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Domains, motifs and clusters in the protein universe

Jinfeng Liu*" and Burkhard Rost**

The rapid growth of bio-sequence information has resulted in an
increasing demand for reliable methods that group proteins. A
few databases with curated alignments of protein families have
demonstrated that expert-driven repositories can keep up with
the data deluge in the genome era. These original resources
implicitly identify domain-like modules in proteins. An increasing
number of automatic methods have sprouted over the past few
years that cluster the protein universe. Many of these implicitly
dissect proteins into structural domain-like fragments. In a very
coarse-grained evaluation, some of the automatic methods
appear to be on par with expert-driven approaches. However,
neither automatic nor manual methods are currently entirely up to
the challenges of tasks such as target selection in structural
genomics. Thus, we urgently need refined and sustained
automatic clustering tools.
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Introduction

Gordon Moore correctly predicted that the potency of
computers should double every 18-24 months (Moore’s
‘law’) [1]. The only example of computer-independent
information growing faster may be the unravelling of bio-
sequences [2]. And while the growth of computer potency
is beginning to slow down [3], the growth-rate for bio-
sequences continues to grow. This reality is one of the
technical reasons why clustering and classifying proteins
is becoming increasingly important. We challenge that
there is no reasonable way of clustering and classifying
proteins without dissecting proteins into structural
domain-like fragments [4°,5]. In fact, such domain-like
fragments also appear crucial for inferring structure and

function. Here, we review some of the recent manual and
automatic methods that attempt to classify proteins
(URLs in Table 1). A glossary of terms is provided in
Box 1.

Expert-curated databases of protein families

Motifs and domains

Two types of expert-curated resources complement one
another: motif-based and domain-based databases. It is
extremely difficult to infer similarities in structure or
function from short alignments [6]. Particular short
sequence motifs such as nuclear localization signals [7]
are related to protein function. These motifs often span
evolutionarily divergent families. In fact, short motifs
may constitute candidates for the ‘atoms of evolution’
[5]. Even more powerful are motifs defined by proximity
in three-dimensional (3D) structures that constitute ske-
letons of ‘functional units’ [8]. However, protein families
often cannot be characterised by single motifs. In con-
trast, structural domains constitute regions that share a
common fold, have some functional similarity, and may
be evolutionarily related. Thus, domain-based families
capture biologically crucial features beyond short motifs.

Motif-based classifications

PROSITE motifs are extracted from the literature [9-11];
annotations can then be cross-linked to and updates
synchronised with the SWISS-PRO'T database of protein
sequences [12]. Not all motifs are equally informative;
this reality is reflected by statistics on how often a certain
motif matches in SWISS-PROT. Families are usually
defined as ‘all proteins that share a certain motif’ and
the motif can be described as a regular expression (e.g.
[KH]DE[LF] abbreviates the following four peptides:
KDEL, HDEL, KDEF, HDEF). Profiles have been
added to enable detection of diverged families; these
profile-extended patterns currently cover 15% of all
entries. The Blocks database [13] builds un-gapped,
weighted local alignments (blocks) through dynamic pro-
gramming [14] for proteins grouped by PROSITE,
PRINTS [15], Pfam-A [16°], ProDom [17] and Domo
[18]. Blocks alignments extend over 5 to 55 residues
(Figure 1b). The PRINTS [15] database also contains
groups of aligned, un-weighted motifs referred to as
‘fingerprints’ that are derived through iterative database
searches, followed by semi-manual alignments, and by a
final manual validation/annotation.

Structure-based domain classification
A particular example of ‘human with machine vs.
machines’ is the SCOP classifications for proteins of
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Table 1

Availability of databases and methods

DB/Method Version Latest update Entries Update URL (all begin with http://)

Short sequence motifs

PROSITE 17.23 10/2002 1573 Manual www.expasy.ch/prosite/

Blocks+ 8/2001 8656 Manual blocks.fhcrc.org/blocks/

PRINTS 35.0 7/2002 1750 Manual www.bioinf.man.ac.uk/dbbrowser/PRINTS/
Structural domain-like regions

Pfam-A 7.6 9/2002 4463 Manual pfam.wustl.edu

TIGRFAM 2.1 9/2002 1622 Manual www.tigr.org/TIGRFAMs/

SMART 3.4 10/2002 654 Manual smart.embl-heidelberg.de

SBASE 9.0 10/2002 483 Semi-manual hydra.icgeb.trieste.it/~kristian/SBASE/
DOMO 2.0 4/1998 Automatic www.infobiogen.fr/services/domo/
ProDom 2001.3 12/2001 Automatic prodes.toulouse.inra.fr/prodom/doc/prodom.htm
GeneRAGE Automatic www.ebi.ac.uk/research/cgg/services/rage/
TribeMCL Automatic www.ebi.ac.uk/research/cgg/tribe/

CHOP 10/2002 Automatic cubic.bioc.columbia.edu/db/chop/
Integration

InterPro 5.2 9/2002 5875 N/A www.ebi.ac.uk/interpro/

MetaFam 41 9/2002 N/A metafam.ahc.umn.edu

Clusters of proteins

CluSTr Automatic www.ebi.ac.uk/clustr/

SYSTERS 3.0 Automatic systers.molgen.mpg.de

PICASSO 0 3/1998 Automatic systers.molgen.mpg.de

ProtoNet 14 9/2002 Automatic www.protonet.cs.huji.ac.il/protonet/
ProClust 1.0 Automatic promoter.mi.uni-koeln.de/~proclust/

known structure [19]. When structures are added to the
PDB [20], Alexei Murzin (MRC, Cambridge University,
UK) visually classifies them into ‘known fold’ and ‘new
fold’. Folds are further grouped into families and super-
families, and structural domains are assigned. The CATH

protein structure family database also classifies structures
and defines domains [21]; it has moved steadily from
expert-driven to automatic classifications. Fully auto-
mated structure-based domain classifications are available
through DALI [22], VAST [23] and PrISM [24].

Box 1 Glossary of terms

3D structure
Blocks
CATH

COGs
DOMO
HMM
InterPro

MetaFam
OMIM

PDB

Pfam

PRINTS
ProDom
PROSITE
PSSM
SMART
Smith-Waterman algorithm
SWISS-PROT
TIGRFAMs

TrEMBL

UniProt

Three-dimensional co-ordinates of protein structure

Database of protein alignment blocks derived from multiple compilations [13]

Class, Architecture, Topology and Homologous superfamily, a database classifying protein
domain structures hierarchically [21]

Clusters of orthologous groups of proteins [30]

A database of aligned protein domains [18]

Hidden-Markov model (i.e. particular alignment method)

Database cross-linking SWISS-PROT, TrEMBL, PROSITE, ProDom, PFAM, PRINTS,
SMART, and TIGRFAMs [31°°,59]

A database of unified classification of protein families [33°]

Online Mendelian Inheritance in Man, a database of human genes and genetic disorders [28]

Protein Data Bank of experimentally determined 3D structures of proteins [20]

Database of expert-curated alignments of protein families (strictly called ‘Pfam-A’) [16°]

Database of probable protein signatures [15]

Database of putative protein domains [17]

Database with expert-annotated functional sequence motifs [9-11]

Position specific scoring matrix

Simple Modular Architecture Research Tool, a database of expert-curated protein modules [26]

A dynamic programming approach to find local sequence similarities

Database of protein sequences [12]

Expert-curated database of protein families based on HMMs developed by The Institute of
Genome Research [25]

Computer-annotated supplement of SWISS-PROT that contains all the translations
of EMBL nucleotide sequence entries not yet integrated in SWISS-PROT [12]

Database merger between PIR, SWISS-PROT and TrEMBL (future)
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Manual and automatic domain-based databases. (a) Venn-diagram of overlap between Pfam, TIGRFAMs and SMART. For each InterProt entry
(release 5.2, 5875 entries), we tracked whether or not Pfam, TIGRFAMs, or SMART were in the ‘member list’. The numbers shown in circles are
mutually exclusive; for example, 2881 of the Pfam entries were only in Pfam, 404 were in Pfam and SMART, 448 were in Pfam and TIGRFAMSs, and 5
were in Pfam, TIGRFAMs and SMART; 1240 entries were not found in any of the three databases. (b) Length distribution of fragments. We plotted the
average lengths of family entries against the cumulative percentage of families. For SCOP [19] (version 1.59, 1824 families) and SBASE [29], the
numbers refer to the average lengths of all sequences in each family/domain, for PFAM [16°], TIGRFAMs [25] and SMART [26] to the lengths of the
HMMs, and for Blocks+ [13], DOMO [18] and ProDom [17] to the lengths of the family alignments. The closer the curves to the central line defined by
SCOP, the more the entries in that database resemble structural domains. All Blocks+ alignments are shorter than 55 residues. Because Blocks+ is
not designed to capture structure-like domains, the Blocks—+ distribution constitutes the lower end of the distribution (too fragmented). The
corresponding upper end (too long) is given by TIGRFAMs for which the distribution is similar to that of full-length proteins [5]. ProDom and SMART
are biased towards short fragments, with almost half of the families shorter than 60 residues. In comparison to the expert-curated SMART modules,
the automatic ProDom domain dissection appears surprisingly accurate, on average. The observation that all other data sets fall below SCOP

indicates that too many proteins are not dissected into domains.

Classifying structural domain-like families

Another comprehensive expert-curated resource is Pfam
[16°] (more precisely Pfam-A). Pfam pioneered two con-
cepts: the building of seed alignments for domain-like
regions, and the extension of seed alignments into larger
families. Domain seeds from the literature are extended
by expert-controlled searches with HMMer. New
domain-like entries are added according to their popu-
larity in the recent literature. TIGRFAMs [25] and
SMART [26] implement a similar strategy as Pfam; thus
all three overlap (Figure 1a). One difference is that
SMART seeds are identified by PSI-BLAST [27].
SMART modules are much shorter than structural
domains (Figure 1b). SMART estimates the likelihood
of a given domain to be secreted, cytoplasmic or nuclear
and annotates transmembrane helices, coiled-coils, signal
peptides, internal repeats and cross-links to OMIM, a
database of human genes and genetic disorders [28].
SBASE [29] groups families by recursively applying
k-means clustering to proteins with similar biological
names. Families are defined as groups of domain-like
regions with significant BLAST similarities; a new query

sequence can be assigned to the family either by nearest-
neighbour approach, a probabilistic score or by neural
network. Another grouping is realised by the COGs
database that attempts to classify proteins according to
phylogeny [30].

Database integration

All expert-curated family databases have their strengths
and weaknesses. InterPro [31°°] provides a unified doc-
umentation resource for protein families, domains and
functional sites by merging annotations from PROSITE,
PRINTS, Pfam, TIGRFAMs, SMART and ProDom.
The next-generation extension UniProt will merge
SWISS-PROT, TrEMBL, InterPro and PIR resources
[32]. MetaFam [33°] combines Blocks, DOMO [18],
Pfam, PIR-ALN, PRINTS, PROSITE, ProDom [17],
ProtoNet [34], SBASE, and SYSTERS [35]. MetaFam
first converts all proteins in the family databases into a
common set of non-redundant proteins, then common
families are identified, and supersets are created. Domain
boundaries are identified through finding consensus
regions among the databases.
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Automatic clustering methods

Different objectives yield different clusters

One problem for automatic clustering methods is the
definition of similarity thresholds that yield biologically
relevant classifications. Another problem is sketched by
the following alternative: first, group all proteins that
share feature X into one cluster, Y, and second, ascertain
that no protein outside cluster Y shares feature X with any
protein in Y. Both objectives first must translate ‘similar-
ity in sequence’ into ‘similarity in feature X’. For the
feature ‘similarity in structure’, the criteria are well
defined in the following way: if the sequence similarity
(Sap) between proteins A and B exceeds threshold T, we
can reliably infer that A and B are structurally similar
[24,36]. However, if Sag < T, we have no clue. In other
words, we cannot systematically identify all proteins that
have common folds [4°]. The threshold problem becomes
more difficult when we want to infer similarity in func-
tion: different aspects of function such as sub-cellular
localisation [37], enzymatic activity [6,38°], or cellular
function [39°] require different thresholds. We may seek
a way out of this problem by restricting clusters to close
homologues, such as COGs [30]. However, the dilemma
between the Skylla of ‘restrictive thresholds yielding
many small clusters’ and the Charibdis of ‘permissive
thresholds yielding few large clusters’ is a principle one.
Neither objective automatic, nor subjective expert-driven
classifications can ship around this problem.

Evaluating clustering methods is problematic

Since there is no single ‘correct’ solution to the clustering
problem, there is also no unambiguous way to evaluate
methods. Methods classifying proteins into structural
domains could be compared to large sets of structural
domains annotated by SCOP, CATH, DALI [22], VAST
[23] and PrISM [24]. However, even structure-based
domain assignments agree only to some extent. A simple,
coarse-grained feature is the agreement between the dis-
tributions of domain lengths suggested by structure-based
and by sequence-based domain assignments (Figure 1b).

Clusters establish similarity not distance

Calculating pairwise sequence similarity is usually the
first step toward clustering. Expectation values (E-values)
from BLAST/PSI-BLLAST [40] are adopted to save com-
puter time [17,18,35,41,42]. One problem is that E-values
change when adding sequences to the cluster. Another
problem is that BLAST E-values are not symmetric (i.c.
they differ between aligning A against B and aligning B
against A). Most methods account for the asymmetry by
ad-hoc hacks: for example, use Smith—-Waterman align-
ments when only one BLAST E-value is above the
threshold [35,41], or replace asymmetric E-values by
averages over both [43°]. Other methods establish simi-
larity through Smith-Waterman alignments [14]. For
example, ProClust uses normalised Smith—Waterman

scores [44°]; CluSTr uses Z-scores resulting from
Monte-Carlo simulations of Smith-Waterman alignments
[45]. ProtoMap [42] ProtoNet [34] and BioSphere [46°]
combine measures from Smith—-Waterman, BLAST, and
FASTA alignments. One important reality of sequence
comparisons is that alignment methods optimise the
similarity between two sequences. ‘Less similar’ does
not imply ‘more distant’. To illustrate this point for
structural similarity, 90% of all pairs of proteins that have
15% identical residues over their entire length have
different structures; however, 90% of the pairs of proteins
with similar structure have less than 15% identical resi-
dues [2,24,36].

Clustering without considering the domain problem
Some methods try to ignore the domain problem by
applying very conservative thresholds. SYSTERS clusters
proteins with BLAST E-values < 10~* by single-linkage
[35]. At this level, many partial matches in multi-domain
proteins are eliminated at the cost of small clusters.
ProtoNet classifies proteins at different levels of confi-
dence [34]. It begins at a high sequence similarity (E-
values < 107190) with many small clusters. These initial
clusters are then merged gradually at various levels of
similarity [47°]. Users can determine the wanted level of
coarse-grained representation by dialling through differ-
ent thresholds.

Domain-based clustering

A few methods explicitly predict domain boundaries from
sequence information, in particular, through database
searches [48°49], concepts from protein folding [50],
statistics [51], and neural networks [52,53]. None of these
i1s well enough established yet for large-scale sequence
analysis. Many proteins appear to have regions depleted
of regular structure [54]; identifying such regions may
assist the prediction of domain boundaries [55°]. How-
ever, most methods that predict domain boundaries use
alignment information and also classify the protein uni-
verse in two steps: first, by chopping proteins into
domain-like fragments; and second, by clustering these
fragments (ProDom [17], DOMO [18], GeneRAGE [41],
CHOP [56]). ProDom applies the following algorithm
[17]. First, stack all sequences in SWISS-PROT and
TrEMBL. Then iterate by identifying the shortest
sequence in the stack, finding related regions through
PSI-BLAST, and then removing already clustered frag-
ments from the stack. The algorithm terminates when no
sequences are left. DOMO applies successive steps on
the basis of similarity in amino acid composition, di-
peptide composition, local sequence similarity, and mul-
tiple sequence alignment similarity to detect domain
boundaries and then cluster the domains [18]. DOMO
tends to propose longer regions than ProDom (Figure 1b).
Picasso dissects and then clusters domain-like fragments
by [57°] defining close neighbours by pairwise BLAST,
and then hierarchically merging the initial neighbours

Current Opinion in Chemical Biology 2003, 7:5-11
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through profile—profile comparisons. Domain borders are
determined on the basis of overlapping maximal clusters
(clusters that are not fully contained in any other cluster);
unified families are defined as sets of clusters that share at
least one common domain. GeneRAGE [41] detects
multi-domain proteins through simple phylogenetic tran-
sitivity: if A is similar to B and C, and B is not similar to C,
then A has at least two domains. The resulting fragments
are clustered by single-linkage. Although GeneRAGE
appeared adequate for bacterial genomes, its accuracy
is insufficient for the complexity of eukaryotes [4°43°].

Clustering with implicit domain information

A few methods that use graph theory attempt to avoid the
explicit dissection into domains by embedding domain
information into the clustering procedures. ProClust [44°]
encodes partial alignments resulting from multi-domain
proteins into the edge of similarity graphs. Instead of
using symmetric Smith—Waterman scores corresponding
to undirected edges, ProClust normalises the score by the
length of the proteins, thus yielding two directed edges
differentiated by protein length. The graphs are then
partitioned into strongly connected components (SCCs)
that constitute the final clusters. For about 55% of the
data, the method is reported to achieve a high specificity
(>99%) when tested against SCOP [19]. TRIBE-MCL
expresses pairwise similarity through a particular matrix
(Markov matrix) that is then clustered (by a Markov
cluster algorithm) [43°]. The algorithm iterates over
rounds of expansion and inflation to alter the matrix.
Another graph-based method wuses the normalised
Ncut-algorithm to classify proteins through pairwise rela-
tions [58°]. The method was reported to reproduce COG
families [30] accurately.

Conclusions

Grouping proteins into families is important both for
biological and computational reasons. Expert-curated
family databases such as Pfam [16°], TIGRFAMs [25],
SMART [26] and COGs [30] have steadily increased their
coverage of the protein universe over the past year.
Obviously, these resources overlap to some extent
(Figure 1a). Therefore, the first large-scale efforts toward
integration of many resources are extremely important
additions to the field of databases [31°°,33°,59]. Structural
genomics reveals the importance of identifying structural
domains [4°,8,34,60-63]. Although the expert-driven
family databases implicitly identify domains, the quality
of this identification is quite mixed (Figure 1b). Further-
more, entire proteomes can currently only be clustered
through automatic methods. Some methods try to avoid
the domain problem by elaborate hierarchical clustering
schemata [34,35,47°]. Others identify domains through
alignments and then cluster these domains [17,18,41,56].
The first methods have been published that address the
task of identifying domain boundaries directly [48°,49—
53,55°]. Three methods implicitly combine domain-dis-

section and clustering through algorithms from graph-
theory [43°,44°,58°]. At this point, most of these methods
have not been compared with one another. A coarse-
grained comparison suggests that some of the automatic
methods may be able to compete with expert-driven
annotations (Figure 1b). None of the existing clustering
and domain-dissection methods appears to solve the
problems conclusively. If we assume that structural
domains constitute one candidate for ‘the atom of evolu-
tion’, we may hope to find the ‘final’ solution some day.
Lupas and colleagues [64] speculated that proteins
evolved through inserting and deleting fragments that
are more like Blocks [13], PRINTS [15] or PROSITE [9-
11] motifs than like structural domains. If true, methods
that dissect proteins into domains on the basis of
sequence similarity alone may be doomed to fail. Addi-
tional information, such as predicted secondary structure,
may be needed to determine the domain border. One
point is clear: we urgently need better tools to dissect
proteins into domains and to cluster these domains.
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