607 Small nucleolar RNA 2 67 98%
SNORD98
RF00320 Small nucleolar RNA Z185 2 86 98%
RF00318 Small nucleolar RNA Z175 3 81 99%

description, number of sequences, and length of the seed alignment of each
of the 36 Rfam families used in the experiment. The seed alignments of the
36 families are of low and medium similarity; their APSI values are shown in
the last column of the table. The families are sorted, from top to bottom, in
ascending order on the APSI values.
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TABLE 1.2: Rfam alignments of low and medium similarity.

Number of

Accession Description sequences Length APSI
RF00230 T-box leader 103 262 42%
RF00080 yybP-ykoY leader 50 131 44%
RF00515 PyrR binding site 72 125 47%
RF00557 Ribosomal protein L10 leader 66 149 48%
RF00504 Glycine riboswitch 93 111 50%
RF00029 Group II catalytic intron 114 94 52%
RF00458 Cripavirus internal ribosome 7 203 54%
entry site (IRES)
RF00559 Ribosomal protein L21 leader 33 81 54%
RF00234 glmS glucosamine-6-phosphate 11 218 55%
activated ribozyme
RF00556 Ribosomal protein L19 leader 24 43 55%
RF00519 suhB 13 80 56%
RF00379 ydaO/yuaA leader 25 150 58%
RF00380 ykoK leader 36 172 59%
RF00445 mir-399 microRNA precursor 13 119 59%
family
RF00522 PreQ1 riboswitch 22 47 59%
RF00095 Pyrococcus C/D box small 25 59 60%
nucleolar RNA
RF00442 ykkC-yxkD leader 11 111 60%
RF00430 Small nucleolar RNA SNORA54 5 134 60%
RF00521 SAM riboswitch 12 79 61%
(alpha-proteobacteria)
RF00049 Small nucleolar RNA SNORD36 20 82 63%
RF00513 Tryptophan operon leader 11 100 63%
RF00309 Small nucleolar RNA snR60/ 23 106 63%
715/7230/7193/J17
RF00451 mir-395 microRNA precursor 21 112 64%
family
RF00464 mir-92 microRNA precursor 33 80 64%
family
RF00507 Coronavirus frameshifting 23 85 66%
stimulation element
RF00388 Qa RNA 5 103 70%
RF00357 Small nucleolar RNA R44/ 19 105 70%
J54/7268 family
RF00434 Luteovirus cap-independent 17 108 1%
translation element (BTE)
RF00525 Flavivirus DB element 111 76 1%
RF00581 Small nucleolar SNORD12/ 8 91 1%
SNORD106
RF00238 ctRNA 48 88 2%
RF00477 Small nucleolar RNA snR66 5 105 2%
RF00608 Small nucleolar RNA SNORD99 3 80 2%
RF00468 Heaptitis C virus stem-loop VII 110 66 74%
RF00489 ctRNA 14 80 74%
RF00113 QUAD RNA 14 150 75%

The MCC, SN, and SL values are sorted in descending order for each tool
under analysis and placed in the graphs in Figure 1.6. The X-axis shows, there-
fore, the rank of the MCC (SN and SL, respectively) from highest to lowest.
For example, number 1 in the X-axis corresponds to the highest score achieved
by each tool. The Y-axis represents the MCC, SN, and SL, respectively.



Consensus Structure Prediction for RNA Alignments 21

Matthews correlation coefficient

— — KNetFold — - - Pfold - - - - RNAalifold
——RSefold ---o--- RSdfold RSpredict
1.20
1.00 o
®- e
s ‘e.
e - @
0.80 1
0.60 1
0.40 1
]
0.20 ‘o ‘
\ hs
000 +———T T T vvvvvvvrw—v—rﬂ.#vl

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35
Sensitivity

— — KNetFold — - - Pfold - - - - RNAalifold

——RSefold ---e--- RSdfold RSpredict

1.20

1.00 - <

0.80 - ®e-e
0.60 -
0.40

0.20 4

’ k‘m ‘

T T ¢

— T T

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35

— T T

Selectivity

— — KNetFold — - - Pfold - = = = RNAalifold
——— RSefold ---o--- RSdfold RSpredict

1.20

1.00

0.80

0.60

0.40

0.20

LI B et Sy s et B, o

000 T T
25 27 29 31 33 35

1 3 5 7 9 11 13 15 17 19 21 23

FIGURE 1.6: Comparison of the MCC, SN, and SL values of the six tools
under analysis on the seed alignments of low and medium similarity taken
from the 36 families listed in Table 1.2.



22 Biological Data Mining

Comparing Figures 1.5 and 1.6, we see that the methods under analysis
generally performed better on sequence alignments of medium and low similar-
ity than on sequence alignments of high similarity. Like what was observed in
the previous experiment, RSdfold performed the worst (cf. Figure 1.5). The
structures predicted by RSdfold tend to be stem-like structures; therefore,
many structures, particularly those containing multibranched loops, were mis-
predicted. For this reason, RSdfold yielded very low MCC, SN and SL values.

RSpredict outperformed the other five methods based on the three per-
formance measures used in the experiment. The tool achieved a high mean
value of 0.94 in MCC, better than those of KNetFold (0.86), Pfold (0.88)
and RNAalifold (0.89). Similar results were observed for sensitivity and se-
lectivity values. Furthermore, RSpredict exhibited stable performance across
all the families tested in the experiment. The tool had an MCC, SN and SL
standard deviation of 0.08, 0.09 and 0.08, respectively. These numbers were
better than the standard deviation values obtained from the other five meth-
ods, which ranged from 0.11 to 0.34. Pfold suffered from a size limitation; it
could not generate a structure for the large seed alignments with more than
40 sequences in 9 families, including RF00230, RF00080, RF00515, RF00557,
RF00504, RF00029, RF00525, RF00238 and RF00468.

1.4 Conclusions

In this chapter we presented a software tool, called RSpredict, capable
of predicting the consensus secondary structure for a set of aligned RNA
sequences via energy density minimization and covariance score calculation.
Our experimental results showed that RSpredict is competitive with some
widely used tools including RNAalifold and Pfold on tested datasets, sug-
gesting that RSpredict can be a choice when biologists need to predict RNA
secondary structures of multiple sequence alignments, especially those with
low and medium similarity. Notice that RSpredict differs from KNetFold [31]
in that KNetFold is a machine learning method that relies on precompiled
training data derived from existing RNA secondary structures. RSpredict, on
the other hand, is based on a dynamic programming algorithm for folding
sequences and does not utilize training data.

Given a multiple sequence alignment A,, our work is focused on predicting
the consensus structure of the aligned sequences in A,, rather than folding each
individual sequence in A,. Our approach is to first transform A, to a refined
alignment A by deleting columns with more than 75% gaps from A,, then pre-
dict the consensus structure for A, and finally extend the consensus structure
by inserting gaps to the positions corresponding to the deleted columns in A,
(cf. Figure 1.2). The predicted structure may not correspond exactly to any
individual sequence in the original alignment A,. As an example, assume for
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simplicity that A, is the same as A, i.e., no columns are deleted when getting
A from A,. Consider a particular sequence S in A,. Assume that the position
(column) i of S has a gap due to the alignment with the other sequences in
A,. On the other hand, the position ¢ in the consensus structure of A, has
the most frequently occurring nucleotide in column i of A,, which cannot
be a gap. As a result, the consensus structure of A,, which is at least one
nucleotide longer than S, cannot be mapped exactly back onto S. In future
work we plan to look into ways for improving on consensus structure predic-
tion. Possible ways include the utilization of evolutionary information [37],
more sophisticated models of covariance scoring, and training data for more
accurate pairing thresholds.
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2.1 Introduction

2.1.1 The dilemma of protein folding

Proteins and nucleic acids represent the two major classes of biological
macromolecules present in living organisms. They both are necessary to a cell
to perform most of its functions, but their role is profoundly different: whilst
in nucleic acids the information content is kept in the form of a string, i.e., it
resides in the linear sequence of the four bases, the most important aspect of
a protein (at least of the globular ones) is its three-dimensional (3D) architec-
ture. Using the 20 different amino acids that can constitute a protein (we are
neglecting here posttranslational modifications, which can be physiologically
very important, but are not relevant for the problem of folding), it is in princi-
ple possible to build an impressive number of different sequences:* considering,
for example, a polypetide chain of only 100 amino acids, this number is 2010,
Only a very small fraction of these sequences is actually present in a cell. For
example, the genome of a simple gram-negative bacterium, like FEscherichia
coli, codes for less than 2000 genes, whilst the genome of a complex organ-
ism, like a man, contains many more genes (according to different estimates,
between 20,000 and 30,000 genes) and consequently many more proteins. The
previous numbers drastically decrease if we consider tertiary structures. It is
in fact well known that the 3D structure of a protein is much more conserved
than its amino acid sequence, and proteins with different primary structure
can display the same fold.” Quite often the same fold corresponds to the same
function, and this is one of the reasons why it is necessary to know the 3D
structure of a protein and not simply its amino acid sequence; but there are
also common protein folds that correspond to totally different functions. We
will not discuss here if the latter phenomenon has to be ascribed to conver-
gent or divergent evolution, but the practical consequence of this fact is the
relatively limited number of different protein folds present in nature. If we con-
sider the Protein Data Bank (PDB, http://www.rcsb.org), the database that
collects all the 3D structures of biological macromolecules till now experimen-
tally determined, either through X-ray or electron diffraction or NMR, there
are at present about 47,000 structures of proteins deposited. They correspond
to about 1,050 different folds according to SCOP (Murzin et al., 1995) or to
850 according to CATH (Orengo and Thornton, 2005). We do not know yet if
they can be considered representative of all the possible folds present in living

* The amino acid sequence is also called the primary structure. The level of organization
of a protein include three other levels: the secondary structure considers how the polypep-
tide chain folds on itself, forming pieces of repeated conformation; the tertiary structure
describes how secondary structure elements (SSEs) organize in 3D space; the quaternary
structure (which is not present in all the proteins) describes the organization of more than
one polypeptide chain.

T The term “fold” is used to indicate the way SSEs are arranged in space and is roughly
a synonym of “tertiary structure.”
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organisms: until some years ago it was estimated that the possible folds could
have been about 1000; since completely new folds have not been discovered in
the last four years, it is quite reasonable to assume that the number of folds
we know is probably quite close to the total number of the existent ones. If
80, this means that in nature a limited number of 3D architectures have been
developed, and those are used to perform all the necessary functions of cells
and organisms. Interestingly, similar 3D folds can be present in proteins that
bear small or even undetectable sequence homology, but at present we are
not yet able, given an amino acid sequence unrelated with that of previously
known 3D structures, to predict with sufficient reliability which folding that
particular sequence will assume.

2.1.2 Protein classification and the discovery of hidden rules

The concept of fold similarity is not exempt from ambiguities. Do protein
families really exist, or is it more likely that there is a sort of “continuous” of
similarities? The idea of grouping proteins into “families” according to their
fold similarity possibly derives from our needs of classification and categoriza-
tion (Gibrat et al., 1996). Whilst in some cases two proteins clearly share the
same fold, in others this similarity is questionable, and, in fact, different pro-
grams estimate a different numbers of total folds and classify some proteins as
belonging to the same family or not (Figure 2.1). This need of categorization
has, however, a great practical relevance, both in structure prediction and in
function assignment. The experimental determination of the 3D structure of a
protein, either by X-ray or NMR, takes nowadays months or, in difficult cases,
years, while the sequences of entire genomes, and consequently of the proteins
coded by them, are determined at a very high rate.* In this respect, the ability
of predicting the 3D structure of a protein is of paramount importance. At the
same time, the recognition of structural similarities in proteins that present
limited or nonexistent sequence similarity can sometimes be used to assign a
biological role to a protein of unknown function, when its 3D structure has
been determined.

Sometimes similarity does not involve entire structures, but only a por-
tion of them: it is limited to a single domain, i.e., to a substructure that can
be defined as an independent structural unit inside a larger protein. In order
to detect similarities, at least in all cases that are not self-evident, the pa-
rameters and the algorithm used become relevant and can strongly influence
the final results. Different algorithms have been devised to compare and su-
perimpose protein structures, but none of them is completely free of failures.
Some impose the constraint of continuity of the matched atoms along the pri-
mary sequence, in other words preserve the sequential order of the matched
atoms; other methods try to minimize the so-called “soap-bubble area” be-
tween two structures, or involve other techniques, like lattice fitting (surveys

* At the time of writing of this chapter 680 genomes of bacteria (http://www.
ebi.ac.uk/genomes/bacteria.html) and 33 of eukaryotes (http://www.ebi.ac.uk/2can/
genomes/eukaryotes.html) are available, and many others are in progress.
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FIGURE 2.1: Cartoon representation of three proteins belonging to the a+ 0
class of proteins according to the SCOP server (Murzin et al., 1995). 1DY5 is
the bovine pancreatic ribonuclease A, 1 GQV is the human enosophil-derived
neurotoxin, 1A2P the ribonuclease from Bacillus amyloliquefaciens. The first
two are clearly superimposable, the third displays a similar motif (a 8-sheet
flanked by two or three a-helices), but with significant differences. According
to SCOP, they belong to the same class, but the first two are classified in the
same subclass and the third to a different one.

of the different methods of proteins comparison can be found in Gerstein and
Hegyi (1998) and Kolodny et al. (2005)).

The method illustrated in this chapter integrates different techniques,
namely geometric hashing and dynamic programming, to achieve good per-
formance. Advantages (and disadvantages) of the method will be discussed.

2.2 The Use of Geometric Invariants and Hashing for
a Simplified Representation of Secondary Structure
Elements (SSEs)

2.2.1 Simplified representations of three-dimensional (3D)
structures

The structure of a protein composed of n atoms (we consider here only
“heavy” atoms, i.e., we neglect hydrogen atoms, that in general are too small
to be observed in a diffraction experiment) is fully described by 3n num-
bers, with a triplet of numbers associated to each atom and corresponding to
the three coordinates of the atomic center with respect to an arbitrary ref-
erence system.” In order to describe folds, to compare structures and detect

*In general, a fourth number characterizes the thermal motion of the atom around its
equilibrium position, but this can be totally neglected for fold classification and structure
comparison. In the case of X-ray diffraction data, the reference system is usually related to
the crystal cell.
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FIGURE 2.2: Simplified representations of protein folds. The structure of
sperm whale Met-myoglobin (ODB:ID 1L2K) is shown has: (a) all atoms rep-
resented as spheres; (b) Ca atoms chain trace; (¢) ribbon diagram. Helical
ribbons represent a-helices; (d) helices are substituted by segments, each of
them corresponding to the axis of the helix. To further simplify the represen-
tation, connections among SSEs have been neglected.

similarities, a simplified representation is desirable and necessary. One of the
reasons is that amino acids side chains differ in similar proteins; moreover, the
protein fold is defined by the torsion angles of the polypeptide main chain,
making side chains useless. The most common simplification is represented by
the use of a single atom for each amino acid, in general the a-carbon atom
(Cq). This reduces the protein structure to a series of line segments, which
is more manageable than a structure composed by points-atoms (Figure 2.2).
An alternative is represented by the “distance or contact matrix,” a square
matrix where the a;; element assumes the value 1 if amino acids ¢ and j are
in contact (i.e., the distance between their atoms is less than a given value),
0 otherwise. This latter representation can equivalently be expressed by a
graph. It is needless to say that two similar proteins are characterized by sim-
ilar distance matrices. A further reduction is represented by the use of the
secondary structure element (SSE), either connected or not (Figure 2.2). The
latter is the most simplified representation, since a medium size protein (or
a protein domain) is on average composed of around 12 SSEs. The definition
of the type (helix or strand) and orientation of secondary structure elements
(SSEs) is sufficient to completely define a protein fold.



32 Biological Data Mining

2.2.2 Segment approximation of secondary structure
element (SSE)

The use of a simplified representation of a protein structure has several ad-
vantages (along with few disadvantages). A very simplified representation, in
fact, enables the detection of common motifs or regularities that are concealed
by a sophisticated and complex view. At the same time, if the representation is
too simplified, many details are lost and some aspects can be underestimated
or neglected.

In the approach presented here, only two types of SSE, a-helices and (-
strands, are considered, while loops and any type of connections among them
are neglected. This oversimplified representation is based on the assumption
that SSEs are the building blocks of the protein architecture or, at least, are
fundamental in defining the 3D structure. Besides, a a-helix or a (-strand is
approximated by a line segment: in the case of the helix, this segment passes
through the helical axis, for a strand it is the best-fit segment of the set of C,
atoms of the strand. In both cases, the segment is computed in closed form by
a linear regression applied to the set of C, atoms of the secondary structure.
The 3D structure of a protein composed by n SSE is consequently reduced to
a set of n oriented segments.

2.2.3 Building of the hash table for triplets of secondary
structure element (SSE)

The technique of geometric hashing was originally developed within the
field of pattern recognition and computer vision and then applied to problems
in structural bioinformatics (Dror et al., 2003; Shatsky et al., 2004, 2006). It
consists of representing a set of 3D structures by storing in a hash table redun-
dant transformation-invariant information extracted from the structures. The
hash table is used at recognition time, when similar invariants are extracted
from a query structure and hashed into the table to retrieve the structures
most similar to the query. Geometric hashing has generally been applied to
point sets, either in 2D or 3D space, undergoing rigid transformations or the
more general affine transformations. For matching 3D point sets, quadruples of
points are used to define reference frames or bases in which the coordinates of
all other points are computed. Such coordinates remain invariant for the class
of affine transformations. Models are stored into the table by considering all
possible combinations of quadruples of points as bases and using the invariant
coordinates of the remaining points to index the table. At recognition time, if
the correct quadruple of points is chosen from the query structure, the candi-
date matches are efficiently retrieved from the hash table. Geometric hashing
suffers from sensitivity to noise and excessive memory requirements. Several
heuristics have been proposed to solve either one or both: coarse quantization
of the hash bin, the selection of few relevant bases, the detection of “seed
matches” and their clustering, locality sensitive hashing. In our application,
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with a protein reduced to a set of n linear segments, the hashing is based on
invariant properties of groups of SSEs, such as angles and distances, rather
than on properties of atoms. If we consider a triplet of SSEs, the three angles
associated to the three pairs of segments of the triplet are used to index a
3D hash table. A table entry stores information about all triplets that hashed
into it. In addition, for each triplet the distance between pairs of segments is
inserted into the table.

It is important to notice that SSEs are considered independently from
their position in the polypeptide chain and thus all combinations of segments
are considered. The number of triplets in a protein composed by n SSEs is
O(n3). A major point must be stressed here: two triplets (or n-ets) that share
the same angular values are not necessarily super-imposable, and may even
correspond to totally different arrangements of SSEs. One reason is that the
dihedral angle between two linear segments is defined as the angle formed by
the two planes perpendicular to the straight lines that include the segments.
Consequently, two different segments belonging to the same straight line form
the same angle with any another segment belonging to a second straight line
(Figure 2.3).

FIGURE 2.3: Ca chain trace of the influenza virus matrix protein (PDB:ID
1AAT). The two triplets of a-helices (1, 2, 3) and (3, 4, 5) belong to the same
cell of the hash table, i.e., they form the same dihedral angles between pairs
of helices. Nevertheless, they present a different arrangement in space and are
not superimposable.
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2.2.4 Building the hash table

Let P be a protein and (py, . . ., p,) the best-fit line segments associated to
its SSEs, listed according to their order along the polypeptide chain. Triplets
of segments (p,,, pv, p-) of P are ordered in such a way that u < v < z; a triplet
is characterized by three dihedral angles (o, w2, au,) and three distances
between the mid-points of the segment (dyy, dy 2, dyz). A 4D hash table is built
with the following index structure: the quantized angle values of a triplet of
segments constitute the first three indices, the fourth index is a number that
characterizes the composition of the triplet in terms of helices and strands.
The latter index is fundamental in order to distinguish a segment representing
a helix with that representing a strand. After various tests, the cell size of the
hash table was empirically chosen equal to 18°.

2.3 The Use of Geometric Invariants for Three-
Dimensional (3D) Structures Comparison

Once the triplets hash table containing all the data for the entire PDB (or
a representative subset) has been built, it can be used to efficiently find the
proteins of the PDB that have high structural similarity with a query protein
or domain. There are three main steps in our search, where each step refines
the results of the previous step using a more computation-intensive procedure.

Step 1. Access the hash table to find a list of proteins that are good
candidates for similarity with the query.

Step 2. For each candidate protein, perform a pair-wise structure align-
ment with the query protein. Rank the candidate proteins based on the
score of the alignments and remove from the list the candidates with a
score below a given threshold.

Step 3. Superimpose the query protein with each candidate protein and
compute the root mean square deviation (RMSD).

Step 1 selects from the approximately 47,000 proteins of the PDB a list of
candidates typically of size less than 1000. The exact number depends on the
threshold used by the algorithm. This is the main advantage of hashing that
avoids individual comparisons of the query with all 47,000 proteins, drastically
reducing the number of proteins for which a pair-wise comparison is needed.

2.3.1 Retrieving similarity from the table

Step 1 accesses the hash table looking for triplets of SSEs of stored proteins
equivalent to triplets of the query protein P. Cousider triplets (p, py,p.) of
protein P and triplet (g, qs, q:), r < s < t, of protein Q. The latter has angles
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(prs, Pst, ore) and distances (hgps, hst, het). The two triplets are considered
equivalent if:

|auv - ‘prs| < TA7 |avz - ‘pst‘ < TA; |auz - SD'r‘t| < TA

and
|duv - hrs| < TD» |dvz - hst| < TD; |dux - hrt| < TD»

with TA and TD given thresholds. Several threshold values were tested and
TA = 18° and TD = 8 A were selected.

For every triplet of SSEs belonging to protein P, the hash table cell indexed
by the triplet is accessed and a vote is cast to the records of the cell with
similar distance values, corresponding to equivalent triplets. In the voting
process, each triplet of P may cast a vote to a protein T only once, even
of several triplets of the protein T are present in the same cell. Due to the
quantization of the angles, equivalent triplets may not lie in the same cell, but
in a neighboring one, thus votes are cast also for the adjacent cells.

Possible matches of the query protein with the proteins stored in the table
are ranked according to the number of votes they accumulated. In order to
avoid false positives, hypotheses of similarity are verified by pair-wise com-
parisons of the query protein with the candidate proteins, as described below.

2.3.2 Pair-wise alignment of secondary structures

The input to step 2 consists of the query protein P and the candidate pro-
tein () represented by the segments (p1,...,pn) and (q1,. .., ¢m), respectively
associated to their secondary structures. The task is to align the SSEs of the
two structures by finding the longest sequence of well matched pairs.

A solution to the alignment problem is obtained by the dynamic program-
ming technique.

The scoring function used in the algorithm compares pairs of segments
from each of the two proteins; the algorithm maximizes a score that repre-
sents the degree of similarity between these segments. Specifically, for a given
scoring function d(p;, q;) defined on all pairs (p;,q;) of SSEs, the DP algo-
rithm maximizes the sum D of the scores over all aligned pairs of secondary
structures, i.e.,

D = max Z d(ph, qx)
(ph.qk)eA

The alignment preserves the order along the backbone chains, i.e., for all
pairs in A, if (p;,q;) and (pn,qx) are two aligned pairs of A and ¢ < h, then
it must also be j < k. The alignment can introduce gaps that correspond to
missing or inserted SSEs in one structure.

In the literature, different scoring functions for SSEs have been considered
for the alignment of two proteins. They can roughly be classified as either
orientation-independent or orientation-dependent. Orientation-independent
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scores are based on the comparison of internal geometric properties between
pairs of segments selected from the two proteins, while orientation-dependent
scores compare individual segment orientations and origins from the two pro-
teins. For example, if one chooses to consider the angle of two segments, an
orientation-independent score would compare the angle between a pair of seg-
ments of protein P to the angle between a pair of segments of Q). On the
other hand, the orientation-dependent score would compare the orientation
or origin of a segment from protein P to that of a segment from protein B.

In Singh and Brutlag (1997), both scores have been used in an iterative
procedure based on DP. Initially, the scores between segments are orientation-
independent; following each DP iteration, the new results are used to derive
orientation-dependent scores for pairs of secondary structures. Every subse-
quent DP iteration involves orientation-independent as well as the newly com-
puted orientation-dependent scores. In our approach (Comin et al., 2004) the
score d(p;,q;) is orientation-independent and is derived from the information
stored in the hash table. The value d(p;, g;) is given by the number of times the
pair (p;,q;) occurs in two equivalent triplets of segments of secondary struc-
tures of P and @. Recall that two equivalent triplets produce the same indexes
into the hash table and consequently are stored in the same hash table cell.
The reuse of data already computed allows a time-efficient implementation of
the method.

2.3.3 Ranking candidate proteins

The DP algorithm is run on all candidate proteins. Based on the scores
of the obtained alignments, the candidate proteins are re-ranked to produce
the top n (a user specified parameter) solutions to the search. Specifically for
each candidate protein () a new similarity measure S with query protein P is
evaluated as follows:

S = D(88.1/SS01)*
where D is the value maximized by DP, S5, is the number of aligned SSEs
and SS;o; is the total number of SSEs of protein Q. The term (SS.1/5Si01)>
is introduced to account for differences in protein size and penalize the occur-
rences of a small substructure in large proteins.

2.3.4 Atomic superposition

In the final step 3, we use the results of the highest scoring alignment of
P and @ to find matches for the atoms of the two structures and obtain the
rigid transformation that minimizes the RMSD between the matched atoms.
This is done trough a number of iterations, with each iteration extending the
matches to new atoms and refining the transformation. In the first iteration
we use the method in (Horn, 1987) to compute the initial transformation T
that optimally superimposes the atoms of the starting and ending residues
of all aligned SSEs. We apply T to the entire candidate protein and extend
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the matches to other atoms of the SSEs while preserving the alignment of
matched atoms. Specifically, if (a;, b;) is a pair of already aligned atoms of
SSE a and b of P and @, respectively, for each atom a;+; of a we deter-
mine (if it exists) the unmatched atom by (h > j) of b such that the distance
|T'(by,) — a;| is minimum. The pair (a;41,bp) is a new match. For the new set of
matched atoms we derive the transformation that minimizes the RMSD. For
the next iterations, the two steps, i.e., (1) refinement of the transformation
from the new matches, (2) application of the transformation to derive new
matches, are repeated. The iterations terminate when no more matches can
be added. Finally, the match is extended to the atoms outside the aligned sec-
ondary structures, while maintaining the order along the primary structure.
More precisely, we examine all atoms belonging to loop regions in between
corresponding secondary structures of P and . For each atom of a loop in
P we consider a spherical neighbor of a; of radius €. If there is an atom b; of
the corresponding loop of @) such that T'(b) falls in the neighbor of a;, i.e., the
distance |T'(b) — a;| is less than ¢, and if such atom preserves the sequential
order along the backbone, then the pair (a;,b;) is a new match. By doing so,
typically a considerable increase in the number of matched atoms is obtained.

2.3.5 Benchmark applications

We benchmarked our method on different query proteins or chains. A
query protein or chain is compared with the entire set of proteins or chains of
the PDB to retrieve those with high score when matched with the query. We
used the SCOP classification (Murzin et al., 1995) as standard-of-truth. In
Table 2.1, we show the results obtained using as a query one of the structures
of the sperm whale myoglobin (PDB:ID 110M), an all-a protein fold. The
structures listed in the table are some of the top 615 obtained using the score
S defined in the previous section. Of them, the top 606 are all classified by
SCOP in the same fold as 110 m. The first protein with a different fold appears
at position 607. As another example, we have considered as a query protein
the triose phosphate isomerase from chicken muscle (PDB:ID 1TIM); more
than 400 chains are correctly recognized before a protein with a different fold
(according to the SCOP classification) is found.

To assess the quality of our results we use the measure of accuracy defined
as the percentage of correctly classified proteins in the top n items outputs,
for various values of n. An output is considered correct, or true positive,
if the protein is classified by SCOP in the same fold as the query protein.
Extensive experimentation on a large set of query proteins has demonstrated
that the approach has a good performance in terms of accuracy (Comin et al.,
2004). Our results are typically consistent with SCOP, with few false positives
intermixed with true positives at quite low positions in the output list.

Other experiments were done to benchmark the alignment and superposi-
tion procedures. Our results were compared to those of two existing methods,
namely CE (Shindyalov and Bourne, 1998) and DALI (Holm and Sander,
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TABLE 2.1: Output obtained with query protein 110 M.

n Aligned
Rank Protein SSE Score S Name Na RMSD
1 1 abs 8 172 OXYGEN 154 0.3
STORAGE
2 2 mgf 8 170 OXYGEN 154 0.4
STORAGE
3 2mga 8 170 OXYGEN 154 0.3
STORAGE
4 1 mtk 8 170 OXYGEN 154 0.1
STORAGE
5 1 mti 8 170 OXYGEN 154 0.2
STORAGE
6 1 mls 8 170 OXYGEN 154 0.3
STORAGE
7 1 mlr 8 170 OXYGEN 154 0.2
STORAGE
604 1f5p 7 8 OXYGEN 128 2.7
STORAGE
TRANSPORT
605 11 5 8 OXYGEN 130 3.1
STORAGE
TRANSPORT
606  1gew 5 8  OXYGEN 133 26
STORAGE
TRANSPORT
607 1ny9 5 8 TRANSCRIPTION 31 2.9
608 1 aoi 4 8 NUCLEOSOME 49 2.9
CORE/DNA
609 1 hbr 6 7 OXYGEN 139 2.9
STORAGE/
TRANSPORT
610 1°0y 6 7 OXYGEN 126 3
TRANSPORT

Notes: The proteins are ranked according to the score S (fourth column). The third col-
umn gives the number of aligned SSEs, Na is the number of aligned atoms, and RMSD is

computed for the corresponding atoms.

1996), in terms of quality of the alignment and execution time. The quality
of the alignment was expressed in terms of both the number of aligned atoms
and the RMSD. On “easy” cases all three methods performed quite well and
no significant variations could be found in their solutions. On some “diffi-
cult cases” identified in (Shindyalov and Bourne, 1998), our approach gives
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TABLE 2.2: Comparison of three methods for structure alignment,
PROuST, CE, and DALI for some “difficult” cases.

PROuST CE DALI
Prot 1 Prot 2 Na/RMSD Time Na/RMSD Time Na/RMSD Time
(size) (size) (seconds) (seconds) (seconds)
lcle 1 hoe 61/3.1 0.6 66/3.1 10.5 66/3.4 24.4
(639)  (74)
3hla B 2rhe 71/3.1 0.4 85/3.5 1.3 75/3.0 15.8
(99)  (299)
2aza A 1paz 74/2.8 0.5 85/2.9 1.6 81/2.5 13.9
(276)  (120)
2sim 1nsb A 263/3.3 1.3 276/2.9 50.7 292/3.3 388.2
(799)  (466)
1tie 4 fgf 101/3.1 0.4 115/2.8 2.3 114/3.1 29.7

(272)  (217)

Notes: Na is the number of aligned atoms and the execution time is in seconds. The size of
a protein is expressed as the numbers of residues.

reasonable results. On the other hand, its execution time is typically much
lower. Table 2.2 shows the details of the comparison of the three methods.

In conclusion, the experiments on protein structure comparison have
demonstrated the flexibility of our method, which considers only spatial re-
lationships among secondary structural elements, neglecting the connections
among them, and is able to detect a partial similarity between two proteins
of totally different size. Furthermore, the method does not need any a-priori
assumptions about the regions to compare.

2.4 Statistical Analysis of Triplets and Quartets
of Secondary Structure Element (SSE)

Occurrences of triplets and quartets of SSEs will be discussed mainly with
the purposes of protein classification and categorization. In this section, we
study the distribution of triplets of angles stored in the hash table and then
extend the analysis to quartets. The goal is to find angular patterns of triplets
and quartets that are over-represented in a dataset of protein structures, in
other words patterns that occur in proteins more frequently than expected in
sets of random segments. Obviously, angles do not capture all the structural
information of a configuration of SSEs, since they are independent of the
actual location of the segments on the supporting lines. For this reason, in
the following we refer to segments as vectors and consider them applied in the
origin of the reference system, as in Figure 2.4.

Angles represent concise geometric descriptors of the spatial arrangements
of SSEs and have attracted the attention of researchers from the early days
of structural bioinformatics. Initially, the interest focused mostly on the dis-
tribution of angles of contacting or packing helices. Based on the observed
peaks in the distribution, interesting models were proposed that provided an
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(a)
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FIGURE 2.4: (a) An example of vector representation for a quartet of SSEs.
(b) The unit vectors translated to the origin (into the unit sphere).

explanation for the preference of packing helices for such angles. The an-
gular preference remained, even though attenuated, when the analysis was
corrected for the statistical bias, which could be observed also in random
segments (Bowie, 1997). More recently, the attention has shifted toward the
analysis of global interaction of multiple SSEs. The distribution of the an-
gles of triplets of SSEs, either interacting or noninteracting, was analyzed in
Guerra et al. (2002) and Platt et al. (2003), where it was observed that certain
angular patterns are over-represented when compared to sets of uniformly dis-
tributed vectors. Specifically, planar configurations of a-helices and [-strands
are highly preferred; in a planar configuration, one of the three angles is equal
to the sum of the other two, while in a non planar configuration each angle
must be less than or equal to the sum of the other two.

When the analysis moves from triplets to quartets of segments, the number
of angles that they form grows from three to six and the study becomes much
more complex. One reason is the combinatorial explosion of the data that
makes the enumeration of quartets computationally expensive, combined with
the difficulty of visualizing and interpreting 6D data.

2.4.1 Methodology for the analysis of angular patterns

We now describe an efficient a priori-based algorithm for finding over-
represented arrangements of quartets of segments without exhaustive enu-
meration (Comin et al., 2008). The original a priori algorithm was introduced
by Agrawal et al. (1993) to solve the problem of finding association rules in
large datasets. The simple idea of the method is that if a given set of k items
is frequent, then all its subsets of kK — 1 items must also be frequent; this is
called the anti-monotone property. The general implementation of this idea is
that we can search for frequent item-sets of any size k by iteratively merging
frequent item-sets of size k — 1. In our scenario we want to implement this
notion to find over-represented quartets of segments.
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A quartet of segments S = (s;1, 8;2, Si3, Si4) is described by six angles
Q = (012, 13, @23, A2g, i34, a14). The key idea of the algorithm is that if an
angular 6D pattern of angles is frequent, then some specific triplets of angles
extracted from the sextuple must be frequent. Thus, for a given set of proteins
structures, the pattern discovery algorithm proceeds by first identifying the
frequent (over-represented) triplets of angles and then joining them to gener-
ate candidate frequent sextuples and finally in verifying those candidates by
determining their actual frequency. This method yields a significant reduction
in the execution time with respect to the complete enumeration: from three
days to 20 minutes for a set of 300 representative structures. An important
aspect of the method is that it can be extended from quartets to any given
number of SSEs.

Although our algorithm is inspired by a priori, it differs from its applica-
tions to basket analysis and bioinformatics. In particular, the basic a priori
algorithm has the requirement that all subsets of items of an itemset must
be frequent, in order for the itemset itself to be frequent. Unfortunately the
anti-monotone property, that is the basis for every a priori algorithm, does
not hold in the case of sextuple of angles, and more generally for the angles
formed by a set of segments. There are triplets of angles that cannot be gen-
erated from three of the four segments under examination: these are the cases
when the three angles involve all four segments. However, there are only four
triplets of angles that are subsets of a frequent sextuple @ that must be fre-
quent. These are (12, a13, @23), (a3, a4, as4), (@13, @14, ag4) and (aq2,
a4, Q24). Indeed, the four triplets are obtained by the four different ways of
choosing three segments out of four.

A sketch of the approach is presented here, for a detailed description see
Comin et al. (2008). Given a representative set of protein structures, we as-
sume that the hash table indexed by the discretized angles of the triplets
has already been built as described in the previous sections. To determine
if a triplet is over-represented, we need to remove the statistical bias that is
present also in the distribution of random vectors, which is far from being
uniform. For a given data set of n proteins, we generate n sets of random
vectors; each set contains the same number of vectors as the SSEs of each
protein of the data set. Then we construct the hash table for such sets and
measure the deviation of the hash table of the real structures from that of
the random ones; finally, we choose as over-represented the entries or triplets
with the highest deviations from the random sets.

Once the over-represented triplets have been identified, the last two steps
of the mining procedure, i.e., the joining of triplets into the candidate sex-
tuples and the verification of such candidates, are performed as follows. The
operation join merges four frequent triplets (cv12; @13, og), (o3; @o4; Qs4),
(13, 145 azq) and (aq2; a14; @24) into the candidate sextuple (a12; @135 @23;
Qua4; (343 ai14). In other words, four triplets are merged if the last angle of the
first triplet is the same as the first angle of the second; the second element of
the first triplet is the same as the first element of the third triplet, and so on.
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The requirement that the triplets must be frequent does not guarantee that
the sextuple is frequent. In fact this requirement provides a necessary, but
not sufficient, condition. The obtained sextuple is only a candidate solution
that needs to be verified by determining its actual frequency and its statistical
significance.

2.4.2 Results of the statistical analysis

We selected a set of 300 nonredundant proteins from different families and
computed all triplets of SSEs and their associated linear segments. We recall
that all triplets of SSEs are considered without any distinction between inter-
acting and non-interacting elements. The distribution of triplets of SSEs of the
selected proteins and of random vectors are shown in Table 2.3 by displaying
the frequencies of the entries of the two hash tables. Notice that not all the
cells of the hash tables are populated by triplets of segments owing to the tri-
angular inequality of the angles. By construction, the two hash tables contain
the same total number of triplets and are computed using sets of segments
with the same composition; consequently they can be directly compared. The
hash table contains 520 nonempty cells (containing a total of 398,853 triplets
of vectors), of which 242 were selected as frequent (corresponding to 189,270
triplets). The triplets of angles selected as frequent are marked in the last
column of Table 2.3.

Starting from the frequent triplets, a set of over-represented arrangements
of four SSEs was built, using the procedure described in the previous para-
graph. It has to be considered that each arrangement of four vectors is de-
scribed by six ordered angles, where an angle corresponds to a specific pair of
SSEs, which is identified by the sequential order of SSEs along the primary
structure. In this way, two arrangements forming the same six angles, but in
a different order, correspond to two different angular patterns in a protein.
On the contrary, if we neglect the physical connections among SSEs, they can
be considered geometrically equivalent and, for this reason, they were merged
together, ignoring the relative order of angles.

By merging the patterns, the discovery procedure selects a set of 785 over-
represented patterns, formed by 485,021 quartets of segments, out of 2262
possible patterns and more than 3,000,000 quartets obtained by the exhaus-
tive search. The top ten angular patterns ranked by their frequency are pre-
sented in Table 2.4. The overall discovery procedure is relatively fast: it takes
approximately 20 minutes on a standard PC (AMD Athon 2.6 GHz). On the
same machine, the exhaustive generation of all possible quartets of SSEs takes
more than three days. On the other hand, the results of the faster procedure
are comparable to those of the enumeration. The top angular patterns of pro-
teins obtained by the exhaustive enumeration are shown in Table 2.5, ranked
by their frequency (Table 2.5a) and by the difference of their frequency from
that of random quartets (Table 2.5b). As can be seen from the tables, the top
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TABLE 2.3:

frequency of real triplets.

Distributions of angles of triplets of SSEs ranked by the

43

Expected Real
a1 as az Frequency Frequency Deviation Over-represented
8 3 7 1030.58 1656 +625.42 *
7T 3 8 1030.33 1589 +558.67 *
8 2 8 755.01 1567 +811.99 *
2 6 8 1031.26 1546 +514.74 *
8 5 b 1279.32 1542 +262.68 *
8 6 2 1032.71 1534 +501.29 *
3 5 8 1214 1505 +291 *
8 7 3 1033.88 1503 +469.12 *
8 5 3 1208.6 1495 +286.4 *
8 3 5 1219.6 1494 +274.4 *
8 4 6 1223.51 1456 +232.49 *
6 3 3 1561.27 1201 —360.27
8 3 6 923.87 1200 +276.13 *
6 4 2 1477.28 1199 —278.28
3 4 1 1216.74 1198 —18.74
1 4 3 1207.47 1195 —12.47
1 5 4 1275.53 1192 —83.53
4 3 7 1474.58 1192 —282.58
7T 3 4 1477.07 1191 —286.07
1 2 3 1031.96 1185 +153.04 *
5 2 7 1329.16 1185 —144.16
6 6 6 1569.37 1183 —386.37
TABLE 2.4: The ten top over-represented patterns of
angles.
(8 7)) (e 51} Qo (6 1. Oy (6753 Frequency
1 2 3 7 8 9 6,439
1 2 7 8 8 9 5,780
1 2 3 7 8 8 5,586
1 3 6 7 8 9 5,100
1 1 2 7 8 9 4,657
1 2 6 7 8 9 4,437
1 2 3 6 8 9 4,085
2 3 6 7 8 9 3,884
1 3 7 7 8 8 3,831
1 2 3 7 7 8 3,728

patterns in Table 2.5b are in almost all cases the same patterns detected as

over-represented by comparison with the random sets.

Over-represented patterns tend to be arranged into specific spatial confor-
mations that can be described in terms of groups of parallel and anti-parallel
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TABLE 2.5: The top angular patterns of the exhaustive
enumeration of quartets ranked by their frequency (a) and by the
difference of their frequency from that of random quartets (b).

Frequency

ap o1 Qp 3 04 Qp Rand Frequency Difference

(a)
3 4 5 6 7 8 16119 17224 —1105
2 3 5 6 7 8 13447 12467 +979
2 4 5 6 7 8 12912 13274 —362
3 3 5 6 7 8 11054 10525 +528
2 4 5 6 7 7 10236 12575 —2339
3 3 4 6 7 8 9795 9613 +181
1 4 5 6 7 8 9503 8582 +921
2 3 4 6 7 8 9496 9089 +406
3 4 4 6 7 8 9355 10361 —1006
2 3 4 5 6 8 8627 10043 —1416

(b)
1 2 3 7 8 9 7439 3267 +4171
1 2 7 8 8 9 5861 2087 +3773
1 2 3 7 8 8 6517 3258 +3258
1 3 6 7 8 9 5939 2807 +3131
1 2 3 6 8 9 5861 2813 +3047
1 1 2 7 8 9 4658 1831 +2826
1 3 5 6 8 9 6146 3373 +2772
2 3 6 7 8 9 5764 3022 +2741
1 2 6 7 8 9 5076 2378 +2697
1 3 4 6 8 9 5915 3364 +2550

SSEs. For instance, we observe that the top pattern (1,2,7,8,8,9) is compatible
with a known motif of interacting strands. On the other hand, such quartets
of interacting strands contribute less than 450 to the total frequency of 5780.
Thus, although the number of interacting quartets of SSEs is very small com-
pared to all possible quartets, still their angular patterns appear among the
top over-represented arrangements.

2.4.3 Selection of subsets containing secondary structure
element (SSE) in close contact

The over-represented patterns considered so far have included the SSEs
of the selected set of proteins, regardless of their distances. Moreover the
over-represented patterns are extracted by using only angular information; we
now investigate whether such patterns are also close in space. We now consider
only homogenous patterns of SSEs (i.e., composed by all strands or all helices)
from the top ranked configuration (1,2,7,8,8,9) and we define two SSEs to be
in contact if the distance between the mid-points of their associated vectors is
less than a given threshold (18 A in our analysis). Notice that, following our
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FIGURE 2.5: Cumulative number of pairs of SSEs in contact: (a) quartets of
strands, (b) quartets of helices. The number of strands considered in contact
(cutoff distance 18 A) is reported in abscissa.

definition, in a sextuple not all pairs of SSEs must be in contact; it is sufficient
that every SSE is in contact with at least another SSE. In the case of four
SSEs, a sextuple should have at least three pairs of SSEs in contact. Figure 2.5
shows the cumulative number of SSEs in contact for the quartets of segments
within the top angular pattern. It is interesting to observe that in all cases at
least one pair of vectors are in contact, and very often this happens for three
or more vectors. Notice that the use of the same threshold penalizes helices,
owing to their bigger steric hindrance as compared to J-strands. Nevertheless,
more than 65% of the helical quartets have at least two SSEs in contact. Better
results are obtained when considering quartets formed only by [-strands: in
this case 65% of the elements have at least three SSEs in contact. Again, we
can observe that purely angular patterns that are over-represented are in most
cases close in space.

In Figure 2.6 we present different examples of four strands, with angles
(1,2,7,8,8,9). In all these examples the four strands are in contact. Although
they display different arrangements, their pairwise angles are similar, thus
they fall into the same cell of the hash table. These patterns of angles include
SSEs from the same (-sheet (Figure 2.6¢), as well as from different [-sheets
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(b) (©

FIGURE 2.6: Three examples of the pattern of angles (1,2,7,8,8,9) composed
by strands only: (a) Protein 1HPL, SSE: 16-17-18-20; (b) Protein 1ACC, SSE:
0-1-2-3; (c) Protein 1AOR, SSE: 4-6-8-12.

(Figure 2.6a and b). The fact that most, but not all, SSEs are close in space
consolidates the idea that arrangements of angles are influenced by atomic
interactions, either directly or through other SSEs that do not explicitly belong
to the quartet.

In conclusion, we have described an efficient algorithm to extract over-
represented quartets of SSEs, which avoids the exhaustive generation of pat-
terns. We have shown that a careful analysis of the angular bias of random
vectors is essential in the determination of over-represented arrangements of
secondary structures. This study provides a generalized framework that can
be easily extended to patterns composed by more than four SSEs.

2.5 Conclusions

In this chapter, we have introduced an over-simplified representation of the
protein structures that can be efficiently used either for their comparison or for
statistical analysis or discovery of common motifs. This representation, based
on invariant geometric features of proteins’ secondary structures, neglects any
information about their connection along the polypeptide chain. In doing so,
many relevant details are lost, but the remaining information is the essential
one, and it can be efficiently used in pattern discovery. We have shown that this
representation is sufficient, for example, to detect similarities among protein
structures in a large database with a very high efficiency and without any a
priori assumption, comparable to that used by other algorithms that require
some human intervention. Given the over-simplified representation, part of the
information can be missed in our method, however it can be efficiently used
to detect overall similarities or to individuate concealed features. The results
can then be used as the starting point for a more accurate analysis making
use of an atomic representation.
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Finally, the building of a hash table of an entire protein database have been
used to compute over-represented patterns of triplets or quartets of SSEs, but
the method is more general and could be used for discovering recurrent or
hidden motifs in protein architectures. The study of the distribution of these
geometric invariants could bring new insights to guide the engineering of stable
protein modules. Other applications could be designed by replacing the null
distribution with that of a specific family of proteins.
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3.1 Introduction

RNA molecules are known to perform a variety of different biological func-
tions, including roles as messenger (mRNA), transfer (tRNA), and ribosomal
(rRNA) molecules in protein synthesis.

Each of these different types of RNA pose a common challenge: to under-
stand the folding of the RNA sequence into a structure that performs biochem-
ical functions. Of particular interest is the structure and function of ribosomal
RNA molecules, both because of the size and complexity of the structures as
well as their essential functionality in protein biosynthesis. Ribosomes are a

49



50 Biological Data Mining

complex of several RNA sequences, which comprise about 2/3 of the ribosome,
and various small proteins. For instance, a bacterial (70S) ribosome consists of
two subunits: a large (50S) and small (30S). These subunits in turn contain a
55 RNA and 23S RNA sequences in the large and a 16S RNA sequence in the
small. (The “S” is a unit of time which roughly corresponds to molecular size.)
The identification of small structural motifs and their organization into larger
subassemblies is of fundamental interest in the prediction and design of 3D
structures of large RNAs such as the ribosome. This problem has been studied
only sparsely, as most of the existing work is limited to the characterization
and discovery of motifs in RNA secondary structures.

This chapter reviews approaches to the characterization and identification
of structural motifs in 3D rRNA molecules that find possible use in tasks
such as: (i) alignment and homology searching of macromolecules by sequence
and nonsequence criteria, (ii) structure prediction of RNA based on homol-
ogy modeling, (iii) crossgenre alignment and homology searching, (iv) motif
searching (cross-genre). In addition these techniques can help us dissect fun-
damental processes such as RNA folding, RNA-small molecule interaction and
RNA-protein interaction. Our treatment specifically tackles the efficient auto-
matic recognition of known 3D motifs, such as tetraloops, E-loops, kink-turns
and others. On the other hand, it also suggests new ways of characterizing
complex 3D motifs, notably junctions, that have been defined and identified
in the secondary structure but have not been analyzed and classified in three
dimensions.

3.1.1 The ribonucleic acid (RNA) structure

Ribonucleic acid (RNA) is an oriented (5’ to 3') biochemical chain result-
ing from the concatenation of the four nucleotide units. The RNA nucleotides,
like those of DNA, consist of a nitrogenous base (adenine, cytosine, guanine
and uracil/thymine), a (deoxy)ribose sugar, and a phosphate. The sugars and
phosphates form linkages creating the backbone of the RNA sequences, which
progresses from the 5 position on one ribose through the phosphodiester
bond to the 3’ position on the next ribose. Similarly, RNA bases form hy-
drogen bonds leading to the Watson—Crick pairings of C, G, and A, U as well
as the “wobble” G, U pairing. Unlike the DNA double helix, though, most
RNA molecules are naturally single-stranded which, though intra-sequence
base pairing and other molecular interactions, fold into 3D structures.

RNA folding is hierarchical (see Figure 3.1). The intermediate states, dif-
ferentiated by the extent and type of hydrogen bonding and base stacking
interactions, are characterized by their dimensionality. The 1D structure is,
of course, the nucleotide sequence. The folding of this sequence is a pro-
cess from initial to intermediate to final states where the initial unfolded
state is conformationally polymorphic, while the final folded state is essen-
tially unique. Advances in nucleotide sequencing technology, coupled with
algorithms such as Needlesman—Wundsch, Smith—Waterman, and extensions
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(1) Primary structure

AUGCCAGCUGGUGGAUUGCUCGGCUCAGGCGCUGAUGAAGGACGUGCCAAGCUGCGAUAAGCCAUGGGGAGCCG
CGAAUGAGAAUCUCUACAAUUGCUUCGC GCAAUGAGGAACCCCGAGAACUGAAACAUCUCAGUAUCGGGAGGAA
UAACCGCGAGUGAACGCGAUACAGCCCAAACCG UAACGAGACGU

(2) Secondary structure
43 44

58

Domain 111
53

Domainl 21

(3) Tertiary structure

Crown view Back view

FIGURE 3.1: RNA folding of the 23S RNA of Haloarcula marismortui large
ribosomal subunit (PDBid: 1JJ2-Chain 0).

thereof, have been responsible for the explosive growth of ribosomal informa-
tion at the 1D level. For instance, the Ribosomal Database Project II Release
9.55 (http://rdp.cme.msu.edu/) consists of 440,891 aligned and annotated 16S
rRNA sequences.

Crucially, however, this abundance of sequence data does not automati-
cally extend to information about higher dimensional structures. To illustrate,
secondary structures determined through comparative sequence analysis of
many phylogenetically related sequences are the “gold-standard” of establish-
ing the 2D structure of an RNA molecule. The process remains very challeng-
ing, though, and the Gutell Lab CRW (http://www.rna.ccbb.utexas.edu/)
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currently contains rRNA secondary structures for 668 of the 16S sequences,
209 of the 5S sequences, and a mere 86 of the 23S sequences. Structurally, a
RNA secondary structure is a 2D map of local stems and loops, connected
by single stranded regions. Local stems are base-paired (double-stranded) re-
gions, with the two strands linked by a relatively short segment called loop.
The secondary structure, stabilized by nonspecific metal ions, is thought to
form early in the folding pathway, and is maintained in the final folded 3D
structure, which is also stabilized by tertiary interactions and specific metal
ions. Tertiary interactions are between nucleotides that are remote in the pri-
mary sequence. A folded 3D structure is given by the z, y, z coordinates of
each RNA atom, along with localized ions. For large RNA molecules, x-ray
diffraction is the only available experimental method for 3D structure deter-
mination. So far the structures of only four ribosomes are available.
Prediction of 3D structure is dependent on, and is significantly more diffi-
cult than, prediction of 2D structure. Folding of small RNAs can be simulated
via all atom molecular dynamics. However, errors arise from approximations in
force-fields and from limitations in simulation times. Currently, the best paths
to 3D structure prediction uses RNA secondary structures, thermodynam-
ics and phylogeny along with manual manipulation, constraint satisfaction,
molecular mechanics, dynamics and structural homology. For example Burks
and co-workers (Burks et al., 2005) converted paired regions of 2D structures
to helices, and other regions to RNA motifs, using the structural classification
provided by the SCOR database (Tamura et al., 2004). Models obtained thus
far are at the level of folding architecture and relationships between folded
elements, and do not provide precise atomic positions. Further details on the
3D modelling of RNA structures are given in Shapiro et al. (2007). In sum,
the goal of producing reliable 3D structures, at atomic resolution, using RNA
sequence as input data is a fundamental problem that has not been solved.

3.1.2 Ribonucleic acid (RNA) motifs

Besides base-paired helical regions, RNA structures are typically inter-
spersed by loop regions with characteristic folding and, for some of them, se-
quence patterns. To distinguish different classes of loop motifs in three dimen-
sions, we adopt the terminology which differentiates types of loops in nested
secondary structures. RNA structures in two dimensions are composed of base-
paired segments known as helices interspersed with regions called loops. Al-
though loops are considered “single-stranded” in RNA secondary structures,
we recognize that nearly all of these nonhelical nucleotides form some type
of base-base interactions in the 3D structure. In 2D, however, these loops are
distinguished by the number of Waston—Crick or wobble base pairs in the loop
which is the same as the number of nonhelical strands within the loop. In the
following we introduce some known characteristic loops.

A 1-loop or hairpin includes, as the common name suggests, the contiguous
fragment of nonhelical RNA which terminates a single helix. An extensively
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studied 1-loop motif is the tetraloop. A tetraloop is defined as a small loop
composed of four nucleotides, connecting the two anti-parallel chains of an
RNA helix. Tetraloops show characteristic conformations and stability, and
consensus sequence patterns given by GNRA, UNCG, and CUUG, where N
can be any nucleotide and R can be either G or A. In Hsiao et al. (2006) three
main types of tetraloops are identified: standard, with deletion (where one
nucleotide is omitted, e.g., the fourth one in GAA-) and with insertion (where
one nucleotide is added, e.g., the fourth in CAG(A)A). A standard tetraloop
is shown in Figure 3.2a.

Bulges and internal loops are known as 2-loops, which join two helices
and thus contain a closing base pair, an enclosed base pair, and the two
single-stranded segments connecting those two base pairs. Well-known 2-loop
motifs are the E-loop and the kink-turn. An E-loop is generally defined as an
asymmetrical internal loop, where the elements of the loop are usually cross-
strand paired (Leontis and Westhof, 1998). In our analysis we specifically refer
to E-loop as defined in Leontis and Westhof (1998), see Figure 3.2b, sometimes
also referred to as the core of the E-loop (Leontis et al., 2006). The E-loop
bulged strand presents the consensus pattern AUGA.

The kink-turn consists of approximately 15 nucleotides from two distinct
segments which base pair to form two helices and an internal loop. A represen-
tation of the kink-turn is given in Figure 3.2c. This is an important structural
motif since it mediates RNA tertiary structure interactions making significant
interactions with bound proteins. Six kink-turns in HM 23S were revealed in
Klein et al. (2001).

(a)

FIGURE 3.2: Secondary and tertiary structure of notable RNA motifs: (a)
the standard tetraloop; (b) the kink-turn; (c¢) the E-loop; (d) the S2-motif.
Ounly the tertiary structures of the w-turn (e) and Q-turn (f) are reported,
since these motifs do not share conserved characteristics at the secondary
structure level.
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Some special cases of 2-loops were introduced in Duarte et al. (2003) and
Wadley and Pyle (2004) called S2-motif, w-turn, and Q-turn. These motifs
differ from the typical 2-loop motifs since they present only one characteristic
fragment coupled with a fragment that has neither fixed length nor character-
istic shape. We will refer to these motifs as single-strand 2-loop motifs, while
to kink-turns and E-loops as double-strand 2-loop motifs. For these motifs we
performed a single-strand search as done before for the 1-loops. The S2-motif
is an internal loop, similar to the E-loop, composed by a characteristic strand
with the base of the bulged nucleotide completely outside the loop usually
involved in tertiary interaction (see Figure 3.2d). The m-turn is defined as a
sequence of five consecutive nucleotides forming a pinched strand such that
the backbone folds with an angle of ~120°. Similarly, the Q-turn is a strand
composed by five consecutive nucleotides that changes direction twice: first be-
tween the second and the third nucleotide (~180°), then between the fourth
and the fifth (~90°). The resulting bend is of ~90°, generating the 2 shaped
conformation. Examples of m-turn and of Q-turn are given in Figure 3.2e and
3.2f, respectively.

Finally, k-loops for k > 3 are commonly called junctions, multibranch or
branching loops. Again, as the names suggest, junctions are the loop regions
where an RNA structure branches and which involves k& > 3 helices and k&
distinct single-stranded segments. Precisely, in a k-junction we consider the
ensemble of fragments that connect the terminal base-pairs of the helices,
including these pairs and ignore, for the purpose of this analysis, the flank-
ing helices. The connecting fragments have variable length and shape, thus
they seem to lack common features. By contrast, the whole junction region
at a lower level of resolution reveals recurrent 3D conformations. Moreover,
junctions remain one of the least well-characterized aspects of minimum free
energy RNA secondary structures, although recent thermodynamic studies are
likely to lead to improvements in prediction accuracy.

3.2 Data Representations and Methods

Recently, a number of approaches have been proposed for the structural
comparison of RNA molecules and for the identification of recurrent 3D mo-
tifs. Typically, these approaches use a geometric representation of the RNA
molecule based on either inter-atom angles or distances or both. These ba-
sic measures have given rise to various geometric descriptors. We review the
current literature focusing on methods that have been tested on ribosomes,
specifically on the Haloarcula marismortui large ribosomal subunit (HM 23S—
PDBid: 1JJ2) (Ban et al., 2000).

The study of the different approaches reveals an interesting trend: when
the search for a 8D motif is performed on a complex and variable structure,
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such as the ribosome, a coarse level of resolution is generally preferable to a
fine one. Inter-atom angles provide a reduced set of internal coordinates that,
unlike Cartesian coordinates (from the PDB), are invariant under rigid trans-
formations. At a fine level of resolution each nucleotide of an RNA molecule
can be characterized by eight torsion angles: o, 3, v, 4, €, and ¢ formed by the
backbone atoms, the glycosidic angle , and the ribose pseudo-rotation phase
angle P. In Hershkovitz et al. (2003), fragments of contiguous nucleotides are
described by sequences of the eight discretized torsion angles values; these se-
quences are then compared for possible similarities by well established pattern
recognition techniques involving torsion matching and binning. The interest-
ing feature of the approach is that substructure similarities can be established
without the need for explicitly deriving a rigid transformation that best su-
perimposes the structures. Although accurate, the use of all torsion angles
provides a fine description that may not be adequate because often the struc-
ture of the motifs is not completely conserved but exhibits large variability
in conformation. In fact, even a simplified application of the method, using
only four out of seven torsion angles, identified only 25 out of observed 43
tetraloops of HM 23S.

A coarser level of resolution is proposed by the approach PRIMOS (Duarte
et al., 2003), in which each nucleotide is represented by two pseudo-torsion
angles: given three consecutive nucleotides (i — 1,4,7 4+ 1), the nucleotide ¢ is
described by two dihedral angles, n and 6, defined as n(C4;_; —P;—C4,—P;1)
and 0(P; — C4] — Py 1 — C4}, ). A sequence of  and 6 values corresponding
to contiguous nucleotides forms the so-called worm. A typical application of
PRIMOS is the search within a set of RNA structures for the occurrence of a
known motif or query, represented as a worm. The program PRIMOS matches
the query against all possible fragments of the same length by comparing the
angles n and 0 of the corresponding nucleotides. An extension of PRIMOS
is COMPADRES (Wadley and Pyle, 2004), a completely automated method
that can identify previously undetected motifs. It is based on the all-to-all
comparison of the worms extracted from the available RNA structures and
on the clustering of the worms into groups of structurally similar fragments
(within some user-defined tolerance). The method led to the discovery of two
novel recurrent substructures in the ribosome, namely the already mentioned
m-turns and Q-turns. Although in general accurate, the method led to few
misclassifications as will be described later (see Section 3.4.1).

More recently, an even coarser multiscale description of bio-macromolecules
and, specifically, of motifs has been introduced in Hsiao et al. (2006), where
a new space has been developed, called PBR space (P indicates phosphate,
B indicates base, and R indicates ribose). This method decreases the level
of resolution by determining the centers of mass and relative orientations of
bases, riboses, and phosphates. Sequences of consecutive nucleotides are repre-
sented by patterns of angles and distances between the centers of mass in the
PBR space. RNA motifs are then detectable by empirically established fin-
gerprints incorporating information on molecular interactions. This method
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focused mainly on the tetraloop motifs in HM 23S and was successful in de-
tecting all 43 instances. This result compares favourably with the one obtained
with a finer resolution that detected 25 out of 43 tetraloops. Furthermore, the
authors provided a classification of tetraloops into three main groups: stan-
dard tetraloops, tetraloops with insertion, tetraloops with deletion. However,
the method in Hsiao et al. (2006) is not completely automated since it requires
the setting of some parameters by visual inspection.

A similar trend from a fine to a coarse level of resolution can be noticed
in approaches to motif recognition based on inter-atom distances. In Huang
et al. (2005) the authors made use of the set of distances between 15 corre-
sponding atoms of two fragments to evaluate the root mean square deviation
(RMSD) after superimposition of the fragments; the RMSD distance is then
used to cluster nucleotides sequences into groups of similar structures. By
contrast, NASSAM (Harrison et al., 2003) considers only the distances be-
tween the start and end points of two vectors, that are chosen to represent
the base of each nucleotide. Even though NASSAM looks at the structure
at a lower level of resolution, it still requires for the match strong structural
similarity, thus it fails to correctly identify some motifs, such as tetraloops,
due to their not unique folding. In a more recent work (Sarver et al., 2006),
an effective method for motif search was introduced, called FR3D, that com-
bines geometric, symbolic and sequence information. This simplified model is
base-centered: a fragment is represented by the set of distances between its
bases, each defined as a single center point. Also FR3D enables the search
of composite motifs, i.e., motif instances that are composed by discontinuous
stretches of the sequence. Furthermore, pair-wise interaction constraints are
introduced to reduce the size of the search.

Some methods for RNA structural alignment, although not explicitly de-
signed for motif detection, can be adapted to this task. The method ARTS
(Dror et al., 2005) compares two structures to identify the largest common
substructures; it uses a simplified representation of an RNA molecule given
by the 3D coordinates of the P atoms only. In each structure, all sets of four P
atoms corresponding to two consecutive WC base pairs are considered. T'wo
sets, one in each structure, are matched if the six internal distances between
the four atoms in one structure are approximately the same as the distances
in the second substructure. From two matched sets the geometric transforma-
tion that best superimposes the four P atoms of the sets is derived. Finally,
the rigid transformations derived from all possible sets of two WC pairs are
clustered and extended to other WC base pairs to obtain the transformation
that superimposes the largest number of WC base pairs in the two structures.

Another method for the structural alignment of RNA molecules is DIAL
(Ferre’ et al., 2007). DIAL combines torsion angles information together with
nucleotide sequence similarity and base-pairing similarity to compute a score
function that is optimized by a dynamic programming algorithm. Actually
DIAL put together methods for both global alignment (Needleman—Wunsch)
and local alignment (Smith-Waterman), to develop a set of tools for RNA
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structural alignment and 3D motifs detection. The search for 3D motifs is
performed by a semiglobal alignment method and applies both to 1-loops,
i.e., contiguous fragments, and to 2-loops, i.e., noncontiguous fragments. Even
though the overall alignment of RNA molecules seems to be effective and effi-
cient, the method often produces mismatches when used for motif search and
fails to correctly identify motifs, especially tetraloops. This may be due to the
fact the results are heavily conditioned by the nucleotide sequence similarity
constraint that perhaps should not be considered in motif characterization,
and by the gap penalties imposed on the target structure where the search is
performed.

The already mentioned SCOR database provides a classification of 3D
structures and tertiary interactions for many of the currently known structural
motifs. An extensive survey on RNA motifs characterization and discovery
approaches can be found in Leontis et al. (2006).

RNA branching loops or junctions are the least well characterized loop
regions of the RNA molecules. To the best of our knowledge, relatively few
attempts have been made so far to characterize and then search for these
loops in three dimensions. A database called RNA Junction (Bindewald et
al., 2007) has been built that contains structure and sequence information for
RNA helical junctions including all inter-helical angles. A simple classification
of three junctions has been proposed in Lescoute and Westof (2006), where
junctions are classified based on the length of the connecting fragments. We
showed (Apostolico et al., 2009) that shape histograms together with inter-
fragments angles capture the shape of the junction in the 3D space, providing
a simple but effective structural classification of these regions. We believe that
a structural characterization of the junctions may give good insights into the
overall folding of the molecule.

3.3 Motif Search with Shape Histograms

In this section, we describe a method we recently developed to search for
structural motifs on RNA molecules based on inter-atom distances. Specif-
ically, our method uses the distribution of the Euclidean distances of the
atoms from a fixed point to represent a motif. Such distribution is represented
through a shape histogram. In the following sections, we will demonstrate that
this yields a motif characterization which is distinctive and robust, yet also
easy to compute. This approach has the further advantage that the difficult
problem of identifying similar 3D motifs reduces to the comparison of two
shape histograms. Thus, once we have computed the shape histogram for two
3D structural fragments, the similarity is evaluated based on a distance mea-
sure between histograms. In this way, our method addresses the two stage
process of motif finding, first of characterizing a putative motif and then of
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searching for other such motifs. We find that shape histograms yield both a
simple characterization of even complex structures, such as RNA junctions,
and efficient methods for identifying other similar structures.

3.3.1 Computing the shape histograms

Shape histograms are computed from a fragment or a set of fragments
evaluating the distribution of the Euclidean distances of the atoms composing
the fragments from a fixed point, such as the centroid of the atoms. Precisely
we compute the centroid C' with respect to the phosphate atoms of the frag-
ments, then we measure the geometric distances of all the backbone atoms
from C'. The obtained distances are then quantized with a step size equal to
1 A. This results in a histogram vector h = [hq,..., k], where the compo-
nent h; is the frequency of the distance value d;, denoted h; = f(d;), i.e.,
the number of points/atoms at distance d; from the centroid C. Even though
shape histograms work in Cartesian space, they are invariant under rigid geo-
metric transformations so fragments in arbitrary orientations can be matched
without explicitly taking rotations into account. It should be noted that we
consider only the backbone information. The reason behind this choice is that
bases are more flexible and often involved in tertiary interaction within the
RNA or with proteins, while the backbone has a more conserved 3D structure.
This allowed us to find motif instances that otherwise we would have missed.

3.3.2 Comparing the shape histograms

Once the shape histograms have been computed for the 3D fragments of
two substructures, we have to address the issue of how to compare them in
order to produce a similarity measure. Given two histograms h and g we
treated them as vectors and we experimented with four similarity measures
between vectors: the Ly norm (i.e., the Euclidean distance), a normalized
version of the Ly norm, the Pearson correlation coefficient and the cosine of
the angle formed by h and g in the plane they define. Note that both the
Pearson coefficient and the cosine measure are scale independent, which is
a desirable property if the number of points taken into account when the
histograms are computed is different. This, actually, will happen for example
only if the base atoms too are taken into account (C and U have eight base
atoms, while A has 10 and G 11). When the shape histogram is computed for
a set of strands, distance values tend to vary over a wide range. This happens
for instance when one loop has two strands close to each other in the 3D space,
and the other has strands that are far apart. Thus the nonzero components in
two histograms may have little or no overlap at all, furthermore a vector may
include many components equal to zero. Zero components affect the value of
the Pearson coefficient since two corresponding components with 0 value will
positively contribute to the correlation, even if for the purpose of our analysis
these components should not be considered in the computation. With respect
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to the Pearson coefficient, the cosine measure has the additional advantage
of taking into account only the nonzero components. Generally we observed
that the cosine is the best measure to highly rank the correct motifs instances.
Given two histograms h and g the cosine is computed by:

Cos(h, g) = 2_; higi

\/Zih?vzigf'

3.4 A Case Study: The Haloarcula marismortui
Large Ribosomal Subunit

The crystal structure of the Haloarcula marismortui large ribosomal sub-
unit (HM 23S-PDBid:1JJ2) have been determined at 2.4 A resolution (Ban
et al., 2000). HM 23S with more 2700 nucleotides represents the best testset,
although our method can be applied to any RNA structure once its atomic
positions have been determined.

3.4.1 Ribonucleic acid (RNA) motif search

In the previous section, we first introduced the shape histograms as geo-
metric descriptors of RNA motifs, then we showed a useful measure (Cos) to
compare these histograms and to extract, given a query motif, all the motif
instances in the target RNA structure. We recall that each query corresponds
to a single sequence of consecutive nucleotides for 1-loop motifs, or two strands
of consecutive nucleotides for 2-loop motifs.

The general search procedure is composed of two main steps:

1. The query is matched against all fragments of consecutive nucleotides
of the same length extracted from the target structure. The similarity
is established by the cosine value of their histograms: fragments with
a Cos value exceeding a certain threshold are selected as candidate
motifs.

2. The candidates of this reduced list are superimposed to the query by
minimizing the RMSD of the corresponding backbone atoms.

More details need to be added for the 2-loop case. When the query is
a 2-loop motif, the search procedure described above is applied to each of
the strands composing the query. This results in two lists of candidate single
strands Ly and Lo. The set of all possible pairs of fragments, with one fragment
from the L; and the other from Ly, compose the list of candidate motifs.

At this point, for the query and for each candidate a new histogram of
distances is built; it comprises the distances of the backbone atoms of the
pair of fragments from their centroid. Similarity is again established as in
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the first step of the general procedure. The 2-loops are correctly detected by
histograms comparison only, which makes the second step of the procedure,
i.e., the RMSD computation, not needed for 2-loops.

We successfully applied this technique to search for known motifs on HM
23S: tetraloops, E-loops, kink-turns, S2-motifs, m-turns, and Q-turns. All the
results are shown in Table 3.1. Few considerations about the results in Table
3.1 need now to be made. We note the presence of few false positives among
both the standard tetraloops and the tetraloops with deletion. The search
for standard tetraloops is made using as query a GNRA standard tetraloop;
indeed all the 14 GNRA tetraloops of HM 23S are correctly identified among
the 15 top ranked with neither false positives nor false negatives. Furthermore
only one positive match is not a tetraloop; the others are six out of the ten
tetraloops with deletion and one out of the three tetraloops with insertion
as reported in Hsiao et al. (2006). The results of the search for tetraloops
with deletion show that all the false positives are instances of tetraloops, with
the exception of the fragment starting at position 1967. Indeed TL1170 and
TL1469 are standard tetraloops, TL1707 has an insertion, TL482 and TL506
have the fourth base switched with the next nucleotide in the sequence. The
presence of false positives among the top ranked was not surprising since the
three nucleotides in a tetraloop with deletion have high structural similarity
with other tetraloops. Also the fourth base conformation often differs only
slightly from the corresponding base in other tetraloops.

As shown in Table 3.1, we searched also for a single-strand version of the
kink-turn. The selected single strand is the one characterized by the bulge.
This was done to search for the composite kink-turns introduced in Leontis
et al. (2006).

Finally, we note that the list of w-turns and Q-turns originally introduced
in Wadley and Pyle (2004) included two misclassified motifs. Despite a similar
3D conformation, the Q-turn starting at position 245 is actually part of the
characteristic bulged strand of the kink-turn KT244 /259 as correctly identified
by Sarver et al. (2006), as well as by our method. Similarly the m-turn 7408
reported in Wadley and Pyle (2004) is part of the E-loop E380/406.

Two new motif instances (S1870 and 765) were newly discovered by our
method.

3.4.2 Ribonucleic acid (RNA) junction classification

As already pointed out, the shape histogram is both simple, i.e., able to
capture the structure at a low level of resolution, and powerful, i.e., able
to identify characteristic structural motifs. Here we investigate the ability of
shape histograms to characterize recurrent 3D conformations of more complex
structures such as the k-loops (k > 3) or junctions.

These conformations are described by the shape histograms and the se-
quence of planar angles formed by the set of consecutive fragments of the
k-loop. The histogram takes into account the distances from the centroid of
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FIGURE 3.3: Triplets of consecutive centroids of the fragments composing
the junction (C;_1, C;, C;41) form a planar angles (c;). The sequence of such
angles can reveal the junction eccentricity.

the backbone atoms of the whole junction. The angles are those formed by
connecting the centroids of consecutive fragments, as shown in Figure 3.3.

Note that a sequential order on the fragments is naturally derived from
the order of nucleotides of the RNA chain.

We consider first k-junctions with k& > 3, in the following denoted as k*-
junction; indeed the case of the three junctions needs to be treated separately.
A junction can be considered a flexible loop, then it is easy to see that the
sequence of angles induced by the triplets of centroids vary depending on
the loop eccentricity. Indeed the more this loop resembles a circle, the more
uniform will be the angles formed by the centroids. By contrast, if the loop
resembles a squeezed ellipse or band, it will generate a set of obtuse angles,
along the long sides of the band, and few small angles at the bends. Thus, from
the sequence of inter-fragments angles, we define two main conformations: low
eccentricity Ey which indicates a circular junction and high eccentricity Egy
which indicates a band. We define also an intermediate state, denoted as Ej;.

At this point, we use the shape histogram to reveal the folding of the junc-
tion. Precisely, the important features of the histograms are the range (i.e.,
the variability) of the distance values, and the presence of peaks in the chart.
Once the eccentricity is known we can predict the folding of the junction in



Biological Data Mining

62

=

A0 3320

L6°0

L6°0

7T

T'T
L0
18°0

ASINY  juewiSery Nuey

0091
(44
IVTT
c6

90%/08¢
GLY/€9%
c6a/L8¢
£602/69¢1
89G/18¢
6ST/FLT
10L2/169%
q2e/T1T

652/¥7¢
0091/88ST
9FIT/212T
GZ01/9€6
T1E1/8¢€T
T6/LL

— o <f
—

—AMHIO O~000O

— A M O O - 00

L\ Baslhl IaliNe)

Jrow-gg

(pueays or3urs)

STULIN)-UTS]

sdoor-o{

STUINY-3{UTS]

BA4S!
VOO
“oVD
Vv

“Yva
VOO
VOV
A0
vovn
YvQ
ovvQ
#
v(V)D0D
“YvQ
OVVD
VYVVD
VAo
VOVD
VVOD
VVVD
VOO
ovoN
VVVD
vvno
VVYVD
vono
vVOOD
YVDD
vono
YVVD

G6°0

soD

cr't 0041 i
T'T Vi€ €
90T 68€1 4
0 L8TT T
€8°1T L8TT 9¢
8’1 608T 14
6L°T 0LTT %4
GL'T 869¢C €C
VLT +«8T61 44
LT 0081 1C
9¢'1 8611 0c
671 0¢t 6T
4! LOLT 8T
90°T 9641 LT
c8°0 6971 91
6.0 G08 qT
LL0 LL8¢ 1
€L°0 969¢ €1
¢cL0 €981 ¢l
L0 6291 TT
¥9°0 67¢C 0T
€9°0 €4¢C 6
9¢°0 169 8
€70 Gqort L
9€°0 L2ET 9
€€°0 0€9¢ g
62°0 LLG 14
8¢°0 V6.1 €
€¢°0 697 4
0 cIve T

ASINYg  juewiSelg uey

UOLO[ap Yim
sdooeyag,

sdoorerjo)
prepuelg

"SureI309s1y odeys Yim S{Ijoul [RINIONI)S YN JI0J UY2Ieas oY) JO SHNSOY

‘T'¢ H'IdV.L



63

Discovering 3D Motifs in RNA

"POYJOW INO AQ POISAOISIP A[MOU SIOM SIOURISUI JIJOUT 9SO T,

N (V)N :uorjresur

ue pue UoOTId[ep ' Y10q Yim dooTeI)d) ' se paIapIsuod oq PInoys 1 (900g) T8 19 ORISH UI pIepue)s se payrsse[d st doo[eije) sty 40e] o) 991dso(],,
(D) swany-yuny apsodwiod pue () WINI-NULY JD20] USMID] USINSUIISIP (9S€D puRI)S S[SUIS) SUINI-NULY 9Y) 0] SINSII 9T,

‘dooe13a) e j0u ST YoTym 9AI3Isod 9s[e] © Sojousp #

‘ooeds (Jg 9} Ul POYDIIMS DR SOSBC OM) 91} SUBDW «> (SINDDO0 UOIIO[OP B SURSW - ‘9se( PajIasul ue sojousp () ‘doo[e1lo) prepuess s9jouep X XXX

:SMOT[0] se

dooreray Jo odAy oY) pue souanbas aprjoaonu oY} sejousp sdooei}a) o) I0J $HNSI 91} JO UWN[OD JSe[ S} UT UOTYeI0OU dY ], O[(B) [} Ul aIe soarjrsod
as[ej maJ oy T, "A[uo ssouaje[dmod 10j 919y UMOYS SI PUR Papasu jou sI uoljeindurod (SN ) PISPUI SJIJOU 9SaY) I0] ‘onfea so) oY} 0} SuIplodde
poyuel ore sdoo[-g purIls 9[qNOp 3seIjuod Ag "onfea (JSINY 23 03 Surpiodsde payuel are sdoo[-g purlls o[3UIS o) Se [[om se sjijowt dOO[-T 8Y,], :$970N

G6°0

g8°0
9.0
€80
68°0

60

QLT
8G'1T
Wl
1€°T

a1

VVLT
9TVl

7481
LV8C

18174
#%99
€181

#x0L8T

— A M <o — N

10

v(V)DOD
v(V)DOD
v(n)von

-D00N
#

OVVD

wﬁ~5a|c |<OD
yvn

\'43) 40}

v(V)DOD

yvn

VeVvVOD

sumnil—uy |ODD
v=()VVVD

VOO

60
L6°0
T

¥6°0
16°0
€6°0
16°0
60
G6°0
16°0

6¢°
LT

S~ —~

18°T

81
9L'1T
191
a1
ST
9€'1
9¢C'T
Ge'1
€'l

¢l
ST'T

y6v
LOLT
9.¢1

6VL1
L961
6971
c661
864¢
0LTT
LOLT
9641
(4244

€
4
T

UOILIOSUT [IIM
sdooreaay,




64 Biological Data Mining

the 3D space just looking at its shape histogram. Given an eccentric loop, if
it is folded in a compact conformation it will have all the atoms at approxi-
mately the same distances from the centroid, thus a small range of distances
characterized by a peak in the distribution; by contrast, the distances of the
atoms of an unfolded eccentric loop from its centroid will vary uniformly over
a wider range. Note that a circular junction cannot be folded, since in the 3D
space the folding would obviously affect its angles.

From these consideration we can derive three main conformations: the
wrapped band characterized by a small range and the presence of a peak,
the straight band that presents a more uniform distribution of the histogram
values over a wider range of distances, and the flat circle.

Interestingly we found that all the ten k*-junctions we have analyzed have
an Eg, occasionally E,;, eccentricity. Among those seven are wrapped bands,
an example is given in Figure 3.4a, and only three can be classified as straight
bands, an example is given in Figure 3.4b.

The histogram analysis also revealed two other interesting subcases: the
unbalanced wrapped band characterized by a nonuniform density of the number
of atoms along the band, and the semiwrapped band where the band is typically
folded to form an angle of ~90°.

The semiwrapped band histogram presents a concentrated peak with a
lower yet nonnegligible tail (Figure 3.4c). In the unbalanced wrapped band, the
nonuniform distribution of the atoms causes the centroid to be closer to
the more dense part. The atoms can then be split in two groups such that
the atoms of each group are at approximately the same distance from the
centroid, but the two groups are at two different distances. This is revealed
in the histograms by the relatively small range of distance values and by the
presence of two peaks (Figure 3.4d).

The classification made for the k*-junctions weakly applies to the three
junctions since we could not find a clear correspondence between the sequence
of angles and the eccentricity of the junction. To see this, consider the case
of three similar angles. In this case, both the circular conformation and the
wrapped band are possible. Indeed having only three fragments implies that
the centroids of the two fragments at the opposite bends of the band are
connected by one of the segments forming the three angles. This produces
three similar angles as in the circle conformation. Examples of three junctions
are given in Figure 3.4e through f.

3.5 Conclusions

In this chapter we have briefly reviewed the organization of RNA molecules
at the different levels of representations, from the primary structure to the
secondary and tertiary. Then, focusing on the tertiary structure, we have
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considered the problem of identifying small motifs in the 3D data. After a
review of the literature, we have presented our approach to motif detection and
characterization based on a simple shape descriptor. We have demonstrated
the effectiveness of the method by applying it to the rRNA of the Haloarcula
marismortui large ribosomal subunit. One possibly interesting conclusion of
our analysis is that the RNA tertiary structure is better described and provides
more insights when observed and analyzed at a coarse level of resolution.
The amount of data currently available is limited thus we have not been
able to do extensive experimentation. However the method can be extend to
any new structure. The limited amount of data has played a critical role in
the characterization of junctions, since the number of junctions within each
molecule is much lower than other, simpler loop motifs. We believe that the
current characterization may prove useful when aligning similar junctions be-
tween two different but related structures. This will be one important step in
aligning two complete structures. Future work will address these challenges.
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4.1 Introduction

Proteomics is the large-scale study of protein’s structure and their func-

tions. Protein structure prediction plays an important role in proteomics as
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it is useful for drug design in medicine, design of novel enzymes in biotech-
nology and many other fields. The Human Genome Project has created large
amounts of protein sequence data, but since tertiary structure of the protein
gives better understanding of the protein in terms of its function, structure
prediction is one of the most important research tasks in this domain. Exper-
imental methods and computational methods are two well known approaches
used for the prediction of the tertiary structure of a protein.

4.1.1 Experimental methods

Experimental methods such as X-ray crystallography and nuclear magnetic
resonance (NMR) spectroscopy are ideal ways to derive structural information
from the sequence for a given protein. These methods have several disadvan-
tages. To determine the structure of a single protein, crystallography can take
several months to several years. Even though NMR is comparatively quicker
than crystallography, it is still not fast enough to close the huge gap between
the number of known protein sequences and the number of known tertiary
structures of the protein. Both of these are very expensive as well.

4.1.2 Computational methods

Computational methods used to solve this problem can be broadly catego-
rized into three different groups namely: homology modeling, threading and
de novo approach. Both homology modeling and protein threading fall into
comparative protein modeling as they both use previously solved structure as
templates to predict a structure for a given protein sequence. On the other
hand de novo modeling methods build the structure for the given protein
sequence from scratch.

4.1.2.1 Homology modeling

In homology modeling, given a protein sequence, its structure is assigned
using sequence similarity [15]. It assumes that two proteins have the same
structure if their sequences have high homology. This method usually takes a
template protein structure and builds the structure for the new protein if it
has more than 30% of sequence similarity with the template. There are usually
three steps in the homology modeling [9].

e First, sequence of a protein with an unknown three dimensional structure
is compared with selected set of protein sequences with known structure.
Search techniques such as FASTA and BLAST are commonly used for
the template selection. In particular PSI-BLAST is the most commonly
used method which can identify more distantly related homologs.
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e Second, model generation is done from the chosen template and an align-
ment. A three-dimensional structural model of the target is generated
using these information. Spatial restraint-based modeling software called
MODELLER is most widely used for this purpose.

e Third, the model created is validated in the model assessment phase.
Statistical potentials or physics-based energy calculations are tradition-
ally used for this task. New methods use machine learning techniques
like neural networks (NNs) and support vector machines (SVMs).

4.1.2.2 Threading

Threading aims at detecting structural similarities by comparison with
a library of known structures even for low similarity protein sequences [14].
Threading also consists of three steps similar to homology modelling [9]. They
are (1) structural template selection, (2) creating the alignment, and (3) model
building. For the protein sequence with unknown structure, protein threading,
aligns (or threads) the sequence to each template in the structural library and
produces a list of scores. This scoring function is a measure of the fitness of
a sequence structure alignment using both homology and structure informa-
tion. The fold with the best score is chosen from the rank of scores obtained
and assigned as the fold for the given new sequence. Unlike homology model-
ing, threading is more effective even for sequences with only distant homology
found. But this method would fail if the structural library did not have a cor-
rect structure match. GenTHREADER (18], PROSPECT [26] and RAPTOR
[25] are the some of the software tools that are used for threading.

4.1.2.3 De novo or ab initio approach

In de novo or ab initio protein modeling, method prediction is done from
the sequence alone using some physics and chemistry laws [22]. With the use
of suitable energy function, protein folding is simulated in atomic detail using
methods like molecular dynamics or Monte Carlo simulations. All the ener-
getics involved in the process of folding is modeled and then the structure
with the lowest energy is found. There are two main steps involved in the ab
initio prediction, (1) finding an energy (scoring) function to differentiate the
structures and (2) a search method to explore the conformational space. This
procedure requires very high computational resources as any fully descriptive
energy function must consider interactions between all the pairs of atoms in
the polypeptide chain. Clearly, as the number of amino acids in the protein
sequence increases, the number of pairs of atoms to be considered grows ex-
ponentially. Since this method is computationally intensive, it can be applied
only to small proteins or powerful supercomputers must be used for larger
ones. Even though ab initio prediction is the most difficult among the above
three methods, it is still arguably the most valued approach as it can predict



72 Biological Data Mining

the structure of the protein purely from its sequence without relying on the
structure or sequence similarities with previously predicted proteins. Rosetta
is a one of the leading methods for ab initio prediction.

4.1.2.4 Machine learning techniques

In recent years, machine learning techniques have shown promising results
in structural classification of proteins (SCOP) from sequence alone even in
cases where no significant identity exists to proteins with known structures [6].
These methods create the training data from global descriptors of a primary
protein sequence in terms of the physical, chemical, and structural properties
of the constituent amino acids [6]. Algorithms learn from the training data
and build a classifier which will identify the three-dimensional fold of a protein
using classification methods from its sequence information alone. In machine
learning, fold recognition is categorized as a classification task which is one of
the classical approaches of problem solving.

Even though there are many machine learning algorithms that can be used
for classifying the structure of the protein, support vector machine (SVM),
k-nearest neighbor (KNN), and NNs are the most popular algorithms used
by the researchers because they are more accurate and compare efficiently
to other algorithms in the literature. SVM performs classification by using
nonlinear mapping to transform the training data to a new higher dimension,
where a linear optimal separating hyperplane is created to separate the data
into two classes. KNN is an instance-based method where a test object is
classified based on the closest training object in the feature space. In neural
network (NN), a classifier is a network with a set of connected input/output
units with weighted connections between them and these weights are adjusted
as the network learns during the learning phase.

The boosting meta-algorithm is relatively new, efficient, simple, and easy
to manipulate additive modeling technique that can use potentially any weak
learner available. In this chapter, we studied the performance of the two most
popular boosting algorithms, AdaBoost and LogitBoost for this problem.
Boosting algorithms combine weak learning models that are slightly better
than random models. Boosting algorithms are generally viewed as functional
gradient descent schemes and obtain the optimal updates based on the global
minimum of the error function [8].

This chapter provides a comprehensive study of different machine learning
algorithms for the problem of protein structure classification. The rest of the
chapter is organized as follows: Section 4.2 gives some relevant background
about protein structure, Section 4.3 gives details of protein databases and
data extraction, Section 4.4 explains existing classification methods used in
the literature, Section 4.5 describes the data used in the experiment, Section
4.6 summarizes the results and compares it with results obtained from other
classification algorithms and Section 4.7 concludes our discussion with future
research directions.
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4.2 Background on Proteins

Proteins regulate functioning of a cell and also carry out many tasks that
are essential to life. From the protein hemoglobin that transports oxygen to
tissues, to protein collagen that strengthens skin and bone, to protein anti-
bodies that are responsible for reacting with specific foreign substances in the
body, proteins seem to do it all. Proteins are complicated molecules formed
by a chain of simple building blocks called amino acids. Figure 4.1 shows
the structure hierarchy of proteins [13]. There are four distinct aspects of a
protein’s structure:

1. Primary structure: 20 different amino acids bonded to one another by
peptide bonds form the unique primary structure of the protein. The
sequence of a protein is unique to that particular protein, and defines

FIGURE 4.1: Structure hierarchy of proteins. (a) Primary protein structure.
(b) Secondary protein structure. (c¢) Tertiary protein structure. (d) Quarte-
nary protein structure. (From: National Human Genome Research Institute.)
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the structure and function of the protein. The primary structure alone
cannot carry out the functions of a protein but is indirectly responsible
through additional levels of structure.

2. Secondary structure: This is an ordered structure brought about due to
interactions between chemical groups of the amino acids. Though there
are a few secondary structures that are possible, a few characteristic
patterns occur frequently within folded proteins. They are the « helix,
the 3 sheet (also known as [ pleated sheet) and the S-turn.

3. Tertiary structure: This is also referred to as ‘fold’ of a protein, it is a
three dimensional structure and is caused by the secondary structure
folding back upon itself. The function of a protein is dictated by this
three dimensional structure.

4. Quaternary structure: This final structure of a protein is formed by the
interaction between several protein molecules. Quaternary structure is
an active unit formed by the stable association of multiple polypeptide
chains. Not all proteins have a quaternary structure.

As we discussed earlier, advances in DNA sequencing techniques in the last
few decades have provided scientists with a huge amount of protein sequence
information which is growing exponentially every year. Since, the function
protein is dictated by its three dimensional structure, protein fold recognition
is a very important problem that is yet to be solved.

4.3 Protein Databases

There is a vast amount of protein data available in biological databases.
This section briefly introduces protein sequence databases and protein struc-
ture databases.

4.3.1 Protein sequence databases

There are several protein sequence databases that are publicly available
over the internet. Some of them are simple sequence repositories, whereas oth-
ers are databases with original sequence record enhanced with additional rich
information about the sequence. In this section, two leading protein sequence
databases, namely, Universal Protein Resource (UniProt) and Protein Data
Bank (PDB) are discussed.

4.3.1.1 Universal Protein Resource (UniProt)

Universal Protein Resource (UniProt) is the world’s most comprehensive
catalog of information on proteins and it has more than two million proteins
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sequenced in its database. UniProt Consortium is a collaboration between the
European Bioinformatics Institute (EBI), the Swiss Institute of Bioinformat-
ics (SIB) and the Protein Information Resource (PIR). UniProt comprises
four components [2]:

1. UniProt Knowledgebase (UniProtKB) contains high-quality manually
annotated and nonredundant protein sequence records. It is used to
access functional information on proteins.

2. UniProt Reference Clusters (UniRef) databases provide clustered sets
of sequences from UniProtKB and selected UniParc records to provide
complete coverage of sequence space at several resolutions.

3. UniProt Archive (UniParc) is designed to capture all publicly available
protein sequence data and contains all the protein sequences from the
main publicly available protein-sequence databases.

4. UniProt Metagenomic and Environmental Sequences (UniMES) is a
repository specifically developed for metagenomic and environmental
data.

4.3.1.2 Protein Data Bank (PDB)

Protein data bank (PDB) is the single worldwide repository of structural
data of biological macromolecules [4]. PDB was established at Brookhaven
National Laboratories (BNL) in 1971. It initially was an archive for biological
macromolecular crystal structures and held just seven structures. But in the
1980s due to X-ray crystallography and NMR technologies the number of
deposited structures increased dramatically. As of 2008, it had about 50,000
solved protein structures.

4.3.2 Protein structure databases

The proteins in the PDB are classified using different methods to pro-
vide a greater understanding of structure and function. In this section, we
will discuss about SCOP, CATH and FSSP which are the most widely used
comprehensive databases that use unique methods for classifying the proteins
according to their structure [10]. Also, we will briefly discuss how the fea-
tures can be extracted from the sequence for applying the machine learning
algorithms.

4.3.2.1 Structural Classification of Proteins (SCOP)

SCOP database classifies protein of known structure from PDB based on
their evolutionary, functional and structural relationship [10]. This is a com-
pletely manual process done by human experts with visual inspection and
comparison of structures with the assistance of tools to classify protein struc-
tures in to different levels of hierarchy. Though many levels exist in the hierar-
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FIGURE 4.2: Hierarchical structure of SCOP database.

chy, principal levels are family, superfamily, fold and class. Family is a group
of proteins clustered together if all proteins that have residue identities of 30
and greater, or proteins with lower sequence identities but whose functions
and structures are very similar. Superfamily is a group of families whose pro-
teins have low sequence identities but whose structural and functional features
have a probable common evolutionary origin. Proteins from superfamilies and
families are grouped into the same fold if they have the same major secondary
structures in the same arrangement and with the same topological connec-
tions. Class is a group of different folds. Most of the folds are assigned to one
of the five common structural classes («, 8, @ + 3, o/ and multidomain) or
few other less populated ones. Figure 4.2 shows the hierarchial structure of
the SCOP database.

4.3.2.2 CATH

The CATH protein structure classification is a hierarchical classification
of protein structure by semiautomatic method [10]. The name CATH is an
acronym for four main levels hierarchy: class (C), architecture (A), topol-
ogy (T), and homologous superfamily (H). A semiautomated procedure in-
volving computational techniques, statistical analysis, literature reviews and
expert analysis is used for setting boundaries between different levels. Auto-
matic procedure is adopted when a given domain has sufficiently high sequence
and structural similarity with a domain that has been previously classified in
CATH [1]. Otherwise a manual classification is done based upon an analysis
of the results derived from a range of comparison algorithms in the literature.
Detailed classification in CATH differs from its rival SCOP, but they share
broad features. For example, topology level and homologous superfamily in
CATH is equivalent to the fold and the superfamily level, respectively.
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4.3.2.3 Families of structurally similar proteins (FSSP)

FSSP is a database of structural alignments of proteins. It is a unique
and fully automated method of classification based on an exhaustive 3D
structure comparison of protein structures in the PDB [10]. When new
structures are available in PDB, classification and structure alignments are
done automatically and are updated continuously by an automatic server
Dali (Distance matrix ALIgnment) that does a 3D comparison of protein
structures.

4.4 Classification Methods

Researchers have used different machine learning algorithms for the prob-
lem of protein structure classification. In this section, we will describe the
existing methods proposed in the literature, which include SVM, NN, KNN,
and boosting.

4.4.1 Support vector machines (SVMs)

SVM is a binary classification algorithm based on the statistical learning
theory originally developed by Vapnik [23] and his colleagues at Bell Labora-
tories, and has been improved by others. SVM constructs a decision boundary
to separate the positive and negative samples. The decision boundary consists
of a hyperplane that separates the classes maximizing the margin between the
two hyperplanes which will give the most generalized model. For applications
with linearly separable data, SVM searches for this maximal margin hyper-
plane. But for nonlinear cases, kernel trick is applied to create a nonlinear
classifier. A kernel function is used to transform original input vectors to a
new high dimensional feature space such that linear decision boundary can be
obtained in the transformed space.

Ding and Dubchak [5] used polynomial kernel and Gaussian kernel instead
of a linear kernel. While a polynomial kernel worked better, Gaussian kernel
gave the best results [5]. To handle multiple classes they have used One-versus-
Others (OvO) methods, unique One-versus-Others (uUOvO) method and All-
versus-All (AvA) method. If there are K classes, OvO method partitions K
classes into a two-class problem by having proteins from one fold as “true”
class and all the remaining proteins are combined to one “others” class [5].
K two-way classifiers are trained by repeating this procedure for each of the
K classes. When a new test protein comes in, all the K classifiers are used to
predict the protein fold resulting in K results. More than one classifier might
predict the protein to a positive class because of the “false positive” problem.
To overcome this, they introduced uOvO method. uOvO is an extension of
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OvO where the classifiers with positive predictions are considered in the sec-
ond step. A series of two-way classifiers are trained for each of the pairs and
voting is done to predict the final fold. AvA method [5] constructs K(K-1)/2
number of two-way classifiers and voting decides the protein fold.

In the paper by Huang and his colleagues [11], SVM is used as a base
classifier for their hierarchical learning architecture (HLA). HLA is a network
with two levels. In the first level, protein is classified in to one of its four
major classes namely: «, 3, a« + 3, and a/. The second level of the network
does the further classification of protein into 27 folds. They adopted multiclass
classification SVM from another paper [17].

Multiclass classification is done using the output codes in the work by
Eugene et al. [12]. In their methods, the relative weights of the OvO classifiers
are learnt along with the hierarchial information of the protein structure to
improve the classification. Rangwala et al. [21] gives a comprehensive study
of the SVM-based multiclass classification methods. They show that the SVM
with two-level learning framework (where at the first level, cross-validation
methodology is used to predict the training instances using a set of k binary
classifiers, and these prediction outputs are used as the input for second-
level learning) are more effective than using the OvO method for multiclass
classification. Results of the last two works are not discussed in this chapter
as they have used different datasets derived from SCOP.

4.4.2 Neural networks (NNs)

NNs are widely used algorithms in many applications and are modeled
based on biological neural systems. For classification, the model is trained in
such a way that input and output nodes are connected with a set of weighted
links based on input—output association of training data. More complex NNs
can have one or more hidden layers with hidden nodes in between input and
output nodes to model more complex input—output relationships. Depending
upon the application, either a feed-forward (nodes in one layer is connected
only to nodes in next layer) or recurrent (nodes can be connected to nodes
in the same layer, previous layer or next layer) network is built. The rela-
tionship between input and output is defined by an activation function which
along with the weighted links decide the behaviour of the NN. The activation
function can be linear, sigmoid (logistic) and hyperbolic tangent function.
Back-propagation algorithm is the most popular learning algorithm applied
in NN to learn the model by adjusting the weights of the node by minimizing
the total sum of squared errors.

Ding and Dubchak [5] used a three-layer feed-forward NN in their experi-
ments. Conjugate gradient minimization is used for adjusting the weights. In
their NN architecture, the number of input nodes were the same as the num-
ber of feature vectors (between 20 and 125) with one hidden node and two
output nodes (one for “true” class to indicate one protein fold and “other”
for all the other protein folds.)
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Huang and his colleagues [11] used three different NN models as base
classifiers for their HLA. First, a multilayer perceptron (MLP) is a feed forward
NN with multiple layers and non linear activation functions that can handle
the data which is not linearly separable [16]. Second, radial basis function
network (RBFN) is a two-layer NN model. At the hidden layer, nodes use
a Gaussian function as the activation function which is mapped from input.
A linear combination of hidden layer values represent the output layer [19].
Finally, general regression neural networks (GRNN) is a four layer NN based
on statistical kernel smoothing techniques.

4.4.3 K-nearest neighbors (KNNs)

KNNs is an instance-based learner, where the modeling of the classifier
is deferred until the classification of the test data. The training data with n
input attributes is represented in an n-dimensional space. When a test object
needs to be classified, a proximity measure (like Euclidean distance) is used
to find KNNs and voting is taken to assign the class. Okun et al. [20] used k-
local hyperplane distance nearest neighbor algorithm (HKNN) for the protein
classification. This algorithm forms a linear local hyperplane for each class in
the dataset. When a test data comes in, the distance between the test point
and these local hyperplanes are calculated to determine the class.

4.4.4 Boosting

Boosting is a machine learning algorithm that produces a strong classifier
by iteratively learning with a set of weak learners [7]. To solve a two-class
classification problem, boosting repeatedly applies a weak learner to modified
versions of the data, thereby producing a sequence of weak classifiers. Each
boosting iteration performs the following steps: (1) fits a weak learner to the
weighted training samples and (2) computes the error and updates the weights
for every datapoint. Whether it is a classification or a regression problem, the
main challenges in the boosting framework are the choice of the weak learner
and the complexity of the weak learner. We used decision trees as our weak
learning because of their popularity. The final model obtained by boosting
algorithm is a strong learner which is a linear combination of several weak
learning models. There are several variations of boosting algorithm that have
been developed over the years. They mainly vary in terms of weight updation
of the training data at each iteration and the way they combine the weak
learners to produce a strong learner.

AdaBoost is an adaptive algorithm which gives more importance for the
weak classifier with lower error rate. The first iteration starts with equal
weights for all the data points. As the boosting rounds progress, the data
points which are misclassified by the weak learner gets higher weight, so that
the weak learner in the next iteration will focus more on those hard to classify
examples. Each weak learner also gets a weight proportional to its accuracy.
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In the end, strong learner is formed by taking the weighted average of predic-
tions made by each weak learner.

LogitBoost is another variant of the boosting algorithm that performs
additive logistic regression [8]. In each iteration, given the weak classifier,
each model maximizes the probability of the data and the models are added.
In the end, for a two class problem, the strong classifier assigns the instance
x to 1if P(1]z) < 0.5, otherwise predicts x to 0. This basic algorithm can also
be extended for a multiclass problem.

4.5 Data Description

Machine learning algorithms need relevant input features derived from the
raw data (protein sequence). This section introduces the feature extraction
process and describes the dataset.

4.5.1 Feature extraction

As the amino acids are the basic building blocks of a protein, a pro-
tein sequence is given as an unique sequence of amino acid residues. These
amino acids have various physico-chemical and structural properties that de-
termine the protein structure. These properties need to be extracted and
transformed into the feature vectors that would be the inputs for machine
learning algorithms. The feature vectors were obtained by a method which
uses the combination of local and global information of amino acid sequence
[6]. The feature vectors that characterized six different properties of a pro-
tein are: amino acid composition (C), hydrophobicity (H), polarity (P), pre-
dicted secondary structure (S), van der Waals volume (V), and polarizabil-
ity (Z). Six parameter sets formed by these feature vectors are shown in
Table 4.1.

TABLE 4.1: Six parameter datasets and the dimension of
their feature vectors.

Symbol Parameter Dimension
C Amino acids composition 20
S Predicted secondary Structure 21
H Hydrophobicity 21
P Normalized van der Waals volume 21
\% Polarity 21
7 Polarizability 21




Protein Structure Classification Using Machine Learning Methods 81

These global descriptors obtained are in terms of the physical, chemical,
and structural properties of the constituent amino acids. Extraction of these
parameter sets involve two important steps [6].

1. Sequences of physico-chemical and structural properties of residues are
formed from the sequence of the amino acids. Twenty amino acids were
divided into three groups (indexed 1, 2, 3). For each of the six different
amino acid attributes, every amino acid was replaced by one of the three
groups that it belongs to.

2. Three descriptors, composition (C), transition (T), and distribution (D)
were calculated for a given attribute. Composition describes the global
percent composition of each of the three groups in a protein. The per-
cent frequencies with which the attribute changes its index along the
entire length of the protein is described by transition. Distribution is
the distribution pattern of the attribute along the sequence.

The feature vector for the amino acid composition consists of 20 dimensions
where as all of the rest have 21 dimensions.

4.5.2 Dataset

We used a dataset [5] containing proteins which are classified in SCOP
database and the algorithm aims to predict the fold class of these proteins. A
training set was taken from the 27 most populated SCOP folds of the PDB
select set, in which no two proteins share more than 35% sequence identity
for aligned subsequences longer than 80 residues. This training set contained
311 proteins. They derived an independent test set from the PDB 40D set,
which consists of all SCOP sequences having less than 40% sequence identity
with each other. Using the same 27 SCOP folds, 383 proteins were selected,
and any PDB 40D protein having more than 35% sequence identity with the
proteins in the training set was excluded. Table 4.2 shows the 27 SCOP folds
used in the dataset and the corresponding number of proteins in each fold
for training and test dataset. First, the test was done on six parameter sets
(C, S, H, P, V, Z) separately. Second, the test was done with new feature
vectors ranging in size from 41 dimensions (C+S) to 125 (C+S+H+P+V+7Z)
by combining all the properties one after the other.

4.6 Experimental Results

Classification was done with different parameter sets using AdaBoost and
LogitBoost [27]. This section explains the tools used in the experiment and
the prediction accuracy which was used as the evaluation measure.
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TABLE 4.2: 27 SCOP folds in the training and test dataset and the
total number of proteins in each fold are given.

Fold Index No. training No. test
Globin-like 1 13 6
Cytochrome c 3 7 9
DNA-binding 3-helical bundle 4 12 20
Four-helical up-and-down bundle 7 7 8
4-helical cytokines 9 9 9
Alpha; EF-hand 11 6 9
Immunoglobulin-like beta-sandwich 20 30 44
Cupredoxins 23 9 12
Viral coat and capsid proteins 26 16 13
ConA-like lectins/glucanases 30 7 6
SH3-like barrel 31 8 8
OB-fold 32 13 19
beta-Trefoil 33 8 4
Trypsin-like serine proteases 35 9 4
Lipocalins 39 9 7
(TIM)-barrel 46 29 48
FAD (also NAD)-binding motif 47 11 12
Flavodoxin-like 48 11 13
NAD(P)-binding Rossmann-fold 51 13 27
P-loop containing nucleotide 54 10 12
Thioredoxin-like 57 9 8
Ribonuclease H-like motif 59 10 12
Hydrolases 62 11 7
Periplasmic binding protein-like 69 11 4
Beta-Grasp 72 7 8
Ferredoxin-like 87 13 27
Small inhibitors, toxins, lectins 110 13 27

4.6.1 Tools

The experiments were done on a PC with a 1.73 GHz Intel Core Duo
CPU and 1 GB RAM, using Windows Vista operating system. Data mining
toolkit WEKA (Waikato Environment for Knowledge Analysis) version 3.4.11
is used for classification. WEKA is an open source tool kit and it consists
of a collection of machine learning algorithms [24]. The AdaBoost and Log-
itBoost algorithm are discussed in Section 4.4. For AdaboostM1, default pa-
rameters of WEKA were changed to perform 100 iterations with re-sampling.
J48 (WEKA'’s own version of C4.5) decision tree algorithm was used as base
classifier for boosting. For LogitBoost, 100 iterations were done with resam-
pling and decision stump was used as the weak learner. For each parameter
set considered, ten fold cross-validation was performed to build the model and
independent test data was evaluated with that model.
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4.6.2 Prediction accuracy

The standard @ percentage accuracy [3,5] is used to measure prediction
accuracy of the algorithms. If we have K number of classes with N number
of test proteins such that n; is the number of test proteins observed in class
Fy,ny is the number of proteins in F5 etc., N can be expressed as N =
[y + na, ..., ng]. If a1 is the number of proteins that are correctly classified
as class Fi, etc. (a; belongs to diagonal entries of K x K confusion matrix)
the total number of proteins that are correctly classified can be given as A =
[a1 4+ a2 + ...+ ag]. The class accuracy is given by:

The overall accuracy is calculated by taking the weighted average of in-
dividual class accuracy. Weight for each class is w; = n;/N. Therefore, the
overall accuracy for the dataset is given by:

K
Q=Y wiQ;=A/N. (4.2)

=1

4.6.3 Discussion

Our experimental results clearly show that boosting outperformed all the
state-of-the-art methods proposed in the literature for the protein fold recogni-
tion problem [27]. Table 4.3 shows that with independent test data, the maxi-
mum accuracy of 60.13% was achieved using LogitBoost algorithm and 58.22%
was achieved using AdaBoost algorithm. AdaBoost reached its maximum
accuracy with just 62 features (C+S+H) where as LogitBoost’s maximum
accuracy was with 104 (C+S+H+P+V) features. Table 4.4 shows comparison

TABLE 4.3: Comparison of prediction accuracy by various classifiers
on combination of all six parameter datasets.

CSH CSHP CSHPV CSHPVZ

Classifier C (%) CS (%) (%) (%) (%) (%)
OvO NN 2050  6.80  0.60 41.10  41.20 41.80
OvO SVM 4350 320 4520 4320  44.80 44.90
uOvO SVM 4940 860 51.10 49.40  50.90 49.60
AvA SVM 4490 5210 56.00 56.50  55.50 53.90
HKNN - ~ 5710 57.90  55.80 -

HLA (MLP) 3270  48.60 47.50 4320  43.60 44.70
HLA (RBFN) 4490 53.80 53.30 5430  55.30 56.40
HLA (GRNN) - - - - - 45.20
HLA (SVM) = - - = - 53.20
AdaBoost 5196  57.7 58.22 57.18  57.18 57.18

LogitBoost 46.21 56.4 58.49  58.75 60.31 56.14
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of individual fold accuracies with independent test data only for some of the
methods discussed. Independent test accuracies for individual folds are not
available for HLA (MLP), HLA (RBFN), HLA (GRNN), and HLA (SVM)
[11]. For each method, most successful (highest overall accuracy) combination
of parameter set is listed. The following are the combination of parameter sets
that yielded highest accuracy for each of those methods.

e O'ONN:C+S+H+P+V+7Z
e OVOSVM:C+S+H

e uOVOSVM:C+S+H

TABLE 4.4: Comparison of prediction accuracies of different classifiers
for individual folds obtained by independent test set.

Fold OvO OvO uOvO AvA
index NN SVM SVM SVM HKNN AdaBoost LogiBoost

1 55.60 87.50 83.30 83.30 83.30 83.33 83.33
3 27.80 50.90 66.70 77.80 77.80 88.89 55.56
4 25.60 43.70 43.70 35.00 50.00 60.00 60.00
7 37.50 53.50 62.50 50.00 87.50 50.00 50.00
9 77.80 69.80 100.00 100.00 88.90 100.00 88.89
11 27.80 50.00 55.60 66.70  44.40 44.44 33.33
20 53.90 48.60 60.20 71.60 56.80 70.45 75.00
23 12,50 15.30 16.70 16.70 25.00 33.33 25.00
26 44.20 46.80 53.80 50.00 84.60 76.92 76.92
30 33.30 25.00 33.30 33.30 50.00 50.00 33.33
31 52.10 41.70  50.00 50.00 50.00 75.00 62.50
32 26.30 27.40 31.60 26.30 42.10 26.32 47.37
33 25.00 50.00  50.00 50.00 50.00 50.00 50.00
35 0.00 25.00 25.00 25.00 50.00 25.00 50.00
39 40.50 39.30  50.00 57.10 42.90 42.86 57.14
46 65.80 60.50 64.60 77.10 79.20 72.92 81.25
47 38.90 56.90 54.20 58.30 58.30 58.33 58.33
48 21.80 29.50 34.60 48.70 53.90 53.85 61.54
o1 42.60 31.20 46.90 61.10 40.70 40.74 40.74
54 29.20 47.20 36.10 36.10 33.30 33.33 25.00
o7 50.00 25.00  25.00 50.00 37.50 50.00 25.00
99 38.10 39.30 28.60 35.70 71.40 66.67 66.67
62 57.10 78.60 71.40 71.40 71.40 57.14 57.14
69 0.00 25.00 25.00 25.00 25.00 0.00 25.00
72 25.00 25.00 25.00 12.50 25.00 25.00 37.50
87 21.40 24.50 29.60 37.00 25.90 25.93 44.44
110 60.30 69.30 83.30 83.30 85.20 100.00 96.30
Average 41.80 45.20 51.10 56.00 57.10 58.22 60.31

Note: Weighted average is given at the end. For each fold, classifier with the highest accuracy
rate is highlighted in bold.
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e AVASVM:C+S+H+P

e HKNN:C+S+H

e AdaBoost : C+S+H

o LogitBoost : C+S+H+P+V

Individual fold statistics in the Table 4.4 clearly shows that boosting meth-
ods give the highest accuracy in most of the folds.

4.7 Conclusion

This chapter presents an empirical study on the performance of different
machine learning algorithms to solve the problem of protein structure clas-
sification which is a crucial task in proteomics. Experimental results show
that the AdaBoost and LogitBoost perform better than other algorithms on
given data. In addition to the improvements in the classification accuracy, the
boosting approach provides two other advantages. First, boosting provides us
with a better interpretable model. Only a subset of features are used in model
building. These features can provide evidence for the biological relationship of
those features with respect to the folds considered. These insights can provide
vital feedback to SCOP or CATH databases to generate hierarchies of data
primarily based on these features. Second, faster training of boosting provides
very high run-time efficiency. Considering the fact that this higher accuracy
is achieved using basic boosting algorithms, further work on boosting with
hierarchical learning architecture or other modifications will certainly provide
promising results.
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5.1 Introduction

The 3D shape and physicochemical properties on protein surface carry
essential information for understanding function of a protein. For exam-
ple, catalytic reaction of an enzyme is realized by a set of atoms on the
active site. Also residues at an interface surface region establish physical
contacts in protein—protein interaction. Those local surface regions which
are responsible for function tend to be better conserved than other surface

89
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regions in terms of shape and physicochemical properties, which are not
detectable by conventional sequence or main-chain conformation similarity
searches. Thus development of effective methods for describing and compar-
ing protein surfaces will provide new insights into how function is realized in
proteins.

Despite the importance and promise of surface-based protein character-
ization methods, they have not been well studied until recently partly due
to its higher technical complexity. However, development of protein surface
analysis methods have been highlighted recently because of its urgent need;
an increasing number of structures of unknown function have been solved and
accumulated by structural genomics projects in the past few years. The cur-
rent protein structure database, protein data bank (PDB), contains more than
2300 structures which are categorized as “unknown function,” whose function
were not confidently predicted by conventional approaches. Concurrently in
the computer science field, 3D object representations and searching algorithms
have become a research focus in many domains, such as computer-aided de-
sign, game development, computer vision, and computational geometry. Some
of developed algorithms in those domains can be readily applied to protein
surface analyses. Moreover, bioinformatics resources, including databases of
protein sequences and structures and classification of protein function, have
been well developed. These resources enable computational analyses of the re-
lationship of protein function and structure, facilitating development of new
bioinformatics tools. Therefore now the time is ripe for extensive development
of protein surface analysis methods which can provide functional annotation
to proteins through surface comparison.

In the following sections, we overview evaluation criteria for methods for
3D shape analysis. Then we discuss how protein surface is defined. Next, we
review 3D object analysis methods developed in the computational geometry
and graphics field. What follows is a review of recent protein surface represen-
tations and comparison methods. In the last section, we introduce our recent
works on surface-based fast protein structure and surface property comparison
methods.

5.2 FEvaluation Criteria

There are seven criteria for evaluating characteristics of general object
shape and protein surface analysis methods (Tangelder and Veltkamp, 2004).
In the following sections, we will refer these criteria when describing existing
methods.

1. Invariance to Euclidean transformation: three Euclidean transforma-
tions, i.e., rotation, scaling, and translation, do not change the shape of
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the original object. Some methods use representations that are invariant
to Euclidean transformation. Although this may seem simple, it needs
nontrivial mathematical derivation or often achieved by oversimplifi-
cation. Euclidean transformation invariant representations are conve-
nient in comparing objects, because their representations can be di-
rectly compared without preprocessing. When the other representations
are employed, either the most similar positions of objects needed to be
searched, which is time consuming, or a normalization process of object
positions is needed prior to analysis.

. Need for pose normalizing: pose normalization is to rotate, translate, and
scale an 3D object to a standard position for comparison. Normalizing
in terms of translation and scaling can easily be done, for example, by
moving the object in a way that its center of gravity locates at the ori-
gin and then scale it into a unit sphere. However, normalization against
rotation is often not robust depending on the shape of the object. Princi-
pal component analysis (PCA) is the most widely practiced method for
pose normalization. PCA often fails to provide a unique robust solution
when an object has symmetrical mass distribution; i.e., PCA generates
many equal eigenvalues, which suggests more than one positioning of the
object are possible. This is especially problematic to handling protein
shapes, because they are more or less spherical.

. Ability for partial matching: partial matching aims to find similar local
regions of two objects. It is especially important in protein matching
considering that a function of protein is attributed to local surface re-
gions such as active sites and protein docking interfaces.

. Capability of changing resolution: depending on the content of object
analysis, being able to adjust the level of details of object description
becomes useful. Higher resolution provides detailed information while
lower resolution is more focused in the overall shape and computationally
efficient.

. Tolerance to small noises or changes: this property is also important for
protein shape analysis along with the capability of changing resolution.
Proteins are flexible in nature and structures are solved experimentally
in different resolutions depending on the method used and experimental
condition. Moreover, if a predicted structure is handled, some errors
are unavoidable. Thus it is important to account for these changes by
allowing resolution change or by making the method tolerant to small
differences.

. Ability to incorporate additional properties: nonshape properties such
as electrostatic potential, hydrophobicity, and residue conservation are
important factors in determining and analyzing function of proteins.
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Thus being able to use additional properties can extend the applicability
of protein surface analysis.

5.3 Surface Representation
5.3.1 General object representation

There are two types of object representations, volume- and boundary-
based. Well known volume-based representations are voxels and octrees. In
voxels, the volume of an object is represented by filled grid points while in
octrees the object space is hierarchically subdivided. Widely used boundary-
based representations include polygon mesh and point cloud. A polygon mesh
is composed of nodes and edges that form triangles that are connected to
completely cover the surface of an object. In point cloud, a set of (z,y, z)
points on the surface are used to represent a surface.

Generally, volume-based representations are used to for experimental data,
such as computed tomography scans. On the other hand, boundary-based
representations are used for computer designed objects, such as ones used
in computer games. Volume-based representation requires a larger space but
can provide information about the interior of an object while boundary-based
representation is efficient in drawing an object on the computer screen.

5.3.2 Protein surface definition

The underlying physical substance of a protein surface is the van der Waals
radius of atoms of the protein. Thus an intuitive way of defining protein surface
is to compute the union of boundaries of spheres of van der Waals radius of
each protein atom (the van der Waals surface). Often inflated (i.e., enlarged)
van der Waals radius is used for defining the surface. However, direct use of
the van der Waals sphere of atoms usually leaves unoccupied spaces between
atoms, making small clefts and cavities on the surface. Those small cavities,
where water molecules and ions cannot enter, are negligible or often cause
unnecessary noises for many applications of protein surface representation. A
common way to obtain a smoother surface is to roll a probe sphere (usually
of the size of a water molecule) over the van der Waals surface and to trace
the center of the sphere (solvent accessible surface) or to trace the inward-
facing surface of a probe sphere (solvent excluded surface or Connolly surface
(Connolly, 1983)).

The other protein surface definitions include a-surface (Wang, 2001). The
algorithm of a-surface connects points to construct triangle meshes, whose
resolution is controlled by a parameter, c. The solvent accessible surface and
the Connolly surface are also usually represented by triangle meshes. The
other representations, such as point cloud and voxels are also used.
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5.4 General Object Analysis Methods

This section provides a list of well known shape analysis methods in com-
puter science and other engineering fields that are already applied or have the
potential of being applied to proteins. Roughly, methods can be classified as
global and local shape analysis methods.

5.4.1 Global shape analysis

Global shape descriptors represent the overall shape of objects. They can
be classified into three categories, feature and feature distribution-based meth-
ods, 3D coordinate centered methods, and view-based methods.

5.4.1.1 Feature/feature distribution-based methods

Methods in this category describe an object by one or a set of features of
the object, such as the volume and the area of surface. These methods are one
of the earlier methods developed, and are still actively applied individually
or often integrated into recent object analysis methods because of their sim-
plicity. An advantage of these methods is that nonshape properties of objects
can be easily combined with shape-based features. On the other hand, the
disadvantage is that they are obviously less descriptive since an object shape
is represented by a few number of features. Those features are represented as
a feature vector.

Elad et al. (2000) use statistical moments, which describe the distribution
of the position of vertices on a polygon mesh of an object, i.e., the center
of gravity, variance, and skewness etc., as features of the object. Then the
extracted moments are used as a feature vector and compared by a weighted
Euclidean distance. In their method, invariance to Euclidean transformation
is obtained by normalizing against the first two moments (center of gravity
and variance) of the surface points. Zhang and Chen (2001) also utilize the
statistical moment in addition to some other features. They propose an effi-
cient method for computing and comparing the global features including the
volume, the surface area, the volume-surface ratio, the statistical moments,
and coefficients of the Fourier transform of 3D objects.

Rather than representing an object by a single value, feature distribution-
based methods use a histogram of global shape features as a descriptor. An
example is the shape distribution, which uses a histogram of the Euclidean
distance of randomly chosen two points on the surface of an object (Osada
et al., 2002). The solid angle histogram places a sphere at each representing
points of an object and computes the fraction of volume of the sphere occupied
by the object (Connolly, 1986).
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5.4.1.2 3D coordinate centered methods

These methods directly represent 3D shapes of objects in space. There are
two main approaches in this category. The first approach is to use mathe-
matical transformation of a 3D function, which is the position of points or
surface of a 3D object in the case of the shape analysis. Another approach
is to compute how an object occupies the 3D space by its volume when the
object is represented in voxels.

Mathematical transformations have been widely studied in 2D image pro-
cessing. And the 3D version of those transformations, such as Fourier, Hough,
Radon, and wavelet transformations, have been applied for 3D objects. These
methods are variant to Euclidean transformations and need pose normaliza-
tion prior to extraction of descriptors. More recently, spherical harmonics have
been widely explored. Spherical harmonics are functions of a set of a polar
angle, §, and a colatitude angle, ¢ : Y™ (6, ). Since spherical harmonics form
an orthonormal set of functions, a 3D function (thus, a 3D object) can be
expanded as a series of spherical harmonics with a different degree [ and an
order m on the unit sphere.

Limitations in direct applications of spherical harmonics include its vari-
ance to Euclidean transformations and also that they can correctly capture
only star like shapes, i.e., shapes that have no reentrant surfaces.

Funkhouser’s group introduced a spherical harmonics-based shape descrip-
tor, which is rotation invariant and can also be applied to nonstar like shapes
(Kazhdan et al., 2003). The method first segments an object into concen-
tric spheres and then computes spherical harmonics for each of the spheres.
Since rotating a spherical function does not change its L? norm, combining
the L? norm computed for each group of harmonics of the same parameters
(I and m) yields a rotation invariant (thus invariant to Euclidean transforma-
tions) descriptor. Nonstar like shapes are better handled by the segmentation
to concentric spheres. Application of spherical harmonics in partial match-
ing has also been made by the same group as an extension of the spherical
harmonics-based method (Funkhoser and Shilane, 2006).

The above method considers the radial information (the distance from
the center of an object) by the segmentation of an object into concentric
spheres. In contrast, 3D Zernike descriptors uses Zernike—Canterakis basis
Z7(x), which incorporates radial information into the polynomials in Carte-
sian coordinates x = (z,vy, z) (Canterakis, 1999):

ni (%) = R (r)Y,™ (0, )

nl

Thus, 3D Zernike descriptors are convenient to handle a 3D object de-
scribed in points or voxels in Cartesian coordinates. Rotation invariance was
obtained later by (Novotni and Klein, 2004) in a similar manner to what was
done by (Kazhdan et al., 2003). We have applied 3D Zernike descriptors for
protein surface comparison, which will be discussed in Section 5.6.

The other special functions introduced in 3D object analysis include spher-
ical wavelets and Krawtchouk polynomials. Mathematically, spherical wavelet
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descriptor (Laga et al., 2006) has two advantages over spherical harmonics.
First, the level of details of description can be locally controlled. Second,
sampling of points are more uniform. Weighted 3D Krawtchouk descriptor
(Mademlis et al., 2006) uses polynomials of discrete variables, and thus elimi-
nates the need for spatial discretization process. Hence no numerical approxi-
mation is involved in handling a voxelized object data. A drawback of weighted
3D Krawtchouk descriptor is again the need for pose normalization.

When objects are represented by voxels, two objects can be compared by
computing the difference of distribution of the occupied voxels (volumetric
difference methods). Occupied voxels of an object can be represented by a
tree data structure, e.g., octree. Therefore comparison is done efficiently based
on the tree representation. Volumetric difference methods are still generally
slower than other global methods and still need pose normalization.

An interesting idea of representing object is to compute “energies” or cost
needed to morph an object to a sphere. Then comparison is done by com-
puting the difference in the morphing energies. A method by Leifman et al.
(2003) calculates sphere projection energy as F = fdist ﬁ.dF, where dist is the

distance between the sphere and the object surface, and Fis the applied force
which is assumed constant. In a method proposed by Yu et al. (2003), a feature
map is used to record a local energy needed to morph an object. The object is
first normalized and fitted into a unit sphere. Then local energy at each point
is computed, which consists of two parts: the distance from the object surface
to the bounding sphere and the number of object surfaces penetrated when
a ray is shot from the sphere center. This method additionally uses Fourier
transform of the feature map, which is better in tolerance to noise which may
have been introduced in the pose normalization process.

5.4.1.3 View-based methods

View-based methods describe a 3D object as a set of projected 2D images
of the 3D object from different viewing angles. Each image contains charac-
teristics of the object from that angle, however, relative spatial information
between images from different view points is not captured.

The most well known view-based method is light field descriptors (Chen
et al., 2003). In computing the light field descriptor of a 3D object, the object
is first scaled and placed into a bounding sphere. Then a light field of the
object is created, which consists of 20 uniformly distributed silhouettes of the
object from 10 rotational positions on the bounding sphere. Subsequently,
a combination of 2D Zernike moments and Fourier transforms are used as
the 2D descriptor for each silhouette. To compare descriptors of two objects,
basically silhouettes of the two objects are compared exhaustively to find
matches.

Ohbuchi et al. (2003) proposed another view-based technique, which cap-
tures depth of an object from each angle in addition to the 2D silhouettes.
Then for each image a Fourier transform-based descriptor is generated.
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5.4.2 Local shape analysis

The basis of local shape analysis is to capture geometrical feature of a
local region around a given point on a surface. The curve of a local surface
is described using Gaussian, mean curvature, and the shape index. Among
them, the shape index has been also used for protein surface analysis. The
shape index (Koenderink and van Doorn, 1992) is a single-value that ranges
from —1 to 1 which measures the slope of local surface using principal cur-
vatures. The spin image is another popular method to describe a local shape
(Johnson and Hebert, 1999; de Alarc et al., 2002). A spin image is a 2D
histogram of distances from a central vertex to neighboring vertices. Two dis-
tances characterize spatial relationship between the two vertices; the radial
distance, «, which is defined as the perpendicular distance from the central
vertex to another through the surface normal, and the axial distance, g, a
signed perpendicular distance to the tangent plane of the central vertex. By
definition, a spin image does not change upon rotating around the norm of a
central vertex. The spin image is calculated for each vertex on a surface mesh
of an object.

Using surface curvature information captured at each vertex as mentioned
above, a larger surface region can be described by connecting vertices as a
graph. A graph captures relative spatial information of vertices and enables
partial matching of two local surfaces. However, generally speaking partial
graph matching has a high complexity thus often slow for comparing large
graphs. Methods for global shape analysis, such as spherical harmonics-based
methods, can also be used for describing a local shape around a vertex.

5.5 Protein Surface Analysis Methods

In this section, we discuss existing methods for protein surface represen-
tation and comparison. Identifying similar global and local surface shapes of
proteins has application to structure-based function prediction. Protein sur-
face representation has been also studied in the context of protein-protein
docking and protein-small ligand docking, in which case complementarity of
two shapes is taken into account. We first discuss three major categories of
protein surface analysis methods, namely, graph-based, geometric hashing,
and methods using series expansion of 3D function.

5.5.1 Graph-based methods

Graph theoretical approaches are frequently applied for protein surface
comparison since some common protein surface representations, e.g., triangu-
lar mesh, can be naturally considered as a graph. In a graph representation
of a protein surface, geometrical and often physicochemical features of a local
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region are assigned to each vertex and edges connecting vertices describe po-
sitional relationship of the vertices. A nice thing about graph representation
is that partial matching of two protein surfaces can be done using existing
algorithms in the graph theory.

The method proposed by Pickering et al. (2001) first generates a Connolly
surface of the region of interest. Then for each vertex point, shape information,
such as shape index and radius of curvatures, is calculated as well as biological
features such as types of residues. The matching process involves finding the
maximal common subgraph of two graphs representing the protein surfaces.

Kinoshita and his colleagues developed a database of protein surfaces of
functional sites, named eF-site, and a method to search for the similar local
surface sites in a query protein against the database (Kinoshita et al., 2002).
Triangular meshes of the Connolly surface constitute a graph of a protein.
Each vertex is assigned with the electrostatic potential and curvatures. To
find similar local regions of two proteins, a clique detection algorithm on an
association graph is used. An association graph of two graphs is formed first
by creating a node for a pair of vertices, one from each protein, that have
similar features. Then an edge connecting a pair of nodes is drawn when the
spatial distance of the pair of original vertices belonging to the two nodes is
similar. Next, the largest clique in the association graph, i.e., the largest fully
connected subgraph, is selected. The selected clique is considered as the most
similar part between the two protein surfaces.

SURFCOMP also uses a clique detection algorithm on an association graph
(Hofbauer et al., 2004). In SURFCOMP, surface critical points are considered
as vertices, which are either one the three classes, a convex, a concave, or a
saddle point. Rather than using all the vertices in a Connolly surface, using
critical points reduces vertices to be considered, making the method more
efficient. The graphs are further simplified by several filters that compare sur-
rounding shape, local arrangement of the critical points, and physicochemical
properties.

Baldacci et al. (2006) further reduce the number of graph nodes by con-
sidering surface patches. A patch in a protein surface is a local circular region
where residues included have homogeneous geometrical and physicochemical
properties. The properties considered are geometrical curvature, the electro-
static potential, and hydrophobicity. Each patch contains at least ten amino
acids and typically a protein surface is represented by less than ten patches.
Patches are connected by edges, representing a protein by a spatial graph.
They used the spatial graphs for classifying proteins by similarity of patterns
of patches.

5.5.2 Geometric hashing

The Wolfson and Nussinov group applies the geometric hashing technique,
which was originally developed for computer vision applications (Rosen et al.,
1998). The method first extracts sparse critical points defined at the centers
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of mesh faces abstracted as convex, concave, or saddle of the protein sur-
face (Lin et al., 1994). The geometric hashing is composed of two stages,
a hashing stage and a recognition (matching) stage. In the hashing stage,
transformation-invariant information of protein surface shapes to be compared
against (called models) is extracted and stored in a hash table. Concretely, a
protein surface shape represented by critical points is placed relative to every
possible admissible reference frame and their position and features are stored
in the hash table. This stage can be executed off-line and the table can be
reused once created. In the recognition stage, a target protein surface is placed
relative to every possible reference frame and the hash table is accessed to find
matching model critical points. Then a vote is registered for a pair of model
and target reference frames if their critical points match. The geometric hash-
ing allows a partial surface matching. Also a target protein can be compared
with multiple proteins at the same time once they are hashed in a table. Later
they also applied geometric hashing for protein-small ligand molecule docking,
and protein—protein docking (Fischer et al., 1995; Halperin et al., 2002).

5.5.3 Methods using series expansion of 3D function

Using mathematical transformation has become popular in protein surface
analyses as well as 3D object analysis. Here protein surface is treated as a
3D function, which is expanded in a series function. The major advantage
of these methods is the compactness in description, which allows rapid real-
time comparison against a large number of proteins. A series expansion is also
suitable in changing resolutions of surface description. Also properties on a
surface can be naturally incorporated in surface description.

An early work in this category include use of Fourier series expansion
as a shape descriptor (Gerstein, 1992). Protein surfaces are superimposed
and Fourier coefficients are extracted and compared at various resolutions.
The author used the method to compare shape of antigen-combining sites of
antibody molecules.

Thornton and her colleagues used spherical harmonics to describe the vol-
ume of ligand binding pockets of proteins (Kahraman et al., 2007). A ligand
binding pocket in a protein surface is detected using the SURFNET pro-
gram, which identifies a pocket by inserting spheres of a certain size. Thus
a pocket is represented as overlapping spheres, which constitute the volume
of the pocket. Then the spherical harmonics expansion is applied to the vol-
umetric representation of the pocket and the coefficients are taken as the
descriptor. Interesting application of their approach is direct comparison of
shape of pockets and ligand molecules, which is possible because both pockets
and ligands are represented as a closed volume. For comparison, shapes should
be pose normalized.

Spherical harmonics has been also applied for protein—protein docking
prediction (Ritchie and Kemp, 2000). By using spherical harmonics, a com-
plete search for docking conformation over all six degrees of freedom can be
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performed conveniently by rotating and translating the initial expansion co-
efficients.

Recently, we employed 3D Zernike function, which is an extension of
spherical harmonic expansion to compare protein global surfaces (Sael et al.,
2008a,b). The most favorable features of the 3D Zernike descriptor aside from
its advantages originating from spherical harmonics, are its rotation invari-
ance and applicability to nonstar-like shapes. The two advantages are worth
further attention and will be described extensively in Section 5.6.

5.5.4 Several other methods

The volumetric difference method, which was originally developed for 3D
object representation, has been applied for protein surface comparison. Masek
et al. (1993) defines molecular “skins,” which is a thin layer of voxels com-
posing protein surface. The method compares the shape by computing the
similarity of the maximum overlap between a pair of protein skins. Another
volumetric difference method utilizes a genetic algorithm to find the optimal
superimposition of protein surfaces or fragments of proteins (Poirrette et al.,
1997). The spin image representation is also applied to identify structurally
equivalent surface regions in two proteins (Bock et al., 2007).

Shentu et al. (2008) proposed a local surface structure characterization
method named context shape, which considers visible directions from critical
points on a protein surface. A context shape of a critical point essentially
describes the visible directions from the point to a surrounding sphere of a
given radius, which is not blocked by voxels occupied by the protein volume.
The context shape is represented as a binary string with 1 for blocked and 0 for
visible directions. They used this method to evaluate shape complementarity
of two protein surfaces in protein—protein docking prediction.

Pawlowski and Godzik (2001) proposed a method which is aimed to com-
pare physicochemical features of protein surfaces, such as electrostatic poten-
tial and hydrophobicity. Those features are mapped on a surrounding sphere
of a protein and comparison is done between spheres after they are superim-
posed. As obvious from its design, this method does not compare shapes of
proteins but only physicochemical properties, thus, it can only analyze pro-
teins of the same structure (e.g., protein of the same family). Nevertheless
this method is interesting as it can quantify the difference of properties on the
surface.

There are several methods which combines surface shape information
with residue or sequence information. As sequence motifs (e.g., PROSITE
database) or spatial arrangements of catalytic residues (Arakaki and Skolnick,
2004) are traditionally used in function prediction in protein bioinformat-
ics area, these methods can take advantage of accumulated knowledge of
sequence-function relationship of proteins.

The SURFACE database stores a library of functionally important residues
found at pocket regions of proteins (Ferre et al., 2005). In selecting functional
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sites of proteins, pockets in protein surfaces are identified by SURFNET and
residues which reside in the pockets are referred to functional motif databases
including PROSITE. Two local sites are compared in terms of the root means
square deviation of positions of superimposed amino acids.

A method by Binkowski et al. (2003) utilizes local sequence information of
binding pockets and surface shape to predict function of proteins. The local
sequence of a pocket region is extracted by concatenating short sequences
which compose the pocket. To compare the extracted local sequence, local
sequence alignment by dynamic programming algorithm is performed.

5.6 3D Zernike Descriptors

A 3D Zernike descriptor (3DZD) is categorized as a 3D coordinate cen-
tered method using special kernel functions. Canterakis first introduced 3D
Zernike moments that combine a radial function with spherical harmonics
to describe objects in 3D Cartesian coordinate system (Canterakis, 1999).
Novotni and Klein later applied 3D Zernike moments to construct rotation
invariant descriptors of 3D objects (Novotni and Klein, 2003). 3DZD was ap-
plied to describe overall shape of small ligands by Mak et al. (2008). The first
thorough applications to describe protein shape and physicochemical property
on protein surface have been conducted by our group. This section summarizes
our works described in two recent papers (Sael et al., 2008a,b).

5.6.1 Characteristics of 3DZD

3DZD has several significant advantages regarding the comparison of pro-
tein surface. First, it represents a protein compactly allowing fast retrieval
capable for real-time database search. Second, 3DZDs are rotation invariant,
that is, protein structures need not be aligned for comparison. Related works,
such as spherical harmonics for binding pocket and ligand comparisons by
Thornton’s group (Kahraman et al., 2007), need pose normalization because
the methods are not rotation invariant. Pose normalization could be prob-
lematic especially in comparison of protein shapes, which are almost globular
and the principle axes are not robustly determined. Third, the resolution of
the description of protein structures can be easily and naturally adjusted by
changing the order of 3DZDs. The rough global difference of protein struc-
tures reflects the difference of the first couple of invariants that correspond to
lower orders of the 3DZD (Sael et al., 2008b). Figure 5.1 illustrates different
resolutions of a reconstructed protein surface by changing the order of 3DZD.
Here the order is changed from 5 to 10, 15, 20, and 25. When a lower order is
used, pear-like global surface shape of this protein is highlighted, while more
description of local geometry shows up as the order becomes higher. We used
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FIGURE 5.1: Resolution of 3D Zernike descriptor. (a) surface abstraction
of 1lew0OA, which is used as the input. (b) through (f) are reconstructed figures
of 3D Zernike moments using different order from 5 up to 25 increasing with
an interval of 5.

the order of 20 for our work since it yielded satisfactory results in a 3D shape
retrieval benchmark by Novotni and Klein. Moreover, physicochemical prop-
erties of a protein surface, such as electrostatic potentials and hydrophobicity,
can be incorporated into the description considering an appropriate 3D func-
tion (Sael et al., 2008a).

5.6.2 Steps of computing 3DZD for protein surfaces

The first steps to compute 3DZD for a protein are calculating protein
surface and placing it on a cubic grid (voxelization). To represent a surface
shape, each voxel is assigned 1 if it is on the surface and 0 otherwise. Real
number values of other physicochemical properties can also be assigned only
to the surface voxels. The resulting voxels with values are considered as the
3D function, which will be expanded in a 3DZD. Using the order of 20, a
3DZD results in 121 invariants (numbers). To convert physicochemical prop-
erty which ranges from negative to positive values to 3DZD, a 3DZD for a
set of voxels with a positive value assigned and those with negative value are
separately computed. Then two 3DZDs are combined yielding a descriptor of
242 invariants. This is because a 3DZD recognizes the contrast of patterns of
the positive and the negative value but not the value itself.

3DZDs of two proteins are compared in terms of the Euclidian distance
or a correlation coefficient based distance, which is defined as 1—correlation
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FIGURE 5.2: 3DZD of protein surface shape and electrostatic potential.
Surface electrostatic potential of two proteins proteins; (a), lqaxA; and (b),
2cpo. (c¢), 3DZD of surface shape; and (d), surface electrostatic potential of
the two proteins is shown. The order used for both shape and electrostatic
potential is 20. The number of invariants computed for shape is 121. For
electrostatic potential, positive and negative regions are calculated separately
forming 242 number of invariants. In (a) and (b) the gray scale ranges from
—5 (black) to +5 (white) to represent the electrostatic potential.

coefficient. Figure 5.2 shows an example of 3DZDs of two proteins, 1qaxA and
2cpo. Figure 5.2¢ shows 3DZDs of the surface shape and Figure 5.2d shows
3DZDs of surface electrostatics of the two proteins. In Figure 5.2d, higher
peaks at the 122th to the 242th invariants by 2cpo relative to 1qaxA indicate
that 2cpo has a larger region with a negative electrostatics value.

5.6.3 Test results of 3DZD

We evaluated 3DZDs in two ways: (1) the ability to retrieve similar protein
structures (Sael et al., 2008b) and (2) the ability to compare proteins in terms
of their surface physicochemical properties (Sael et al., 2008a).

For the protein structure retrieval test, we prepared a dataset of 2432
protein structures, which are preclassified by another protein structure com-
parison method, the combinatorial extension (CE) method (Shindyalov and
Bourne, 1998). CE compares two protein structures by their main-chain con-
formation as many other conventional protein structure comparison methods
do. Despite the difference in structure representation, 3DZD retrieved proteins
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of the same conformation defined by CE in 89.6% of the cases within the top
five closest structures. This level of agreement with CE is the same as between
CE and another commonly used protein structure comparison method, DALI.
In addition to this retrieval accuracy, the strength of 3DZD is its extremely
fast computational time. Computing a 3DZD for a protein takes about 37 sec-
onds, but once it is computed, a database search against entire PDB with over
54,000 structures takes less than a minute. In contrast, typically a pairwise
structure comparison by CE takes a couple of seconds. Therefore, a search
against the entire PDB would take more than a day. Thus 3DZD can dramat-
ically make a global protein structure search efficient. Even if one still wants
to find proteins in a database which have the similar main-chain conforma-
tion to a query protein, 3DZD can be used as a rapid pre-screening prior to
using CE.

Moreover, we found some cases where protein surface shape is indicative to
functional classes of proteins. In our paper we showed such examples of pairs of
DNA binding proteins and transmembrane transporters. These protein pairs
have distinct surface shape similarity but does not share detectable similarity
in sequence or main-chain conformation, thus their functional relevance can
not be easily identified by conventional bioinformatics methods. In the case
of DNA binding proteins, they have a saddle like local surface shape which is
used to mount on DNA strands.

Next, we compared protein surface physicochemical properties of several
protein families using 3DZDs (Sael et al., 2008a). We used globin proteins
and three protein families with both thermophilic and mesophilic homologs as
datasets. The globin family is known to have a conserved fold with a wide va-
riety of function. A varied range of affinity to oxygen, different functions, and
different environments where the globin proteins locate coincide with the rel-
atively large distance of surface electrostatic potentials measured by 3DZDs.
Thermophilic proteins have gained substantially higher thermal stabilities as
compared to their mesophilic orthologs. And surface electrostatics has been
identified as one of the major stabilization factors of thermophilic proteins.
For the three protein families studied, we showed that 3DZDs successfully
distinguish the thermophilic proteins from mesophilic proteins based on sim-
ilarity of surface electrostatics. The sequence similarity and the main-chain
conformation similarity cannot differentiate these two classes, because all of
members of the families have more or less similar in sequence and structure.
Since 3DZDs can be quantitatively compared, a tree can be drawn for a set
of proteins based on similarity of their surface physicochemical property. This
will be quite useful for studying protein function and evolution.

Further, we showed electrostatic potential of local regions of proteins can
also be compared. Figure 5.3 illustrates a procedure for local surface analysis
using 3DZDs. In this example, ligand binding sites of two TIM barrel proteins,
1fdjB and 1goc, are compared. TIM barrel is one of the most prevalent folds
adopted by a variety of enzymes. Ligand binding sites of TIM barrel enzymes
are usually located at the cleft with cluster of loops of the barrels. Reflecting
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FIGURE 5.3: Local surface analysis procedure. A procedure for analyzing
electrostatic potential on ligand binding region is illustrated. On the right
are surface electrostatic potential of proteins 1fdjB, top, and 1g0c, bottom.
Middle figure is surface electrostatic potential of extracted binding region
which are the input to 3D Zernike method. The graphs are extracted 3DZD of
the binding regions. The dissimilarity measures are calculated by correlation
coefficients based distance of the two 3DZDs: 1.68. The gray scale ranges from
—5 (black) to +5 (white) to represent electrostatic potential.

the nature of binding ligands, active sites show wide ranging behavior in terms
of electrostatics, whose similarity can be quantified by using 3DZDs.

5.7 Discussion

In this chapter, we reviewed methods for 3D object shape analysis in the
context of protein shape analysis. Some of the available methods are listed in
Table 5.1.

Protein surface analysis is especially difficult because most of proteins have
more or less sphere-like shape. Therefore a descriptor needs to differentiate
relatively small differences. For the same reason, typical pose normalization
methods, such as PCA, do not give a unique solution. Also nonshape features
should be considered, such as physicochemical properties and residue conser-
vation, as they are important to understand protein function. In addition, it
is desired that computing similarity of two proteins is executed fast enough
so that a database search is performed in a real-time.

To meet all these requirements, we applied 3DZD for protein surface com-
parison. Conventionally proteins have been long analyzed and classified in
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TABLE 5.1: List of existing tools and computational resources.

Available
URL materials

Light field http://3d.csie.ntu.edu.tw/ Source code/exe-
descriptors cutable/dataset
(Chen et al.,

2003)

Ef-site http://ef-site.hgc.jp/eF-site/ Database

(Kinoshita et al., http://ef-site.hgc.jp/eF-seek/ Web server
2002

SURFA)CE http://cbm.bio.uniroma?2.it /surface/ Database
(Ferre et al.,

2005)

SURFCOMP http://teachme.tuwien.ac.at/surfcomp/ Toolkit/source
(Hofbauer index.html code/executable
et al., 2004)

SUREF’S UP http://asia.genesilico.pl/surfs_up/ Web server
(Pawlowski
et al., 2001)

3d Zernike http://dragon.bio.purdue.edu/3d-surfer/ Web server
Server (Sael
et al., 2008b)

Princeton Shape  http://shape.cs.princeton.edu/search.html Web server
Retrieval and
Analysis
Group

terms of their sequences and main-chain conformation. However, there are
cases that these methods are not capable of detecting similarities and dissimi-
larities in a biologically meaningful way. In such cases, the 3DZD-based surface
analysis can often do a better job than these methods, as it captures global and
local protein surface shape, which is directly responsible for biological func-
tion, and also it is able to quantify similarity of physicochemical properties.

As more and more protein structures are experimentally solved, the need
for effective and efficient methods for protein structure characterization in-
creases. We expect the surface-based analysis will become a routine option
for protein characterization besides sequence- and main-chain conformation-
based methods. Biology has entered an informatics era when computational
methods for retrieving useful knowledge from databases and reasoning using
the knowledge become crucial. Various interdisciplinary approaches are essen-
tial and protein surface analysis will become one of such existing fields.
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6.1 Introduction

As one of the primary substances in a living organism, protein defines the
character of each cell by interacting with the cellular environment to promote
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the cell’s growth and function [1]. Previous studies on proteomics indicate
that the functions of different proteins could be assigned based upon protein
structures [2,3]. The knowledge on protein structures gives us an overview of
protein fold space and is helpful for the understanding of the evolutionary
principles behind structure. By observing the architectures and topologies of
the protein families, biological processes can be investigated more directly
with much higher resolution and finer detail. For this reason, the analysis of
protein, its structure and the interaction with the other materials is emerging
as an important problem in bioinformatics. However, the determination of pro-
tein structures is experimentally expensive and time consuming. This makes
scientists largely dependent on sequence rather than more general structure
to infer the function of the protein at the present time. For this reason, data
mining technology is introduced into this area to provide more efficient data
processing and knowledge discovery approaches.

Unlike many data mining applications which lack available data, the pro-
tein structure determination problem and its interaction study, on the con-
trary, could utilize a vast amount of biologically relevant information on pro-
tein and its interaction, such as the protein data bank (PDB) [4], the structural
classification of proteins (SCOP) databases [5], CATH databases [6], UniProt
[7], and others. The difficulty of predicting protein structures, specially its 3D
structures, and the interactions between proteins as shown in Figure 6.1, lies
in the computational complexity of the data. Although a large number of ap-
proaches have been developed to determine the protein structures such as ab
initio modeling [8], homology modeling [9] and threading [10], more efficient
and reliable methods are still greatly needed.

In this chapter, we will introduce a state-of-the-art data mining technique,
graph mining, which is good at defining and discovering interesting structural
patterns in graphical data sets, and take advantage of its expressive power to

FIGURE 6.1: Graph examples for biological data. (a) Protein 3-D structure.
(b) Protein—protein interaction network.
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study protein structures, including protein structure prediction and compari-
son, and protein—protein interaction (PPI). The current graph pattern mining
methods will be described, and typical algorithms will be presented, together
with their applications in the protein structure analysis.

The rest of the chapter is organized as follows: Section 6.2 will give a brief
introduction of the fundamental knowledge of protein, the publicly accessible
protein data resources and the current research status of protein analysis; in
Section 6.3, we will pay attention to one of the state-of-the-art data mining
methods, graph mining; then Section 6.4 surveys several existing work for
protein structure analysis using advanced graph mining methods in the recent
decade; finally, in Section 6.5, a conclusion with potential further work will
be summarized.

6.2 Protein Structures
6.2.1 What is protein?

The precise definition of proteins is any of a group of complex organic
macromolecules that contain carbon (C), hydrogen (H), oxygen (O), nitrogen
(N), and usually sulfur and are composed of one or more chains of amino
acids. Over billions of years of life evolution, the intricate structure and the
remarkable versatility of these macromolecules have made proteins one of
the unsolved enigmas in biology. In fact, there is no other type of biological
macromolecule which could possibly assume all of the functions that proteins
have amassed.

Many biological tools have been developed to describe protein families,
physical characteristics and cellular locations. As one of the fundamental com-
ponents of all living cells, proteins include many substances, such as enzymes,
hormones, and antibodies. The cell’s growth and functions are promoted by
the interactions between certain proteins and the cellular environment. In
other words, the functions of proteins are defined by their roles in cells. How-
ever, the key to understanding a protein’s functions is believed to be hidden in
its structure. The distinctive structures of proteins allow for the placement of
particular chemical groups in specific places in three-dimensional (3-D) space.
This precision allows proteins to act as catalysts for an impressive variety of
chemical reactions. Precise placement of chemical groups also allows proteins
to play important structural, transport, and regulatory functions in organ-
isms. The interactions with small molecules, as well as other proteins also
expand these diversified functions of proteins.

It is still a big challenge to determine the 3-D structure of all the major pro-
tein families. However, based on the fast development of computer techniques
and the great efforts of researchers who have studied proteins for decades, the
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protein structure can be roughly defined at four levels: primary, secondary,
tertiary and quaternary structure.

6.2.1.1 The protein primary structure

The primary structure of a protein is the amino acid sequence of the pep-
tide chains (see Figure 6.2), which is determined by the gene corresponding
to the protein. Primary structure refers to the linear sequence of amino acid
residues in a polypeptide chain. The amino acids are joined by peptide bonds
on each side of the Ca carbon atom. Amino acids, as shown in Figure 6.3, are
formed by four parts: an amino group (NHs), a carboxyl groups (COOH), a
hydrogen atom attached to a central alpha («) carbon, and a side chain (or
R group) attached to the a carbon [11]. A carboxyl group (CO) is a carbonyl
group bonded to a hydroxyl group (OH), which can only appear at the end
of a carbon chain because the carbon must make three bonds in addition to
its connection to the R group. The R side chain distinguishes one amino acid
from another and also confers the specific chemical properties of the amino
acid. Twenty standard amino acids are incorporated into a protein based on
the coded instructions and they are grouped into three classes (hydrophobic,
polar, and charged) via the properties conferred by their side chains [11].

6.2.1.2 The protein secondary structure

The secondary structure, shown in Figure 6.4, is a representation from the
primary amino acid sequence to secondary motifs, such as « helix, strands of
[ sheet, random coils and loops, which refers to the local folding pattern of
the polypeptide chain [11].

The « helix is one of the most common forms in the secondary structure of
proteins, which is created by a curving of the polypeptide backbone. Because
the polypeptide backbone can be coiled in left or right directions, helices ex-
hibit handedness. A helix with a rightward coil is known as a right-handed
helix. Almost all helices observed in proteins are right-handed, as steric restric-
tions limit the ability of left-handed helices to form. Among the right-handed
helices, the « helix, shown in Figure 6.4a, is by far the most prevalent. An
a helix is distinguished by having a period of 3.6 residues per turn of the
backbone coil. The structure of this helix is stabilized by hydrogenbonding

Amino acid sequence

H O R, H O R, H O R
H\,|\|+Hﬂ l ||\1+H ﬂ Cl [\|1+H ﬂ l Carboxyl end
" \C/\N/|\C/ \C/ \N/l\c/ \C/ \N/|\C—O’
Amino end | | H | | | H | | | H "
RRH O R, H O R H O

FIGURE 6.2: Protein primary structure.
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interactions between the carbonyl oxygen of each residue and the amide pro-
ton of the residue, four residues ahead in the helix. Consequently, all possible
backbone hydrogen bonds are satisfied within the « helix, with the exception
of a few at each end of the helix, where a partner is not available. Other helices
have also been observed in proteins, though much less frequently due to their
less favorable geometry, such as 319 helix and 7 helix.

Unlike helices, another important element in protein secondary structure is
0 sheets (see Figure 6.4b), which are formed from several individual §-strands
by hydrogen bonds between adjacent polypeptide chains rather than within a
single chain. B-strands represent an extended conformation of the polypeptide
chain, where the ® and ¥ angles are rotated approximately 180° with respect
to each other. This arrangement produces a sheet that is pleated, with the
residue side chains alternating positions on opposite sides of the sheet. Two
configurations of (3 sheet are possible: parallel and antiparallel. In parallel
sheets, the strands are arranged in the same direction with respect to their
amino-terminal (N) and carboxy-terminal (C) ends. In antiparallel sheets, the
strands alternate their amino and carboxy terminal ends, such that a given

Amino group Carboxyl group
H ()
H \ H
N e
\¢& C, Y
H OH
R
Side chain

FIGURE 6.3: The structure of a prototypical amino acid.

|- N\N/
§ |

FIGURE 6.4: The protein secondary structures. (a) « helix. (b) g sheets.
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strand interacts with strands in the opposite orientation. 3 sheets can also
form in a mixed configuration, with both parallel and antiparallel sections, but
this configuration is less common than the uniform types mentioned above.

6.2.1.3 The protein tertiary structure

The tertiary structure, shown in Figure 6.5a, is the 3-D structure of a
single protein molecule; a spatial arrangement of the secondary structures. It
is also the 3-D arrangement formed by packing secondary structure elements
into globular domains. The tertiary structure describes how the secondary
structure elements are arranged to form the overall 3D folding pattern. The
tertiary structure is held together by hydrogen, ionic, and disulphide bonds
between amino acids. It is this unique structure that gives a protein its specific
function. The final 3D tertiary structure of a protein is commonly referred to
as its fold. Many researchers agree that the tertiary protein structure prob-
lem can be considered as the protein folding problem [3], by which a linear
polypeptide chain achieves its distinctive fold. However, the protein folding is
a complex process that is not yet completely understood by biologists. There-
fore, predicting the tertiary structure of proteins remains a big challenge for
protein structure study.

6.2.1.4 The protein quaternary structure

The quaternary protein structure (see Figure 6.5a) is a complex of several
protein molecules or polypeptide chains, usually called protein subunits in this
context, which function as part of the larger assembly or protein complex. In
biochemistry, quaternary structure is the arrangement of multiple folded pro-
tein molecules in a multisubunit complex. The quaternary structure is the
interaction between several chains of peptide bones. The individual chains are
called subunits. The individual subunits are not necessarily covalently con-
nected, but might be connected by a disulfide bond. Not all proteins have
quaternary structure, since they might be functional as monomers. The qua-
ternary structure is stabilized by the same range of interactions as the tertiary
structure. Quaternary structure involves this arrangement of several polypep-
tide chains.

The quaternary structure describes the interaction of two or more globular
or tertiary structures and other groups such as metal ions or cofactors that
make up the functional protein. The quaternary structure is held together by
ionic, hydrogen, and disulfide bonds between amino acids.

6.2.2 Protein databases
6.2.2.1 Protein data bank (PDB)

The basis for all structural bioinformatics, the central community database
for structural biology, is the PDB [4]. The PDB was established at Brookhaven
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National Laboratory (BNL) (Bernstein et al., 1977) in 1971 as an archive for
biological macromolecular crystal structure. PDB represents one of the earli-
est community-driven molecular biology data collections. Since October 1998,
the PDB has been managed by the Research Collaboratory for Structural
Bioinformatics (RCSB).

The PDB is the single worldwide depository of information about the 3-D
structures of large biological molecules, including proteins and nucleic acids.
These are the molecules of life that are found in all organisms including bac-
teria, yeast, plants, flies, and mice, and in healthy as well as diseased humans.
Understanding the shape of a molecule helps to understand how it works.

The RCSB PDB is a portal for information about these molecules, and
as such enables research and education about the molecular basis of life. The
PDB is available at no cost to all users.

The PDB is growing constantly and statistics on content growth are avail-
able. In 2008, more than 50,830 determined structures were deposited from
scientists all over the world (see Figure 6.6 taken from RCSB PDB website
(http://www.resb.org/pdb/)). In addition to the huge growth in the numbers
of structures, the complexity of the structures has also increased. Now there
are several examples of large macromolecular machines in the database. Ad-
vances in science and technology have pushed the growth of the PDB as have
changing attitudes about data sharing.

A variety of information associated with each structure is available through
the RCSB PDB including sequence details, atomic coordinates, crystallization
conditions, 3-D structure neighbors computed using various methods, derived
geometric data, structure factors, 3-D images and a variety of links to other
resources.

6.2.2.2 Other protein databases

As well as the primary information on protein structure provided by PDB,
there are many additional resources available in the other databases (see
Table 6.1).

The SCOP [5] database was originally created as a tool for understanding
protein evolution through sequence-structure relationships and determining
if new sequences and new structures are related to previously known protein
structures. On a more general level, the highest levels of classification provide
an overview of the diversity of protein structures. The specific lower levels
are helpful for comparing individual structures with their evolutionary and
structurally related counterparts.

The CATH database [6], is initially established as a domain-based
database, contains sequence- and structure-based relationships between mul-
tidomain proteins and also includes families and superfamilies of multidomain
proteins with links to their constituent domains. CATH is a hierarchical classi-
fication comprising four major levels: class, architecture, topology and homol-
ogy. The protein class is determined by the secondary structure composition
and packing using an automated approach; architecture describes the
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FIGURE 6.6: Yearly growth of the structures in PDB (1976-2008).

orientation of the secondary structures in 3-D space, regardless of their connec-
tivity; while topology, both secondary structure orientation and connectivity
between the secondary structures is taken into account in describing the fold of
the protein; and homologous superfamilies are the groups of proteins according
to whether there is sufficient evidence to support an evolutionary relationship.

Universal protein resource (UPR) [12] is the world’s most comprehen-
sive catalog of information on proteins. It is a central repository of pro-
tein sequence and function created by joining the information contained in
UniProtKB/Swiss—Prot [13], UniProtKB/TrEMBL, and protein information
resource (PIR). The UniProt [7] is comprised of three components, each opti-
mized for different uses. The UniProt Knowledgebase (UniProtKB) is the cen-
tral access point for extensive curated protein information, including function,
classification, and cross-reference. The UniProt Reference Clusters (UniRef)
databases combine closely related sequences into a single record to speed
searches. The UniProt Archive (UniParc) is a comprehensive repository, re-
flecting the history of all protein sequences. The UniProt Metagenomic and



120
TABLE 6.1:

Biological Data Mining

Other protein structure-based databases.

Databases
SCOP [5]

CATH [6]

UniProt [7]

Dali [14]

3Dee [15]

InterPro [16]

UniProtKB
/Swiss—Prot
(13]

Content

The SCOP database, created by manual inspection and abetted
by a battery of automated methods, aims to provide a detailed
and comprehensive description of structural and evolutionary
relationships between all proteins whose structure is known. As
such, it provides a broad survey of all known protein folds,
detailed information about the close relatives of any particular
protein, and a framework for future research and classification
(http://scop.mrc—lmb.cam.ac.uk/scop/).

CATH database is a hierarchical classification of protein domain
structures in the PDB, which clusters proteins at four major
levels: class (C), architecture (A), topology (T) and homologous
superfamily (H). Only crystal structures solved to resolution
better than 4.0 A are considered, together with NMR structures.
Protein structures are classified using a combination of
automated and manual procedures
(http://www.cathdb.info/index.html).

Universal protein resource (UPR) is the world’s most
comprehensive catalog of information on proteins. It is a central
repository of protein sequence and function created by joining
the information contained in UniProtKB/Swiss—Prot,
UniProtKB/TrEMBL, and protein information resource (PIR)
(http://www.ebi.ac.uk/uniprot/).

The Dali database is based on exhaustive, all-against-all 3-D
structure comparison of protein structures in PDB. The
classification and alignments are automatically maintained and
regularly updated using the Dali search engine
(http://ekhidna.biocenter.helsinki.fi/dali/start).

The database of protein domain definitions (3Dee) contains
structural domain definitions for all protein chains in PDB,
curated by the European Bioinformatics Institute (EBI) and the
RCSB, that have 20 or more residues and are not theoretical
models. These domains have been clustered by both sequence
and structural similarity. The resulting families are stored in a
hierarchy (http://www.compbio.dundee.ac.uk/3Dee/).

The InterPro database is a database of protein families,
domains, repeats and sites in which identifiable features found in
known proteins can be applied to new protein sequences
(http://www.ebi.ac.uk/interpro/index.html).

The UniProtKB/Swiss—Prot Protein Knowledgebase is an
annotated protein sequence database established in 1986 by EBI,
which provides a high level of annotation, a minimal level of
redundancy and a high level of integration with other databases.
Together with UniProtKB/TrEMBL, it consistutes the UniProt
Knowledgebase, one component of the Universal Protein
Resource (UniProt), a one-stop shop allowing easy access to all
publicly available information about protein sequences
(http://www.ebi.ac.uk/swissprot/).
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Environmental Sequences (UniMES) database is a repository specifically de-
veloped for metagenomic and environmental data. As well as these most
popular protein databases, there are many other open-access resources (see
Table 6.1) available for the various use of research and education purposes.

6.2.3 Dimensions of protein analysis
6.2.3.1 Protein structure comparison

The 3-D structure of a protein can be determined by X-ray crystallogra-
phy or nuclear magnetic resonance (NMR) spectroscopy [11]. As more and
more protein structures have been determined and deposited in various pro-
tein structure databases, the prediction of prote