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Proteins have a vast influence on the molecular machinery of life. Stunningly
complex networks of proteins perform innumerable functions in every living
cell. Knowing the function and structure of proteins is crucial for the develop-
ment of improved drugs, better crops, and even synthetic biofuels. As such,
knowledge of protein structure and function leads to crucial advances in life
sciences and biology.

With recent advances in large-scale sequencing technologies, we have seen
an exponential growth in protein sequence information. Protein structures are
primarily determined using X-ray crystallography or nuclear magnetic reso-
nance (NMR) spectroscopy, but these methods are time consuming, expen-
sive, and not feasible for all proteins. The experimental approaches
to determine protein function (e.g., gene knockout, targeted mutation, and
inhibitions of gene expression studies) are low-throughput in nature [1,2]. As
such, our ability to produce sequence information far outpaces the rate at
which we can produce structural and functional information.

Consequently, researchers are increasingly reliant on computational
approaches to extract useful information from experimentally determined
three-dimensional (3D) structures and functions of proteins. Unraveling the

Introduction to Protein Structure Prediction: Methods and Algorithms,
Edited by Huzefa Rangwala and George Karypis
Copyright © 2010 John Wiley & Sons, Inc.



2 INTRODUCTION TO PROTEIN STRUCTURE PREDICTION

relationship between pure sequence information and 3D structure and/or
function remains one of the fundamental challenges in molecular biology.

Function prediction is generally approached by using inheritance through
homology [2], that is, proteins with similar sequences (common evolutionary
ancestry) frequently carry out similar functions. However, several studies [2—4]
have shown that a stronger correlation exists between structure conservation
and function, that is, structure implies function, and a higher correlation exists
between sequence conservation and structure, that is, sequence implies struc-
ture (sequence — structure — function).

1.1. INTRODUCTION TO PROTEIN STRUCTURES

In this section we introduce the basic definitions and facts about protein struc-
ture, the four different levels of protein structure, as well as provide details
about protein structure databases.

1.1.1. Protein Structure Levels

Within each structural entity called a protein lies a set of recurring substruc-
tures, and within these substructures are smaller substructures still. As an
example, consider hemoglobin, the oxygen-carrying molecule in human blood.
Hemoglobin has four domains that come together to form its quaternary
structure. Each domain assembles (i.e., folds) itself independently to form a
tertiary structure. These tertiary structures are comprised of multiple second-
ary structure elements—in hemoglobin’s case o-helices. o-Helices (and their
counterpart [B-sheets) have elegant repeating patterns dependent upon
sequences of amino acids.

1.1.1.1. Primary Structure. Amino acids form the basic building blocks of
proteins. Amino acids consists of a central carbon atom (C,) attached by an
amino (NH,), a carboxyl (COOH) group, and a side chain (R) group. The side
chain group differentiates the various amino acids. In case of proteins, there
are primarily 20 different amino acids that form the building blocks. A protein
is a chain of amino acids linked with peptide bonds. Pairs of amino acid form
a peptide bond between the amino group of one and the carboxyl group of
the other. This polypeptide chain of amino acids is known as the primary
structure or the protein sequence.

1.1.1.2. Secondary Structure. A sequence of characters representing the
secondary structure of a protein describes the general 3D form of local regions.
These regions organize themselves independently from the rest of the protein
into patterns of repeatedly occurring structural fragments. The most dominant
local conformations of polypeptide chains are o-helices and B-sheets. These
local structures have a certain regularity in their form, attributed to the hydro-
gen bond interactions between various residues. An o-helix has a coil-like
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structure, whereas a B-sheet consists of parallel strands of residues. In addition
to regular secondary structure elements, irregular shapes form an important
part of the structure and function of proteins. These elements are typically
termed coil regions.

Secondary structure can be divided into several types, although usually at
least three classes (o-helix, coils, and B-sheet) are used. No unique method of
assigning residues to a particular secondary structure state from atomic coor-
dinates exists, although the most widely accepted protocol is based on the
Dictionary of Protein Secondary Structure (DSSP) algorithm [5]. DSSP uses
the following structural classes: H (o-helix), G (3;p-helix), I (n-helix), E (B-
strand), B (isolated B-bridge), T (turn), S (bend), and — (other). Several other
secondary structure assignment algorithms use a reduction scheme that con-
verts this eight-state assignment down to three states by assigning H and G
to the helix state (H), E and B to a the strand state (E), and the rest (I, T, S,
and -) to a coil state (C). This is the format generally used in structure
databases.

1.1.1.3. Tertiary Structure. The tertiary structure of the protein is defined
as the global 3D structure, represented by 3D coordinates for each atoms.
These tertiary structures are comprised of multiple secondary structure ele-
ments, and the 3D structure is a function of the interacting side chains between
the different amino acids. Hence, the linear ordering of amino acids forms
secondary structure; arranging secondary structures yields tertiary structure.

1.1.1.4. Quaternary Structure. Quaternary structures represent the interac-
tion between multiple polypeptide chains. The interaction between the various
chains is due to the non-covalent interactions between the atoms of the dif-
ferent chains. Examples of these interactions include hydrogen bonding, van
Der Walls interactions, ionic bonding, and disulfide bonding.

Research in computational structure prediction concerns itself mainly with
predicting secondary and tertiary structures from known experimentally
determined primary structure or sequence. This is due to the relative ease of
determining primary structure and the complexity involved in quaternary
structure.

1.1.2. Protein Sequence and Structure Databases

The large amount of protein sequence information, experimentally deter-
mined structure information, and structural classification information is
stored in publicly available databases. In this section we review some of the
databases that are used in this field, and provide their availability information
in Table 1.1.

1.1.2.1. Sequence Databases. The Universal Protein Resource (UniProt)
[6] is the most comprehensive warehouse containing information about protein
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TABLE 1.1 Protein Sequence and Structure Databases

Database Information Availability Link

UniProt Sequence http://www.pir.uniprot.org/

UniRef Cluster sequences http://www.pir.uniprot.org/

NCBI nr Nonredundant sequences ftp://ftp.ncbi.nlm.nih.gov/blast/db/
PDB Structure http://www.rcsb.org/

SCOP Structure classification http://scop.mrc-lmb.cam.ac.uk/scop/
CATH Structure classification http://www.cathdb.info/

FSSP Structure classification http://www.ebi.ac.uk/dali/fssp/
ASTRAL Compendium http://astral.berkeley.edu/

The databases referred to in this table are most popular for protein structure-related
information.

sequences and their annotation. It is a database of protein sequences and their
function that is formed by aggregating the information present in the Swiss-
Prot, TTEMBL, and Protein Information Resources (PIR) databases. The
UniProtKB 13.2 version of database (released on April 8, 2008) consists of
5,939,836 protein sequence entries (Swiss-Prot providing 362,782 entries and
TrEMBL providing 5,577,054 entries).

However, several proteins have high pairwise sequence identity, and as
such lead to redundant information. The UniProt database [6] creates a subset
of sequences such that the sequence identity between all pairs of sequences
within the subset is less than a predetermined threshold. In essence, UniProt
contains the UniRef100, UniRef90, and UniRef50 subsets where within each
group the sequence identity between a pair of sequences is less than 100%,
90%, and 50%, respectively.

The National Center for Biotechnology Information (NCBI) also provides
a nonredundant (NCBI nr) database of protein sequences using sequences
from a wide variety of sources. This database will have pairs of proteins with
high sequence identity, but removes all the duplicates. The NCBI nr version
2.2.18 (released on March 2, 2008) contains 6,441,864 protein sequences.

1.1.2.2. Protein Data Bank (PDB). The Research Collaboratory for
Structural Bioinformatics (RSCB) PDB [7] stores experimentally determined
3D structure of biological macromolecules including nucleotides and proteins.
As of April 20, 2008 this database consists of 46,287 protein structures that
are determined using X-ray crystallography (90%), NMR (9%), and other
methods like Cryo-electron microscopy (Cryo-EM). These experimental
methods are time-consuming, expensive, and need protein to crystallize.

1.1.2.3. Structure Classification Databases. Various methods have been
proposed to categorize protein structures. These methods are based on the
pairwise structural similarity between the protein structures, as well as the
topological and geometric arrangement of atoms and predominant secondary
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structure like subunits. Structural Classification of Proteins (SCOP) [8], Class,
Architecture, Topology, and Homologous superfamily (CATH) [9], and
Families of Structurally Similar Proteins (FSSP) [10] are three widely used
structure classification databases. The classification methodology involves
breaking a protein chain or complex into independent folding units called
domains, and then classifying these domains into a set of hierarchical classes
sharing similar structural characteristics.

SCOP Database. SCOP [8] is a manually curated database that provides a
detailed and comprehensive description of the evolutionary and structural
relationships between proteins whose structure is known (present in the PDB).
SCOP classifies proteins structures using visual inspection as well as structural
comparison using a suite of automated tools. The basic unit of classification is
generally a domain. SCOP classification is based on four hierarchical levels
that encompass evolutionary and structural relationships [8]. In particular,
proteins with clear evolutionary relationship are classified to be within the
same family. Generally, protein pairs within the same family have pairwise
residue identities greater than 30%. Protein pairs with low sequence identity,
but whose structural and functional features imply probably common evolu-
tionary information, are classified to be within the same superfamily. Protein
pairs with similar major secondary structure elements and topological arrange-
ment of substructures (as well as favoring certain packing geometries) are
classified to be within the same fold. Finally, protein pairs having a predomi-
nant set of secondary structures (e.g., all a-helices proteins) lie within the same
class. The four hierarchical levels, that is, family, superfamily, fold, and class
define the structure of the SCOP database.

The SCOP 1.73 version database (released on September 26,2007) classifies
34,494 PDB entries (97,178 domains) into 1086 unique folds, 1777 unique
superfamilies, and 3464 unique families.

CATH Database. CATH [9] database is a semi-automated protein structure
classification database like the SCOP database. CATH uses a consensus of
three automated classification techniques to break a chain into domains and
classify them in the various structural categories [11]. Domains for proteins
that are not resolved by the consensus approach are determined manually.
These domains are then classified into the following hierarchical categories
using both manual and automated methods in conjunction.

The first level membership, class, is determined based on the secondary
structure composition and packing within the structure. The second level,
architecture, clusters proteins sharing the same orientation of the secondary
structure element but ignoring the connectivity between these substructural
units. The third level, topology, groups protein pairs with a high structure
alignment score as determined by the SSAP [12] algorithm, and in essence
share both overall shape and connectivity of secondary structures. The fourth
level, homologous pairs, shares a common ancestor and is identified by
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sequence alignment as well as the SSAP structure alignment method. Structures
are further classified to be within the same sequence families if they share a
high sequence identity.

The CATH 3.1.0 version database (released on January 19, 2007) classifies
30,028 (93,885 domains) proteins from the PDB into 40 architecture-level
classes, 1084 topology-level classes, and 2091 homologous-level classes.

FSSP Database. The FSSP [10] is a structure classification database. FSSP
uses an automatic classification scheme that employs exhaustive structure-
to-structure alignment of proteins using the DALI [13] alignment. FSSP does
not provide a hierarchical classification like the SCOP and CATH databases,
but instead employs a hierarchical clustering algorithm using the pairwise
structure similarity scores that can be used for the definition of fold classes—
however, not very accurate.

There have been several studies [14,15] analyzing the relationship between
the SCOP, CATH, and FSSP databases for representing the fold space for
proteins. The major disagreement between the three databases lies in the
domain identification step, rather than the domain classification step. A high
percentage of agreement exists between the SCOP, CATH, and FSSP data-
bases especially at the fold level with sequence identity greater than 25%.

ASTRAL Compendium. The A Structural Alignment Library (ASTRAL)
[16-18] compendium is a set of database and tools used for analysis of protein
structures and sequences. This database is partially derived from, and aug-
ments, the SCOP [8] database. ASTRAL provides accurate linkage between
the biological sequence and the reported structure in PDB, and identifies the
domains within the sequence using SCOP. Since the majority of domain
sequences in PDB are very similar to others, ASTRAL tools reduce the redun-
dancy by selecting high-quality representatives. Using the reduced nonredun-
dant set of representation proteins allows for sampling of all the different
structures in the PDB. This also removes bias due to overrepresented struc-
tures. Subsets provided by ASTRAL are based on SCOP domains and use
high-quality structure files only. Independent subsets of representative pro-
teins are identified using a greedy algorithm with filtering criterion based on
pairwise sequence identity determined using the Basic Local Alignment Search
Tool (BLAST) [19], an e-value-based threshold, or a SCOP level-based filter.

1.2. PROTEIN STRUCTURE PREDICTION METHODS

One of the biggest goals in structural bioinformatics is the prediction of the
3D structure of a protein from its one-dimensional (1D) protein sequence.
The goal is to be able to determine the shape (known as a fold) that a given
amino acid sequence will adopt. The problem is further divided based on
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whether the sequence will adopt a new fold or bear resemblance to an existing
fold (template) in some protein structure database. Fold recognition is easy
when the sequence in question has a high degree of sequence similarity to a
sequence with known structure [20]. If the two sequences share evolutionary
ancestry they are said to be homologous. For such sequence pairs we can build
the structure for the query protein by choosing the structure of the known
homologous sequence as template. This is known as comparative modeling.

In the case where no good template structure exists for the query, one must
attempt to build the protein tertiary structure from scratch. These methods
are usually called ab initio methods. In a third-fold prediction scenario, there
may not necessarily be a good sequence similarity with a known structure, but
a structural template may still exist for the given sequence. To clarify this case,
if one were aware of the target structure then they could extract the template
using structure—structure alignments of the target against the entire structural
database. It is important to note that the target and template need not be
homologous. These two cases define the fold prediction (homologous) and
fold prediction (analogous) problems during the Critical Assessment of
Protein Structure Prediction (CASP) competition.

1.2.1. Comparative Modeling

Comparative Modeling or homology modeling is used when there exists a
clear relationship between the sequence of a query protein (unknown struc-
ture) and a sequence of a known structure. The most basic approach to struc-
ture prediction for such (query) proteins is to perform a pairwise sequence
alignment against each sequence in protein sequence databases. This can be
accomplished using sequence alignment algorithms such as Smith-Waterman
[21] or sequence search algorithms (e.g., BLAST [19]). With a good sequence
alignment in hand, the challenge in comparative modeling becomes how to
best build a 3D protein structure for a query protein using the template
structure.

The heart of the above process is the selection of a suitable structural tem-
plate based on sequence pair similarity. This is followed by the alignment of
query sequence to the template structure selected to build the backbone of
the query protein. Finally the entire modeled structure is refined by loop
construction and side chain modeling. Several comparative modeling methods,
more commonly known as modeler programs, have been developed over the
past several years [22,23] focusing on various parts of the problem.

As seen in the various years of CASP [24,25], the span of comparative
modeling approaches [22,23] follows five basic steps: (i) selecting one or suit-
able templates, (ii) utilizing sensitive sequence template alignment algorithms,
(iii) building a protein model using the sequence structure alignment as refer-
ence, (iv) evaluating the quality of the model, and (v) refining the model. These
typical steps for the comparative modeling process are shown in Figure 1.1.
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FIGURE 1.1 Flowchart for the comparative modeling process.
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1.2.2. Fold Prediction (Homologous)

While satisfactory methods exist to detect homologs (proteins that share
similar evolutionary ancestry) with high levels of similarity, accurately detect-
ing homologs at low levels of sequence similarity (remote homology detec-
tion) remains a challenging problem. Some of the most popular approaches
for remote homology prediction compare a protein with a collection of related
proteins using methods such as Position-Specific Iterative-BLAST (PSI-
BLAST) [26], protein family profiles [27], hidden Markov models (HMMs)
[28,29], and Sequence Alignment and Modeling System (SAM) [30]. These
schemes produce models that are generative in the sense that they build a
model for a set of related proteins and then check to see how well this model
explains a candidate protein.

In recent years, the performance of remote homology detection has been
further improved through the use of methods that explicitly model the differ-
ences between the various protein families (classes) by building discriminative
models. In particular, a number of different methods that use Support Vector
Machines (SVM) [31] have been developed to produce results that are gener-
ally superior to those produced by either pairwise sequence comparisons or
approaches based on generative models—provided there are sufficient train-
ing data [32-39].

1.2.3. Fold Prediction (Analogous)

Occasionally a query sequence will have a native fold similar to another
known fold in a database, but the two sequences will have no detectable simi-
larity. In many cases the two proteins will lack an evolutionary relationship as
well. As the definition of this problem relies on the inability of current methods
to detect sequential similarity, the set of proteins falling into this category
remains in flux. As new methods continue to improve at finding sequential
similarities as a result of increasing database size and better techniques, the
number of proteins in question decreases. Techniques to find structures for
such query sequences revolve around mounting the query sequence on a series
of template structures in a process known as threading [40-42]. An objective
energy function provides a score for each alignment, and the highest scoring
template is chosen.

Obviously, if the correct template does not exist in the series then the
method will not produce an accurate prediction. As a result of this limitation,
predicting the structure of proteins in this category is as challenging as predict-
ing protein targets that are part of the new or rare folds.

1.2.4. ADb Initio

Techniques to predict novel protein structure have come a long way in recent
years, although a definitive solution to the problem remains elusive. Research
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in this area can be roughly divided into fragment assembly [43-45] and first
principle-based approaches, although occasionally the two are combined [46].
The former attempt to assign a fragment with known structure to a section of
the unknown query sequence. The latter start with an unfolded conformation,
usually surrounded by solvent, and allow simulated physical forces to fold the
protein as would normally happen in vivo. Usually, algorithms from either
class will use reduced representations of query proteins during initial stages
to reduce the overall complexity of the problem.

Even in case of these ab initio prediction methods, the state-of-the-art
methods [46-48] determine several template structures (using the template
selection methods used in comparative modeling methods). The final protein
is modeled using an assembly of fragments or substructures fitted together
using a highly optimized approximate energy and statistics-based potential
function.

This book presents methods developed for protein structure prediction. In
particular methods and problems that are prevalent in a biennial structure
prediction competition (CASP) are discussed in the first half of the book. The
second half of the book discusses approaches that combine experimental and
computational approaches for structure prediction and also new techniques
for predicting structures of transmembrane proteins. Finally, the book dis-
cusses the applications of protein structure within the context of function
prediction and drug discovery.
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