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the 1970s with about a dozen structures, has continued with increasing en-
thusiasm, leading to two main fold classifications, SCOP and CATH, as
well as many additional databases. Classification is complicated by deciding
what constitutes a domain, the fundamental unit of structure. Also difficultis
deciding when two given structures are similar. Like all of biology, fold clas-
sification is beset by exceptions to all rules. Thus, the perspectives of protein
fold space that the fold classifications offer differ from each other. In spite of
these ambiguities, fold classifications are useful for prediction of structure
and function. Studying the characteristics of fold space can shed light on
protein evolution and the physical laws that govern protein behavior.
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INTRODUCTION

Properties of Native Proteins
. . . . .. . . ) ) ) Fold: characteristic of
A native protein functions in a living cell and is characterized by three properties: (#) its amino protein domains

acid sequence, which defines the atom types and how they are connected by chemical bonds;  whereby they have the
() its structure, which defines where every atom is positioned in three-dimensional space; and ~ same major secondary
() its function or phenotype in the context of a living cell and indeed the entire organism. :Irrﬁ;llr esirilrt?rllied

A simple example helps illustrate the relationship between protein sequence, structure, and dimensi}; s and with
function. Myoglobin from sperm whale is a chain of 153 amino acids that folds into a three-  gimilar order or path
dimensional structure consisting mainly of «-helices that bind a heme group. The heme group  along the polypeptide
in turn binds oxygen and stores it in the whale’s muscle, enabling the whale to dive deeply for ~ chain
an extended period of time and so survive. Hemoglobin in human blood cells is a related protein
that consists of two different (x;3,) polypeptide chains with a somewhat similar sequence and a
three-dimensional structure almost identical to that of myoglobin. From a functional perspective,
hemoglobin and myoglobin are also similar in that they bind and release oxygen, with minor
differences such as the affinity for oxygen and cell type location.

Underlying Assumptions About Native Proteins

Two important underlying assumptions regarding native proteins are (#) that a protein sequence
adopts only one native structure and (b) that similar sequences fold into similar structures (5).
Even though there are exceptions to both assumptions (61, 69, 79), they still hold in most cases.

Another assumption is that the important unit of structure is a structural domain. Structural
domains can be defined in different ways, but there is widespread agreement that they are a unit
formed from a single stretch of amino acid sequence and that it interacts weakly with adjacent
domains. Domains are found to be from 50 to 300 amino acids long; if they are too short, they will
not be stable in isolation, and if they are too long, their folding will be too slow (18, 34). A protein
consists of several domains and there are many examples of different ways of combining the same
domains in different protein chains (139). Function can be associated with one or more domains,
and even with many chains, as seen for large protein machines made of dozens of different chains.
Indeed, by relying on reuse of optimized domains, nature can explore far more efficiently the
functions in the huge space of possibly longer chains (18, 70). Exactly how domains should be
defined is a point of debate (see below), but once these units are defined and classified, we can
identify representatives termed folds.

The Universe of Protein Folds

The three sets of properties of protein molecules mentioned above are related to one another. The
amino acid sequence (or polypeptide chain) folds and adopts a particular three-dimensional shape,
and the enzymatic function, solubility, and other properties depend on this three-dimensional
structure. They are, however, different sets in that they describe different objects: strings of letters
in sequence space, lists of atomic Cartesian coordinates in structure space, and lists of properties
in function space. The universe of protein folds is a complicated object that is related to these
three different sets or spaces.

Protein sequence space. Protein sequence space is simplest, in that it is easily enumerated and
there are only 20 different naturally occurring amino acids. In this space, a polypeptide chain of

length 100 would be a string of 100 letters and a point in a 100-dimensional space where each axis
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RMSD: root mean
square deviation

Family: the lowest
SCOP level; groups
proteins on the basis of
their sequence
similarity (at least 30%
identity)

Protein fitness: how
well a protein is suited
to all aspects of its
biological role

Superfamily: the
SCOP level below fold
that groups protein
families that have low
sequence identities but
whose structures and
functional features
suggest a common
evolutionary origin is
probable

has the 20 amino acids arranged along it (the order is arbitrary but an order that has chemically
similar amino acids close together may be better than, say, alphabetical order). There are 20'%
different amino acid sequences of this length, a number much larger than the number of electrons
in all the galaxies of the universe. In this space, similar sequences are sets of points clustered close
together.

Protein structure space. Protein structure space includes the atomic coordinates of all the atoms
in our hypothetical chain of 100 amino acids. As a typical amino acid has about 15 atoms, protein
structure space would be approximately 4,500-dimensional (100 x 15 x 3) and each x-, y-, and
z-axis would be able to take any value from say —200 to 200 angstrom units. Any one protein
structure would be a point in this space, a protein vibrating would be described as a small cloud
of points, and an unfolding protein would explore much of the space. Native proteins are a tiny
fraction of the points in this space. In general, similar proteins will be close together in structure
space.

Protein function space. Protein function space is least well-defined in that it depends on the
physiology of the cell and indeed the entire organism. It is not a regular space that can be easily
defined by axes, but one expects proteins with similar functions to be close together. For this
reason, we focus here on protein sequence and protein structure spaces.

Visualizing Spaces

The high-dimensional sequence and structure spaces mentioned above cannot be visualized, but we
can calculate the distances between any two sequences or any two structures. In both spaces there
are many measures of distance (or alternatively, similarity) and we favor use of the simplest. For
sequences, we line up the two strings and count the number of identical amino acids. For structures,
we superimpose the two structures and calculate the root mean square deviation (RMSD) between
corresponding C, atoms.

If we look at the fitness (i.e., viability in the natural environment) of all sequences, this can
be represented by a surface (Figure 1). This surface has many holes in it, meaning that many
sequences cannot be accommodated in any stable protein structure and so have no measurable
fitness. The regions of greatest fitness (i.e., the deepest wells in the surface) correspond to protein
structures that are of most value to the living organism. Each of these regions corresponds to a
sequence family, a sequence superfamily, and a fold. Large regions of sequence space map onto
small local regions in structure space. These regions may be surrounded by sequences that cannot
form any stable, unique protein structure. The sequences associated with the set of highly similar
structures (say, with an RMSD less than 2 A) are generally related to one another by just a single
mutation, allowing evolution to easily explore all sequence variants and scientists to painstakingly
classify protein folds.

CLASSIFICATIONS OF FOLDS
Early Work on Classification

Early on, scholars concluded that one can catalog and classify all natural protein folds (71). This
idea was supported by initial data: The structures solved in the early days of structure determination
(1970s and 1980s) included many examples of the same folds, such as lysozyme-like folds, NAD(P)-
binding Rossmann folds, globin-like folds, trypsin-like serine proteases, and immunoglobulin-like

Kolodny et al.



Figure 1

A schematic representation of sequence space, structure space, and function space. () The smooth dimpled surface plots the functional
fitness for all possible protein sequences. Deeper minima are more fit; broader minima have more sequences associated with the
structure that is most fit. () Many sequences cannot be accommodated in any stable protein structure and they are shown as white dots,
which represent holes in the sequence surface. (¢) Structures are shown as colored balls at some of the regions of sequence space that are
most fit for the function at hand. Each structure is associated with a region of sequence space around it so that sequences in this region
are more likely to adopt the particular most-fit structure. Some of the structures are similar to one another, and these are drawn in the
same color and connected by a bar. In the parlance of SCOP (structural classification of proteins), these related structures could
constitute a superfamily or fold depending on the level of sequence and structural similarity. The surface in panel ¢ has the same holes
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as those shown in panel 4, but the holes are omitted for greater clarity. It is not known whether the sequence regions associated with
different structures are adjacent or separated by a white unoccupied area. More specifically, are there bridges between different folds

that involve a single amino acid change?

-sandwich folds. In theory, there is a general consensus on the level of similarity required for
two proteins to share the same fold: The proteins must share (#) the same secondary structures
with similar three-dimensional arrangement (denoted architecture) and (¥) the same path through
the structure taken by the polypeptide chain (denoted topology). Thus, in the 1990s, two teams
headed by Murzin and Orengo, respectively, embarked on the heroic effort of building the SCOP
(structural classification of proteins) (81) and CATH (class, architecture, topology, homology)
(84) catalogs of all protein folds. For historical accuracy, we note that around that time FSSP
(families of structurally similar proteins) (53), a database of protein structural similarities found
automatically, was also created. These classifications provide an ordered view of structure space,
with the goal of facilitating a better understanding of its characteristics and evolution.

Scenarios for clustering structures. The underlying scheme for clustering protein structure
space is generally agreed upon (see Figure 2). There are two main scenarios for constructing
a classification: (#) incremental classification, i.e., a new protein chain is added incrementally
to domains already clustered into folds (an existing classification); and (b) full classification, i.e.,
clustering all protein domains into folds simultaneously. For an incremental classification, a newly
solved protein chain is first partitioned into domains. Then, these domain structures are compared
to all the existing folds in the classification. If structural similarity is high enough, the domain
is added to one such fold, and if not, the domain is listed as a new category, i.e., a fold not
observed previously. SCOP, CATH, and other classifications evolve this way (40, 116). For a
tull classification, all PDB chains are first partitioned into domains, then the similarity of their
structures is quantified, and finally an automatic clustering method is used to cluster them based
on these similarities (or distances). For example, Pascual-Garcia et al. (89) and Daniels et al. (26)

classify folds in this fashion.

Classifications differ from one another. Classifications vary in their construction, and conse-
quently offer different views of fold space. When dealing with the actual data, the strategy for

www.annualreviews.org o On the Universe of Protein Folds

CATH: class,
architecture, topology,
homology

Class: the highest
level in the
hierarchical protein
classifications used in
both SCOP and
CATH; it
characterizes the
proportion and
general arrangement
of secondary structures
at the coarsest level

SCOP: structural
classification of
proteins

Topology: level of
CATH classification
that corresponds to
fold in SCOP; refers
to the connections
between chain
segments and their
order along the
polypeptide chain
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classifying protein folds depends on specific decisions, algorithms, and parameters. These deci-
sions, algorithms, and parameters vary among different programs and scholars, and thus, even
though all programs start from the same PDB data, with almost the same goal in mind (i.e., based . .
K . . K X K R ) K Protein domain:
on scenario # or b), the resulting classifications differ dramatically. The most cited classifications . protein structural
are SCOP and CATH, but there are others, e.g., DDD (DALI domain dictionary) (54), PDUG  unit that has
(protein domain universe graph) (29), and COPS (classification of protein structures) (122). To  structural, biological,
construct a classification, first, the domains of similar sequences are grouped together (i.e., fam- ~ and evolutionary
ily/superfamily in SCOP, and homology in CATH). For these domains, there is strong evidence significance
for an evolutionary relationship and their grouping is clear-cut, with only a few exceptions (116).
Next, the domains are grouped by structural similarities (i.e., class, architecture, and topology in
CATH, and class and fold in SCOP). Whether constructed automatically or not, the grouping of
domains depends on specific parameters and cutoff values. SCOP was the first classification and it
was initially curated manually by Murzin (56), based on visual inspection of the structures, whereas
CATH was constructed using automatic computer programs, with manual intervention only for
resolving ambiguities (84). As the number of new experimental structures increased (currently
thousands of chains are added annually to the PDB), it became more complicated to curate these
data manually and now both SCOP and CATH (as well as all other classifications) rely on fully
automatic or semiautomatic classification procedures.

PREREQUISITES FOR CLASSIFICATION

There are three essential prerequisites for the classification of folds: (#) the object of comparison,
generally taken as the rather poorly defined protein domains mentioned above; () the measure of
similarity used on structures and sequences; and (¢) the way similar objects are grouped together
in the classification. Unfortunately, these three prerequisites have not been agreed upon.

Domain Assignment Is Problematic

The first requirement for fold classification is partitioning of proteins into domains, a task that is
neither easy nor trivial.

Dividing proteins into domains. It is widely agreed that identifying the domains is a necessary
step for classifying multidomain proteins, because the domains are the evolutionary building blocks
(63). The proportion of such multidomain proteins in the PDB is large (50%) and increasing (70,
98). One complication of defining domains as units is that approximately 20% of these domains
are discontinuous along the chain (98). Determining domain boundaries is not easy, and there is
neither a trivial automatic process nor a consensus on how best to do this (51, 63, 131). The extent

Figure 2

Scenarios for constructing an incremental classification and a full classification of all protein structures. The object clustered is a protein
domain. In this schematic, each domain is represented by a point, and the structural distance between any two domains is described by
their distance in the two dimensions of the schematic. In incremental classification, given a newly solved structure, the new protein
structure is partitioned into domains, and each new domain is compared to domains of the existing classification to identify the most
similar folds. If no such fold exists (dependent on the parameters of the classification), then a new fold is added to the classification and
the particular domain is added to it. In full classification, the domains are first clustered by their sequence similarity, forming the
protein families and superfamilies. Typically, the structures of the domains in a family are similar (i.e., close in space). Then,
superfamilies that have similar structures (i.e., close in space) are clustered into folds. There are many meaningful ways to cluster
similar sets. This is true even in the very simple setting of points in two dimensions, and we show two such meaningful clusterings.
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of the complication can be appreciated both from the many solutions offered (63 and references
therein) and by the fact that in the CASP structure prediction competition, partitioning the target

CASP: critical proteins into domains is a responsibility of the judges (22, 127).

assessment of structure

prediction Methods for domain assignment. Methods for automatic domain assignment rely either on
Structural alignment: the comparison of the target protein to already identified domains or on the identification of
the computational geometric or physicochemical properties of the structures (2, 33, 54, 63, 98, 140, 143). Because
procedure that different methods identify different domains, scholars take one of two paths. In the first, they resort

compares two protein g assigning the domains manually, as is the case for SCOP. Manual assignments are considered

structures to quantify more reliable (51). In the second, scholars trust domain boundaries that have been identified by

their similarity . . . .
several different methods (because different approaches reached the same conclusion), as is the
case for CATH. In CATH, domain assignment is done by a consensus procedure using three
algorithms for domain recognition: If all algorithms concur, the common solution delineates the
domains of that protein; if not, the assignment is done manually.

Comparing Structures Is Difficult

The second requirement for fold classification is comparison of protein sequence and structure.
In contrast to the relative ease with which we compare two protein sequences, comparing two
structures is much more challenging.

It is easy to compare sequences. Sequences can be compared by counting how many amino
acids need to be changed to transform one sequence into the other. If the sequences are the same
length, then this is the length of the sequence minus the number of identical amino acids. If the
sequences are not the same length, then the sequences are aligned; this can be done easily using a
dynamic programming algorithm, which runs in time proportional to the lengths of the sequences
squared (82, 117). Other parameters, such as the penalty of inserting a gap into either sequence,
remain to be specified, but a solid history of comparing sequences of different lengths has led to
trusted and generally accepted procedures.

It is much harder to compare structures. A method for quantifying the similarity or distance
between two structures is needed. Unfortunately, there is no such agreed-upon method or measure
in the field. Rather, many methods compare protein structures, some are used in the classifica-
tion schemes and some are developed independently of classification. The task of identifying and
quantifying the similarity of domains is termed structural alignment. Structural alignment does
not compare whole domains but rather equally sized substructures contained in them. The sim-
ilarity of two substructures is measured with scores that balance the geometric distance between
corresponding atoms (e.g., RMSD, the alignment length, and occasionally other parameters such
as the number of gaps, and secondary structure agreement) (52, 64, 137). Furthermore, given a
score, finding the optimal superposition and substructures quickly and accurately is a nontrivial
technical challenge. Kolodny & Linial (65) proved that an alignment with an optimal score can
always be found but their (polynomial) algorithm is slow and runs in time proportional to the se-
quence lengths to the eighth power. Many programs, including STRUCTAL, SSAP, CE, DALI,
MAMOTH, Matt, and SSM, use their own heuristic solutions to obtain much faster structural
alignments. The different programs identify different common substructures. Because the pro-
grams deduce the similarity of a domain pair from the similarity of the substructures, different
programs reach different conclusions regarding the similarity of the pair of domains. Conse-
quently, they identify different structurally similar pairs of domains. Thus, Kolodny et al. (64)
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suggested using the combined results of multiple methods. For reviews of structural alignment
methods see References 62, 97, and 112.

Clustering Is Tricky

The third requirement for fold classification is clustering of similar protein structures. Even if we
decide on a measure of similarity/distance between protein structures, we still need methods to
convert these pairwise relationships into a clustering of structure space.

Clustering is an art. Clustering domains, like the clustering of any dataset, is more of an art than
a science. To cluster, one must define the distance or similarity measure between objects, in this
case protein domains (or protein sequence superfamilies). Then, given these distances, the goal
is to cluster the data so that the similarity within a cluster is greater than that between clusters.
Unfortunately, in the case of protein structure, the measure of similarity is not unanimously
agreed upon. Also, there is no consensus on a reasonable ratio between the inter- and intracluster
distances or similarities; this is important because different ratios result in different numbers of
clusters (see Figure 2). Nevertheless, once one assumes a distance measure and a suitable ratio,
automatic clustering can be done, and there are different methods to do this.

Manual clustering. This is how Murzin and colleagues constructed SCOP: They inspected the
structures one by one and determined to which fold each domain belongs. This is how the classifiers
of SCOP interpret the term fold. In particular, they consider only core elements and decide which
of the residues are in the core [up to 50% of the residues can be left out (56)]. A domain is deemed
sufficiently similar to a fold if the core looks sufficiently similar to the cores of the domain elements
already in the fold. The advantage of manual classification is that the immense expertise of the
classifier is summarized in the database and made available to the biological community. The
disadvantages are that it is difficult to classify large datasets, and that manual classification relies
almost entirely on the knowledge accumulated in the mind of the individual who is the classifier.
Further, one could argue that because this is done by a human, there is a limit to the number of
folds that the classifier can remember/inspect, and that this is the effective limit of the number of
folds in such a classification.

PROTEIN CLASSIFICATIONS ARE INCONSISTENT

Domain Boundaries Are Inconsistent

The domain boundaries are defined differently by SCOP, CATH, DDD, and automatic methods
for domain assignment (25, 27, 49, 51, 105). For example, CATH tends to break protein chains
into smaller domains than SCOP does (25, 27, 49), and a single domain in SCOP can be mapped
to as many as six domains in CATH. Moreover, 28% of SCOP domains are mapped to more than
one CATH domain, whereas only 14% of CATH domains are mapped to more than one SCOP
domain (25). Overall, only 70-80% of the domains classified in SCOP and CATH have similar
domain boundaries (80% overlap) (25, 105). Domains assigned by automatic methods differ from
the domains classified by SCOP and CATH even more, and over 10-20% of the automatic-method
domains are under- or overcut compared with the domains that the classifications agree upon (51).
To deal with these discrepancies, several studies suggested using a consensus set (27, 105). These
consensus datasets have the advantage that their domains are undisputed and thus useful for
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training and parameterizing new automatic methods for domain assignment. The disadvantage is
that the ambiguous, and hence interesting, evolutionary relationships are missing.

Classification Hierarchies Are Inconsistent

Even when considering only the domains whose boundaries are similarly defined in SCOP and
CATH, the grouping of domains at the fold level in SCOP and at the topology level in CATH
differs. It is unclear what is the best way to compare two classifications that have a different
number of clusters of different sizes. Several studies compared the number of times that two
domains are clustered together in CATH (i.e., have the same class, architecture, and topology, or
CAT, classification) yet clustered differently in SCOP (i.e., are not in the same fold), or vice versa
(25, 89). The disagreement is significant: There are 3.9 times more pairs classified in the same
fold and different superfamily by CATH than by SCOP. More than 94% of the domain pairs
defined by SCOP in the same fold are also co-classified by CATH, but these commonly joined
pairs represent only one-third of the pairs with the same CAT classification in CATH (25, 89).
These calculations are heavily influenced by the fact that CATH has several very large clusters
at the topology level (because all pairs within these clusters contribute to the count, their overall
contribution is significant). Thus, many errors can be attributed to relatively few superfolds such
as the Rossmann fold or the immunoglobulin fold.

Structure Similarity Measures Are Inconsistent

Automatic classifications rely on different structural alignment programs for identifying the struc-
tural similarity of domains and, as such, reach different results. In CATH, folds are clustered at the
topology level; that is, domains of the same fold have the same C, A, and T levels. To determine
whether two domains should have the same T classification, CATH relies on the structural align-
ment program CATHEDRAL (98) [which evolved from SSAP (Sequential Structure Alignment
Program) (85)] and checks that the SSAP score is above a threshold value and that a significant
portion of the domains are aligned with each other. In DDD (28), the similarity is detected by
the structural alignment program DALI (52) and quantified via its Z-score. In the classification
by Daniels et al. (26), the structural alignment program Matt is used (76), and in PDUG, the
classification uses DALI Z-score (108). COPS (122) uses a different measure described by Sippl
(114).

The Meaning of a Fold Is Inconsistent

In the automatic classifications, the definition of “fold” depends implicitly on the selection of the
structural alignment program and on the particular threshold values used. Different structural
alignment methods optimize different scores, with different weights of the geometric parameters.
The methods also involve design decisions that have an impact on what is considered similar.
For example, many methods use the algorithmic technique of dynamic programming to compare
the two chains and identify the aligned substructures (121, 142). Such methods can only match
residues in the same order along their polypeptide chains; in particular, these methods cannot
detect circularly permuted similarities and thus such cases (72) are assigned to different folds
(notice, however, that this is in agreement with the common definition of a fold). Finally, the
sensitivity of structural alignment methods varies (64), and this also affects what it means to have
the same fold.

Kolodny et al.
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Clustering Is Inconsistent

An insightful analysis by Pascual-Garcia et al. (89) shows that a significant source of disagreement

between SCOP and CATH is the procedure used when clustering the hierarchies. They quan-  Hierarchical

tify the agreement between different classifications, SCOP, CATH, and classifications calculated ~ clustering: an

by automatic hierarchical clustering, and find that at the fold level, the disagreement between ~automatic procedure
SCOP and CATH is greater than the disagreement with the results of their clustering procedure. gzrrii?:lze:ﬁ;gfsr;tzm
The authors further show that the single-linkage clustering agrees more with CATH, and that similarity measure
the average-linkage clustering agrees more with SCOP, compared with the relative agreement  between pairs of

between SCOP and CATH. Sam et al. (102) show that the grouping in SCOP is most consistent ~ domains to place
similar domains in the

with automatic average-linkage clustering or with Ward’s method clustering; these methods clus- |
same cluster

ter so that each cluster (namely, fold) is cohesive as a whole. This makes sense, as SCOP uses a
Architecture: an

. . . L e . . Lo intermediate level in
like single linkage (no penalty for joining structurally distinct domains). Their conclusion is to CATH between class

consider consensus sets, or all pairs that are classified similarly by both SCOP and CATH (and 4 topology; groups
perhaps DDD). Here, too, it is clear that these are the less disputed cases. Again, focusing on  protein domains with

consensus sets may lead scholars to overlook interesting cases that are not errors, but ambiguities ~ similar arrangement of
secondary structures in
three-dimensional
space, but not

OTHER ISSUES necessarily the same
topology

procedure that is effectively an average-linkage algorithm, whereas CATH uses something more

that shed light on evolutionary relationships.

Estimates of the Number of Folds in Nature Vary Widely

Even when estimating a single parameter, such as the number of folds in nature, the results range
from 1,000 to 10,000, depending on the classification used. Initially, Chothia (17) estimated 1,000
folds; a later and more detailed analysis of statistical sampling using SCOP resulted in an estimate
of 4,000 folds (44). Then, using CATH, Orengo et al. estimated an even larger number of 8,000
folds (83). Most recently, relying on SCOP and the change in the number of observed folds over
time, Coulson & Moult (24) estimated over 10,000 folds. As indicated by Grant et al. (45), there
is an inherent difficulty in estimating this number because of the vast amount of genomic data
that we have not seen yet. Further, as Sippl (115) pointed out, this number is sensitive to the
parameters of the classification, i.e., how widely or narrowly fold is defined. Different definitions
result in dramatically different estimates.

Nonmetric Distance Measure

Another fundamental issue with fold classification is the use of a distance measure that is based
on the similarity of substructures rather than on complete domains. Such distance measures are
nonmetric, implying that they do not follow our intuitive notion of a distance and, as noted by
several authors, are inappropriate for clustering (99, 101). Sippl (114) also suggested a measure
of protein structural distance that is metric. In CATH, SSAP is used for clustering, so that the
equivalence associates 70% of the residues of the smaller domain (84). In SCOP, the similarity
of the architecture and topology is assessed over the cores of the proteins, and different instances
of the same fold may have so-called peripheral elements of secondary structure and turn regions
that differ in size and conformation, and may consist of as much as half of the structure (56). The
problem with a nonmetric classification is twofold. First, transitive inference of similarity fails.
Imagine domains A and B are similar and domains B and C are similar; then domains A and C
should also be similar. However, when the similarity is defined only on the basis of substructures,
domains A and C can have nothing in common (see Figure 3). Pascual-Garcia et al. (89) show
that the number of transitivity violations in the context of clusters is significant.
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No transitive inference of similarity

Domain A

Domain B

Domain C

e

Cross-fold similarity

Fold 1: Fold 2:
Domain A <>—A Domain C
Domain B 'A Domain D

Figure 3

Measuring structure similarity over substructures implies that similarity cannot be inferred by transitivity:
Domain A is similar to domain B (they share the yellow triangle) and domain B is similar to domain C (they
share the red trapezoid), and yet domains A and C have nothing in common. A demonstration of cross-fold
similarity when Fold 1 has domains A and B and fold 2 has domains C and D (they share the pink circle):
Domains B and C are classified differently yet are similar.

Second, cross-fold similarities are abundant. Imagine domains A and B have one fold and
domains C and D have another fold; then one would expect domains A and C, which have different
folds, not to share significant substructures. However, cross-fold similarities in SCOP and CATH
are abundantand demonstrate an inherent ambiguity in the data. The existence of domains thatare
classified differently yet have significant geometrically similar substructures was already mentioned
in the original CATH paper (84, 89), and cases in CATH were later surveyed more systematically
(50, 60, 64). Similar evidence is available for SCOP (37, 89, 100, 110, 137). Cross-fold similarities
remain even after a classifier resolves (possibly in an arbitrary manner) ambiguities in the data.
Indeed, clustering the domains into folds in the presence of such ambiguities is a very complicated
task, and the resultis sensitive to the particular clustering algorithm used. It may be that the dataset
of all domains does not easily lend itself to clustering, at least when relying on similarity measures
derived from structural alignments. The high frequency of cross-fold similarities interferes with a
hierarchical classification and has been described as the continuous nature of fold space (66, 84).

Continuous nature

of fold space: Cross-Fold Similarities
describes the existence

of numerous One should keep in mind that partitioning the protein structure universe into discrete folds does
similarities in fold not exclude the similarities between protein domains that occur in different folds (Figure 3).
space that are not Namely, the debate on whether to view structure space as discrete or continuous is, in a way,
lmpl.IEd by Fhe ) the debate on whether these other, additional cross-fold structural similarities should be ignored
particular hierarchical . . . .. .

o in that they are masked by the fold classifications. In some cases it is beneficial to focus only on
classification

some of the similarities and count on a classification, whereas in other cases it is not. As these
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noncompliant similarities are not easy to detect and can be of evolutionary or functional signifi-
cance, several groups have collected them in publicly available databases: FSSP (53), Fragnostic
(38), and SISYPHUS (5). Sadowski & Taylor (100) suggest characterizing structures with (one or
more) labels, rather than a hierarchical classification (similar to function classification using GO),
to account for these cross-fold similarities.

Another complication in the construction of fold classifications arises from the assumption that
proteins of similar sequences always have similar structures. The assumption is employed when
proteins with similar sequences are first grouped into family and superfamily levels in SCOP and
the homology level in CATH. After this is done, proteins with different sequences but with similar
structures are grouped into the fold level. There are two reasons why the same sequence has differ-
ent structures: conformational changes needed for function (e.g., induced fit) and conformational
changes caused by a changing environment (e.g., pH change).

Conformational Changes Due to Function

There are many examples of conformational changes that are related to the mechanics of the
functioning protein. The three-dimensional structure of a protein is, of course, not static; the
structure can change to accommodate the function of the protein. There are numerous examples
of large conformational changes of proteins upon binding to ligands, DNA, or metals. Other well-
known examples are the conformational changes of myosin and of membrane channel proteins.
These are, in a sense, mechanistic conformational changes involving proteins that have more than
one stable conformation, e.g., depending on their environment or their binding partner. In many
cases, these conformational changes involve relative movement of rigid domains and so do not un-
dermine the idea thata protein domain with a particular sequence has a particular structure. There
are more surprising cases in which small domains adopt very different folds, such as hemagglutinin
conformational changes with pH. Other examples are often associated with pathologies and
include the prion protein involved in mad cow disease (103) as well as the amyloid peptide involved
in Alzheimer’s disease (107). In both cases, the alternative fold is stabilized by aggregation.

Conformational Changes Not Due to Environment

Alexander et al. (1) engineered an important recent example that shows how a single amino acid
substitution can change the fold of a protein. The reported change is dramatic. One structure is
a three-helix bundle, and the other has a four-stranded (-sheet with a single a-helix; 85% of the
residues change their secondary structure, with only eight residues in the central «-helix plus one
or two turn residues retaining the same conformation in both structures (111).

Opverall, many pairs of domains in the PDB have similar sequences and nonsimilar structures, as
identified by Kosloff & Kolodny (69) and subsequently by Burra et al. (13). Murzin (79) discusses
cases of conformational changes due to mutations. To accommodate such cases, Alva et al. (3)
suggest adding the level metafold to the hierarchical classifications; metafold would be a level in
the hierarchy above a fold that is the collection of all such related folds. The authors offer a clear
illustration of this idea with the cradle-loop-barrel metafold.

USEFULNESS OF FOLD DEFINITION
Do Fold Classifications Help Solve Problems?

Given the multitude of problems associated with protein fold classification, the reader may well
be surprised to learn that the hierarchical classification of folds is of great practical value. The
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first and obvious measure of the value of fold classification techniques is whether they improve
problem solving. The following applications illustrate the usefulness and contributive aspect of
fold classifications (i.e., SCOP and CATH) as an important tool for the scientific community.

Elucidate rules. Classifications help find fold principles and increase our understanding of the
rules governing the high frequency of occurrence of favorable structural motifs such as the Greek
key motif and the immunoglobulin superfold. These favorable motifs, which are suited to many
amino acid sequences and therefore highly populate fold space, have helped describe the structural
principles of these folds, giving statistically significant rules meaningful to protein experts (23).
The structural principles underpinning much of the fold space can thus be described with respect to
different fold categories. Significantly, fold classifications do not provide information on the kinetic
pathways of folding, and proteins with identical folds could fold through different pathways (104).

Predict structure. Fold classification techniques are also useful for structure prediction and de-
termination. Most important in this category is the contribution of fold classification in providing
a database used by fold recognition techniques (92, 118). Such techniques have been used to suc-
cessfully predict structures in more recent CASP competitions. In addition, these techniques may
be used to derive amino acid similarity matrices and substitution tables for sequence comparison
and fold recognition methodologies (32, 109). As solved protein structures span more and more
of the fold universe, they may soon be expected to encompass all possible natural folds. Once this
admirable goal is reached, all subsequent protein structures must, by definition, adopt one of the
existing folds. This would greatly facilitate structure prediction and determination.

Predict function. Fold classification databases are widely used to predict the function of proteins.
Asnoted by several researchers (4, 59, 104), the variation of local structure caused by small changes
in sequence is what gives rise to independent homologous and analogous proteins. Such variability
often leads to the domain combination, permutation, and decomposition found in multidomain
proteins (6, 128, 135). As a matter of fact, fold classification databases enable us to predict function
of proteins in 95% of folds that have only one associated superfamily (11, 20, 51). Folds within
these superfamilies are usually functionally related (86). Indeed, this is often why they are assigned
to the same superfamily in SCOP. In such cases, knowing the fold of a domain could tell us much
about protein function (20, 86, 130). Function prediction is particularly useful if the amino acid
sequences seem unrelated and only the protein folds remain conserved.

Find homologous structures. The fold classification databases facilitate our access to informa-
tion on structural homology. This is easily seen from a review of the literature that reveals that the
techniques have been used as the basis for comparative structural analysis in thousands of articles
(48 and references therein). Remarkably, classifications have been helpful to the investigation of
distantly related proteins with similar folds (46, 55, 75, 80, 126). Comparative structural analysis
is particularly useful when used with sequence homology, i.e., when designing fold-specific hid-
den Markov models for comparing sequences to the fold families of structures (32). Thus, fold
classification databases are detailed and comprehensive descriptors of structural homology.

Protein engineering. Classification techniques simplify protein engineering and design. For in-
stance, if a stable fold is required, then it can be based on conserved sequence characteristics of
protein families and superfamilies with stable folds. This has been a convenient approach partic-
ularly for designing enzymes that adopt a stable fold (7, 35). Thus, the classification techniques
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increase our understanding of the structural principles underlying folds and domains and assist
our endeavors in protein engineering and design.

Other databases. Fold classifications are useful reference datasets for constructing other struc-
tural databases. It is perhaps ironic that existing databases (i.e., SCOP and CATH) are utilized to
generate other databases useful for integrative structural data mining (8-10, 12, 21, 58, 94, 120,
125, 133) and helpful for studying quaternary protein-protein interactions (31). Such studies make
up a large number of the citations for the SCOP and CATH classifications.

Evolution. Fold classification techniques are widely used to better understand the evolution of
protein enzymatic functions (39, 41, 67, 78, 90), evolutionary changes of protein structures (14,
47, 73, 87), and hierarchical structural evolution (30, 88). This application is discussed in detail
below.

The applications of classification techniques listed above represent a select few and many more
are conceivable. From a user’s perspective, this is only a partial list of subfields of protein structural
bioinformatics where SCOP and CATH have been used extensively. Much gratitude is owed to
the authors of fold classification techniques for providing such a rich resource that has great
significance in structural biology.

EVOLUTION OF PROTEIN FOLDS

Studying Protein Evolution

Studies of protein evolution rely on the relationships between the sequences, structures, and func-
tions of current-day proteins. Such relationships can be evaluated on the basis of perceived similar-
ity. Strong sequence similarity is considered sufficient evidence of common ancestry; medium-sized
domains are considered homologous if more than 25% of their residues are identical, although
statistically more sound methods based on expectation of errors (E-values) are also used (91).
When sequence identity is too weak to be detected, significant structural and functional similarity
can also provide evidence of remote homology (78). This assumes that the structures and function
diverge more slowly than sequence and hence provide evidence of the common ancestry after
sequence similarity has disappeared. Understanding of fold evolution also comes from simple “toy
models” of the theoretical protein universe (sequence and structure space) and their comparison
to the observed or natural protein universe (29, 77, 95, 134). Figure 4 illustrates some of the
evolutionary processes involving protein folds.

Starting Point of Evolution

Scholars do not agree on what constitutes the starting point in the evolution of proteins. In the
single-birth model (19), all present-day protein families evolved from the proteins that existed in
LUCA, the lastuniversal common ancestor. In the multiple-birth model (16), the ancestral proteins
emerged at different times. Scholars have reconstructed the evolutionary trees of proteins using
phylogenetic analysis (15, 16, 138). These trees were also used to quantify the age of different
folds (16, 132), and /(3 proteins emerged as the oldest proteins in nature. As Taylor (123) points
out, «/f proteins have a clear N-terminal folding bias, which is to be expected for a nascent
chain translated from ribosomes, and suggests that advanced cellular machinery existed when they
evolved. Scholars have also estimated the size of the initial set of proteins from simulations (95)
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Figure 4

Schematic representations of different processes of protein fold evolution. The landscape surface represents
a projection of the multidimensional protein sequence space. Funnels of different size correspond to varying
degrees of fold fitness (deeper is more fit), and superfolds, mesofolds, and unifolds occupy regions of
sequence space that are progressively less fit (higher above the base plane). Colored circles represent protein
domains of different sizes. A common process in protein evolution that is responsible for new fold
emergence is duplication followed by divergence. Rarer processes in protein fold evolution are convergence,
circular permutation, and emergence of a new fold by occasional events. Certain folds that are physically
possible may not exist because they have not yet been found in nature.

and phylogenetic analysis (96, 138), as well as the occurrence of supersecondary structures (73,
119) based on the evolutionary processes of fold replication summarized in Figure 4.

Duplication and Mutation

The most common process in protein evolution is duplication followed by divergence (18, 73).
The advantage and beauty of this process are that it removes the functional pressure from the
protein domain, as the original copy maintains the original function while the new divergent copy
is free to explore alternative functions. Duplication is common in all types of species, and using the
SUPERFAMILY database it was estimated that the proportion of duplicated domains in animal,
fungi, and bacteria genomes is at least 93%, 85%, and 50%, respectively (18).

Insertion and Deletion

The sequence of a protein can diverge more by the insertion/deletion of larger segments. Impor-
tantly, the intermediate folds encountered during the evolutionary path cannot suffer a significant
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loss in stability. Therefore, different evolutionary processes differ in their effect on core residues
and fold stability. Murzin (78) showed cases of limited change in different topological isomers in
which only the relative position of the loops differs and which would not be expected to affect fold
stability. On the contrary, changes to the core residues, such as B-strand insertion and deletion,
(-hairpin flip and swap, accretion (piecemeal growth; 74), and helix-strand transitions (61, 93,
119, 124), are expected to affect fold stability more. They occur about an order of magnitude less
frequently than mutations (47). Errors in the translation of the protein sequence from the DNA
sequence can also facilitate the emergence of a new fold through a frameshift or a mutation of the
stop codon (124).

Circular Permutations

Circular permutations are an alternative example of a change that has only a minimal impact on
the structure and stability of a domain, as only the gap position between N and C termini, which
are close in space, changes; 5% of all domains are estimated to be a result of such permutations

(129).

Multiple Structures

Several studies have suggested that metamorphic proteins with multiple conformations, and pos-
sibly multiple functions, have an evolutionary advantage (42, 57, 106) and, in particular, that
these metamorphic proteins facilitate the development of new folds (136). In addition, simula-
tions confirmed that proteins that are bistable (i.e., that have multiple stable conformations) have
an evolutionary advantage (113).

Convergent Evolution

Convergent evolution is the acquisition of the same biological characteristics in evolutionary un-
related lineages. Convergent evolution has been suggested for especially popular protein folds
(42, 134). In this view, the converging superfolds are highly designable folds in that they consti-
tute the stable three-dimensional structure of many different protein sequences. Such folds are
characterized by sequences that diverge widely while maintaining similar structures. Nonetheless,
several studies suggest that cases of convergent evolution are rare. The frequency of convergent
evolution based on superfamily domains assignments was estimated to be a mere 0.4-4% (43), and
in subsequent research based on PFAM domain assignments, was revised to be between 5.6% and
12.4% (36). Convergent evolution was also studied by analyzing simulations of two- and three-
dimensional lattice protein models, where the computational model is sufficiently simple to allow
in silico enumeration of all sequences (134, 141).

DISCUSSION

Protein fold space is shaped by physical restrictions and the course of evolution. Unfortunately,
we understand the physical restrictions of protein chains only at a general level and we know even
less about the course of evolution. We study the properties of current-day protein fold space, and
its relationships to sequence and function, to better characterize these physical restrictions and
to unravel the path of evolution. This also has important practical implications.
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Classifications Offer the Scientific Community an
Ordered Perspective of Fold Space

Identifying meaningful patterns in the large dataset of the PDB is a formidable challenge. In
particular, it requires overcoming two nontrivial technical hurdles: identifying domains and com-
paring structures. The classifications are important because they have overcome these challenges
and thus offer a shortcut to identifying and validating characteristics of structure space.

Restricted Repertoire of Folds

For example, several studies suggest that the repertoire of observed folds is fairly restricted. The
estimated number of folds used by nature varies between 1,000 and 10,000, depending on how they
are clustered and classified, but there is general agreement that the number is bounded (17, 24, 45).
The relative frequency of sequences in a fold, or the number of superfamilies constituting a fold,
is highly nonuniform. Coulson & Moult (24) characterized unifolds, mesofolds, and superfolds,
which are folds with low (a single family of sequences), medium, and high numbers of sequences
associated with them, respectively. Others (29, 68, 95) have characterized the number of sequences
associated with a fold as a power-law distribution. This fundamental characterization would have
been difficult to see without the ordered perspective of structure space that the classifications
provide. We are left with a key question: Why is the repertoire of folds so limited?

Classifications Might Mask Similarities in Fold Space

To provide an ordered and useful hierarchical perspective of structure space, the designers of a
classification should resolve ambiguities in the data, and as a side effect, they might mask alternative
and acceptable solutions. Indeed, there are multiple valid and meaningful characterizations of fold
space, including SCOP, CATH, and possibly other classifications. Importantly, the fact that the
definition of folds is not unique and objective does not diminish its usefulness, especially because
many observations are revealed, e.g., both SCOP and CATH reveal the highly nonuniform nature
of structure space. Nonetheless, when relying on a classification, it is important to keep in mind
these hidden alternatives and, in particular, the existence of alternative domain definitions and
cross-fold similarities (i.e., structurally similar proteins that have different folds).

The arbitrary nature of classification was also noted by Darwin in On the Origin of Species:
“Finally, with respect to the comparative value of the various groups of species, such as orders,
suborders, families, subfamilies, and genera, they seem to be, at least at present, almost arbitrary. . .
Instances could be given among plants and insects, of a group of forms, first ranked by practiced
naturalists as only a genus, and then raised to the rank of a subfamily or family; and this has
been done, not because further research has detected important structural differences, at first
overlooked, but because numerous allied species, with slightly different grades of difference, have
been subsequently discovered.”

SUMMARY

In this review, we have attempted to portray the concept of a fold in the universe of proteins. We
began with broad definitions of sequence, structure, fold, and function space. We reviewed how
the classification of folds began and what parameters were used. Then we reviewed the meaning
of a fold biologically, physically, and evolutionarily and discussed the meaningfulness of each. We
find that a protein fold, even if inconsistently and arbitrarily defined, is very useful to the scientific
community.
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SUMMARY POINTS

1
2
3
4.
5
6

. Protein folds are related.

. Protein folds are arbitrarily and inconsistently defined.

. Classifying protein folds is complicated.

Protein folds are useful for predicting structure and function.
. Protein folds can help infer evolutionary relationships.

. Protein folds are subject to natural laws governing their stability, unique conformations,
and sequence repertoire.
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