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Abstract
For many decades models of protein function have primarily been described
in terms of functional modules known as globular domains. However, a large
group of functional sites has been revealed over the last 15 years or so. Only
recently have these begun to be catalogued. These are linear modules and
encompass ligand sites such as 14-3-3, SH3 and Cyclin ligands, as well as
posttranslational modification sites and targeting signals. Linear modules are
short and co-linear in both sequence and structure space. The short length
make them difficult to detect based on sequence alone. Experimentally, they
are neglected because they reside in disordered or unstructured parts of proteins which are often removed recombinantly during protein expression. Yet,
the linear modules are as important for protein function as are globular domains. It is now clear that linear modules make up a very large component of
the cellular regulatory networks as they are ligands for many signaling domains
and proteins.
Although linear modules can not be detected accurately from sequence
alone, their functionality is strongly dependent on context, e.g. a linear module may only be functional in a restricted set of cellular compartments. Such
contextual information can be utilised in prediction.
The Eukaryotic Linear Motif computational resource (ELM, http://elm.
eu.org), developed for predicting functional sites, is knowledge based and
stores contextual information concerning linear functional sites annotated from
the scientific literature. This is later used for contextual and logical filtering in
the prediction of linear functional modules.
Linear modules are typically found in unstructured parts of proteins and
hence two methods, DisEMBL (http://dis.embl.de) and GlobPlot (http:
//globplot.embl.de), for detection of protein disorder ab initio from sequence alone were developed. These methods are used to reduce the search
space in the ELM resource. The methods are also used by the structural proteomics’ community for setting up expression constructs and by researchers
studying intrinsically disordered or unstructured proteins.
In the post-genomic era analysis of cellular protein based regulatory networks and systems is of increasing importance. Yet, we do not know the role
played by the topologies, functional modules and different protein-interaction
networks in cellular systems. Based on the increasing number of different linear modules catalogued by ELM, one can anticipate the existence of large
protein-protein networks within the cell, dominated by interactions between
globular domains and linear modules, e.g. SH3 ligands. By systematic proteoi
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mic scale analysis of such networks, deconvolution into defined higher order
system modules can now be commenced. In order to do this, a model for composite protein function is proposed and it is shown how higher order functional
relationships between the individual functional modules may be used to infer
protein function.

Dansk Resume
I årtier har modeller for proteinfunktion været baseret på funktionelle moduler
kendt som globulære domæner. En meget stor gruppe af biokemisk funktionelle sites er blevet afdækket over de sidste 15 år, men kun for nyligt er disse
blevet kortlagt og katalogiseret. Disse sites kaldes lineære moduler og omfatter
protein ligander såsom 14-3-3, SH3 og Cyclin, post-translationelle modifikations sites samt signalpeptider. Lineære moduler er korte og co-lineære i både
sekvens- og struktur-rummet. Den korte længde gør dem meget vanskelige
at detektere alene ud fra sekvens. Eksperimentelt er de også vanskelige at
efterforske fordi de sidder i uordnede (disordered) eller ustrukturerede dele af
proteiner som oftest bliver fjernet rekombinant i forbindelse med ekspression
af proteiner.
Lineære moduler er ligeså vigtige for et proteins funktion som de globulære
domæner. Ydermere hved vi nu at disse moduler udgør en meget stor del af
de regulatoriske cellulære netværk, hvilket primært skyldes at de fungerer som
ligander for mange signalerings proteiner og domæner.
Selvom lineære moduler ikke kan detekteres effektivet fra sekvens er deres funktionalitet stærkt afhængig af konteksten de er i, eksempelvis kan et
lineært modul være funktionelt i bestemte celle organeller. Denne slags kontekstinformation kan bruges til at forbedre forudsigelsen af lineære moduler.
The Eukaryotic Linear Motif resource (ELM, http://elm.eu.org), er en
computational ressource udviklet til forudsigelse af lineære funktionelle sites.
Ressourcen er baseret på kontekstinformation om lineære moduler som er annoteret og ekstraheret fra den videnskabelige litteratur. Disse informationsæt
er gemt i en relationel database og senere brugt til kontekstuel og logisk filtrering af forudsigelserne af lineære moduler
Lineære moduler er typisk fundet i ustrukturerede dele af proteiner, vi har
derfor udviklet to metoder, DisEMBL (http://dis.embl.de) og GlobPlot
(http://globplot.embl.de), til detektion af protein disorder fra sekvens
alene. Disse metoder bruges til at begrænse søgningsrummet for lineære
moduler i ELM ressourcen. Metoderne er også anvendt i structural genomics til
at designe ekspressionsvektorer og af forskere som arbejder med intrinsically
disordered proteiner.
I den post-genomiske æra er analysen af cellulære protein baserede regulatoriske netværk og systemer til stadigt mere vigtigt. Vi forstår stadig ikke rollen af topologier, funktionelle moduler og forskellige protein-protein interaktionsnetværk har i cellulære systemer. Baseret på det voksende antal af lineære
moduler som er katalogiseret i ELM projektet kan vi nu begynde at analysiii
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erer de store intra-cellulærer interaktionsnetværk, der primært er baseret på
interaktioner mellem et lineært modul og et globulært domæne, som findes i
cellen , eksempelvis SH3 signalerings netværk.
Ved systematisk proteomskala analyser af disse netværk kan vi beskrive
dem i højere-ordens system komponenter. En model for sammensat protein
funktion er derfor foreslået og det vises hvordan højere-ordens funktionelle
relationer mellem de individuelle funktionsmoduler kan bruges til at beskrive
proteinfunktion.

Preface
This work was carried out at the European Molecular Biology Laboratory
(EMBL) in the lab of Toby Gibson. This thesis is of the accumulative type, i.e.
it is the collection of the essential publications I worked on during the course
of my PhD. The thesis is organised in four sections. Following the introduction
the focus is on linear functional modules and then the Eukaryotic Linear Motif
(ELM) resource. The third section is focused on the ab initio methods for prediction of protein disorder. Finally, the section deals with protein diseases and
a hypothesis for novel composite protein function models.
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Chapter 1
Protein Architecture
Problems worthy of attack prove their worth by hitting back.
Piet Hein - Danish poet and scientist
Nature seems to present protein functions in two states: structured and unstructured. Proteins are hetero polymers of amino acids, the sequence of
amino acids determines not only the structure and folding of a protein but also
the lack of structure. Molecular functions in proteins are found as structural
units e.g. modular globular domains. However an emerging large group of
functional sites are found primarily in unstructured parts of proteins.

1.1 The modular model of protein function
Multidomain proteins predominate in Eukaryotic proteomes. The basic hypothesis in what one might call the ‘modular model for protein function’ is that
individual functions assigned to different sequence segments (often domains)
combine to create a complex function for the whole protein. The term ‘modular’ is referring directly to the autonomous nature of the individual folding
units determining these functions, whereas the term ‘globular’ is describing
the structural state of a domain, whether it is modular or not. A dogma in structural biology is that atomic structure determines function. The modular model
has grown out of this paradigm, however we know that at the fold level this is
not always true, one can find structures belonging to the same fold (e.g. in
SCOP, [141]) that have completely different functions: an example of this is
Gluthathion-S-transferase and S-crystallin. They share 75% sequence similarity and the same fold, but the former is an enzyme and the latter a structural
protein [7]. This is mainly a problem when one is trying to infer function from
sequence, having the atomic structure solved and supportive biochemical data
will sometimes help to define the function.
As single domain globular proteins are typically less difficult to crystallise,
for a long time they dominated the perception of typical protein structure (although fibrous proteins like collagen were of course well known). Gradually, as
protein sequences have accumulated, the monodomain view of protein structure has been replaced by the realisation that most proteins are multidomain, at
3
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Chapter 1. Protein Architecture

Figure 1.1: A schematic showing the domain and functional site architecture
of the well known proto oncogenic protein kinase Src. About 60-80% of proteins from higher eukaryotes have analogous modular architectures [10]. Even
though ‘only’ ~30 000 ORFs are predicted to be in the human genome, most
of these will have several splice variants and moreover several functional sites
e.g. Post-Translational Modification sites (PTMs). These sites will be in different states and thereby increase the number of different functional species
(isoforms) several fold. The arrows are only showing the approximate locations
of the functional sites.
least in higher eukaryotes. Multidomain architectures are usual for transmembrane receptors, signalling proteins, cytoskeletal proteins, chromatin proteins,
transcription factors and so forth. Multi domain proteins can be described as
consisting of a series of functional modules. The modules come in two classes:
globular domains and short peptide functional sites. An archetypal protein of
the modular model is Src shown in Figure 1.1. Src consists of 3 globular domains: SH3, SH2 and a tyrosine kinase domain (itself consisting of two structural domains) and 8 known functional sites including 4 phosphorylation sites
and 3 ligands of modular domains (SH3, SH2 and Cyclin).

1.2. Partitioning of protein space

5

Figure 1.2: A conceptual model of protein structure and function observation
space. Many functions and their structures can be assigned to two different
sub spaces. A linear/non-globular one and a globular one. It is important to
notice that these two subspaces are not detached from each other, a good
example are disordered loops that can be protruding from a globular domain.
At the (white) borderline we find Coiled-coils, repeat proteins (often forming
rods) and single transmembrane helices (TM1).

1.2 Partitioning of protein space
It is becoming increasingly clear that many functionally important protein segments occur outside globular domains [236, 69]. Observation space of protein
structure and function is partitioned into two sub spaces, refer to Figure 1.2.
The first consists of globular units with binding pockets, active sites and interaction surfaces. The second sub space contains non-globular segments such as
sorting signals, post-translational modification sites and protein ligands (e.g.
SH3 or WW ligands). Globular units are built of regular secondary structure
elements and contribute the majority of the structural data deposited in PDB.
The globular function space is described very well by domain databases such
as SMART [134] and Pfam [20]. In contrast, the non-globular sub space encompasses disordered, unstructured and flexible regions without regular secondary structure. Functional sites within the non-globular space are known as
linear motifs, described by ELM [179], PROSITE [200] and Scansite [241].
This group of sites includes peptide ligand sites, cell compartment targeting
signals, post-translational modification sites and cleavage sites. In this work I
will refer to these using terms such as linear motifs, functional sites or linear
functional modules, these will be defined at a later time but they all refer to the
same functional entities.
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Traditionally protein function and interaction studies have been focused on
functional and structural domains and in fact most large datasets dealing with
protein interaction have also focused on this type of interaction [4]. This is
because methods such as affinity purification tend to isolate ‘sticky’ and ‘nontransient’ protein complexes. The methods for isolating transient interactions
such as the binding of a cognate ligand to its modular domain are different and
much smaller in vivo datasets exist. However the non-transient network is only
a subpart of the interaction networks within the cell. It is the author’s hope that
this work will encourage the communities to focus on collecting large amounts
of data on domain-peptide interactions, since only by having these can we try
to get a more complete picture of cellular protein networks.
In the following I will discuss how to annotate and analyse protein sequences for modular domains and linear funtional sites. Methods for finding
domains and predicting their function will be described first, followed by a description of how to identify unstructured regions and potential functions therein.

Chapter 2
Analysing globular domains
The past three decades have seen relatively steady levels of domain discovery
[49]. It seems likely that most of the more common modular protein domains
have already been described in the literature (see e.g. signalling domains
and their number of occurrences in the human genome, refer to Figure 2.1).
However, as there is a large number of domains that are only detectable in a

SMART domains
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Figure 2.1: Presence of SMART domains in the H.sapiens proteome.
Only some domain names are shown. The most abundant domains are
ANK(ankyrin repeats), WD40 and ZnF_C2H2 (out of scale). Data from Ivica
Letunic [personal communication].
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relatively small number of proteins, we predict that many domains remain to be
discovered and that each genome may harbour its own repertoire of species
or at least lineage-specific domains [67].
Similarity search has since the late 1970’s been an extremely powerful computational technique to assign novel functions to proteins. In addition to database search methods that were introduced in the early 1980’s, the realisation
of conserved entities such as local motifs was incorporated into software that
was able to scan dedicated collections of such motifs in the mid 1980’s (see
e.g. PROSITE, 1985 for an early resource).

2.1 Globularity of domains
Both ‘domain’ and ‘globular’ are terms defined in structural protein biology.
They have since been used in other contexts such as function description and
sequence analysis. Domains were first defined in structural terms as early Xray structures showed separate entities with defined subfunctions connected
by flexible regions. The term ‘globular’ is referring to the globule structural
state: a protein globule can be depicted as a soluble sphere with a hydrophobic
core. An operational definition of globular proteins can be found in [53]:
“Most natural proteins in solution are much smaller in their dimensions than comparable polypeptides with random or repetitive conformations and have roughly spherical shapes; hence they are
generally referred to as globular. Their physical properties do not
change gradually as the environment is altered (e.g., by changes
in temperature, pH or pressure) as do the properties of random
polypeptides. Instead, globular proteins usually exhibit little or no
change, until a point is reached at which there is a sudden drastic
change and, invariably, a loss of biological function. This phenomenon is known as denaturation.”
Structural biologists relate the term globular to domains which are compact and
fold independently of the remainder of the host protein. Theoretical definitions
of domains exist [210, 209, 212], including several algorithms for classifying
domains and folds [211, 118].
Resources for finding globular domains with determined tertiary structure
include SCOP (fold level classification) [141], ASTRAL (domains from SCOP)
[39], SUPERFAMILY (Hidden Markov Models of SCOP superfamilies) [92] and
CATH (architecture level classification) [99, 164]. However these resources
are confined to the structural knowledge base PDB [231]. Therefore only a
subset of the total fold and structure space is described, the remaining domains
are to a certain extent described in Pfam and SMART.

2.2. Resources for analysis of globular domains

9

2.2 Resources for analysis of globular domains
There are numerous domain databases available that can be useful for detection and analysis of globular domains in your favourite protein sequence. They
can be separated into several categories:
Databases such as SMART (http://smart.embl.de, [134]) and PFAM
(http://www.sanger.ac.uk/software/pfam/, [20]), primarily make
use of hand-edited sequence alignments representing single protein domains
with defined borders at the sequence level. The Conserved Domain Database
(CDD) at the NCBI (http://www.ncbi.nlm.nih.gov/structure/cdd/
cdd.shtml, [148]) allows the searching of profiles derived from SMART and
PFAM using a modified version of the BLAST algorithm.
PROSITE (http://www.expasy.org/prosite/, [200]) is a manually
annotated resource and contains a much more heterogeneous set of domains
and structural motifs. However, for linear motifs it has been superseded by
ELM and Scansite, refer to 3.3.
Another approach is to rely on various automatic methods to generate domain signatures. This is the case for databases such as ProDom (http:
//www.toulouse.inra.fr/prodom.html, [198]) and BLOCKS (http:
//www.blocks.fhcrc.org/, [103]). Such resources predict domains that
do not always correspond to known structural and globular domains and for this
purpose may not be as sensitive. However, these resources are of substantial
discovery value since they are collecting conserved sequence segments that
may specify novel functions.
In addition to the search functionality of the databases themselves, there
are several ‘meta servers’ that allow users to search multiple domain databases. The Interpro database, at the EBI (http://www.ebi.ac.uk/
interpro/, [156]) allows the searching of the PROSITE, PFAM, PRINTS,
ProDom and SMART model collections.

2.3 Other globular features and resources
Many other types of structural entities, besides those corresponding to domains, are globular in nature. These include protein repeats (e.g. Ankyrins),
some transmembrane domains and Coiled-coil super helices. Many function
as structural scaffolds for different cellular components and rod proteins.

2.3.1

Globular repeats

Repeats can be hard to detect in protein sequences: most of them are short
and their sequences are often highly divergent. The number of repeats in different proteins is extremely variable. Finally, defining the first and last residues of
a repeat is more contentious than for a domain, since repeats are more prone
to circular permutation than are domains, particularly within closed structures
[187], and partial truncation results in non-integer repeat numbers.
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Repeat detection methods are often incorporated into domain prediction servers (for example, SMART uses Prospero [155] program from the
ARIADNE package), but there are also dedicated protein repeat prediction
servers, like for example REPeats (http://www.embl-heidelberg.de/
~andrade/papers/rep/search.html, [8]). The GlobPlot method described in 7.1 on page 109 is also capable of repeat detection.

2.3.2

Domain-domain interactions

Homology based methods are a primary source of globular domain discovery.
However, another approach is to use domain-domain interactions as represented by physical interaction data sets. Given that protein-protein interactions
involve physical interactions between protein domains, domain-domain interaction information can be useful for validating, annotating and even predicting
protein interactions [160]. Naturally, protein interaction databases such as
BIND, MINT and DIP [17, 238, 242] are alpha-omega for such studies. These
are resources based on proteomic studies of protein-protein interactions, e.g.
by yeast-two-hybrid or peptide libraries.
Another type of service is offered by the STRING database (http:
//string.embl.de/) which is dedicated to proteome-wide prediction of
protein-protein associations [224]. It is an integrated resource relying on a
wide range of experimental and computational datasets, in order to make reliable interaction predictions. STRING contains genomic context associations
(derived from genome comparisons), interactions derived from co-expression
analysis and various types of high-throughput experimental data, all of which
are stringently benchmarked using a common reference. However, it is important to note that association does not always imply physical interaction, refer to
Chapter 9 on page 137.
Protein structure is a very accurate method for finding and describing
protein-protein interactions [5, 4] , [Aloy et al. - in press - Science 2004].

2.3.3

No domains?

In case no domains are found by e.g. SMART or Pfam, this does not mean
that your favourite protein does not contain any higher fold or globular domains.
Most often it simply indicates the presence of non-annotated domains, which
of course have potentially higher discovery value. However several resources
exist to help identify potential domain boundaries and give hints to the structure
of what might be hidden in the sequence.
Secondary structure prediction - good
Prediction of secondary structure is the most mature of any structure prediction
strategy and accuracies of up to ~80% can be reached in some cases [175,
54, 55]. An initial BLAST search to find homologous proteins is important to get

2.3. Other globular features and resources
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a further idea of the function and to build a sequence set for a multiple alignment that can be used in secondary structure prediction servers such as PredictProtein (PROFsec, http://www.predictprotein.org/) and JPRED
(http://www.compbio.dundee.ac.uk/~www-jpred/), [55, 183].
Tertiary structure prediction - difficult
Prediction of tertiary structure and fold is still error-prone and difficult, however having good secondary structure predictions at hand can assist this
analysis as well. Perhaps the best approach is to submit the sequence
to one of the homology based prediction servers such as the 3D-JURY
metaserver (http://bioinfo.pl/Meta/, [90]) or SWISS-MODEL (http:
//www.expasy.org/swissmod/SWISS-MODEL.html, [193]). Other resources can be found on the websites for the evaluation competitions CASP
(http://predictioncenter.llnl.gov/casp5/Casp5.html) and CAFASP (http://bioinfo.pl/cafasp/). Recently David Baker’s group managed to design, at atomic level, a novel protein fold in silico [130], this is a large
leap forward in an old field and it will likely advance structure prediction methods in the years to come.
Other sequence features - narrowing down domain boundaries
Single transmembrane segments (TM1), coiled-coils and low-complexity regions are all incorporated in the SMART server. Sometimes low-complexity
regions are disordered (see 6.6 on page 80). Coiled-coils are also disordered
sequences, however they behave as globular units after the coiled-coil structure is formed, this is a very clear example of disorder-order transition.
At EMBL in Heidelberg we have three additional methods that are useful in
the definition of potential domain boundaries: DisEMBL [138], DomCut [208]
and GlobPlot [139], see 7.1.1 on page 110. Another resource for potential
domain boundary prediction is DomPred (http://bioinf.cs.ucl.ac.uk/
dompred/, [150]).

Chapter 3
Non-globular protein segments
Opposites are not contradictory but complementary.
Niels Bohr
As most attention in assigning function to proteins has been on globular domains there are relatively few tools for analysing non-globular protein space.
Structural biology has tended to avoid unstructured proteins and regions (e.g.
by removing them in expression constructs), which has led to a skew towards
globular proteins. However this neglect is not confined to structural biology
only, bioinformatics has also tended to sweep non-globular function prediction
under the academic carpet. While resources are readily available for revealing
globular domains in sequences, until recently there has not been any comprehensive collection of short functional sites/motifs comparable to the globular
domain resources, yet these are just as important for the function of multidomain proteins. Indeed, it is impossible for a researcher to find a list of currently
known motifs, while going through the literature to retrieve them is impractical without foreknowledge in more areas than any one person will have. This
neglect is primarily due to the fact that short sequence motifs are statistically
insignificant and difficult to handle compared to domains for which accurate sequence models can be produced. The insignificance is due to weak consensus
sequences and the short length of these motifs.
In some cases an identical sequence motif is functional in one context but
not in another. This is the case for the RGD motif that is bound by Integrins
[217]. The SH3 ligand site in the Nef protein, shown in Figure 5.1 on page 37,
is another good example of this. The two predicted SH3 ligand sites are almost
identical in sequence, however one is partially covered by a loop which makes
it inaccessible to the binding partner. This situation could not be resolved by
any sequence analysis method, it is a contextual problem. It follows that it is
not the detection of the motif which presents the real problem, rather it is the
fact that the context of the predicted site is incorrect which renders the site
non-functional.
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3.1 Narrowing the search space
The approach for finding functional sites is fundamentally different from the one
described above for globular domains. Since linear motifs are short, typically
5-10 amino acids, they overpredict (high level of false positives) massively even
if they are described using artificial neural networks or other sensitive probabilistic methods. Linear motifs are context dependent, they are only functional
if they are exposed to interaction with a modular domain or are in the right
cell compartment. However, structurally they prefer to be in non-globular or
disordered regions of the protein, both of which can be detected fairly accurately. Recently, it has become possible to analyse natively unstructured proteins by methods such as NMR. Besides their high content of functional sites,
disordered and non-globular regions are exciting for many other reasons. We
chose therefore to create methods, refer to Chapters 6 on page 73 and 7 on
page 109, for narrowing down the search sequence space for linear motifs
by identifying regions with higher likelihood for encountering these modules,
namely unstructured or disordered regions.

3.2 Linear functional modules
Having identified candidate unstructured regions one can start searching for
function therein. Most functions will correlate to short linear peptide motifs
that are used for cell compartment targeting, protein-protein interaction, regulation by phosphorylation, acetylation, glycosylation and a host of other posttranslational modifications. Refer to Table 3.1 for an overview of the many
functions these sites perform. A typical functional site is shown in Figure 3.1:
notice the linear unstructured and flexible protein backbone, a requirement for
the CSK kinase to be able to modify the tyrosine.
The number of known categories of functional sites has increased dramatically in the last few years and it is obvious that there are more to be discovered. These sites are usually short and often reveal themselves in multiple
sequence alignments as short patches of conservation, leading to their definition as linear motifs. In addition to occurring outside globular domains, some
sites e.g. phosphorylation sites, are often found in exposed, flexible loops protruding from globular domains. Considering the abundance of targeting signals
and post-translational modification sites it is reasonable to assume that there
are more linear functional sites than globular domains in a higher eukaryotic
proteome.
For more details on these functional modules and the concepts related to
them refer to Chapter 4 on page 21.

3.3. Available resources for linear functional modules
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Table 3.1: Main classes of functional sites. Functional sites are as varied and
numerous as domains are. On a proteome level we expect at least 5 sites
per protein, resulting in about 150000 instances in the human proteome. This
indicates the presence of a gigantic and complex interaction and regulatory
system.

3.3 Available resources for linear functional modules
ELM is now the largest collection of linear motifs followed by Scansite and
PROSITE [163, 241, 200]. ELM and PROSITE both uses simple consensus
sequences (regular expressions) for describing linear motifs, refer to 4.1.3 on
page 23. Scansite (http://scansite.mit.edu) is a very capable resource
focusing on cell signalling. It complements ELM in using Position Specific Scoring Matrices (PSSMs) for prediction, which are more sensitive than regular expressions. A series of individual predictors of functional sites can be found at
http://www.cbs.dtu.dk/services/ hosted by Centre for Biological Sequence Analysis (CBS). CBS provides high performance neural network predictors. However, neither Scansite nor CBS provide an annotated database
similar to ELM. The PROSITE database has collected a number of linear protein motifs, representing them as regular expressions. PROSITE patterns have
been very useful but suffer from severe overprediction and more recently the
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Figure 3.1: The C-terminal CSK Tyr phosphorylation site in Src (PDB: 1fmk)
in the closed conformation bound to the SH2 domain. This linear motif (in red)
shows the general features of an ELM: it is linear in sequence and structure
space. The sequence of the instance of this functional site is: TEPQYQPGE.
In the ELM resource this is called the MOD_TYR_CSK functional site and described by the pattern: [TAD][EA].Q(Y)[QE].[GQA][PEDLS] . The image was
created using PyMOL, http://pymol.sourceforge.net/.
database has emphasised globular domain annotation at the expense of linear
motifs.
Also informative are databases that store known instances of linear functional sites include, besides ELM, UniProt (http://www.uniprot.org/,
[12]), HPRD ( [172], http://www.hprd.org/) and Phospho.ELM at http:
//phospho.elm.eu.org. Databases of instances are not directly useful for
prediction but provide valuable data-mining resources.
In summary, there is a limited set of tools for analysing the non-globular or
linear part of protein space. Identifying segments in protein sequences that
are unstructured as well as assigning function to these segments is therefore
the aim of this work.

3.4. Linear functional modules are important
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3.4 Linear functional modules are important
Post-translational modification sites such as phosphorylation or glycosylation
sites are important for the function, regulation and folding of proteins, this is
well established knowledge [121, 230]. However, recently it has been demonstrated, that in general, protein features such as functional sites are important
for the functional classification of proteins [116, 170, 78]. This work was based
on the ProtFun method which is an ab initio method for prediction of broader
functional classes based on protein features alone [117].
Besides being important for protein function linear motifs and functional
sites, individual functional entities are likely to have their own evolutionarily
history [116], i.e. they are indeed modular just like domains. It follows that one
should try and combine these two classes of modules into a composite model
for protein function.

3.5 Two worlds
It is the author’s hope that the reader now has a split view of protein function
description. That is entirely on purpose because to a large extent this is how
the models of protein function currently are drawn up. Is there a way to combine
these two worlds? The answer is probably, and it might bring us much further
in the understanding of proteins than just the sum of the two worlds. It might
lead us to the first composite models for protein function.
Historically, modern molecular biology and bioscience is to a very large
extent based on the quantum mechanical principles that were established by
Bohr, Einstein, Heisenberg, Fermi and others in the 1920-30s. Positivism and
the focus on microscopic and atomic details, later allowed people like Linus
Pauling and Watson and Crick to study the molecules of life. Molecular biology
has now generated a large amount of molecular detailed data, however we still
do not quite understand how these things work together in forming the system
of the cell.
The common view of protein function up to now been largely focused on the
concepts of structure and domains. Structural biology has made major contributions to our understanding of the biomolecules, however there are some intrinsic weaknesses to it. X-ray structures are images of dead proteins, they do
not breath and move as when they were in vivo. Dynamics are likely as important for function than any given fold, which is indicated by the increased focus
on unstructured but functionally important parts of the protein. This attention
has to a large extent been based on the successful deployment of Nuclear
Magnetic Resonance (NMR) spectroscopy in the study of proteins.
The concept of functional domains has been very successful in studying
proteins, however it lacks the same level of details as the structural dogma
described in 1.1. Only by merging the domain centric view with a non-globular
and linear motif centric view, as presented in this thesis, can we get to a more
complete conceptual model for protein function.
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I will first describe the nature of linear motifs and then later show how prediction of disordered regions can be useful for finding linear motifs. This thesis
will aim at a composite model for protein function that incorporates both globular domains and linear modules such as ELMs/functional sites.

Part II
Linear Protein Space
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Chapter 4
Functional Sites and Linear Motifs
Proteins contain functional sites that are linear in structure and colinear in sequence space. We describe these functional modules
as linear motifs or ELMs. This chapter will give an overview and
introduction to the molecular functions encoded in linear motifs.

4.1 Coming to terms with linear motifs - ELM jargon and concepts
Protein structure, function and sequence space can be described in terms of
the modules that make up the system, refer to Table 4.1. Functional and structural modules within the non-globular or linear space are known as linear motifs or functional sites and are catalogued though incompletely by ELM [179],
CBS, PROSITE [200] and Scansite [241]. This group of modules includes
peptide ligands, cell compartment targeting signals, post-translational modification sites and cleavage sites.
As shown in Figure 4.1 and Table 3.1 on page 15, many different molecular
Linear modules
Post-translational modification sites
Disordered segments
Linkers
Linear epitopes
Active peptides (e.g. inhibitors, toxins)
MHC molecules

Globular modules
Globular domains
Binding pockets
Active sites
Interaction surfaces
Epitopes
Molten globules

Table 4.1: Protein structure, sequence and function space can be separated
into system modules, linear and globular modules. It is important to notice that
these two classes are not entirely detached from one another, a good example
are disordered loops that can be protruding from a globular domain. Some
modules are borderline between the two, e.g. coiled-coils, repeat elements
(often forming rods) and single transmembrane helices.
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Figure 4.1: The Epsin-1 protein is involved in Clathrin mediated endocytosis,
where it binds to lipid heads, clathrin, the Ap2 complex and Eps15. It is proposed to be responsible per se for membrane curvature [82]. Its principal binding partner is Eps15 which is localised at the edge of a forming coat. Epsin-1
contains many functional sites including three (UIM) ubiquitin-interacting motifs.
and biological functions are related to linear modules. In this chapter we will
discuss and illustrate some of the basic characteristics of linear functional sites,
many of which are useful not just for classification and understanding of linear
motifs but also for filtering and prediction.
In a large project (the ELM project counted about 20-25 people) it is natural
to develop certain words and concepts to describe things that seem logical to
the people involved in the project but likely less obvious to external scientists.
Here I will lay out some of the major concepts that the reader needs to be
aware of to fully comprehend the following chapters.

4.1.1

Functional sites

An example of a functional site is a phosphorylation site. It is the concept of a
molecular function, modification in this case, that can be related to a particular
molecular spot on the three-dimensional structure of a protein. The molecular functions we classify as functional sites are only the ones that are linear in
sequence and structure space, i.e. an ‘active site’ is not compatible with our
definition since it is non linear in sequence (residues not close in sequence)
and structure space (pocket not linear peptide). Immunology would probably
describe functional sites as linear epitopes. The functional site is the highest
level of classification of a molecular function in the ELM database. It is a biological and bibliographical object. Lately we started to refer to functional sites
as linear functional modules, not to complicate matters, but rather because we
want to stress their functional modularity, refer to Chapter 9 on page 137.

4.1. Coming to terms with linear motifs - ELM jargon and concepts
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Linear motif - an ELM

Functional sites are described by linear motifs. Linear motifs are bioinformatic
objects that model functional sites. An ELM (Eukaryotic Linear Motif) consists
of a sequence model and contextual knowledge that is used for prediction of a
particular functional site. Currently ELM uses patterns (like PROSITE, refer to
Figure 4.2) as sequence models for functional sites, but they could as well be
neural networks or Position Specific Scoring Matrices [104].
The word linear is very precise, it states that the motif is co-linear in sequence and linear in structure, i.e. without more than one regular secondary
structure element. The latter implies it can be described using peptide models.
Linearity is the hall-mark of ELM and ELMs.
The list of linear motifs currently in the ELM resource can be found on
page 159.

4.1.3

Regular expressions

Currently ELM is using regular expressions or patterns for predicting linear
motifs. These are equivalent with PROSITE’s patterns except that we are using
POSIX standard patterns, refer to [83]. Table 4.2 shows the syntax used for
regular expressions in describing linear motifs. A basic problem with regular
expressions is that they do not provide any match statistics, either a pattern
matches or it does not. Therefore it is difficult to evaluate the significance of a
given match.

Figure 4.2: The SH3 ligand site is modelled as five ELMs in ELM, refer to
listing of all linear motifs on page 159. Two of these linear motifs are shown
here. The regular expressions used to detect them are shown. Class I SH3 ligands are for instance described as RxxPxxP or rather R..P..P in POSIX regular
expression syntax which is the one ELM uses. Figure by Barbara Brannetti.

24

Chapter 4. Functional Sites and Linear Motifs

Character
.
[...]
[^...]
{min,max}
^
$
?
*

Name
dot
character class
negated character class
specified range
caret
dollar
question
star

+

plus

|
(...)

alternation
parentheses

Meaning
Matches any one amino acid
Matches any amino acids listed
Matches any amino acids not listed
Min required, max allowed
Matches the N-terminal
Matches the C-terminal
One residue allowed, but is optional
Any number of residues allowed,
but is optional
One residue required,
additional residues are optional
Matches either expression it separates
1. Used to mark positions of special interest,
e.g. the covalently modified residue
2. Defining groups in pattern

Table 4.2: Syntax of regular expression or patterns, as described on the ELM
website.

4.1.4

ELM instances

This concept describes perhaps the most important data in the ELM resource.
A match of one particular ELM sequence model (regular expression or pattern)
to one particular polypeptide that has been verified experimentally, is an ELM
instance. In clear-cut cases we do infer some instances by homology, e.g.
between mouse, rat and human proteins. We are using the Human Proteome
Initiative’s controlled vocabularies in the annotation of experimental evidence
[105]. Soon the ELM user will be notified about verified functional sites within
a query sequence if it is annotated in the ELM database.
The ELM instance data is not just valuable for the user, they are extremely
important for the resource. These data are the only ones we can use to test
our filter and predictions on. Instance data is also a source for contextual
information about functional sites, e.g. secondary structure context.
In retrospect we started slightly late with collecting these, but recently we
have gathered a substantial data set 1 . These data are used intensively in Draft
I and II. A large subset specific for phosphorylation will be shipped to CBS in
Denmark for training kinase specific predictors.

4.1.5

ELM knowledge

Functional sites are short in sequence and structure space. However, they
can only be functional if they are placed in the right molecular and structural
context. Moreover one can use their cellular context to improve the relevance of
1

About 1300 non-redundant instances on ~1500 sequences. Instances exist for ~70 of the
114 functional sites currently catalogued by ELM. Refer to Table 5.5 on page 67.

4.2. Check-list for functional sites
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their predictions, e.g. there is no point in predicting nuclear-specific functional
sites if the user submitted a cytosolic protein sequence. We have two classes
of knowledge attached to functional sites:
Contextual knowledge is referring to the structural or molecular context dependency of a particular functional site, e.g. it has to be in surface-exposed
loops to be functional.
Logical knowledge is for instance the taxonomic range or the set of compartments the site is active in. The difference between the two types of knowledge lies in the way they are used in the resource, logical knowledge is used
for logical filtering of the relevancy of predicted functional sites, whereas the
contextual knowledge is used for improving the predictive power of ELM. Paper I and Draft I discuss these concepts in more detail. The knowledge about
functional sites is annotated from the literature by the ELM annotaters, also
known as siteseers, in a process we call siteseeing, refer to 5.12 on page 66.

4.1.6

Classes of functional sites - ELM identifiers

Chemically speaking all functional sites are ligands. However the focus of
ELM is on biology and we chose molecular biology based definitions to classify
functional sites in five classes, refer to Figure 4.3. Each class is used as part
of what we call ELM identifiers which are simply names for entries in the ELM
resource:
TRG targeting signals
LIG protein ligands
MOD covalent modification sites
CLV proteolytical cleavage sites
ISO non-covalent isomerisation sites
The ISO class is the latest class and is supposed to encompass prolyl cistrans isomerisation sites, e.g in the p53 protein. Examples of ELM identifiers
are LIG_SH3_1, TRG_KDEL, MOD_SUMO and CLV_PCSK_FUR_1 These
are essential for the user as reference points to the resource and can used in
publications etc.

4.2 Check-list for functional sites
The list below is meant as a general guideline to important concepts and rules
for functional sites:
1. They can often be described with peptide models.
2. Their secondary structure preference is coils or loops.
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Figure 4.3: A schematic figure illustrating the different classes of functional
sites currently catalogued by ELM. The ISO class is not shown. Figure by Rein
Aasland.
3. Some have α-helical conformation.
4. Some have β-conformation.
5. Can be maximum one regular secondary structure element long.
6. Low chain stiffness is likely important for the function.
7. Both the backbone and sidechains are used in the recognition and binding in the non α-helical motifs, i.e. lower residue specificity.
8. H-bonds are often used extensively for their binding.
9. Tend to cluster in low-complexity regions.
10. Have specific taxonomic ranges.
11. Are specific for cellular compartments.
Many of these rules are directly reflected in the patterns for the corresponding
ELMs. The backbone sampling during recognition of a particular functional site
is often indicated by a dot in the pattern that simply states that any amino acid
can be accepted in this position. Chain stiffness [129], flexibility, disorder and
coils are all correlated parameters, refer to Chapter 6 for more information on
protein disorder.

4.3. Linear motifs - a structural gallery
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4.3 Linear motifs - a structural gallery
In the author’s view the best way to understand the nature of functional sites is
by looking at the protein structures of the sites. The linear properties become
particular visible in three-dimensional space. There are a few pitfalls, many
structures are solved using a peptide to represent the functional site, however
short peptides are most often unstructured and might not reflect the nature of
the functional site as it is in a full-length polypeptide. It is dangerous to take
a given functional site and use it in a peptide model without good biochemical
supportive evidence for doing so.

4.4 Are linear motifs only found in Eukaryotes?
No, however they are far more frequent in higher Eukaryotes. The LIG_PCNA
shown in Figure 4.5 is also found in bacteria.
Viruses often masquerade cellular functions in order to silently invade a
host cell. The HIV-1 and Ebola virus are using functional sites in their cellular
machinery for budding. The structural Gag proteins of HIV and Ebola display
the PTAP (also know as ‘Late domain’) motif in order to bind to among others,

(a) Bi-partite NLS module.

(b) PTS1 signal.

Figure 4.4: Two TRG class functional sites. (a) Currently Nuclear Localisation Signals are not predicted by ELM. Burkhard Rost’s lab have done a lot of
work on NLS prediction and provide the tool PredictNLS [158] for the detection of this type of module. (b) The peroxisomal targeting signal-1 (PTS1) is a
C-terminal tripeptide that is sufficient to direct proteins into peroxisomes. The
canonical PTS1 sequence is Ser-Lys-Leu-COOH. The humane PEX5 protein
is the receptor for PTS1, it interacts with the signal via a series of tetratricopeptide repeats (TPRs) within its C-terminal half. Figure (a) is from [48].
Figure (b) is from [88].
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(a) PCNA binding site

(b) Clathrin box motif.

Figure 4.5: Two LIG class functional sites. (a) The PCNA (Proliferating Cell
Nuclear Antigen) binding site is found in proteins involved in DNA replication,
repair, methylation and cell cycle control [227]. The PCNA binding site is a
short helical motif that mediates interaction with PCNA which binds proteins to
the DNA replication fork. The alignment shows two LIG_PCNA instances. (b)
Clathrin boxes are motifs found on cargo adaptor proteins. They interact with
the N-terminal beta-propeller structure of Clathrin heavy chain [62, 153, 79].
Figure (a) by Rein Aasland. Figure (b) is from a review by David Owen [165].

4.4. Are linear motifs only found in Eukaryotes?
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(a) A SUMOylation site.

(b) A fucosylation site.

Figure 4.6: Two MOD class functional sites. (a) The RanGAP1 (red) protein
has a functional site for SUMOylation which is recognised by the Ubc9 (blue)
en (SUMO) proteins are mini proteins that are covalently attached to many proteins, especially within the nucleus [152, 77, 32], (PDB:1KPS). (b) Structure
of a legume lectin in complex with the human lactotransferrin N2 fragment and
with an isolated biantennary glycopeptide, shows the role of the fucose moiety [26], (PDB: 1LGB). Lactoferrin is also involved in amyloid formation, see
Chapter 8 for more details. Figure (a) by Pål Puntervoll.
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the Tsg-101 protein which facilitate virus budding in the host cell. The PTAP
motif has been observed as PPXY, PTAP, PSAP, or YXXL patterns [107, 113,
137, 226].
It is likely that PTAP functional sites may be simulating a natural occurring site in the host cell. It is known that PP.Y from Rous sarcoma virus Gag
protein interacts with intracellular WW domains from ubiquitin ligases such as
Nedd4/Rsp5. Since WW is a typical signaling domain the virus is making its
way into the host cell system by mimicking normal signaling motifs [137].

4.5 Low-complexity regions - Hyper ELM clusters
Epsins and Histones both contain long disordered C-terminal tails which are
highly enriched in functional sites, refer to Figure 4.1 on page 22. This is perhaps as a result of them being enriched in low-complexity sequence (sequence
segments biased towards a few residues), whether this is as a result of the linear motifs clustering or these regions evolutionarily attract functional sites is
not known at the moment. However, these regions are functioning as hot spots
for protein regulation and they are often unstructured [190, 235, 110]. Many of
the proline rich functional sites like SH3 and SH2 are very often found clustered
together in regions of low-complexity, e.g. in the Yeast Las-17 protein. As part
of a collaboration with the lab of Rob Russell on linear motif discovery, it became clear that many of the potential novel motifs are also of low-complexity
but not confined to proline enrichment [unpublished results]. Recently this was
found in the case of the CBP, refer to Paper II, homologue p300 [214].

4.6 Conformation of the functional sites
As mentioned previously the linearity of functional sites is an intrinsic and important feature. However, conformation changes are likely to take place during
recognition and binding of the motifs. Classic concepts of ‘induced fit’, ‘lockand-key’ and ‘rigid adaptation’ were created to describe ligand binding by enzymes and receptors [33, 127, 149, 53, 174] and are loosely applied to linear
motifs though this may not be correct in the strict enzymatic sense. Especially
because functional sites often have low binding affinities, typically with K  in
the range of 1-500 µM [179].

4.6.1

Affinity and specificity of ELMs

It can not be written more clearly than these words from Tony Pawson in a
review from early 2004 [170]:
“In signaling networks, there is no optimal affinity for protein-protein
interactions, but rather a wide range of dissociation constants that
are tailored for distinct forms of biological regulation. It is natural
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to assume that tight protein-protein interactions yield a high degree of specificity and are more biologically relevant than interactions with relatively weak affinities. Strong interactions are long
lived, and this can be advantageous, as in the tethering of inactive PKA to an AKAP in readiness for a cAMP signal. However,
such interactions cannot always provide the flexibility that a cell
needs to respond dynamically to changing external conditions or
internal programs. Indeed, protein-protein interactions that are dependent on posttranslational modifications must by definition have
relatively modest affinities since much of the binding energy must
come from the modified residue itself [28]. However, affinities in
the micromolar range do not necessarily mean an absence of specificity. Indeed for both SH2 and SH3 domains, increased affinity
for a particular motif can (somewhat paradoxically) come at the expense of specificity [125, 243]. A resolution to this conundrum may
be that enhanced binding to an optimal sequence may at the same
time interfere with a barrier to recognition of ectopic motifs and thus
decrease specificity.”

4.6.2

Helical - in solution and bound

Most linear motifs do not have regular secondary structure in solution and
bound. Others like LIG_PCNA, LIG_PTS2, LIG_IQ and LIG_NRBOX are helical both bound and unbound. We do not have any examples of motifs with beta
conformation in solution yet, however a few function as ‘beta-addition’ motifs
such as the one described for p53 below. The important point is that probably no linear motif will consist of more than one regular structure element.
Already with two regular secondary structure elements the ELM concepts begin to fall apart because one can have packing and we defined linear motifs
to be independent of structural packing. In solution, any helicity of an ELM
is likely transient and disorder predominate, e.g. the p53 N-terminal region
that contains a LIG_MDM2 site. The LIG_MDM2 is a helical ELM and it show
disorder-to-order transition upon binding, refer to Figure 9.2 on page 143 and
[57].

4.6.3

Beta conformation - bound and unbound?

The p53 protein contains acetylation sites in the C-terminal, refer to Figure 9.2 on page 143. The structure of this MOD class functional site in complex
with the de-acetylase Sir2 was recently solved [15]. As the paper states:
“The nature of the interaction between Sir2-Af2 and an acetylated
p53 peptide indicates that the substrates of Sir2 proteins are likely
to be either unstructured peptides or segments of proteins that can
unfold upon binding to Sir2. The C terminus of p53, corresponding
to the peptide used in the present study, is deacetylated by human
SIRT1 in vivo [220] and has been shown by NMR studies to be
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Figure 4.7: The structure of an acetylated p53 peptide model of a functional
site and the Sir2 de-acetylase. The peptide adopts a beta conformation upon
binding but is unstructured in solution. The unbound functional site as it is
residing in the full length p53 is also unstructured. Figure from [15].
unstructured in solution [188]. Acetylated histone N-terminal tails,
which are substrates for yeast Sir2p, are similarly unstructured in
the context of the nucleosome [147, 146].”
However, the work shows (refer to Figure 4.7) that the bound form of the acetylated peptide is in β-conformation. However, it is unlikely that this peptide is
in β-conformation before binding. This is a beautiful example of disorder/order
transition during binding of a functional site: In the solved structure the p53
peptide is in a β-conformation, but in the structures solved of p53’s C-terminal
part corresponding to the peptide used in Figure 4.7, the motif is unstructured.
This is supported by disorder predictions as seen in Figure 4.8.
In other cases such as the DPF and DPW motifs from Epsin-15 and Epsin,
the binding of the ELM requires formation of a type 1 β-turn and does not lead
to any substantial conformational changes in the recognition protein [30].
Many solved complexes of linear motifs and their recognition modules show
less or no change in conformation of both the receiving domain and the functional site [36, 107] and [240, 239]. Ligand sites such as FHA, 14-3-3 and
PBD seem to bind in a rather extended and unstructured manner [Michael
Yaffe - personal communication]. In many cases functional sites are residing in unstructured segments of the host protein and studies of binding and
cooperativity in such intrinsically disordered proteins have been done extensively [75, 74, 73]. More discussion on order/disorder transitions can be found
in 7.5 on page 115. A conformational study of the RGD ligand site was done
[217].

4.6. Conformation of the functional sites
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Figure 4.8: DisEMBL predictions for the region of p53 that Avalos and coworkers used for their peptide model in [15]. Here is shown a zoomed plot
of the predictions that were done on full length p53. We see that DisEMBL
predicts disorder by all the definitions, refer to Paper III, in the region. We also
see a drop just around 381-383 where the actual linear motif is, one could
interpret this as a slight tendency to be ordered. This is in agreement with
the observation that substrates of Sir2 are disordered in solution, but becomes
ordered upon binding.

4.6.4

Linus Pauling would not be surprised

Functional site recognition and binding is making extensive usage of hydrogen
bonding to the backbone [98, 97]. This has been seen for many functional
sites such as hydroxyproline modification sites [107], phosphorylation sites
[240, 239], PDZ ligands [84] and SH3 ligands [166].
Peptides binding in extended conformation will often have every second
residue pointing towards the solvent, this is the reason why many ELMs have
alternating dots in their pattern. Examples of this are LIG_14-3-3 with the
pattern R[SFYW].S.P and MOD_OGLYCOS which is described as C.S.PC in
ELM. Often not all of the 20 amino acids are allowed in such positions and
they are accordingly excluded in the pattern, as in the case of the Protein
Phosphatase 1 site LIG_PP1 which has the pattern ..[RK].{0,1}[VI][^P][FW]. .
Finally motifs such as the LXXLL motif or LIG_NRBOX do not make use of
such extensive H-bonding.
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4.7 ELM evolution
This topic is very exciting and now that the ELM resource is large it is worth
looking into more carefully, however this will be left for others to do. It is
clear though that because ELMs in general are short they can pop up by point
mutations, although others likely have longer evolutionarily history. Knowledge
about the sequence conservation of ELMs might be useful for detecting them.
Rob Russell contributed some analysis to Draft I on this topic.

4.8 Why ELM?
Three years ago no comprehensive knowledge base and predictive resource
existed for functional sites and linear motifs. The EU funded ELM consortium
was founded in the spring of 2001 with the aim of building such a resource. We
have created a rather large resource and developed several novel techniques
for improving the detection of linear motifs. The next two papers are describing
the prototype resource and some of the design details. Since the author was
involved in almost all parts of the resource development it is impossible to describe all the work that has been done. My major contributions were the design
of the relational database framework and inventing and developing two novel
ab initio protein disorder filter technologies. In the last phase of my PhD I have
begun to apply the ELM resource on proteome scale studies. The next step
is to propose protein function models composed of both globular domains and
linear functional modules. These models can then be used in future studies of
cellular regulatory pathways and systems.

Chapter 5
The Design of ELM
With optimal predictors for linear functional sites, the predictive
power will still be hampered by a high level of false positives. Even
with neural networks it is not possible to get the levels of accuracy known for e.g. domain predictions. The fundamental reason
for this is that they are short and varied in conservation. The only
way to circumvent this is by introducing filters at various levels. This
is how the cell deals with the problem. In this chapter I will discuss some of the design considerations that were done in the early
phase of the ELM project. Three years ago no comprehensive or
integrated resource for prediction of functional sites existed. ELM is
still not comprehensive but it is large and it does provide an integrated resource, i.e. offers predictions of many molecular functions
and provides a knowledge interface as well.

5.1 Conceiving ELM - beyond sequence analysis
Most of the basic ideas in the ELM resource were conceived by Toby Gibson.
Many ideas came to mind by trying to figure out how the cell deals with linear
functional sites. Non-functional (false positives) linear motifs are distributed
widely within any proteome sequence space. How can the cell discriminate
these sites? By compartmentalisation and molecular context. The first is an
intrinsic part of how targeting and sorting signals work. The second can be
understood by structural analysis of proteins.
The cell is presented with a similar level of false positives for linear motifs
as the user is when he/she paste a sequence into the webserver (hopefully the
cell experiences less overprediction). Somehow the cell seems to be able to
discriminate true from false functional sites. There are three principal explanations for this:
Firstly, the cell is compartmentalised, i.e. it consists of several physically
separated compartments. It follows that a protein in one compartment can
contain a functional site that simply does not have the corresponding recognition module within that compartment and therefore the site will be ‘silent’ due
to the lack of potential interaction partners.
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Secondly, and perhaps more complexly, functional sites are dependent on
molecular context, in particular the structural context is crucial for the function.
If a potential phosphorylation site is buried within the globular core of a domain,
it is not possible for a kinase to reach it. The majority of functional sites lack
regular secondary structure and needs to be solvent exposed and accessible.
Thirdly the cell uses complex-mediated protein delivery, for example the
insulin receptor needs to be in a complex with the IRS substrates to phosphorylate them. Depending on the state of the cell, this complex might not form
(as in insulin resistance). IRS phosphorylation leads to new complexes forming, e.g. the binding of P85 Pi-3 kinase by SH2 domains to the phospho-Tyr
sites [114]. Another, related mechanism is that a functional site can sometimes be masked because the host protein is residing in a complex. After the
complex is transported into the right subcompartment it might dissolve into subunits and thereby expose the previously masked ELM for interaction partners
residing in that subcompartment.
Whereas the use of compartmentalisation as a strategy for separating functional networks is intrinsically logical to the way the cell works, the molecular
context is more complex to interpret. Perhaps we will only get a deeper understanding of this by analysing the evolution of functional sites.

5.2 The good, the bad and the .[DE].[VIL]
Neural networks have been used successfully by others, browse http://
www.cbs.dtu.dk [25, 96, 117, 115, 59, 161], however in many cases we do
not have enough data to train networks and the performance gain would thus
be marginal. Linear motifs do not predict well from sequence. An example is
a class of PDZ ligands which have the pattern [DE].V.[IL]. In a non-redundant
SWISS-PROT this pattern matches on average about 10 times per protein,
refer to Figure 5.10. There are primarily two reasons for this: Firstly, they are
very short and co-linear, typically 5-10 consecutive residues. Secondly, they
have varied sequence conservation, i.e. they have weak consensus motifs.
A clear example of the problem is that in some cases an identical sequence
motif is functional in one context but not another, as is the case for many of
the LIG_RGD sites [217]. Another archetypal example of this is the the SH3
ligand instances in the Nef protein shown in Figure 5.1. In the case of LIG_RB,
shown in Figure 7.5 on page 116, there is clearly more information in the sequences of the true positives and the regular expression is not catching all of
it.
There are two potential solutions to this ‘ELM problem’, one is to develop
more sensitive sequence models, however even with near-optimal methods
such as machine learning techniques, linear motifs will continue to overpredict,
as the Nef case illustrates.
Another approach, which is the one used in this work is to collect contextual
information by trawling the scientific literature. This knowledge is then used to
design and test logical and contextual filters that works on top of the predictors.
That is the approach ELM chose.

5.3. elmDB - a relational database
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Figure 5.1: V-1 Nef protein (magenta) in complex with wild type Fyn SH3 (red)
domain (PDB: 1avz) contains two potential SH3 ELMs. Residue numbers are
given as well as the accessibility (acc.) for the highlighted fragments. The
yellow motif is the only one binding to the Fyn partner. The cyan putative ELM
is covered by a loop and has an accessibility of 81% (compared to the 98% of
the true one).

5.3 elmDB - a relational database
A framework was needed for storing and querying the contextual knowledge
gathered for the functional sites in the ELM resource. The natural choice was
a relational database. Relational databases store data according to a modelled structured schema. The language used is usually the Structured Query
Language (SQL)1 [229, 38].
The design of the ELM database, elmDB, was made less trivial by the fact
that it was not clear what sort of data was needed. The early phase of database designing is often an attempt to predict and find examples of data that
is needed for the later software design. This approach often results in a database schema that is rather atomic and data centric. The schema is shown in
Figure 5.6 on page 58 and as an abstract model in Figure 5.5 on page 57. The
complete and ‘zoomed in’ schema can be found on page 155. This is the case
for the elmDB, it is not particularly object oriented, however it does allow for
storage of important contextual knowledge and to some degree it supports filtering. An example of the latter is the taxonomic filtering which is entirely done
by the SQL queries.
1

We use the SQL-92 jargon of the language as it is implemented in the Relational Data
Base Management System (RDBMS) PostgreSQL 7.x .
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5.4 The prototype server
The prototype version of ELM included filtering based on user selected specie
and cellular compartments. We used SMART and Pfam for masking the globular parts of the query sequences. Later on we came to realise that many
sequence models in Pfam are not domains but rather signatures or families.
This is often the case for ‘politically important’ molecules such as the Prion
proteins and p53. Instead of making a domain prediction of such a molecule,
Pfam made near-full length multiple alignments and derived HMMs based on
these, this would typically label a whole sequence as globular in the first version of the ELM filter. We later on compared the predicted Pfam ’domains‘ with
a database of known globular domains in Pfam in order to aoid using signatures for filtering.

5.5 The current version of ELM
We are currently testing, benchmarking and implementing the latest filter
technologies for the ELM resource. Both GlobPlot and DisEMBL (refer to
Chapter 6 on page 73) have been optimised for usage in ELM. We used the
ELM ‘instance data‘ to optimise these methods for globularity masking. This
simply means that we wanted the methods to mask parts of the query sequence that we would exclude in the prediction of ELMs:
>PRIO_HUMAN_LOOPS 17-110, 128-177, 189-200,
manlgcwmlv lfvatwSDLG LCKKRPKPGG WNTGGSRYPG
PQGGGGWGQP HGGGWGQPHG GGWGQPHGGG WGQPHGGGWG
KPSKPKTNMK hmagaaaaga vvgglggYML GSAMSRPIIH
RENMHRYPNQ VYYRPMDEYS NQNNFVHdcv nitikqhtVT
tdvkmmervv eqmcitqyer esqayYQRGS SMVLFSSPPv
ivg

226-239
QGSPGGNRYP
QGGGTHSQWN
FGSDYEDRYY
TTTKGENFTE
illisflifl

This works by parsing the sequence through the DisEMBL or GlobPlot
pipelines. Since these methods are fundamentally two-state, we can label the
segments as ordered (globular, lowercase) or disordered (new search space,
uppercase). In this case we see the coils predictions on the human prion
protein. We use the coils predictor to mask segments that are not coils, i.e.
potential domains. Based on the current set of instances DisEMBL can mask
about 50% of the sequence space and leave ~70% of the instances in nonglobular masked sequence. In the Draft I paper we will include performance
estimates for each ELM of these filters. The false positives (FP) in this data
set can be approximated by all matches to linear motifs that are not annotated
with experimental evidence. This is based on the assumption that in a large
dataset the number of true positives (TP) is much less than the number of false
positives, i.e. TP < < FP.
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5.6 ELM - the future
The next generation ELM resource should be based on a solid statistical framework. It is only now we can do this because only now do we have the filters
and tools needed for detection of functional sites in place.

5.6.1

Plenty of room for improvement

The ELM resource is now up and running. There is, however, plenty of room
for improvement. Integration and creation of ontologies for protein-ELM interactions and ontology based filtering are examples of such enhancements that
can be done to the resource. Development of a multiple alignment filter could
help the predictive power. However, creating and deploying Position Specific
Scoring Matrices (PSSMs) or neural networks would be an essential enhancement of ELM. Even if such methods may only result in a moderate improvement
in predictive power, they are needed in order to establish a statistical framework for benchmarking and optimisation of the resource as a whole. PSSMs
are well suited because of the easy integration with oriented peptide libraries
[241, 163].

5.6.2

Formalising ELM

A framework could be produced where linear modules are predicted by machine learning techniques [18, 161, 173], e.g. neural networks. Moreover,
provided that the annotated data in the elmDB were to be expanded and made
more reliable by using ontologies and controlled vocabularies, e.g. HUPO
and Gene-Ontology, the author anticipates the creation of a next generation
ELM resource, ELM , based on a supervised learning framework, e.g. Hidden
Markov Models (HMM). We already know many of the rules this HMM should
deal with, refer to 4.2. Many of these rules are included in the resource already,
however not as a formal framework which can be trained. Combining such a
framework with domain predictions such as SMART would likely generate a
resource for predicting protein function that would outperform any current resource in predictive power and usefulness. The ProtFun architecture would be
one possible starting point for such a resource, however a substantial amount
of development would have to be directed towards designing the HMM models for describing the molecular and logical contexts of linear motifs. In other
words, the resource would simulate contextual and logical filtering. The author
is not convinced that we have enough data yet to create such a next generation
protein function predictor.

Paper I
This paper demonstrated the prototype of the ELM resource
with limited functionality. The first filters to be developed were
a taxonomy filter and a simple globular domain filter based on
SMART/Pfam. This paper focuses on the prototype server and
does not go in to detail with the underlying framework for the resource.
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Multidomain proteins predominate in eukaryotic proteomes. Individual functions assigned to different sequence segments combine to
create a complex function for the whole protein. While on-line resources
are available for revealing globular domains in sequences, there has
hitherto been no comprehensive collection of small functional sites/ motifs comparable to the globular domain resources, yet these are as important for the function of multidomain proteins. Short linear peptide motifs are used for cell compartment targeting, protein protein interaction,
regulation by phosphorylation, acetylation, glycosylation and a host of
other post-translational modifications. ELM, the Eukaryotic Linear Motif
server at http://elm.eu.org/, is a new bioinformatics resource for investigating candidate short non-globular functional motifs in eukaryotic
proteins, aiming to ll the void in bioinformatics tools. Sequence comparisons with short motifs are difficult to evaluate because the usual significance assessments are inappropriate. Therefore the server is implemented with several logical filters to eliminate false positives. Current
filters are for cell compartment, globular domain clash and taxonomic
range. In favourable cases, the filters can reduce the number of retained
matches by an order of magnitude or more.

Introduction
The first crystal structure of a protein to be solved, myoglobin, revealed a compact globular structure with regular a-helical elements linked by short irregular
loops [124]. Because single domain globular proteins are often, though not
always, easy to crystallise, for a long time they dominated perception of typical protein structure (although fibrous proteins like collagen were of course
well known). Gradually, as protein sequences have accumulated, the monodomain view of protein structure has been replaced by the realisation that most
proteins are multidomain, at least in higher eukaryotes. The current champion in size is the giant muscle protein titin at >38 000 residues encompassing
some 320 autonomously folded domains [19]. Multidomain architectures are
usual for transmembrane receptors, signalling proteins, cytoskeletal proteins,
chromatin proteins, transcription factors and so forth. There are now several
globular protein domain databases accessible on the web, including Pfam [20],
SMART [134], PROSITE [81], INTERPRO [11], PRODOM [51] and BLOCKS
[103]. Using these tools, a user can often get a good overview of the domain architecture of a polypeptide sequence and the functions these domains
are likely to perform. However, there remain protein sequence segments that
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are difficult to analyse productively. For example, there are often large segments of multidomain proteins that are non-globular, intrinsically lacking the
capability to fold into a defined tertiary structure [74, 215, 111]. Sometimes
the function of such regions may be as simple as linkers connecting globular
domains and the sequence of amino acids is not important. The structure of
yeast RNA polymerase II [52] illustrates this point. Very often, however, these
unstructured regions may contain functional sites such as protein interaction
sites, cell compartment targeting signals, post-translational modification sites
or cleavage sites. These sites are usually short and often reveal themselves
in multiple sequence alignments as short patches of conservation, leading to
their definition as short sequence motifs. In addition to occurring outside globular domains, some sites, for example, phosphorylation sites, are often found in
exposed, flexible loops protruding from within globular domains. These short
peptide functional sites are analogous to the linear epitopes of immunology.
Considering the abundance of targeting signals and post-translational modification sites, it is reasonable to assume that there are more functional sites than
globular domains in a higher eukaryotic proteome. The PROSITE database
has collected a number of linear protein motifs, representing them as regular
expression patterns [81]. PROSITE patterns have been very useful, but also
suffer from severe overprediction problems and more recently the database
has emphasised globular domain annotation at the expense of linear motifs.
However, the number of known categories of functional sites has burgeoned
dramatically in the last few years and it is clear that there are more to be
discovered. One only has to think of the huge current research activity into
specific methylation and acetylation of histones and chromatin proteins, which
erupted after decades of more indirect analyses [207, 218]. There has been a
growing gap in the bioinformatics resources available to researchers for dealing with small functional sites. Indeed, it is impossible for a researcher to find
a list of currently known motifs, while going through the literature to retrieve
them is impractical without foreknowledge in more areas than any one person
will have. The Eukaryotic Linear Motif (ELM) consortium has established a
project to provide a hitherto missing bioinformatics resource for linear motifs.
Our aim is to cover the set of functional sites that can be defined by the local
peptide sequence, operating essentially independently of protein tertiary structure. The resource suffers from the overprediction problem inherent to small
protein motifs, but we are developing context filters such as cell compartment,
taxonomy and globular domain clash that can partly reduce the severity of the
problem. In this resource, we use the term ELM to denote our bioinformatical
representation of a functional site including the sequence motif and its context. ELM is an ongoing project but already provides a working server with
>80 motif patterns and access to basic annotation. This manuscript provides
an overview of the current status of the ELM resource and an indication of the
future directions we hope to take.
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ELM resource architecture
At the core of the ELM resource is a PostgreSQL relational database with
69 tables storing data about linear motifs. Much of this complexity is not yet
fully utilised: it anticipates current and future filtering strategies as well as information retrieval by users. The ELM database architecture is beyond the
scope of this manuscript and will be presented elsewhere. All data input is
by hand curation. Annotating each ELM (our jargon: Siteseeing) typically involves extensive literature searches, BLAST runs, multiple alignment of relevant protein families, perusal of SWISS-PROT and other on-line databases
and, where practical, discussion with experimentalists from the field. In order to promote interoperability with other bioinformatics resources we use two
public annotation standards. Gene Ontology (GO) identifiers are used for cell
compartment, molecular function and biological process [14, 106] while the
NCBI taxonomy database identifiers [232] are used for taxonomic nodes at the
apex of phylogenetic groupings in which an ELM occurs. The motif patterns
are currently represented as POSIX regular expressions (usable in the Python
and Perl languages), analogous to PROSITE, but with a different syntax. For
example, the C-terminal peroxisome import signal PTS1 [88] has a consensus
sequence of xSKL or KSxL and, allowing for observed redundancy, can be
represented as (.[SAPTC][KRH][LMFI]$)j([KRH][SAPTC] [NTS][LMFI]$) where
$ is the C-terminus. ELM is primarily developed and deployed with open source
software and is hosted on Debian GNU/Linux and secure FreeBSD/OpenBSD
systems. Software is developed in Python including some modules from the
http://BioPython.org project to retrieve information from SWISS-PROT
and PubMed [232]. The web interface software uses the CGImodel framework
[40]. The server output is HTML.

The ELM server
The public ELM server is at http://elm.eu.org/ and will be mirrored by
consortium partners. The scheme in Figure 5.2 outlines how the server is implemented. Users submit a protein sequence to the server and specify the
species and (if known) one or more relevant subcellular compartments. The
server reports a list of matching motifs that have been filtered to remove implausible matches. Users should be patient as the turn-around time can be a
few minutes while the server accesses several separate resources including
the SMART domain server [134]. Matched motifs are usually not statistically
significant and overprediction will occur despite filtering, hence matches should
not be thought to represent true instances of functional sites (unless experimentally verified). Potentially interesting matches might be useful as guides to
experiment. The filtered output list has links to the unfiltered results should the
user wish to inspect them and also links to retrieve motif annotation from the
ELM database.
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Figure 5.2: Scheme of the ELM server flowthrough using human RASN as
a query. Dashed boxes indicate the four stages from input to result. As the
server is further developed, more filters will be added (light blue) requiring
more query-dependent data to be retrievable (pink parallelograms).

ELM Filters
There is an apparent paradox in sequence motif matching. Pattern methods
find many false (but apparently plausible) sequence matches, yet, somehow,
these are not recognised by their cognate binding/modification proteins. One
obvious reason why a sequence that matches a motif is not a true functional
site is that the motif does not fully and accurately represent the functional site.
Another reason is that the sequence matches occur in an irrelevant context.
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They may match to a sequence from a wrong cellular compartment or from
a species that does not use this functional site. For these cases, it is easy
to develop context filters that remove such false positives. Other reasons are
less amenable for filter development given current knowledge. For example,
tyrosine kinases appear to be non-specific in vitro [25, 128], yet they may have
highly specific substrates in vivo. This suggests that their substrates are delivered through adaptor-mediated complexation. We would need to know a lot
more about such molecular complexes to deploy them as useful filters. Currently we have three filters installed on the ELM server. These filters are not
100% accurate and may exclude true matches on occasion. The interface
provides links to masked matches if the user wishes to retrieve them, but the
top level results have been filtered. This approach should encourage users to
think critically about ELM server results.

Cell compartment filter
Each ELM will be annotated with GO terms for the set of cell compartments
in which it is known to function. For example PTS1 is found on proteins that
are targeted to the peroxisomal lumen whereas the NxS/T N-glycosylation site
applies to proteins transported out of the cell. The user specifies the compartments in which the query protein functions and all matches for ELMs not found
in these compartments will be filtered out.

Globular domain filter
All matches inside globular domains identified with the SMART and Pfam domain databases [134, 20] are subtracted. (About 10% of Pfam entries do not
in fact correspond to globular domains: at the time of manuscript submission
these are part of the filter but we will shortly use flags in Pfam to eliminate
them.) Some functional sites seem never to be found inside globular domains,
for example, PTS1 or the NR box (LXXLL) [100]. However, others, such as
phosphorylation sites are frequently in exposed loops of globular domains.
Given the limited accuracy of the domain filter, users should consult the unfiltered results too. The domain filter currently acts as a screen. In many cases
users will be able to investigate surface accessibility by examination of an available three-dimensional structure or by using a good quality two-dimensional
structure prediction [54, 175] or perhaps by using a homology modelling server
such as SWISS-MODEL or the Meta server [94, 35]. We are working to provide
better domain filtering in the future, for example, by using surface accessibility
in known structures and annotating known instances of intradomain ELMs.

Taxonomic filtering
Some types of functional site are found in all known eukaryotes, e.g. the ER
retention signal KDEL is universal (unless there are any eukaryotes that have

5.7. ELM Server: A New Resource for Investigating Short Functional
Sites in Modular Eukaryotic Proteins

47

secondarily lost the endoplasmic reticulum). But others are restricted to specific eukaryotic taxa. For example, the origin of multicellular animals drove
the development of protein export enhancements especially for intercellular
communication systems, leading to many novel kinds of functional site. Perhaps most strikingly, the large tyrosine kinase multigene family is found only
in Metazoa. Occasionally functional sites may have become secondarily lost
in a lineage. An example is PTS2, a second peroxisomal import signal found
widely in eukaryotes but absent from the Caenorhabditis elegans proteome
[154]. Each ELM is annotated with one or more NCBI taxonomy node identifiers to indicate its known phylogenetic distribution, e.g. the node Metazoa
for SH2-, PTB-binding and other phosphotyrosine sites. The user provides the
query species and all ELMs that are not assigned to its lineage are filtered out.
Figure 5.3 shows the ELM server output using the human RASN sequence
as a query. Of 77 ELM entries, 14 have matches in the sequence, but 13 are
removed by the filters with only the (true) C-terminal prenylation site remaining. This example indicates the potential of logical filters for improving motif
searches.

Applying ELM
There are two primary purposes motivating the ELM project. One aim is to create a comprehensive database of eukaryotic linear motifs: a knowledge base
that is currently missing in biological research. As the resource matures it will
become increasingly valuable for data-mining purposes. The second aim is
to provide a resource to aid in ELM discovery, furthering the understanding of
multidomain proteins. This aim is harder to achieve since the server will provide
many false assignments, although this varies according to the sequence information content of the ELMs. We illustrate this by observing the effects of
the three currently implemented context filters on four different ELMs occurring
in nuclear proteins (Table 5.1). In the case of WRPW, a motif that occurs at or
close to the C-terminus [168], the regular expression alone is highly discriminative; the 54 matches in SWISS-PROT include 33 presumptive true positives.
All these are retained after applying the three filters yet only one presumptive
false positive remains. At the other extreme is SUMO [157], which has nearly
25 000 matches in the human subset of SWISS-PROT, of which 4059 hits remain after filtering. Since this implies that 3 of 4 of the nuclear proteins have on
average 2.5 sumoylations, this ELM is obviously subject to massive overprediction. Until we are able to provide calibration of ELM results, users can evaluate
motif discrimination with the SIRW server (http://sirw.embl.de/), which
allows pattern searching of database subsets selected by keyword such as
nuclear, cytoplasm or Golgi [181]. Our analysis also shows that the current
implementation of the globular domain filter significantly decreases overprediction [for example, by 53% for RBBD [56], see Table 5.1]. As discussed above,
however, some true positives are filtered out since a number of ELMs occur
in globular domains. This is the case for RBBD, where three experimentally
confirmed sites reside in globular domains (see Table 5.1, footnote g). This deficiency will be remedied with improved domain filtering. The predictive power
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10
2784
813
19963
6138
81329
24319

Unknown

Table 5.1: Distribution of selected nuclear ELM matches within SWISS-PROT release 40.41 (121515 sequence entries).
LIG_WRPW: ligand motif for transcriptional cofactors; LIG_RBBD: ligand motif for Rb interacting proteins; LIG_NRBOX: ligand motif for
nuclear receptors; MOD_SUMO: modification motif for sumoylation.
The total number of regular expression matches. One sequence may have more than one hit.
The taxonomy range for each ELM is given along with the number of matches within that taxonomy range. In addition, the corresponding
numbers for Homo sapiens are shown.
Subcellular location was evaluated by the SWISS-PROT comment line ’subcellular location’. Nuclear: comment contains word nuclear or
nucleus. Non-nuclear: comment does not contain words nuclear or nucleus. Unknown: comment line is missing.
Globularity of the human nuclear sequences with ELM predictions was evaluated by the SMART server (including Pfam domains). All ELMs
that are within SMART/Pfam domains were excluded.
All but one of the predicted nuclear LIG_WRPWs are presumptive true positives.
Eleven of 19 experimentally verified instances of LIG_RBBD in human sequences are in this set. Among the missing occurrences are three
which are known to reside in globular domains.
Due to the large number of sequences containing predicted MOD_SUMO, 200 randomly chosen sequences were subjected to the
SMART/Pfam filtering. The obtained ELM number was scaled to reflect the theoretical number of MOD_SUMOs in non-globular regions
of human nuclear sequences. MOD_SUMO is known to be located in globular domains as well as in non-globular regions, and some true
positives are thus likely to have been filtered out by the crude SMART/Pfam filter.
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Figure 5.3: Example of ELM server output using a short sequence, human
RASN, as query. The output provides a table summarising the matches and
the filtering, a list of globular domains revealed by the SMART server (in this
case the RAS domain entry), the list of motif matches that survived filtering (in
this case only the C-terminal prenylation site), and finally the list of matches
excluded by domain filtering. Hyperlinks to the filtered results as well as to
ELM annotation are provided.
of the ELM resource can be enhanced by harnessing it to other data, including experimental results. For example, many protein kinase recognition sites
are among those that severely overpredict. If a protein is known not to be
phosphorylated, kinase sites can all be ignored, whereas if it is known to be
phosphorylated, then the kinase site matches can be targeted for experimental
testing. Mass spectrometry can be a useful tool in revealing post-translational
modifications. ELM can provide synergism with appropriate experiments and
can help in mapping out a research program. In this way, the ELM resource
should become increasingly useful to the research community.

Chapter 5. The Design of ELM

Name
Scansite
NetOGlyc
NetNglyc
PredictNLS
The Sulfinator
NMT
PSORT
TargetP
SignalP
Big-PI Predictor
MITOPROT

Functional sites
Phosphorylation and signaling motifs
Mucin type GalNAc O-glycosylation sites
N-Glycosylation motifs
Nuclear localization signals
Tyrosine sulfation motifs
N-terminal N-myristoylation motifs
Protein sorting signals
Protein sorting signals
Cleavage sites and signal/nonsignal peptide prediction
GPI modification site
Mitochondrial targeting sequences

URL
scansite.mit.edu
www.cbs.dtu.dk/services/NetOGlyc
www.cbs.dtu.dk/services/NetNGlyc
cubic.bioc.columbia.edu/predictNLS
us.expasy.org/tools/sulfinator
mendel.imp.univie.ac.at/myristate/SUPLpredictor.htm
psort.nibb.ac.jp
www.cbs.dtu.dk/services/TargetP
www.cbs.dtu.dk/services/SignalP
mendel.imp.univie.ac.at/gpi/gpi_server.html
www.mips.biochem.mpg.de/cgi-bin/proj/medgen/mitofilter

PMID
11283593
9557871
11258480
12050077
11955008
10829231
10891285
9051728
11287675
8944766
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Table 5.2: Some specialised resources for motif analysis. PMID is the PubMed Identifier for the server publication.
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Other motif resources
ELM is already the largest collection of linear motifs, followed by PROSITE
and Scansite [241]. There are other sites that specialise on one or a few motifs
for which they may provide better prediction quality than ELM and should be
utilised where appropriate. Many functional sites reside in unstructured polypeptide regions and the GlobPlot server (http://globplot.embl.de) is
useful for revealing sequence segments of non-globular character [139], the
inverse of the SMART and Pfam domain servers. Some useful motif servers
are listed in Table 5.2 and the ELM and ExPASy servers list more. Also of
note are protein interaction databases such as BIND [17] and DIP [238]. More
informative protein interaction databases that store known instances of linear
motifs [237] include MINT [242], Phosphobase [128] and ASC [80]. Databases
of instances are not directly useful for prediction but provide valuable datamining resources.

Future directions
The current ELM resource provides basic functionality and there are many
ways in which it can be improved. More comprehensive coverage and better
motif annotation are planned, including known instances, representative alignments and standardised motif nomenclature [1]. In many cases HMM or Profile
methods [189] will provide complementary or more sensitive detection with respect to regular expressions and we plan to provide both. We are working to
improve filtering logic, especially for globular domains, currently the weakest filter. Other filters, including a surface accessibility filter and a segment flexibility
filter, are being developed and will be implemented after successfully passing
the benchmarks. Calibration of prediction quality for each ELM is needed for
users to assess overprediction likelihoods. The ELM server can be improved
with a graphical interface and by performance enhancements that may include
GRID technology. We intend to make ELM available for automated proteome
analysis pipelines. Last, but not least, we hope that the research community
will provide us with useful feedback and help us to improve ELM.
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Summary
An only now comprehensively catalogued large number of functional
sites are found primarily in unstructured parts of proteins. These linear modules encompass ligand sites such as 14-3-3, SH3 and Cyclin
ligands as well as post-translational modification sites and targeting
signals. We have created the largest and most comprehensive computational resource: The Eukaryotic Linear Motif resource, ELM http:
//elm.eu.org, for finding these functional sites. The ELM resource is
knowledge based and stores contextual profiles for linear functional sites
annotated from the scientific literature. Contextual and logical filters are
applied to reduce the overprediction of short linear motifs. We here show
the design details of the ELM resource. This is to our knowledge the first
contextual and logical filtering resource available to the biological community. This is also the first survey of the biological information content
of the ELM resource. We show how the resource currently covers cellular
compartments, taxonomic ranges and biological processes. The process
of annotating the knowledge base is described here in detail. Recently
we have added new and very powerful structural filters to the resource.
The resource now offers filtering based on both ab initio, as well as from
known protein structures. We have collected a large amount of experimentally verified instances of functional sites, these are used to test and
benchmark proteome wide predictions.

Introduction
The Eukaryotic Linear Motif server (http://elm.eu.org/, [179]) is a young
bioinformatics resource for investigating candidate short functional motifs in
eukaryotic proteins. Linear motifs are short (normally 5-10 amino acids) and
therefore difficult to evaluate statistically. Therefore the ELM resource is deploying logical and contextual filters to eliminate false positives, of which the
prediction strategy and framework to support this is described in this paper.
The reason for using filtering is that the sequence matches (potential ELM
instances) occur in an irrelevant context. They may match to a sequence
from a wrong cellular compartment or from a species that does not use this
functional site. As we have seen the structural context is also of great importance for linear motifs to be reachable in order to be functional. It is
possible to develop context filters that remove such false positives. In ELM
we do most of this inside the knowledge database the annotation process
is building. The ELM database is designed to accommodate these types
of filters. Globular structured components are described by resources such
as SMART and Pfam [20, 133], whereas the linear components are much
less catalogued. Important resources for linear components are ELM, Scansite (http://scansite.mit.edu), PROSITE (http://expasy.org) and
CBS (http://www.cbs.dtu.dk). ELM is the largest collection of linear motifs followed by Scansite and PROSITE [163, 241, 200].
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Results & Discussion
5.8.1

ELM Resource architecture

The core of the ELM resource is a relational database, which stores data concerning linear motifs. Figure 5.4 outlines how the ELM server is implemented.
The user submits a protein sequence to the server and will receive a list of
matching ELMs which have been filtered to remove false positives. This list
may naturally still include false negatives and residual false positives. Matched
motifs are usually not statistically significant and overprediction will occur despite filtering, hence matches should be thought to represent potential true instances of functional sites and should be used as guides to experimental determination.

5.8.2

Prediction strategy

We developed contextual and logical filtering strategies. To our knowledge this
is the first time this has been done in a biocomputational resource. This entails
collection of contextual information sets, context profiles, for each functional
site. Examples of contextual information are the taxonomic range, cellular
compartment and structural environment a given functional site is functional
in. The profiles are stored in a knowledge base modelled as a relational database, elmDB, storing data concerning linear motifs. Figure 5.4 outlines how
contextual profiling works in the ELM resource. In order to accommodate the
prediction strategy a structured logical information system was needed. The
best suited system was found to be the Structured Query Language (SQL).
The SQL language allows for logical constraints and queries on structured information. The structured information is, in our case, the context profiles and
the filters can be formulated as queries against the data. Part of the knowledge
gained will go into development of advanced contextual filters such as the ones
dealing with the three-dimensional structure of proteins.

5.8.3

Database schema of elmDB

Figure 5.6 shows the entity-relationship model for the elmDB2 . A simpler version of the schema can be seen in Figure 5.5.The relational database powering
the ELM resource consists of 69 relational tables. The database can store a
large variety of information regarding functional sites, ELM sequence models, ELM instances and contextual information. The full database schema
can be viewed at http://elm.eu.org/elmDB_scheme.pdf. The database was designed after the entity-relationship model and is normalised to
Third-Normal form (3NF) [38]. We have chosen the most powerful and feature
rich open source Relational Database Management System (RDBMS), PostgreSQL (http://www.postgresql.org), for the job of managing the elmDB.
2

Please refer to page 155 for a magnified version.
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Figure 5.4: The information flow in the current version of the ELM resource.
Currently we have three filters installed on the ELM server. These filters are not
completely accurate and will introduce false negatives occasionally although
we try to avoid this as much as possible. In general the approach in ELM is
to predict as few false positives as possible but false negatives are even more
important to avoid.
A software suite for communicating with the database has been developed in
Python, http://www.python.org.

5.9 ELM resource content - a survey
We here show the first resource-wide survey of ELM.

5.9.1

Mapping ELMs onto Gene Ontology

A major advancement in the biosciences was the recent introduction of ontologies for formalising biology. The Gene Ontology (GO) consortium provides
three major ontologies for the description of ‘biological process’, ‘molecular
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Figure 5.5: Simplified diagram of the elmDB.
function’ and ‘cellular components’. In ELM we are currently using the biological process and cellular component ontologies, the molecular function ontology is currently not suited for ELM. We use the biological component ontology
to describe sub cellular compartment relationships for functional sites. The GO
‘biological process’ ontology is used to explain which major functions the host
protein of a given functional site, are involved in. In order to illustrate the relationship between ELMs and annotated GO terms we have done a survey in the
drosophila proteome. This is shown in Figure 5.7. Only some of the major categories of the ontology are shown for simplicity. When a black dot is observed
on a white background, it mostly means that for the given cell compartment,
the annotation of sub cellular localisation of proteins in GOA is based on Interpro which is error prone. In the cases for process these missing correlations
are likely due to the overprediction by the pattern for the specific ELM.

5.9.2

The taxonomic distribution of linear motifs

Functional sites are conserved over species, however they often manifest them
selves differently in sequence space. ELM have specific taxonomic profiles,
e.g. the retention signal for the Endoplasmatic Reticulum TRG_KDEL has different sequences in mammals (KDEL), yeast (HDEL) and fungi (DDEL).
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+url_id: INTEGER {fkey} = 1
+module_file_id: INTEGER {fkey} = 1
+{ukey} = (name,url_id)

+id: SERIAL {pkey}
+type: VARCHAR(128) {ukey}

+id: SERIAL {pkey}
+abstract: TEXT
+short_description: VARCHAR(1024) {ukey}
+log_id: INTEGER {fkey} = 1
+public_name: VARCHAR(256) {ukey}
+expert_email_id: INTEGER {fkey} = 1
+descriptive_title: VARCHAR(128) {ukey}
+status_id: INTEGER {fkey} = 1

Site_URLs

Taxonomy_tree NEW

Flags

Site_files
+file_id: INTEGER {fkey}
+site_id: INTEGER {fkey}
+{pkey} = (file_id,site_id)

Taxonomy_ranks
+id: SERIAL {pkey}
+rank: VARCHAR(64) {ukey}

Search_profiles
+id: SERIAL {pkey}
+profile: VARCHAR(1024) {ukey}
+note_id: INTEGER {fkey} = 1
+search_type_id: INTEGER {fkey} = 1

Protein_taxa
+protein_id: INTEGER {fkey}
+node_id: INTEGER {fkey}
+{pkey} = (protein_id,node_id)

Synonyms

Site_siteseeings

Emails

Households

+id: SERIAL {pkey}
+synonym: VARCHAR(256) {ukey}

+mtime: TIMESTAMP WITH TIME ZONE = (’NOW’)
+creation_date: TIMESTAMP WITH TIME ZONE = (’NOW’)

+site_id: INTEGER {fkey}
+elmer_id: INTEGER {fkey}
+{pkey} = (site_id,elmer_id)

+id: SERIAL {pkey}
+email: VARCHAR(256) {ukey}

Site_synonyms
+site_id: INTEGER {fkey}
+synonym_id: INTEGER {fkey}
+{pkey} = (site_id,synonym_id)

ELMers
Logic

External_links

+id: INTEGER {pkey}
+logic: VARCHAR(256) {ukey}
+value: FLOAT8 = 0

+id: SERIAL {pkey}
+external_id: VARCHAR(128) = ’’
+external_database_id: INTEGER {fkey} = 1
+external_id_type_id: INTEGER {fkey} = 1
+external_value: VARCHAR(1024) = ’’
+{ukey} = (external_id,external_database_id,external_id_type_id)

External_id_types
+id: SERIAL {pkey}
+external_id_type: VARCHAR(256) {ukey}

URLs
+id: SERIAL {pkey}
+note_id: INTEGER {fkey}
+url: VARCHAR(8190)

Notes
+id: SERIAL {pkey}
+note: TEXT

External_link_files
+file_id: INTEGER {fkey}
+external_link_id: INTEGER {fkey}
+{pkey} = (file_id,external_link_id)

Stati
+id: SERIAL {pkey}
+status: VARCHAR(128) {ukey}

Elm_instances
+id: SERIAL {pkey}
+elm_id: INTEGER {fkey} = 1
+sequence_id: INTEGER {fkey} = 1
+logic_id = 1
+startposition: INTEGER = 0
+endposition: INTEGER = 0
+model_id: INTEGER {fkey}
+note_id: INTEGER {fkey} = 1
+{ukey} = (elm_id,sequence_id,startposition,endposition,logic_id,model_id)

Elm_files
+file_id: INTEGER {fkey}
+elm_id: INTEGER {fkey}
+{pkey} = (file_id,elm_id)

Elm_taxonomies
+node_id: INTEGER {fkey}
+elm_id: INTEGER {fkey}
+excluded_node: BOOLEAN = FALSE
+{pkey} = (node_id,elm_id)

Evidence_codes

Elm_models

+id: SERIAL {pkey}
+code: VARCHAR(8) {ukey}
+description: VARCHAR(256) {ukey}

Instance_evidence

+elm_id: INTEGER {fkey}
+model_id: INTEGER {fkey}
+note_id: INTEGER {fkey} = 1
+{pkey} = (elm_id,model_id)
+best_model: BOOLEAN = FALSE

+elm_instance_id: INTEGER {fkey}
+evidence_id: INTEGER {fkey}
+logic_id: INTEGER {fkey}

Elms

Model_types

Workplaces
Articles

Elm_siteseeings
+elm_id: INTEGER {fkey}
+elmer_id: INTEGER {fkey}
+{pkey} = (elm_id,elmer_id)

Article_evidence_codes
+evidence_code_id: INTEGER {fkey}
+article_id: INTEGER {fkey}
+{pkey} = (evidence_code_id,article_id)

+id: SERIAL {pkey}
+flag_id: INTEGER {fkey} = 1
+journal_id: INTEGER {fkey}
+title: VARCHAR(1024)
+abstract: VARCHAR(4096)
+volume: SMALLINT
+issue: VARCHAR(64) = ’’
+pagination: VARCHAR(64)
+PMID: INTEGER {ukey}
+publication_date: VARCHAR(48) = (’TODAY’)
+{ukey} = (title,pagination)

+id: INTEGER {pkey}
+method_id: INTEGER {fkey}
+evidence_class_id: INTEGER {fkey}
+reliability_id: INTEGER {fkey}
+note_id: INTEGER {fkey}

Evidence_classes
+id: SERIAL {pkey}
+class: VARCHAR(128) {ukey}

+id: SERIAL {pkey}
+name: VARCHAR(128)
+department: VARCHAR(128)
+street: VARCHAR(128)
+postalcode: VARCHAR(128) = ’’
+city: VARCHAR(128)
+country: VARCHAR(128)
+state: VARCHAR(128) = ’’
+url_id: INTEGER {fkey} {ukey}
+{ukey} = (name,department)

Article_authors

Evidence_references
+evidence_id: INTEGER {fkey}
+article_id: INTEGER {fkey}
+{pkey} = (evidence_id,article_id)

Evidences

+author_id: INTEGER {fkey}
+article_id: INTEGER {fkey}
+author_rank: SMALLINT = 1
+{pkey} = (author_id,article_id)
+{ukey} = (article_id,author_rank)

External_methods
+id: SERIAL {pkey}
+name: VARCHAR(128)
+method: VARCHAR(128) = ’Neural Network’
+module_file_id: INTEGER {fkey} = 1
+url_id: {fkey} {ukey} = 1
+contact_email_id: INTEGER {fkey} = 1
+display: VARCHAR(1024) = ’Copyright 2002 ELM Consortium’
+note_id: INTEGER {fkey} = 1
+interface_flag_id: INTEGER {fkey} = 1
+{ukey} = (name,url_id)

Journals
+id: SERIAL {pkey}
+name: VARCHAR(512) {ukey}

Authors
+id {pkey}: SERIAL
+name {ukey}: VARCHAR(512) {ukey}

Elm_external_links
+elm_id: INTEGER {fkey}
+external_link_id: INTEGER {fkey}
+logic_id: INTEGER {fkey}
+{pkey} = (elm_id,external_link_id,logic_id)

Copyright (C) 2001-2004 Rune Linding - ELM Consortium - http://elm.eu.org
Evidence_methods
+id: INTEGER {pkey}
+method: VARCHAR(512) {ukey}
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Evidence_external_links
+evidence_id: INTEGER {fkey}
+external_link_id: INTEGER {fkey}
+logic_id: INTEGER {fkey}
+{pkey} = (elm_id,external_link_id)

+evidence_code_id: INTEGER {fkey}
+evidence_id: INTEGER {fkey}
+{pkey} = (evidence_code_id,evidence_id)

Models

+id: INTEGER {pkey}
+type: VARCHAR(64) {ukey}

Article_files
+file_id: INTEGER {fkey}
+article_id: INTEGER {fkey}
+{pkey} = (file_id,article_id)

Evidence_evidence_codes

+id: SERIAL {pkey}
+identifier: VARCHAR(32) {ukey}
+short_description: VARCHAR(256) {ukey}
+functional_site_id: INTEGER {fkey} = 1
+log_id: INTEGER {fkey} = 1

+id: SERIAL {pkey}
+model: TEXT
+name: VARCHAR(128) {ukey}
+model_type_id: INTEGER {fkey}
+sha1_bin: BYTEA {ukey}
+sha1_hex: CHAR(40) {ukey}
+note_id: INTEGER {fkey}

Logic_flags
+flag_id: INTEGER {fkey}
+logic_id: INTEGER {fkey}
+{pkey} = (flag_id,logic_id)

+id: SERIAL {pkey}
+firstname: VARCHAR(64)
+lastname: VARCHAR(64)
+initials: VARCHAR(6) = ’’
+degree: VARCHAR(128) = ’’
+startdate: DATE = ’2001-01-03’
+enddate: DATE = ’TODAY’
+birthday: DATE = ’TODAY’
+gender: CHAR(1)
+email_id: INTEGER {fkey} = 1
+cellphone: VARCHAR(64) = ’’
+workphone: VARCHAR(64)
+homephone: VARCHAR(64) = ’’
+fax: VARCHAR(64)
+workplace_id: INTEGER {fkey} = 1
+{ukey} = (firstname,lastname,initials)
+gender_check = gender IN (’M’,’F’)
+url_id: INTEGER {fkey} = 1
+siteseer: BOOLEAN = TRUE
+login: VARCHAR(128) {ukey} = Firstname+Lastname

Reliabilities
+id: SERIAL {pkey}
+reliability: VARCHAR(128) {ukey}

Figure 5.6: The elmDB represented as an Uniform Modelling Language (UML)
model. It consists of 69 relational tables and is highly normalised. The database is modelled in a descriptive manner and is therefore to a large extent
self-explanatory. The schema can be downloaded at http://elm.eu.org/
elmDB.pdf. The public version of the database does not currently include the
information for recognition modules and interaction partners.
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Protein_complexes
+id: SERIAL {pkey}
+name: VARCHAR(256) {ukey}

Protein_files
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Regulation of transcription
Signal transduction
Response to stress
Cell communication
Cell differentiation
Development
Nucleotide metabolism
Phosphate metabolism
Protein catabolism
Electron transport
Intracellular protein transport
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Endoplasmic reticulum
Integral to membrane
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Extracellular

5.9. ELM resource content - a survey

CLV_NDR_NDR_1
CLV_PCSK_KEX2_1
LIG_14-3-3_1
LIG_14-3-3_2
LIG_AP_GamEar_1
LIG_COP1
LIG_CORNRBOX
LIG_CYCLIN_1
LIG_Clathr_ClatBox_1
LIG_CtBPBD
LIG_Dynein_DLC8_1
LIG_EH1
LIG_FHA_1
LIG_IQ
LIG_MYND
LIG_NRBOX
LIG_PCNA
LIG_PDZ_1
LIG_PDZ_2
LIG_PDZ_3
LIG_PIP2_ANTH_1
LIG_PIP2_ENTH_1
LIG_PP1
LIG_PTB_1
LIG_PTB_2
LIG_RBBD
LIG_RGD
LIG_SH2_1
LIG_SH2_2
LIG_SH2_3
LIG_SH3_1
LIG_SH3_2
LIG_SH3_3
LIG_SH3_4
LIG_SH3_5
LIG_TPR
LIG_TRAF2_1
LIG_TRAF2_2
LIG_WRPW_1
LIG_WRPW_2
LIG_WW_1
LIG_WW_2
LIG_WW_3
LIG_WW_4
MOD_ASX_betaOH_EGF
MOD_CAAXbox
MOD_CDK
MOD_CK1_1
MOD_CK2_1
MOD_Cter_Amidation
MOD_GlcNHglycan
MOD_N-GLC_1
MOD_NMyristoyl
MOD_PKA_1
MOD_PKA_2
MOD_PKB_1
MOD_SUMO
MOD_WntLipid
TRG_EH
TRG_ER_KDEL_1
TRG_ER_diArg_1
TRG_ER_diLys_1
TRG_EVH1_I
TRG_EVH1_II
TRG_Golgi_diPhe_1
TRG_PTS1
TRG_PTS2
TRG_WXXXY/F

Overrepresentation of GO term
among proteins matching ELM
Low

High

GO term annotated for ELM

Figure 5.7: Comparison of GO annotation of ELMs and GO annotation of predicted ELM containing proteins in the D.melanogaster proteome. For each
ELM passing the taxonomic filter, the set of proteins that matches that ELM’s
regular expression was identified. Based on GOA [37], the GO terms significantly overrepresented among the proteins in each set were identified using
a hypergeometric test. For each such associated ELM and GO term, the fold
over-representation of the GO term is colour coded. A black dot in the centre
of a field denotes that the ELM is annotated with the GO term in question.
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(b) compartment
survey

Figure 5.8: The taxonomic and sub cellular localisation surveys. The number
indicates how many ELMs have the given annotation profile.

5.10 Two filter types: contextual and logical
The basic idea being that since we cannot discriminate ELMs based on sequence matching, we can use a knowledge base of contextual information regarding functional sites and ELMs to filter out false positives. This knowledge
base is created/curated manually from the scientific literature. The difference
in logical and contextual filtering is in the level of the context. A filter works by
separating and retaining or excluding in the same way ELM filters work. Currently two logical filters are part of ELM, the taxonomic context filter and the
cellular compartment filter.

5.10. Two filter types: contextual and logical
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5.10.1

Logical filters - a result of compartmentalisation?

5.10.1.1

Taxonomic Filtering

Some types of functional site are found in all eukaryotes, e.g. the ER retention
signal KDEL is universal but others are restricted to specific eukaryotic taxa.
Perhaps most strikingly, the large tyrosine kinase multigene family is found only
in Metazoa. Each ELM is annotated with one or more NCBI taxonomy nodes
to indicate its known phylogenetic distribution. The user provides the query
species and all ELMs that are not assigned to its lineage are filtered out.
5.10.1.2

Cell Compartment Filter

In ELM every linear motif is annotated with GO terms for the set of cell compartments in which it is known to function. For example KDEL is a signal
for retention of the host protein to the Endoplasmatic Reticulum whereas the
SUMO site applies to proteins in the nucleus and the PML body. The user specifies the compartments in which the query protein functions and all matches
for ELMs not found in these compartments will be filtered out. In the future
ELM may support prediction of compartment using LOC3D [159].

5.10.2

Structure based contextual filtering

The structural context of ELMs are likely the most sensitive discriminator of
true and false positives. We have developed several approaches to analyse
the structure or predicted structural environment for a given ELM.
The basis for this is what is known as the ELM instances which is a growing
collection of experimentally verified instances of specific ELMs on specific polypeptides. These data are extremely difficult to mine from the literature and they
are scarce. Another problem is that researchers tend to focus on one particular
functional site and study it in several organisms, even sometimes on the same
proteins. This leads to redundancy in the dataset, which has to be avoided
when one performs benchmarkings. The basic assumption is that since we
know ELM patterns predict enormously, we can assume that in a large data
set such as our SWISSPROT_EU_50% the number of true positives (TP) is
much smaller than the number of (FP), i.e. FP> >TP. We can then assume that
Unfiltered

SMART/Pfam

GlobPlot2

FN/TP rate

Matches

TP

Acc.

Matches

TP

Acc.

Matches

TP

Acc.

0.0-0.1

22256

422

0.019

15569

387

0.025

13064

404

0.031

0.1-0.5

17935

479

0.027

11482

401

0.035

8458

320

0.038

0.5-1.0

567

59

0.104

293

39

0.133

232

10

0.043

0.0-1.0

0.042

0.052

0.056

Table 5.3: Preliminary benchmarks for the SMART/Pfam and GlobPlot2 globularity filters. Acc. is prediction accuracy defined as TP/(TP+FP)
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Figure 5.9: Improvement in prediction accuracy, TP/(TP+FP), by applying
GlobPlot or SMART/Pfam filters. In many cases the accuracy is improved,
however, what is not shown is that the level of false negatives is raised as well.
This is a preliminary figure.
any difference between a set of exclusively TP (elm_instances_50%) and this
dataset should be significant and a signal should be visible.
As shown in Figure 5.9, the prediction accuracy (defined as TP/(TP+FP)
) can be improved if one can accept the introduction of more false negatives.
However, the prediction accuracy of most of the regular expressions is so poor
that the sensitivity is of minor importance. The total results, based on a subset
of the instance data without phosphorylation motifs, are shown in Table 5.3.
The ELMs with FP/FN rate between 0.5-1.0 are: LIG_RB, MOD_N-GLC_2,
TRG_Golgi_diPhe_1, TRG_PML_SV, LIG_PIP2_ANTH_1, MOD_TYR_DYR.
These are preliminary results, however we can see that although some true
positives are lost by the filtering a lot of false positives are removed, corresponding to about 50% reduction in the sequence search space.

5.10. Two filter types: contextual and logical
5.10.2.1

63

Globular Domain Filter - a two track filtering

Globular domains identified with the SMART and Pfam (domain subset) resources are used for filtering out ELMs. There are two tracks in this filter:
• domain filtering
• ELM rescue
The domain filter works by removing all ELMs within the boundaries of
SMART/Pfam domains matching the same sequence as they are false positives. The assumption here is that sites within globular units are not accessible
and therefore not functional, clearly an oversimplification.
This module is an annotation based module that works to reduce false negatives introduced by the SMART/Pfam filter. From the siteseeing we know that
e.g. a Tyrosine phosphorylation site can be found within a Tyrosine Kinase
domain, it follows that this domain type should not exclude MOD_TYR sites.
ELMs can occur inside certain domains e.g. the internal tyrosine phosphorylation sites in the active loops of tyrosine kinase domains, as is described in 1.1.
This later group of ELMs is to a certain extent being ‘rescued’, i.e. for some
ELMs certain SMART/Pfam domains are simply not used for as part of the
domain filter.
Given the limited accuracy of the domain filter the unfiltered results are
provided to the user on the result front page. In many cases users will be able
to investigate surface accessibility by examination of an available 3D structure
or by using a good quality 2D structure prediction [175, 54, 55], or perhaps by
using a homology modelling server such as SWISS-MODEL or the 3D-JURY
meta-server [193, 90]. We are currently developing better domain filters, e.g.
using surface accessibility from known structures to discriminate false from
true positives.
5.10.2.2

Globularity Masking

The globular domain filter is beneficial because it assigns function to the sequence that is used to remove potential false positives, however the intrinsic
weakness of this filter is the coverage of sequence space. Pfam and SMART
still have limited coverage (perhaps less than 50%) of the sequence space and
many globular regions are not picked up by these resources. Another problem
is that these databases are not focusing on locating precise domain boundaries. In order to optimise their sequence models they most often only use the
most conserved parts of the domain alignments. In general they predict domains to be shorter than they really are. Both of these problems are counteracted by ab initio globularity masking. The methods, GlobPlot and DisEMBL,
described in Chapter 6 can both be used for this purpose.
GlobPlot
We have earlier shown that GlobPlot’s RUSSELL /L INDING scale can detect domain boundaries ab initio, i.e. from sequence alone [139]. This module there-
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fore complements the SMART/Pfam filter that only deals with known domains.
In general GlobPlot detects domain boundaries more accurately than Pfam
and SMART [data not shown].
DisEMBL
Protein disorder and unstructured regions are often regions within proteins
where one finds functional sites. We previously developed a method for ab
initio prediction of protein disorder. The method, DisEMBL, provides several
complementary definitions of protein disorder including the novel concept of
hot loops [138]. This filter currently work as a globularity masker like GlobPlot.
5.10.2.3

Structural filter

The ab initio filter is expected to get rid of a great number of false positive hits.
It is known, however, that at least some ELMs are located within structural
domains (e.g. auto phosphorylation sites). In such cases the exclusion of
the motif caused by the globular domain filter should be tuned by using the
known three-dimensional information, whenever this is available. To this end
we envisaged two different strategies. The first to be used in cases when
structural information is available for the analysed ELM; the second when it is
not.
1. For all ELMs of known structure, data about secondary structure and
accessibility are collected in order to build a scoring schema for the predicted ELMs. When the motifs on the user sequence are analysed, a
prediction of the secondary structure and accessibility of each motif is
performed using homology modelling techniques. Based on the comparison between predicted values and data collected from true positive
instances, the filter produces a score. The score is correlated to the degree of conservation of the ELM accessibility and secondary structure
features across diverse true positive protein structures. It is also associated to a reliability value, which relies on the number of non-redundant
3D true positives available.
2. The second strategy considers only the predicted structural data, without
performing a comparison with a benchmark. In this case the score is
correlated to the accessibility and secondary structure information that is
typically associated to linear motifs (e.g. high exposure to the solvent,
high mobility, lack of secondary structure, etc.). We are using BLAST
to identify a match with the query sequence in the ASTRAL collection
of SCOP domains. If a significant match can be found we can analyse
the predicted ELMs position within the structural domain. This module
will compute the accessibility and secondary structure of the predicted
ELM and assign a score according to this. The structural filter will be
discussed further elsewhere [Via et al. 2004].

5.11. ELM entries
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5.11 ELM entries
In elmDB the information is stored in certain layers. The top layer is the functional site, which refers to the set of information describing a molecular function that has been catalogued in ELM. A functional site consists of potentially
several ELMs, or linear motifs, which are the sequence models for a particular molecular function. SH3 ligands is one group of functional sites. In ELM
SH3 ligands are described by five different sequence models or linear motifs:
LIG_SH3_1-5 all slightly different in their consensus sequence motif, refer to
Figure 4.2 on page 23. Contextual information is stored as related to ELMs if it
is sequence specific and to functional sites if it is of a more general nature such
as taxonomic range or subcellular compartment range. Some context profiles
are general for many functional sites, e.g. about 70% of the current ELM instances seem to be in non-globular or disordered regions of proteins. This is a
very important finding because it means that we can exclude a lot of sequence
space when we are trying to predict ELMs. We have developed several tools
that are exploiting this tendency within functional sites.

5.11.1

Molecular function classes - LIG, MOD, TRG, CLV and
ISO

Linear motifs seems to group themselves into certain classes according to their
sequence specificity, although this is primarily based on sequence analysis this
is also known from large scale experimental studies [Gianni 2004, Serrano,
Yaffe]. In ELM we have identified 5 classes of ELMs.
Isomerisation sites are recognised by domains which alter the stereochemical modus of the amino acid, perhaps resulting in an altered structure
and function of the host protein, e.g. the prolyl isomerase PIN1 which recognises phosphorylated Ser/Thr-Pro motifs. Note that the Ser/Thr-Pro motif must
Concept

Definition

Example

a functional site

A set of short linear (sub)sequences

LIG_RB:

that can be related to a molecular function

Rb binding motif

an ELM

The common pattern of a set of linear (sub)sequences

[LI].C.[DE]

that can be related to a molecular function
an ELM instance

An instance of an ELM in a particular polypeptide

RBB1_HUMAN
LVCHE

Table 5.4: Definitions of different concepts used in the ELM resource. Functional sites are, as opposed to e.g. active sites, short and linear in sequence
and structure space. In the ELM resource we describe functional sites as linear motifs. Here the linear motif is shown as a regular expression or pattern
but it could as well have been another type of sequence model e.g. a neural
network or PSSM.
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Figure 5.10: Occurrences of different classes of functional sites in SWISSPROT. Functional sites are as varied and numerous as domains are. On a
proteome level we expect at least 5 sites per protein resulting in about 150k
instances in the human proteome. This indicates the presence of a gigantic
and complex interaction and regulatory system.
first be recognised for phosphorylation by another domain (a kinase) which is
in turn recognized by PIN1.

5.12 ELM annotation - Siteseeing
All data input is by hand curation performed by trained molecular biologists.
Annotating each ELM is called Siteseeing, it includes the processes shown
in Figure 5.11. In order to promote interoperability with other bioinformatics
resources ELM uses three public annotation standards. Gene Ontology (GO)
identifiers are used for cell compartment and biological process [14, 106],
while the NCBI taxonomy database identifiers [232] are used for taxonomic
nodes at the apex of phylogenetic groupings in which an ELM occurs. The
third standard used in ELM is described below.

5.12.1

Instance data - an invaluable resource for biologists

A major task in the annotation of contextual profiles is the collection of known
verified instances of ELMs. These are data sets of experimental evidence for
a particular linear motif residing on a particular polypeptide. These data are
invaluable for the training and benchmarking of filters. Refer to Materials &
Methods for more details on the process of annotating contextual profiles. In

5.12. ELM annotation - Siteseeing
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Figure 5.11: The siteseeing process. The manually annotated ELM resource
makes use of bioinformatics and biology knowledge to collect and analyse a
set of representative peptides bearing a given functional site (the instances).
The analysis, update and evaluation of the dataset typically involves bioinformatics and biology methods as well as hybrid methods merging the two disciplines . At the end of the pipe line, a model to predict the motifs belonging to a
functional class (the ELMs) is built and the frame of rules used for the logical
context filtering of the ELMs are stored. It also provides a tailored abstract and
a list of key references to its user. The flow of the siteseeing process typically involves extensive literature searches, BLAST runs, multiple alignment of
relevant protein families, perusal of SWISS-PROT and other online databases
and, where practical, discussion with experimentalists from the field.
Class
CLV
TRG
MOD
LIG
ISO

ELMs
7
15
30
62
0

Functional sites
3
12
24
38
0

Table 5.5: Overview of the content of current elmDB.

Instances
0
108
1012
845
0
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order to create contextual profiles one needs to understand how we classify
molecular functions within ELM. Annotation of ELM instances are assigned
ontology terms from the Proteomics Standards Initiative Molecular Interaction
ontologies for evidence methods [105]. In the future the ELM resource will
be able to report known instances of ELMs with details regarding which kind
of experiments were performed to show the instance, and with links to the
relevant literature. Refer to Table 5.5 for an overview of current content of
instances.
Other resources that contain instance like data are protein interaction databases such as BIND, MINT and DIP [17, 238, 242] and Phospho.ELM,
http://phospho.elm.eu.org, [Diella et al. Genome Biology 2004, submitted].

5.12.2

Mining for ELMs - creating contextual profiles

Starting from the current knowledge about a functional site (literature, sequence, taxonomy) the siteseer uses a range of methods as diverse as database searches, homology searches, literature/text mining or interactions with
experimentalists to collect an extensive set of sequences containing examples
of the functional site (the instances). This collection is used to extract the
definition of one (or possibly several) ELMs and derive the best method models for predicting the ELMs: regular expression, profile or perhaps in the future a PSSM. The definition of an ELM would not be complete without the
description of its biological context: taxonomic distribution, cellular distribution,
3D structure context. This information builds the unique frame of rules used
for the logical context filtering that allows the reduction of false positives in
the ELM prediction. Siteseeing consists of two complementary processes: a
rather descriptive annotation task to collect information found in the literature
and databases and a representative population of ELM instances. In a more
analytical phase, multiple alignments, elaboration of profiles or regular expressions and homology searches lead to the informatic description of an ELM. The
two aspects are entwined and interdependent since biology and bioinformatics
constantly feed each other during the siteseeing process. The description of
an ELM typically results from hybrid methods: for example literature mining (for
searches and update) and standardisation of annotation by controlled vocabularies combines the use of biological knowledge and bioinformatics tools.

5.12.3

Building sequence models

The motif patterns are currently represented as POSIX regular expressions
(usable in the Python and Perl languages), analogous to PROSITE patterns,
but with a different syntax. For example the FxDxF motif, which is responsible
for the binding of accessory endocytic proteins to the alpha-subunit of adaptor
protein complex AP-2, has a consensus sequence of F-x-D-x-F and is written
as F.D.F . Linear motifs in ELM will, in the future, include motif descriptions
according to the ‘Seefeld convention’ nomenclature for linear motifs [1].

5.12. ELM annotation - Siteseeing
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In the future ELM might incorporate neural networks or other sensitive
search methods, nevertheless linear motifs will continue to overpredict and
require alternative approaches for reducing the levels of false positives.

Using ELM - now and in the future
The public ELM webserver allows the user to retrieve filtered, as well as unfiltered, raw results. This approach should encourage users to think critically
about ELM server results. Figure 5.12 shows the ELM server output using the
human Src sequence as a query. This example indicates the potential of the
filtering approach for improving motif searches. A pipeline interface to ELM
prediction for use in proteome analysis is currently being developed and applied, this pipeline and the results will be made available as soon as possible.
The predictive power of the ELM resource can be enhanced by comparison
to other data, including experimental results. For example, many protein kinase
recognition sites are among those which severely overpredict. If a protein is
known to be phosphorylated then the kinase site matches can be targeted

Figure 5.12: Sample output from the ELM server. The Src oncogene is used
as an example. Light blue bars indicates retained predictions whereas the grey
ones have been filtered out because of clashes with the SMART/Pfam domain
filter.
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for experimental testing. Mass spectrometry can be a useful tool in revealing
post-translational modifications. ELM can provide synergism with appropriate
experiments and can help in mapping out a research program. In this way, the
ELM resource should become increasingly useful to the research community.

Future enhancements
In the future ELM may support prediction of compartments using LOC3D
[159]. We would like to formalise our contextual profiles and try to create
a comprehensive logical framework and simulation system for linear motifs.
However a vector space formal system could be anticipated in the future.
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Chapter 6
Ab initio Prediction of Protein
Disorder
We predict 1 about 70% of the instances of linear functional sites
to be in non-globular regions. The remainder are to a large extent
residing in internal domain loops, exposed to the solvent. In order to narrow the search space for linear functional modules I have
developed two novel and powerful methods for finding unstructured
segments in proteins from sequence alone. Besides being potential
filters these two methods, GlobPlot and DisEMBL, are used intensively by structural genomics’ groups for target optimisation. Both
methods are able to detect Intrinsically Disordered Proteins (IDPs)
which is a group of proteins that receives increasing interest.

6.1 What is protein disorder?
No commonly agreed definition of protein disorder exists. The thermodynamic
definition of disorder in a polypeptide chain is the “random coil” structural state.
The random coil state can best be understood as the structural ensemble
spanned by a given polypeptide in which all degrees of freedom are used
within the conformational space. However, even under extremely denaturing
solvation conditions, such as 8M urea, this theoretical state is not observed in
solvated proteins [126, 167, 213, 203]. Proteins in solution thus always keep a
certain amount of residual structure. This indicates that protein disorder should
rather be considered a highly dynamic and unstructured (with no regular secondary structure) state of the polypeptide. The closest operational definition of
this is perhaps what NMR researchers refer to as the ‘unstructured ensemble’2 .
However, as we will see, data from X-ray crystallography seems to be related
to the same type of disorder that can be found by NMR.
1

Based on GlobPlot and DisEMBL predictions in the ELM instance data.
An unstructured ensemble is the set of solutions to a NMR spectrum sampled on the
unfolded protein in solution.
2
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6.2 What role does protein disorder play in biology?
Protein disorder is interesting for several reasons beyond enhancing the
chances of finding functional sites. Intrinsic disorder is now forcing its way
into the structure-function paradigm of structural biology. The author thinks
that to a certain extent this paradigm will be rewritten over the next few years.
The old dogma of a one-to-one relationship between the sequence, structure
and function of a protein has fallen.

6.2.1

Intrinsically Disordered Proteins (IDPs)

Although under-researched, there is an increasing number of reports of IDPs
(also known as Intrinsically Unstructured Proteins, IUPs). These are proteins
or domains that, in their native state, are either entirely disordered or contain
large disordered regions. More than 180 such proteins are known including
Tau, Prions, Bcl-2, p53, 4E-BP1 and HMG proteins (see Figure 7.4) [215, 219,
143, 131, 13, 57]. As these proteins are not necessarily entirely unstructured
we proposed the IDP abbreviation, to make it clear that these are proteins that
‘contain’ disorder.
Protein disorder is important for understanding protein function as well as
protein folding pathways [171, 221]. Although little is understood about the
cellular and structural meaning of IDPs, they are thought to become ordered
only when bound to another molecule (e.g. CREB-CBP complex [180]) upon
changes in the biochemical environment [71, 69]. This is supported by the
lower cooperativity observed in these chains by NMR, i.e. their folding is more
dependent on other molecules.
Many IDPs and misfolded proteins are involved in major protein diseases
such as Parkinson’s and Alzheimer’s syndromes. This is due to abnormal aggregation patterns of these proteins. In Chapter 8 we will investigate this further.

6.2.2

Target selection

Both the tools, DisEMBL and GlobPlot, which we have developed, are now
being used by several structural genomics initiatives and labs around the world
who are either studying IDPs or trying to optimise their recombinant protein
expression vectors by removing disordered segments.
In the post-genomic era discovery of novel domains and functional sites in
proteins is of growing importance. One focus of structural genomics’ initiatives
is to solve structures for novel domains and thereby increase the coverage of
fold and structure space [29]. During the target selection process in structural
genomics/biology intrinsic protein disorder is important to consider because
disordered regions (at the N- and C- termini or even within domains) often lead
to difficulties in protein expression, purification and crystallisation. This can
for instance be rationalised by the under-representation of these in the PDB.

6.3. Hypothesis vs data driven
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It is therefore essential to be able to predict which regions of a target protein
are potentially disordered/unstructured. This seems to be less true for the IDP
class, i.e. disorder is mainly causing trouble in work with globular proteins,
refer to Paper IV.

6.2.3

Protein function and disorder?

The current view on protein disorder is that it allows for more interaction partners and modification sites [236, 140, 215]. However, we have not been able to
confirm this hypothesis by analysing a large interaction dataset [unpublished
results]. This might be because such datasets are enriched in non-transient
interactions and interactions carried out by disordered proteins are transient.
Perhaps disordered proteins have evolved to provide a simple solution to
having large intermolecular interfaces while allowing for smaller protein, genome and cell sizes [95]. It has been proposed that having several relatively
low affinity linear interaction sites allows for a flexible, subtle regulation as well
as accounting for specificity and cooperative binding effects [79]. In the light
of the modular model described in 1.1 on page 3, one can see how these sites
could be used in a combinatory manner to generate a very large set of potential
interaction environments.
Recently it was proposed that IDPs are ‘junk-proteins’ [144], this hypothesis is not supported by Paper IV. Firstly, we found that the majority of
experimentally verified IDPs are of less than 50% sequence low-complexity.
Secondly, we know that low-complexity is often co-occurring with functional
sites and therefore important for function, refer to 4.5 on page 30. Thirdly, it
has been proposed how repeats might be important for the evolution of this
protein class [216]. I find it ‘interesting’ that the term is now reused since we
now know that ‘junk-DNA’ was also a false concept.

6.3 Hypothesis vs data driven
The lack of a commonly agreed definition of protein disorder is likely to be
due to the fact that it is observed by different experimental techniques. The
work that has been done hitherto, primarily from the Dunker group, has in this
author’s opinion failed to clearly state this [69, 70, 71, 72, 111]. Instead,
their work is an attempt to fit all types of disorder observations into one large
paradigm of protein disorder.
We chose a reductionists approach and set out by defining, based on experimental data, several types of disorder which we thought would be biologically relevant. We then mined data sets for these definitions and trained
predictors for them. The basis for our work was a simple two-state disorderorder description, i.e. we do not have degrees of disorder. This is clearly an
oversimplification, however with the lack of definitions it seems a reasonable
approximation to a potentially much more complicated problem.
Another fundamental difference between our approach and the one of the
Dunker lab is that we have as an absolute requirement that there is no regular
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secondary structure in a polypeptide segment in order for it to be even considered to be disordered. This hypothesis is also the basis for the work done
by David Jones’ and Burkhard Rost’s labs [119, 140].

6.4 Data sources for protein disorder
Protein disorder is observed by a variety of experimental methods, such as
X-ray crystallography, NMR-, Raman-, CD-spectroscopy and hydrodynamic
measurements [205, 71]. In vivo studies of disorder are possible with NMR
spectroscopy on living cells (e.g. anti-sigma factor FlgM [60]). Each one of
these methods detects different aspects of disorder resulting in several operational definitions of protein disorder [see 215, for a review]. Table 6.1 shows
the major data sources for protein disorder.

6.4.1

X-ray data

As seen in Table 6.1 X-ray crystallography provides at least three parameters that can describe intrinsic protein disorder: coils, R EMARK 465 (missing
coordinates) and anisotropic thermofactors (B-factors).
6.4.1.1

Coils

Residues in X-ray structures are annotated as belonging to one of several secondary structure types. These annotations can be extracted from PDB files by
the DSSP algorithm [120]. We considered residues as α-helix (’H’), 310 -helix
(’G’) or β-strand (’E’) as ordered, and all other states (’T’, ’S’, ’B’, ’I’, ’ ’) as coils
(also known as loops). Coils/loops are not necessarily disordered (e.g. turns),
however protein disorder is only found within loops. It follows that one can use
loop assignments as a necessary but not sufficient requirement for disorder; a
disorder predictor entirely based on this definition will thus be promiscuous.
Source
X-ray

Advantages
Very large dataset
Entropic disorder
In vivo/situ data

Disadvantages
Truncated data
Noisy data
Very limited data

CD/Raman

Parameters
B-factors, Coils
R EMARK465
Random-coil chemical shifts
Relaxation, Order vectors
Missing far UV signal

low-tech

Hydrodynamics

Hydrodynamic volume

low-tech

No residue specificity
Loops are not disorder
No residue specificity
Small dataset

NMR

Table 6.1: Data sources for protein disorder.

6.4. Data sources for protein disorder
6.4.1.2
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R EMARK465 - biting its own tail

Missing coordinates (R EMARK 465) in X-Ray structure are defined by ‘REMARK 465’ entries in PDB. Non-assigned electron densities most often reflect
intrinsic disorder and were used early on in disorder prediction [136]. This
type of data is noisy, in particular methionine suffers a bias in the dataset for at
least two reasons:
1. Often the N–terminal methionine is cleaved off .
2. Some structures are solved using selenomethionine derivatives for phasing, which can lead to deletion of the residue in the PDB entry.
A more serious and unsolvable problem is that these data are truncated. Since
protein disorder is often removed during expression and crystallisation of the
protein, the data that goes into PDB is only a subset of the full set. This could
theoretically be counteracted by data mining and comparison of the sequences
in PDB with the ones in SWISS-PROT where the full-length sequence might
be stored, however this is not a trivial task to automate. The situation is similar
to a dog biting its own tail.
6.4.1.3

Anisotropic thermofactors (B-factors)

In crystal structures of proteins, the B-factor reflects the uncertainty in atom
positions in the model and often represents the combined effects of thermal
vibrations and entropic disorder. Several attempts have been made to try to
use B-factors for disorder prediction [31, 222, 85, 70, 244] but there are many
pitfalls in doing so as B-factors can vary greatly within a single structure due to
effects of local packing and structural environment. Recent progress in deriving
propensity scales for residue mobility based on B-factors [201] encouraged us
to use B-factors for defining protein disorder. Our breakthrough was to use
B-factors and coils together in the hot loops definition, see 6.5.1. It should be
noted that we were the first group to use B-factors successfully for disorder
prediction, see Paper III, even if we are not cited in a recent paper in Protein
Science by the Dunker lab on the same topic.

6.4.2

NMR data

NMR offers a fast growing and exciting [57] alternative data source for prediction of structural disorder. One characteristic of the conformations detected
in soluted disordered proteins, is their reduced stability and cooperativity compared to the structure found in globular proteins. This means that these structures are in equilibrium with disordered states or alternative conformations on a
time-scale faster compared to that of the sampling rate in NMR experiments. It
follows that common NMR parameters, such as chemical shifts, coupling constants and NOE (Nuclear Overhause Effect), are averaged over an ensemble
of conformations which are rather different from each other. This renders some
difficulty in directly using these parameters for assessing the time-scale and the
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extent of the motions in IDPs [34, 203, 202]. However other measurements
such as hydrodynamic radii [233] and Hydrogen exchange can be used [34].
NMR relaxation data on disordered proteins can provide insight into both
the structural and dynamic properties of these molecules. Negative values in
15N-1H heteronuclear NOE observed in relaxation experiments indicate protein disorder [46, 223].
Many of these data are deposited in the BioMagResBank (BMRB, http:
//www.bmrb.wisc.edu/). In the future we would like to collaborate with
NMR groups on training new predictors based on this type of data.

6.4.3

Other data types

The Raman, CD, proteolysis and hydrodynamically methods (such as gelfiltration) share an intrinsic weakness, which is the lack of residue specificity.
This is not necessarily a problem in terms of empirical studies, however it does
produce data that is not suited for training predictors. Another problem is that
these data are not available in knowledge bases, one would have to mine them
from the literature. This is also a problem that is attached to small-angle X-ray
scattering (SAXS) data [47].
We simply chose not to use data from these methods for training predictors,
others have chosen to use all data regardless of source [69, 70, 71, 72, 111].

6.5 Old and novel definitions of disorder
Both the coils and R EMARK 465 data were used directly for describing protein
disorder, however this has been done by others so this has limited impact. We
chose to deliver a two-state secondary structure predictor that deals only with
prediction of loop/non-loop. We think this predictor is able to compete with
established secondary structure predictors such as PROFsec or PSI-PRED
[175, 228]. The missing coordinate data based predictors could be marginally
enhanced by cleaning up the data and ignoring e.g. proteolytically removed
methionines from the set. This would require a substantial amount of manual
data manipulation and the performance gain is likely not overwhelming.
Figure 6.1 shows the disorder propensities for each amino acid by the
four definitions of disorder used in our work. A more detailed discussion of
these values can be found in Paper III but in general hydrophobic residues
are promoting order according to all definitions of disorder. Disorder promoting residues include proline, lysine, serine, threonine and methionine. Some
proteins contain short hydrophobic intra-domain linkers, these are highly disordered since they are not solvated properly. However they are not long
enough to force an opening of the domain structures, i.e. it is inherent they
have to be disordered and unhappy. Our predictors cannot pick up these types
of disorder, they would rather be predicted as globular due to their hydrophobicity.

6.5. Old and novel definitions of disorder
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Figure 6.1: Propensities for the amino acids to be disordered according to the
definitions used in DisEMBL and GlobPlot (sorted by hot loop preference). This
scale directly reflects the data sets used for training, however it is only a rough
approximation of what the DisEMBL neural networks are using in predicting
disorder. Error bars correspond to the 25 and 75 percentiles as estimated
by stochastic simulation. The RUSSELL/L INDING scale is an absolute scale.
R EMARK 465 is noisy due to the reasons mentioned in 6.4.1.2.The same bias
is seen in [71, Figure 10].

6.5.1

Hot loops - a novel disorder definition

Hot loops is our novel definition of protein disorder based on X-ray data. Hot
loops constitute a refined subset of the coils set, namely those loops with a
high degree of mobility as determined from Cα temperature factors (B-factors).
It follows that highly dynamic loops should be considered protein disorder. The
idea of hot loops is to a certain extent RASMOL’s fault, we wanted to predict
what was always red and unstructured.
We think that it will prove difficult to create a more precise definition of
disorder based on crystallographic data. An example of hot loop results is
shown in Figure 7.4 on page 114, where we mapped the probabilities onto the
structure of Nonhistone chromosomal protein 6A from Yeast. It is remarkable
that a definition based on X-ray data can predict so well on NMR structures:
arguing that this novel definition of disorder is relevant.

6.5.2

R USSELL/L INDING propensities

The RUSSELL /L INDING propensities are parameters based on the hypothesis
that the tendency for disorder can be expressed as P = RC-SS where RC
and SS is the propensities for a given amino acid to be in ‘random coil’ and
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regular ‘secondary structure’ respectively. This scale was defined during the
development of the GlobPlot predictor described Paper II. This scale is slightly
magical in the sense that it came out as a direct result of subtracting the occurrence frequencies from SCOP, there was not performed any normalisation
of the data.

6.6 Methods for finding protein disorder
There have been several other attempts to predict disorder. Perhaps the earliest are methods finding regions of low-complexity. Although many such regions are structurally disordered, the correlation is far from perfect as regions
of low sequence complexity are not always disordered (and vice versa) [69].
Likely the strongest evidence for this correlation comes from the fact that lowcomplexity regions are rarely seen in protein 3D structures [190, 235, 110].
Methods to predict low complexity, like SEG [235] and CAST [178], are
thus often used for this purpose. Methods using hydrophobicity can also give
hints about disordered regions, as they are typically exposed and rarely hydrophobic.
The first tool designed specifically for prediction of protein disorder was
PONDR (Predictor Of Naturally Disordered Regions, http://www.pondr.
com, [182, 85, 86]). It is based on artificial neural networks. PONDR is however not freely accessible for academia. Refer to [151] for a recent evaluation
of disorder prediction (DisEMBL was published after CASP5).
Regions without regular secondary structure can be predicted by the
NORSp (NOn Regular Structure) server [140], however as the authors point
out such regions are not necessarily disordered. Structures such as the Kringle
domain (PDB: 1krn) are almost entirely without regular secondary structure in
their native state but they still have tertiary structure wherein the basic building
block is coils. These ‘loopy proteins’ are not necessarily IDPs since they can
still form a well defined globular tertiary structure. Prediction of protein tertiary
structure could be an alternative route to disorder prediction, although such
methods are computationally intensive and error-prone. Moreover, such methods are usually designed to predict the structure of globular domains and their
behaviour on other sequences can be unpredictable.
Because PONDR only allows a limited numbers of predictions and because
the basis it was developed on was not clear, we decided to develop our own
methods based on data driven definitions of protein disorder. This is presented
in the following two papers.

Paper II
GlobPlot was the first disorder and domain boundary predictor. It
was in the first instance created to narrow down regions enriched in
functional sites. We defined a new disorder propensity scale named
Russell/Linding. The method has at least once successfully been
used for protein expression vector design. The method is competent at finding domain boundaries as well.

6.7 GlobPlot:
Exploring Protein Sequences for Globularity
and Disorder
Rune Linding  , Robert B. Russell, Victor Neduva & Toby J. Gibson
European Molecular Biology Laboratory
Biocomputing Unit
D-69117 Heidelberg
Germany
 To whom correspondence should be addressed. Phone: +49 6221 387451 Fax: +49 6221 387517 - email: linding@embl.de

A major challenge in the proteomics and structural genomics era is to
predict protein structure and function, including identification of those
proteins that are partially or wholly unstructured. Non-globular sequence
segments often contain short linear peptide motifs (e.g. SH3-binding
sites) which are important for protein function. We present here a new
tool for discovery of such unstructured, or disordered regions within
proteins. GlobPlot (http://globplot.embl.de) is a web service that
allows the user to plot the tendency within the query protein for order/globularity and disorder. We show examples with known proteins
where it successfully identifies inter-domain segments containing linear
motifs, and also apparently ordered regions that do not contain any recognised domain. GlobPlot may be useful in domain hunting efforts. The
81
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plots indicate that instances of known domains may often contain additional N- or C- terminal segments that appear ordered. Thus GlobPlot
may be of use in the design of constructs corresponding to globular
proteins, as needed for many biochemical studies, particularly structural
biology. GlobPlot has a pipeline interface - GlobPipe - for the advanced
user to do whole proteome analysis. GlobPlot can also be used as a
generic infrastructure package for graphical displaying of any possible
propensity.

Introduction

Figure 6.2: GlobPlot predictions for human Bcl-2. The predicted disordered
segments are mapped on the structure in red. The yellow helix kink is falsely
predicted as a disordered segment. The green segment is not predicted by
GlobPlot probably because the algorithm has lower sensitivity in the termini
due to the Savitzky-Golay filter. Blue colour corresponds to the globular domain
of Bcl-2.
In the post-genomic era, discovery of novel domains and functional sites
in proteins is of growing importance. A key part of initiatives like structural
genomics is to optimize target selection by identifying domains and thereby
increase spanning of fold and structure space [29]. In addition, it has recently
been recognised that many functionally important protein segments lie outside
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of globular domains in regions that are intrinsically disordered [236]. Computational tools to help discern domains from intra-domain regions are key to such
efforts. We describe here a graphical tool GlobPlot and a pipeline companion
GlobPipe that do just this: they measure and display the propensity of protein
sequences to be ordered or disordered.
There are many methods e.g. SMART [134], PRODOM [198], Interpro
[156], Pfam [20], PROSITE [200] and ELM [179] (http://elm.eu.org),
available for finding globular domains (e.g. SH3, TyrKc, active sites) and
linear motifs (e.g. SH3 ligands, LXXLL nuclear receptor ligands, Tyrosine
phosphorylation sites, post-translational modification sites) within a protein sequence. These methods typically rely on sequence similarity models, looking
for recurrence of known domains or motifs by such means such as HMMs [76],
pattern discovery (http://www.cs.ucr.edu/~stelo/pattern.html) or
SW-profiles [204]. Although these methods are of great value in annotating
protein sequences, they are limited in their ability to uncover new features not
yet discovered.
A complementary approach to domain or feature discovery is to predict protein structure, though such methods are computationally intensive, error-prone
and are usually designed to predict structure only within globular regions.
In order to predict possible targets for further structural analysis, we present
here a method complementary to structure prediction. We describe a simple,
easy to use, propensity/scale based tool for exploring both potential globular
and disordered/flexible regions in proteins based on their sequence.
Protein disorder can be described as the lack of regular secondary structure
and a high degree of flexibility in the polypeptide chain [236]. Ordered regions
are often termed globular, and typically contain regular secondary structures
packed into a compact globule. However no general definition of disorder exists.
Disordered regions can contain functional sites, predicted as linear motifs
by ELM, and they are of growing interest owing to the increasing number of
reports of intrinsically unstructured/disordered proteins (IUPs). IUPs contain
regions that are partially or completely unfolded/unstructured in the native in
vivo state of the protein. More than 100 IUPs are known [236, 215], including
Tau [194], Prions [143], Bcl-2 (refer to Figure 6.2) and partially p53 [131].
Although little is understood about the cellular and structural meaning of this
state it is thought that it may exist as a molten globule and become ordered
only when bound to another molecule [219, 71]. It is clear however that IUPs
play a central role in biology and in diseases mediated by protein misfolding
and aggregation [69, 70].
Prediction of disorder currently can be performed using SEG [235], which
searches for regions of low sequence complexity. However, low complexity of
the sequence does not imply disorder in all cases. It is also possible to use
methods such as hydrophobicity plots, though this approach is better suited to
identification of segments, such as transmembrane helices rather than finding
long segments of disorder.
PONDR (http://www.pondr.com), [85, 86], is a neural network based
tool for disorder prediction, but it is not freely accessible.
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Prot-Scale (http://us.expasy.org/cgi-bin/protscale.pl) is a
general resource for showing amino acid propensity scales, using a sliding
window algorithm. Prot-Scale does not offer any dedicated disorder predictor.
We discuss here GlobPlot, a tool to identify regions of globularity and disorder within protein sequences. It is a simple approach based on a running
sum of the propensity for amino acids to be in an ordered or disordered state.
We show that, despite its simplicity, this method is able to identify such regions
when compared to domain databases and sets of disordered proteins.

Inside GlobPlot
Propensity sets
At the heart of GlobPlot are propensities P , for all amino acids to be in globular or non-globular states. The GlobPlot package currently contains 7 different
propensity sets, though others could easily be added. There is no standard
definition of disorder, and no large set of universally agreed disordered proteins. Moreover, different parts of proteins are probably ordered under different conditions. We have thus developed a tool that allows parameters from
different definitions of disorder to be applied.
We designed parameters based on the hypothesis that the tendency for disorder can be expressed as P = RC − SS where RC and SS is the propensity
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Figure 6.3: Propensities for disorder/globularity detection.
SELL /L INDING is the default set used by the GlobPlot algorithm.
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URL
http://globplot.embl.de/help.html
http://globplot.embl.de/propensities.html
http://globplot.embl.de/gallery/
http://globplot.embl.de/links.html
Table 6.2: Supplementary online material.

for a given amino acid to be in ‘random coil’ and regular ‘secondary structure’ respectively. The starting point for the propensity scales were parameters for secondary structure and ‘random coil’ described by C HOU and FAS MAN [43, 45, 44] and later introduced as propensities by D ELEAGE and ROUX
[61]. Initially we defined a set solely based on these parameters (shown
as D ELEAGE /R OUX in Figure 6.3). However we found that this scale performed poorly in finding disordered segments. Since the structure database
is now much larger we decided to recalculate propensities for amino acids to
be either in regular secondary structures (α-helices or β-strands) defined by
DSSP [120] or outside of them (‘random coil’, loops, turns etc.). We defined
a non-redundant set of proteins by taking one representative from each superfamily in the SCOP database (version 1.59; http://scop.mrc-lmb.cam.
ac.uk/scop/, [141, 39]). The frequencies RC and SS for each amino acid
were calculated from this dataset. The resulting propensities, named RUS SELL/L INDING are given in Figure 6.3. Combining “random coil” and “secondary structure” in the RUSSELL /L INDING set enhanced the discrimination of the
graphs and is the key factor in the success of this scale being able to detect
both disorder and globular packing. GlobPlot is not intended as a competitor for secondary structure prediction. It cannot give the same level of detail
as one can obtain from a secondary structure prediction based on a multiple
alignment.
We also calculated propensities based on coordinates described as missing
from the protein databank (http://www.pdb.org) [231]. We considered
the same set of representatives, but here we ignored domain definitions (i.e.
we took the whole chain or protein). We then looked for the ‘REMARK 465’
records in the associated PDB files (restricting these to the appropriate chain
when required) for residues not seen either in the electron density or the NMR
structure. We presumed this set to be disordered, and all residues with Cα entries to be ordered. The resulting propensity set named REMARK 465 is
online but still under development. The performance of this scale in predicting
disorder will be evaluated in future work.
We provide a variety of different scales or propensities for the user to explore, the numerical values can be obtained from the link given in Table 6.2.
In addition to the mentioned scales for finding disorder we also have some
classical scales online for hydropathy.
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The algorithm
The basic algorithm behind GlobPlot is simple and very fast:
For each amino acid a, we have defined a propensity P (ai ) ∈R, see Figure
6.3.
Given a protein sequence of length L, we define a sum function Ω as follows:
i−1
X
Ω(ai ) =
Ω(aj ) + ln(i + 1) · P (ai ) for i = 1, . . . , L
j=1

where P (ai ) is the propensity for the ith amino acid and ln the natural logarithm.
We run a digital low-pass filter based on Savitzky-Golay (refer to section
14.8 in [177]) over Ω in order to smooth the curve and get the numerical
estimation of the 1st order derivative. The filtering is performed by an external open source C module (sav_gol) from the TISEAN 2.1 [102] Nonlinear
Time Series Analysis package (http://www.mpipks-dresden.mpg.de/
~tisean/). The resulting smoothed function ΩS is plotted using the DISLIN 8.0 package. DISLIN is distributed as platform specific binaries from
http://www.linmpi.mpg.de/dislin/. The ln(i + 1) term was introduced
in order to balance the plot more evenly between N and C-terminal, doing so
by increasing the weight of the terms as a function of residue number. Putative globular and disorder segments are selected using a simple peak finder
algorithm (referred to as PeakFinder). The peaks are chosen when the 1st
derivative shows positive (disorder) or negative (globular) values over a continuous stretch of the minimum length given by the user as ‘PeakFinder window
length’.
We opted to use a running sum function for three reasons. First, it results
in plots that are easy to interpret, whether by human or algorithm. Second, it is
a simple approach to a very complex problem. Third, there is no dependency
on frame length as is the case for sliding window methods such as SEG or
Prot-Scale.
We expect that one could construct algorithms that avoid the unbalanced
weighting of the residue numbers and work more directly on the propensities;
we plan to incorporate this in later versions.

Testing GlobPlot
Benchmarking methods to predict disorder are hampered by both the lack of a
standard definition of disorder and the lack of a quality dataset. Performance
of a particular set of parameters will clearly depend on the dataset from which
they are derived. The benchmarking of GlobPlot was done using the GlobPipe
script collection and SQL based data mining (we are using PostgreSQL as
relational database). We found that SQL datamining is a very efficient, fast and
flexible way of doing data analysis. We benchmarked GlobPlot by a variety of
approaches:
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• Test of disorder prediction of IUPs
• Comparison to PONDR disorder prediction
• Structural (SMART) context analysis of predicted disordered segments
• Benchmarking prediction of globular segments (GlobDoms) vs SMART
• Benchmarking prediction of disorder using structural B-factors

GlobPlot on IUPs
The operational definition of IUPs is based on X-ray, NMR, CD and a variety of
hydrodynamic volume measurements. Several IUPs are only unstructured under certain equilibrium conditions where the unfolded state is favoured over the
folded/structured state [60]. Formation of Coiled-coil dimerisation provides a
well understood example of such an equilibrium. Induced folding upon binding

SMART domains
ZnF_TAZ 348-433
Pfam:KIX 587-667
BROMO 1084-1194
coiled_coil_region 1547-1576
ZnF_ZZ 1701-1742
ZnF_TAZ 1766-1844
coiled_coil_region 2190-2217

CREB-binding protein (EC 2.3.1.48).

Integrated disorder propensity
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Figure 6.4: GlobPlot of human CREB binding protein (CBP_HUMAN). About
half of the sequence appears to be in a disordered state with long flexible
regions observed at N- and C-terminus. The flexible region just after the KIX
domain might be important for induced binding of the pKID domain of CREB to
CBP [180], [63]. For further discussion of disorder in CBP/CREB see W RIGHT
et al. [236].
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SMART domains
PRP 25-251
Major prion protein 1 precursor (PrP) (Major scrapie-associa
ted fibril protein 1).
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Figure 6.5: GlobPlot of bovine Prion protein (P10279). The flexible N-terminal
segment is easily spotted, refer to [143]. The SMART ‘domain’ is in this case
a protein signature not a descriptor of a globular fold. The plot was created by
using the ‘Create PostScript’ option.
to a target protein is also observed as in the case of the proteins CREB and
CBP [180, 63]. This indicates that IUP assigned protein sets are error-prone
and should be carefully considered on a case by case basis. We selected proteins from a recent review by TOMPA ( [215], Table 1). We applied GlobPlot on
the 20 proteins listed and predicted non-globular segments in all of these proteins. The plots of these proteins can be viewed in the online GlobPlot gallery
(http://globplot.embl.de/gallery/). We found that the CBP protein
more than CREB protein shows significantly disordered regions as shown in
Figure 6.4. In the case of FlgM it has recently been shown to be partially
folded in vivo [60], the N-terminal part is correctly found by GlobPlot to be
disordered. We suggest that Stathmin seems to be disordered because the
interaction partner Tsg-101 is partially disordered. Finally the globplot of the
Bovine Prion protein shows clearly the N-terminal flexible tail found in the NMR
study of this protein, refer to Figure 6.5
GlobPlot vs PONDR A comparison of GlobPlot and the neural network predictor PONDR (http://www.pondr.com), [85, 86] were severely hampered
by the fact that the PONDR server only allows 30 predictions. Therefore we
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Protein

PONDR segment

GlobPlot segment

Comment

PRIO_BOVIN

25-141

22-118, 133-141

Effectively the same.

Q13541 [4E-BP1]

1-43, 62-116

24-49, 63-95, 97-106

Effectively the same.

PRP1_HUMAN

15-331

28-322

Effectively the same.

TN101_HUMAN

145-225

137-220

Effectively the same.

CA19_HUMAN

256-402, 415-759, 777-902

260-471, 474-757, 782-903

Effectively the same.

Q9HBB5 [MUCDHL-FL]

435-664, 730-786, 805-845

454-660 ,695-716, 723-768, 810-836

Effectively the same.

ROG_HUMAN

84-130, 139-205, 348-391

87-200, 203-337, 342-382

Different.

K1CI_HUMAN

344-384, 461-622

8-148, 460-613

Different.

O95060 [AblBP4]

158-368

160-283, 293-307, 317-363, 375-385

Effectively the same.

Table 6.3: For 7 out of 9 of these proteins the regions identified by the two
methods are the same, allowing for minor variations in the start/end of the
disordered region. In the case of K1CI, GlobPlot and PONDR both find regions
at the C-terminus (~460-620), but PONDR finds a short segment between 344384 whereas GlobPlot finds a long segment between 8-148. For ROG, both
methods again find a region at the C-terminus (~345-385) and one in the region
of residues 85-200. However, GlobPlot also predicts the intervening region
(203-337) to be disordered.
could only test qualitatively. In general GlobPlot and PONDR predict about
the same on the disordered proteins we tested. Refer to Table 6.3 for further
details of the comparison.

GlobDoms vs SMART
To determine to what extent GlobPipe can be used for isolation of putative
globular domains (GlobDoms) we benchmarked against the SMART server
(http://smart.embl.de). A data set of 10497 human protein sequences
was created. The following criteria were imposed on the candidate sequences:
1. Subset of Swiss-Prot human proteome that contains SMART hit(s) [I VICA
L ETUNIC, personal communication]
2. Key word filtered for ‘fragments’, ‘putative’ , ‘hypothetical’ and ‘similar to’
3. Non-redundant data (based on EMBL’s nrsp95)
The results of the structural context analysis can be seen in Figure 6.6. In the
10497 proteins SMART predicted 47340 domains, of which 25672 were longer
than 30 residues. Finally 47989 putative globular domains (GlobDoms) were
found by GlobPipe using a PeakFinder search window length of 30. GlobPlot
predicts a substantial fraction of putative domains that are not known to/found
by SMART/Pfam.
The PeakFinder module was modified to find ‘downhill’ areas in the
GlobPlot that were 30+ amino acids. 30 is about the minimum size that SMART
annotation will consider a globular domain (except for disulfide linked minidomains).
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GlobDoms vs SMART domains
Prediction & Discovery

SMART domains
Patched GlobDoms
External GlobDoms

# domains in length range
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30-49
150-199 250-299 400-499 1000-1999
2000+
50-74
100-149 200-249 300-399 500-999
Length in residues

Figure 6.6: Benchmarking of GlobDoms vs SMART domains: We used the
GlobPipe PeakFinder to search for ‘down-hill’ areas (negative 1st order derivative) in the GlobPlot graph. Assuming that such regions (GlobDoms) can be
patched together (and thereby define a single domain) if they overlap with or
are completely embedded in a SMART domain on the same sequence, we establish a recovery of the SMART domains. Patched GlobDoms are predicted
domains co-located with a known SMART domain on the same sequence. The
green ‘Discovery’ bar shows how many GlobDoms are found entirely outside
SMART predictions. From fragments of length 100 and up we observe that the
fraction originating from the overlapped segments results in overprediction.

Disordered segments in SMART context
We also made an attempt to look for the structural context of the disordered
segments GlobPipe predicted in the above dataset. GlobPipe predicted 75152
disordered segments using a 8 residue long frame for the smoothing routine.
We compared all of these segments with the domain architecture of the “host
sequence” as predicted by SMART. We found that most flexible regions fall outside globular domains (refer to Figure 6.7). For short peptides (7-14 residues)
about half are nested within SMART domains, for longer segments much fewer
are nested and more are overlapping. We interpret these data as an indication that GlobPlot does seem to discriminate structural features and context
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Disordered segments
Length & Location

#disordered segments per length range
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Figure 6.7: Structural analysis of disordered segments: For all lengths of segments it is observed that more segments are found in sequence not predicted
to be globular by SMART. However we observe a significant amount of internal
disorder, which in many cases can correspond to a loop, hinge or another type
of flexible insertion in the protein. The amount of overlapping is difficult to interpret, however we have observed that GlobPlot often predicts the domain
boundaries more precisely than SMART does. This is because SMART typically uses only the ‘core’ sequences to define the Hidden Markov Model for a
given domain.
of the disordered segments. Another observation is that most segments are
within this short range, from a functional point of view this makes sense since
we know that most functional flexible/disordered sites are of length 5-10. This
gives a basis for deploying GlobPlot as a discovery/overview tool for annotation
of functional sites.

Benchmarking using B-factors
Structural B-factors (isotropic temperature factors) were chosen because they
are unrelated to the data we used in creating the propensity sets and because
they to a certain degree reflect disorder and flexibility in the polypeptide chain
[169, 225, 244]. However, B-factors vary greatly between structures and are

92

Chapter 6. Ab initio Prediction of Protein Disorder

often influenced by crystal packing and other structural artefacts. In attempt to
avoid these issues only the B-factor for the Cα atom was considered.
We defined a non-redundant set of proteins by taking one representative
from each family in the SCOP database The set was reduced to contain only
X-RAY structures of a resolution higher than 2.2Å. The B factor values were extracted from the PDB entries and the average B-factor and standard deviation
was calculated for each chain. In order to have a stringent set only residues
that had a B-factor 3.5 standard deviations above the average were marked
as disordered. The resulting data were then compared to the predictions of
GlobPlot using the RUSSELL /L INDING propensity set. The 7 most N- and Cterminal residues were ignored due to the lower sensitivity introduced by the
Savitzky-Golay filtering.
At a specificity of 88% we obtained a sensitivity of 28%. Accounting for
the low sensitivity was that 74% of the false negatives were due to high
B-factor helix bundles and domains observed in enzymes (especially ligases,hydrolases and oxidoreductases) [186]. We expect a putative sensitivity
of 59% in this dataset.
A fundamental problem with benchmarking a disorder predictor is that currently no general definition of disorder is agreed on. Furthermore, we here
describe disorder as two states (disorder/order), whereas one should expect it
to be multistate. These issues makes it very difficult to select unbiased datasets for benchmarking.
We will continue the hunt for better datasets and further benchmarking to be
used in disorder studies in future work. We iterate that GlobPlot successfully
identifies the disorder in well characterised proteins like TAU, CBP, Prions and
PRP1_HUMAN.
Name of option
Plot title
Windowlength PeakFinder
Perform SMART prediction
Show dy/dx plot
Show raw plot
Window length for smoothing
Windowlength for derivative
Propensity sets

Effect of option
If a SWISS-PROT acc/entry is entered, an auto generated
title is created. This option allows for an alternative title.
Min. length of cont. disorder the PeakFinder should select.
A domain search using SMART, slows down the plotting.
Shows the smoothed 1st order derivative of the sum function
used by the PeakFinder to find segments of disorder.
Show the raw sum function without digital filtering.
The window length used by the least-square routine in
the Savitzky-Golay filtering.
Length of smoothing window used for 1st derivative.
The user can choose among several propensity sets.

Table 6.4: Non-trivial user options available.
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Using GlobPlot
The GlobPlot software package consist of two parts, both implemented in the
language Python 2.2 (http://www.python.org):
An Internet plotting server - GlobPlot
GlobPlot is a CGI (Common Gateway Interface) based server accessible at
http://globplot.embl.de, for exploring disorder and globular segments
(GlobDoms). The web interface is fairly straight forward to use, the user can
paste a sequence or enter the SWISS-PROT/SWALL accession (e.g. P08630)
or entry code (e.g. BTLK_DROME). The GlobPlot server fetches the sequence and description of the polypeptide from an ExPASy server using Biopython.org software. By default the server will send the sequence to the public SMART queue (http://smart.embl.de, that by default also predicts
Pfam domains) and display any obtained domain predictions as coloured boxes
layered on the graph. The SMART/Pfam prediction substantially increases the
plotting time, but is set to ’on’ by default because it is a very informative feature.
Showing the boundaries of known SMART domains in the sequence is of great
value for navigating as well as analysing the globplot. The SMART predictions
are used solely for graphical viewing, they are not used in the GlobPlot routine
itself.
In order to present a graph that is smoothed for digital noise, we use a
digital low-pass filter based on Savitzky-Golay (least-square fitting). The user
can obtain the non-smoothed curve, as well as change the window length used
by the Savitzky-Golay algorithm, however normally the default settings for the
smoothing are optimal. Further information on the available user options are
described in Table 6.4. In order to give the user the possibility for further data
analysis the numerical data for the plot can be downloaded in tabulated format
from the result page and used in other plotting software such as Grace, OpenOffice.org or Excel. Because GlobPlot is ‘scale stable’ the user can paste in
a specific sub sequence and obtain a zoomed plot. The output file format for
the plot is PNG (Portable Network Graphics), but publication quality plots can
be created using the Postscript option. Residue ranges for found disordered
segments and globular regions (GlobDoms) are shown at the bottom of the
output page.
A pipeline interface - GlobPipe
GlobPipe is a pipeline that can be used for proteome scale analysis. The
pipeline software is not a complete package but rather a set of routines that
performs tasks relevant for SQL driven datamining large amounts of data in a
relational database (PostgreSQL, www.postgresql.org). GlobPipe is still
under development but it should be possible for any user with some programming skills to set up their own pipeline analysis, using these routines. We expect to set up a database of disordered protein sequences based on GlobPipe
predictions.
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The full GlobPlot/GlobPipe package (excluded the DISLIN and TISEAN
modules that both have to be obtained on their respective websites) can be
downloaded as a tarball at http://globplot.embl.de/download.html.
The software is released under the Academic Free License Version 1.2 and
is thereby OSI Certified Open Source Software (http://www.opensource.
org). The software has broad platform coverage and is currently served on a
FreeBSD box.

GlobPlot can be used for...
• Finding regions that create trouble in your crystallisation setups
• Searching for putative new globular domains and functional sites
• Searching for IUPs and intrinsic disorder
• Graphical visualisation of any propensity set that can be constructed for
a polymeric sequence
• Building a database of putative IUPs and domains using GlobPipe
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Paper III
The success of GlobPlot led us to introduce a neural network predictor of protein disorder. To help the field of disorder we wanted to
clearly define several types of protein disorder including the novel
concept of hot loops. This is the first successful use of thermofactors in disorder prediction. The predictor of hot loops are extremely accurate and we show that hot loops correspond to some
degree to disorder observed in NMR experiments.
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A great challenge in the proteomics and structural genomics era
is to predict protein structure and function, including identification of
those proteins that are partially or wholly unstructured. Disordered regions in proteins often contain short linear peptide motifs (e.g. SH3ligands and targeting signals) that are important for protein function.
We present here DisEMBL, a computational tool for prediction of disordered/unstructured regions within a protein sequence. As no clear
definition of disorder exists, we have developed parameters based on
several alternative definitions, and introduced a new one based on the
concept of ‘hot loops’, i.e. coils with high temperature factors. Avoiding
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potentially disordered segments in protein expression constructs can increase expression, foldability and stability of the expressed protein. DisEMBL is thus useful for target selection and the design of constructs as
needed for many biochemical studies, particularly structural biology and
structural genomics projects. The tool is freely available via a web interface (http://dis.embl.de) and can be downloaded for use in large
scale studies.

Introduction
In the post-genomic era, discovery of novel domains and functional sites in
proteins is of growing importance. One focus of structural genomics initiatives
is to solve structures for novel domains and thereby increase the coverage of
fold and structure space [29]. During the target selection process in structural
genomics/biology intrinsic protein disorder is important to consider since disordered regions at the N- and C- termini (or even within domains) often leads to
difficulties in protein expression, purification and crystallisation. It is therefore
essential to be able to predict which regions of a target protein are potentially
disordered/unstructured. Computational tools to help discern ordered globular
domains from disordered regions are key to such efforts.
It is becoming increasingly clear that many functionally important protein
segments occur outside of globular domains [236, 69]. Protein structure and
function space is partitioned in two sub spaces. The first consist of globular units with binding pockets, active sites and interaction surfaces. The
second sub space contains non-globular segments such as sorting signals,
post-translational modification sites and protein ligands (e.g. SH3 ligands).
Globular units are built of regular secondary structure elements and contribute the majority of the structural data deposited in PDB. In contrast, the nonglobular sub space encompasses disordered, unstructured and flexible regions
without regular secondary structure. Functional sites within the non-globular
space are known as linear motifs (catalogued by ELM, http://elm.eu.org)
[179].
There are also many recent reports of Intrinsically Disordered Proteins
(IDPs, also known as Intrinsically Unstructured Proteins). These are proteins
or domains that, in their native state, are either completely disordered or contain large disordered regions. More than 100 such proteins are known including
Tau, Prions, Bcl-2, p53, 4E-BP1 and eIF1A (see Figure 6.11) [215, 219].
Protein disorder is important for understanding protein function as well as
protein folding pathways [171, 221]. Although little is understood about the
cellular and structural meaning of IDPs, they are thought to become ordered
only when bound to another molecule (e.g. CREB-CBP complex [180]) or
owing to changes in the biochemical environment [71, 69, 219].
The current view on disorder is that disordered proteins are disordered to
allow for more interaction partners and modification sites [236, 140, 215]. It has
also been suggested that disordered proteins exist to provide a simple solution
to having large intermolecular interfaces while keeping smaller protein, gen-
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ome and cell sizes [95]. It has been noted that having several relatively low
affinity linear interaction sites allows for a flexible, subtle regulation as well as
account for specificity with fewer linear motifs types [79]. It has also been
demonstrated that protein disorder plays a central role in biology and in diseases mediated by protein misfolding and aggregation [194, 123, 21].
No commonly agreed definition of protein disorder exists. The thermodynamic definition of disorder in a polypeptide chain is the “random coil” structural state. The random coil state can best be understood as the structural
ensemble spanned by a given polypeptide in which all degrees of freedom
are used within the conformational space. However, even under extremely
denaturing solvation conditions, such as 8M urea, this theoretical state is not
observed in solvated proteins [199, 3, 126]. Proteins in solution thus seem to
always keep a certain amount of residual structure.
Protein disorder is only indirectly observed by a variety of experimental
methods, such as X–ray crystallography, NMR–, Raman–, CD–spectroscopy
and hydrodynamic measurements [205, 71]. In vivo studies of disorder are
possible with NMR spectroscopy on living cells (e.g. anti–sigma factor FlgM
[60]). Each one of these methods detects different aspects of disorder resulting
in several operational definitions of protein disorder [see 215, for a review].
There have been several previous attempts to predict disorder. Perhaps
the earliest are methods finding regions of low-complexity. Although many
such regions are structurally disordered, the correlation is far from perfect as
regions of low sequence complexity are not always disordered (and vice versa)
[69]. Likely the strongest evidence for this correlation comes from the fact
that low-complexity regions are rarely seen in protein 3D structures [190].
Methods to predict low complexity, like SEG [235] and CAST [178], are thus
often used for this purpose. Methods using hydrophobicity can also give hints
as to disordered regions, as they are typically exposed and rarely hydrophobic.
The first tool designed specifically for prediction of protein disorder was
PONDR (Predictor Of Naturally Disordered Regions, http://www.pondr.
com) [182, 85, 86]. It is based on artificial neural networks. An alternative
method is GlobPlot (http://globplot.embl.de) that instead relies on a
novel propensity based disorder prediction algorithm [139].
Regions without regular secondary structure can be predicted by the
NORSp (NOn Regular Structure) server [140], however as the authors admit
such regions are not necessarily disordered. Structures such as the Kringle
domain (PDB: 1krn) are almost entirely without regular secondary structure in
their native state but they still have tertiary structure wherein the basic building
block is coils. These “loopy proteins” are not necessarily IDPs since they can
still form a well defined globular tertiary structure.
Prediction of protein tertiary structure could be an alternative route to
disorder prediction, though such methods are computationally intensive and
error–prone. Moreover such methods are usually designed to predict the structure of globular domains, meaning that their behaviour on other sequences can
be unpredictable.
Here we present DisEMBL a method based on artificial neural networks
trained for predicting several definitions of disorder. It predicts and displays
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the probability of disordered segments within a protein sequence. DisEMBL
furthermore provide a pipeline interface for bulk predictions, essential for large
scale structural genomics.

Results & Discussion
Our definitions of disorder
As no single definition of disorder exists, we will describe in detail what we
define as disordered regions. We describe protein disorder as two-state models where each residue is either ordered or disordered. For this purpose we
used three different criteria for assigning disorder:
• Loops/coils as defined by DSSP [120]. Residues are assigned as belonging to one of several secondary structure types. For this definition
we considered residues as α–helix (’H’), 310 –helix (’G’) or β–strand (’E’)
as ordered, and all other states (’T’, ’S’, ’B’, ’I’, ’ ’) as loops (also known
as coils). Loops/coils are not necessarily disordered, however protein
disorder is only found within loops. It follows that one can use loop assignments as a necessary but not sufficient requirement for disorder; a
disorder predictor entirely based on this definition will thus be promiscuous.
• Hot loops constitute a refined subset of the above, namely those loops
with a high degree of mobility as determined from Cα temperature factors
(B-factors). It follows that highly dynamic loops should be considered
protein disorder. Several attempts have been made to try to use B-factors
for disorder prediction [31, 222, 85, 70, 244] but there are many pitfalls
in doing so as B-factors can vary greatly within a single structure due to
effects of local packing and structural environment. Recent progress in
deriving propensity scales for residue mobility based on B-factors [201],
encouraged us to use B-factors for defining protein disorder.
• Missing coordinates in X-Ray structure as defined by REMARK 465
entries in PDB. Non assigned electron densities most often reflect intrinsic disorder, and have been used early on in disorder prediction [136].
A fundamental problem with X-ray data, is that it is limited to what is found
in the PDB. Many structures are solved on truncated polypeptides, explicitly
because the parts that are cut off are disordered or highly flexible, meaning that
the data set itself is truncated. Some of these regions could be recovered by
combining PDB with sequence databases, however this cannot be performed
in an automated fashion.

Performance evaluation
For each of the three definitions of disorder described above, a data set was
constructed and partitioned into five cross validation sets. We trained an en-
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Figure 6.8: Sensitivity and rate of false positives for the various DisEMBL
neural networks. The receiver output characteristic (ROC) curves were constructed from cross validation test set performances. Performances are reported on a per residue basis. Since the data sets were homology reduced based
on SCOP, the performances shown correspond to what can be expected for
novel protein sequences.
semble of five artificial neural networks on each the three data sets. Figure
6.8 shows the expected performance for these three predictors on novel sequences as estimated by cross validation. As can be seen, we are able to
predict a large fraction of the missing coordinate residues with a very low error
rate.
The coils networks predict regions without regular secondary structure: it
is a two state secondary structure prediction method. This neural network
ensemble is capable of identifying approximately half of the negative examples,
while discarding essentially no positive examples (see Figure 6.8). Therefore
this predictor is perhaps better thought of as a filter to remove false positive
predictions made by the other networks.
Separate networks were trained for predicting which of the loops have high
B-factors (‘hot loops’). The performance of these networks are shown in Figure 6.8. Hot loops are predicted using these two network ensembles collectively. The overall performance of this composite predictor can be estimated
from the individual performances of these ensembles as follows. Choosing a
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Figure 6.9: Comparison with PONDR. We tested the performance of our
networks the data sets from Dunker et al. (http://disorder.chem.
wsu.edu/PONDR/PONDR.htm). Only the performance points for the various
PONDR predictors reported at the web site are shown, as we do not have access to the raw PONDR predictions. Relative to these points, the REMARK 465
predictor of DisEMBL performs marginally better than PONDR.
cutoff of 80% sensitivity for each ensemble corresponds to a sensitivity of 64%
(80%*80%) for the composite predictor. At these cutoffs the rate of false positives are 6.9% and 19% respectively, corresponding to 1.3% then combined. It
follows that hot loops are very predictable. In contrast, the missing coordinates
predictor has a higher (16%) rate of false positives at the same sensitivity. A
possible explanation for this is that REMARK 465 can be assigned to a residue
for several reasons, disorder being only one of these.
We compared DisEMBL to PONDR, refer to Figure 6.9. The comparison
to PONDR was severely hampered by the fact that access to raw PONDR
predictions is restricted. Therefore we can currently only compare to the performance points stated on the official website of PONDR’s developers. Since
the VL-XT predictor is smoothing its predictions by a running average of 9
residues, we also applied this smoothing to our predictions. Relative to these
points our predictor perform marginally better in predicting the same type of
disorder. We only use smoothing in this comparison as the performance gain
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is a consequence of the design of this particular data set. Smoothing does not
improve performance on our own data sets.

Complementarity of predictors
In order to investigate the relationships between the different disorder definitions we determined how correlated our predictors are. This was done by
calculating the linear Pearson correlation coefficients for the predictions by the
three predictors on a data set consisting of one sequence from each protein
family in SCOP version 1.61. The correlation between hot loops and coils is
trivial since the data set used for training the hot loop predictor is a sub set
of the one used for the coils network. The predictions of missing coordinates
and coils are only weakly related (CC = 0.231), while the hot loops predictions
show a stronger correlation to the R EMARK 465 networks (CC = 0.455).
Since we initially assumed that missing coordinates directly reflects protein
disorder the correlation with the hot loops predictions support this alternative
definition of disorder, it also shows that the definitions are complementary not
redundant.
The relationship between the different predictors can also be seen in Figure
6.10. The figure shows the per residue counts in the different data sets. In general hydrophobic residues are promoting order according to all three definitions
of disorder. Disorder promoting residues include proline, lysine, serine, threonine and methionine. For lysine it can be seen that even though this residue is
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Figure 6.10: Propensities for the amino acids to be disordered according to the
three definitions used in this work (sorted by hot loop preference). This scale
is directly reflecting what was in the data sets used for training, however it is
only a first approximation of what the neural networks are using in predicting
disorder. The coils scale is similar to the RUSSELL /L INDING propensity scale
described in [139]. Error bars correspond to the 25 and 75 percentiles as
estimated by stochastic simulation.
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not observed much in coils it is found primarily in hot loops, the opposite is the
case for proline. Methionine suffers a bias in the R EMARK 465 dataset for at
least two reasons: 1) often the N–terminal methionine is cleaved off 2) some
structures are solved using selenomethionine derivatives for phasing, which
can lead to deletion of the residue in the PDB entry. The same bias is seen in
[71, Figure 10].

Comparing predictions and experiments
As mentioned NMR and CD data can provide insight on protein disorder. Since
such data were not used during training, they provide good examples for validating our predictors. NMR parameters such as order vectors, chemical shifts
within the ‘random coil window’ and disordered residues as assigned by the
authors, will likely provide the best data sets for training disorder predictors in
the future. Chemical shifts are already being used for prediction of secondary
structure and coils, e.g. in TALOS [50]. Unfortunately, NMR data are rather

Figure 6.11: DisEMBL hot loop predictions mapped on the NMR mean structure of human translation initiation factor eIF1A (PDB: 1D7Q, SWISS–PROT:
P47813). The predicted probabilities were with a colour scale going from blue
to red, where red corresponds to the most likely disordered regions and blue to
ordered regions. Both the manually assigned disordered regions score higher
than the globular domain, in particular the N-terminal one [22].
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scarce and only cover a subset of structure space, which is why we have not
used such data for training predictors. However, it is interesting to notice that
our predictions of disordered regions seem to agree with disorder determined
by NMR. An example of this is Figure 6.11, which shows predictions of hot
loops mapped on the NMR structure of human translation factor eIF1A.
Missing signals in the far UV of CD spectra indicate the absence of regular
secondary structure. A fundamental problem in using CD data for assigning
disorder is that the lack of regular secondary structure does not imply that the
protein is disordered, merely that it is a ‘loopy protein’. Another disadvantage
of CD data is that they do not provide information on which residues are disordered. The same limitations apply to hydrodynamic measurements. We have
therefore not used CD or hydrodynamic data in the training of our predictors.
However, the lack of residue specific information allows us to make predictions of disordered segments within proteins shown to contain such segments
by CD. A number of examples previously described in the literature as being
disordered were analysed with DisEMBL (Table 6.5). In all of these cases, we
predict either all or large parts of the protein to be disordered. In the case of
histone H1.2 the predictions are in agreement with what is known from experimental studies of the homologue histone H5 and other linker histones [16].
CREB is another that has been intensively studied, we correctly predict the
unstructured pKID domain (approx. residues 113-154) [180, 236, 63].

Using DisEMBL
The DisEMBL prediction method is publicly accessible as a web server at
http://dis.embl.de for predicting disorder in proteins. Although the
GlobPlot server at http://globplot.embl.de can also be used for predicting protein disorder, the two methods complement each other as they approach disorder prediction differently. GlobPlot is less accurate than DisEMBL
in coils prediction, however it was designed as a visual inspection tool for findProtein [acc number]
Histone H1.2 [P15865]
Samatolliberin(GHRH) [P42692]
Protamine [P15340]
CREB [P15337]
30S Ribosomal Protein [P02379]
Prothymosin alpha [P01252]
cAMP-dependent PKI [P04541]
Hirudin [P01050]

DisEMBL hot loops
segments
1-39 110-218
1-4 28-45
1-61 (full length)
1-10 100-170 330-341
1-70 (full length)
1-109 (full length)
1-20 26-34 50-75
1-13 42-65

Protein
length
218
45
61
341
70
109
75
65

Table 6.5: Hot loops predictions on proteins that are reported to be IDPs according to CD data [215, 219, 71].
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Figure 6.12: Sample output from the DisEMBL web server, showing predictions for Histone H1.2 [P15865]. The green curve is the predictions for missing
coordinates, red for the hot loop network and blue for coil. The horizontal lines
correspond to the random expectation level for each predictor; for coils and hot
loops the prior probabilities were used, while a neural network score of 0.5 is
used for REMARK 465. From this plot it is seen that the predictors agree on
residues 1–39 and 110–218 as being disordered.
ing both domain boundaries, repeats and unstructured regions. Furthermore,
the GlobPlot algorithm is very simple and intuitive, which might appeal to some
users.
The web interface is fairly straight forward to use, the user can paste a sequence or enter the SWISS-PROT/SWALL accession (e.g.. P08630) or entry
code (e.g. PRIO_HUMAN). The DisEMBL server fetches the sequence and
description of the polypeptide from an ExPASy server using Biopython.org software. The probability of disorder is shown graphically, as illustrated at Figure
6.12. The random expectation levels for the different predictors are shown on
the graph as horizontal lines but should only be considered an absolute minima.
The user will normally not have to change the default parameters, but on
line documentation of the different settings are provided at http://dis.
embl.de/help.html. If the query protein sequence is very long, >1000
residues, the user can download the predictions and use a local graph/plotting
tool such as Grace or OpenOffice.org to plot and zoom the data.
Having identified the potential disordered regions, the user should now have
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a good basis for setting up expression vectors and/or comparing the data with
obtained structural data. It is currently impossible to say which of the definitions
of disorder is most appropriate for design of protein expression vectors. We
thus strongly encourage feedback on successes and failures in using DisEMBL
for expression and structural analysis of proteins.
The web server only allows predictions on one sequence at a time, if
bulk predictions are needed we supply DisEMBL as a pipeline software package. The pipeline consists of the same three neural networks implemented as one ANSI C code module, which reads sequence from STDIN and
writes predictions to STDOUT. The pipeline interface is intended for the structural genomics initiatives. The pipeline can analyse in the order of 1 million
residues/min on a 1GHz x86 PC. This allows for very large scale predictions,
e.g. as part of a structure space scanning. DisEMBL is released as OSI
(http://www.opensource.org) certified opensource software and can be
downloaded from http://dis.embl.de/download.html.

Conclusion
We have presented a method to predict disordered regions within protein sequences. Our method profits from predicting protein disorder according to multiple definitions, including the new concept of ‘hot loops’. Furthermore, the
method is highly accurate, predicting more than 60% of hot loops with less
than 2% false positives. We anticipate that DisEMBL will be of great use to
experimental biologists wishing to optimise constructs for expression and crystallisation, or who wish to identify features within a studied protein sequence.
We expect further progress to come from a deeper understanding of disordered
proteins, which will lead to more systematic definitions of the phenomenon.

Materials and Methods
The coils data set was constructed based on DSSP [120] secondary structure
assignments as described in Linding et al. [139]. This data set only contains
one chain from each SCOP superfamily according to SCOP 1.59. Two different
versions of this data set were used for training neural networks. One version
simply consists of the ‘raw’ labelling of residues as described above, while
the other version is filtered to only include regions of at least 7 consecutive
residues with the same labelling. The latter version of the data set consists of
1238 sequences with 132395 labelled residues, 75424 of which are labelled
as coil.
A second data set was constructed for discriminating between ordered and
disordered loops. Loops were identified in a similar manner as in coil data
set, only the Continuous DSSP [6] rather than DSSP was used for secondary
structure assignment and SCOP 1.61 was used for reducing the data set to one
chain per family. As B-factors from different chains are not directly comparable,
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B-factors from regions of regular secondary structure were used for normalisation by establishing chain specific cutoffs for discriminating between ordered
and disordered regions. Subsequently, all loop regions with B-factors below the
median for secondary structure elements were labelled as ordered loops, while
only those above the 90% fractile were considered to be disordered loops. This
results in 1412 sequences containing only 795 residues labelled as being disordered.
Finally, a data set was constructed for the prediction of missing coordinates
(R EMARK 465). Like the B-factor data set, this set was reduced to include only
one chain from each protein family in to SCOP version 1.61 a total of 1547
sequences.
To form separate test and training sets, each of these data sets were split
into five cross-validation partitions. As the data sets have already been reduced to at most one sequence per SCOP family, sequence similarity within
the data set does not present a problem. Note that the use of single representatives from SCOP families ensures that no sequence detectable homologues
are in the data set. Cross-validation performance estimates are thus independent of how the data sets are partitioned. To ensure that the partitions were
balanced in the sense that each contains roughly the same number of disordered residues, the sequences were first sorted according to their number of
disordered residues and then assigned to the five cross–validation partitions in
a round-robin scheme.

Neural network training
Artificial neural networks were trained on symmetric sequence windows
centered at the position to be predicted. All neural networks were trained with
a learning rate of 0.005. The size of these windows was systematically varied
from 3 to 51 residues. For each window size the number of hidden units was
varied in the range 5-50. The performance of every such combination was
evaluated by five fold cross validation and best parameter combinations were
selected based on ROC curves.
The best cross-validation performance for the coil data set was obtained
using the filtered version where only consistently labelled regions of at least
7 residues were considered. The optimal network architecture was a window
size of 19 residues and 30 hidden units. Other networks with good performance all had similar network architectures and gave very similar predictions.
No significant improvement in performance could thus be obtained by forming
a larger ensemble of networks.
Separate networks were trained for the task of discriminating between
ordered and disordered hot loops. Possibly because of the small number of
positive examples, networks with many hidden neurons performed no better
than those with few. This was especially true when using large window sizes.
The best performing ensemble of networks had a window size of 41 residues
and only 5 hidden neurons.
For prediction of missing coordinates (R EMARK 465) it was discovered that
networks with a window size of 9 residues performed best at relatively low
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sensitivities while networks with a window size of 21 performed better for higher
sensitivities; for both window sizes, 30 hidden units gave the best performance.
An ensemble was thus formed consisting of two sets of five cross validation
networks with window sizes of 9 and 21 residues respectively. This ensemble
outperformed both the individual cross validation ensembles over the entire
range of sensitivities.

Conversion of network output to probability scores
The coil and hot loops neural network ensembles, the score distributions of
positive and negative test examples were estimated using Gaussian kernel
density estimation. Based on these distributions a calibration curve for converting neural network output scores to probabilities was constructed as previously
described [117]. For coil prediction a prior probability of 43% (the composition
of the training data set) was used while a prior probability of 20% was used
in the case of hot loop prediction. As the resulting calibration curves were
essentially linear, they were approximated by a least squares linear fit (corr.
>0.99).

Smoothing
We run a digital low-pass filter based on S AVITZKY-G OLAY (refer to section
14.8 in [177]) on the network output in order to smooth the curves. The filtering is performed by an external open source C module (sav_gol) from the
TISEAN 2.1 [102] Nonlinear Time Series Analysis package (http://www.
mpipks-dresden.mpg.de/~tisean/). The resulting smoothed functions
are plotted using the DISLIN 8.0 package. DISLIN is distributed as platform
specific binaries from http://www.linmpi.mpg.de/dislin/.
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Chapter 7
Practical Disorder Prediction
Having established novel techniques for identifying unstructured
segments in proteins entirely from sequence, we discuss how these
tools can be used in various ways. Many functional sites depend
on disorder-to-order and order-to-disorder transitions, i.e. conformational changes during binding. It seems that our methods can detect these ‘soft’ spots in proteins that are likely to be able to undergo
such changes.

7.1 GlobPlotting
GlobPlot, presented in Paper II, was invented specifically for aiding the ELM
project, however it proved to be of much wider interest [139]. From the
beginning we wanted a graphical tool that could generate ‘easy to interpret’
plots of the tendency within the sequence for being unstructured or structured.
The basis for GlobPlot was the RUSSELL /L INDING scale mentioned earlier in
6.5. The combination of ‘random coil’ and ‘secondary structure’ in the RUS SELL/L INDING scale, enhanced the discrimination of the graphs and was the
key factor in the success of this scale being able to detect both disorder and
globular packing.
GlobPlot is not intended as a competitor for secondary structure prediction,
since it cannot give the same level of detail as one can obtain from a secondary
structure prediction based on a multiple alignment. GlobPlot is an ab initio
method i.e. it requires only one sequence and can therefore be applied to novel
sequences with no homologues, i.e. it does not use a multiple alignment. The
basic algorithm behind GlobPlot is beautifully simple and very fast:
For each amino acid a, we have defined a propensity P (ai ) ∈R, see RUS SELL/L INDING in Figure 6.1. Given a protein sequence of length L, we define
a sum function Ω as follows:
L
X
Ω(ai ) =
P (ai )
i=1

where P (ai ) is the propensity for the i’th amino acid. This algorithm is
different from the one in the paper that includes a logarithmic term, however
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we finally came to realise that the term was absolutely absurd and only had
negative effects on the algorithm performance.
The GlobPlot webserver is plotting the Ω function and the graphs are
referred to as globplots. Before plotting Ω the digital smoothing algorithm
Savitzky-Golay is used to reduce noise on the curve. The Savitzky-Golay function calculates a numerical estimate of the first order derivative which is used
for the algorithm that finds segments of disorder or order (globdoms).

7.1.1

Analysing a globplot

Reading globplots is fairly easy but different from e.g. hydropathy plots, in
that globplots are cumulative sum curves rather than derivative curves. As
GlobPlot plots a running sum, the graph is analysed by looking at the slope.
The numbers on the ordinate axis do not matter, they equal the running sum
and we are only interested in whether a given segment of the graph is dis-
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VWD 67-224
Pfam:TIL 329-386
VWC 388-456
VWD 415-579
VWC 755-820
VWC 858-918
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VWC 5355-5424
VWC 5464-5527
CT 5601-5683

Mucin 5B precursor (Mucin 5 subtype B, tracheobronchial) (Hi
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Figure 7.1:
Globplot of Human Mucin 5 protein (SWISS-PROT:
MU5B_HUMAN). Most of this slime protein is highly disordered. Since
GlobPlot is plotting a running sum of the disorder propensities, the graph is
analysed by looking at the slope. The numbers on the ordinate axis do not
really matter, it is the ‘up hill’ or ‘down hill’ tendency that one should read. Referring to Figure 6.1, disorder promoting propensities are positive, so ’up hill’
on the graph is equivalent to disorder.
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Figure 7.2: GlobPlot of Apterous protein involved in development of the wing
and imaginal discs in Fruit fly. The domain boundaries of the LIM and HOX
domains can be rationalised by comparison to the SMART predictions.
ordered or not. The latter is seen by the drop or raise in the curve because
that is how the RUSSELL /L INDING scale works: negative values correspond to
ordered residues and positive ones indicate disorder promoting amino acids.
We designed GlobPlot like this because we think it results in ‘profile like’
intuitive plots. In particular we wished to avoid a high variation curve such as
the derivative curve. The globplot in Figure 7.1 is a good example of these
‘profile like curves’: the plot of Mucin shows that the central part of the protein
is predicted to be almost completely disordered by GlobPlot (using the RUS SELL /L INDING disorder definition), this is probably why this protein is such a
slimy protein.
Domain detection with GlobPlot is as easy as finding protein disorder since
both features are shown in the plot. In order to help the user navigate and
understand the plots. the webserver is overlaying the graph with any predicted SMART domains. In domain hunting situations one would look for
‘down-hill’ regions of the graph. As seen in Figure 7.2 GlobPlot can detect
potential domains: notice the down-hill slope whenever a domain is found by
SMART/Pfam. GlobPlot often detects additional sequence to be ordered, this
is because SMART and Pfam only use the most conserved sequence part of a
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domain to generate their Hidden Markov Models for the domain. This indicates
that GlobPlotting is useful for domain boundary definition.
The performance of GlobPlot encouraged us to refine our approach and
predict disorder in a more traditional biocomputational manner by training artificial neural network predictors for the various definitions of disorder mentioned
above.

7.2 Prediction of multiple types of disorder with
DisEMBL
DisEMBL, presented in Paper III [138], is a computational tool for prediction
of disordered/unstructured regions within a protein sequence . Currently DisEMBL contains 5 different predictors: The three disorder predictors based
on Coils, R EMARK 465, and hot loops. Besides these the webserver allows
for prediction of low-complexity regions using CAST [178]. This is relevant since many low-complexity regions are structurally disordered [235]; We
also provide prediction of beta aggregation segments using the Serrano lab’s
TANGO algorithm, refer to Paper IV. This latter predictor is included because
the amyloid and protein aggregation community is using this service.

7.2.1

Differences between predictors in DisEMBL

The coils predictor is primarily used as a filter to set the requirement of disorder to be within coils predicted regions (refer to 6.1). DisEMBL is a highly
accurate predictor, predicting more than 60% of hot loops with less than 2%
false positives . In Paper III, we showed this correlation as well as a comparison of the correlations between our alternative definitions of protein disorder.
Even though the predictors show significant correlations they are not redundant. Moreover, when analysing a protein using DisEMBL, the user should not
think that if two of the predictors agree more than the third one, they are more
right, this is simply not the case. The predictors are predicting different types
of protein disorder.

7.2.2

Using DisEMBL

DisEMBL is freely available via a web interface (http://dis.embl.de) and
can be downloaded for use in large scale studies. The web interface is fairly
straight forward to use, the user can submit a sequence or enter the SWISSPROT/SWALL accession (e.g. P08630) or entry code (e.g. HMG1_HUMAN).
The server fetches the sequence and description of the polypeptide from
an ExPASy server using Biopython.org software. The probability of disorder is shown graphically, as illustrated at Figure 7.3. The random expectation levels for the different predictors are shown on the graph as horizontal lines but should only be considered an absolute minima. The default parameters are set for optimal prediction and should only be changed
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Figure 7.3: Sample output from the DisEMBL web server, showing predictions for Yeast Nonhistone chromosomal protein 6A (High Mobility Group protein, SWISS-PROT: NHPA_YEAST). The green curve shows the prediction for
missing coordinates (REMARK 465), red shows the hot loop prediction and blue
for the coils prediction. The horizontal lines correspond to the random expectation level for each predictor; for coils and hot loops the prior probabilities were
used, while a neural network score of 0.5 is used for REMARK 465. From this
plot it is seen that especially the N-terminal tail of the protein is predicted to
be disordered. See Figure 7.4 for a mapping of the hot loop predictions on the
structure of this protein.
in rare cases. On-line documentation of the different settings is provided at
http://dis.embl.de/help.html. If the query protein sequence is very
long, >1000 residues, the user can download the predictions and use a local
graph/plotting tool such as Grace or OpenOffice.org to plot and zoom in on the
data. DisEMBL now includes a web applet for interactive plotting and zooming
of the graphs. We are very grateful to Claus Jensen1 for writing this applet
code.
1

Lars’ dad ;-)
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Figure 7.4: DisEMBL hot loop predictions mapped on the NMR structure of
Nonhistone chromosomal protein 6A (High Mobility Group protein, PDB: 1cg7 model 1, SWISS-PROT: NHPA_YEAST). The predicted probabilities were with
a colour scale going from blue to red, where red corresponds to the most likely
disordered regions and blue to ordered regions. The unstructured tail clearly
shows the highest disorder scores, refer to Figure 7.3. Surface plot generated
with VMD, see Table 9.1.

7.3 GlobPlot or DisEMBL
The GlobPlot algorithm is very simple and intuitive, which is appealing. Although it was originally designed for prediction of protein disorder, the RUS SELL /L INDING propensity scale functions as well for detection of domain
boundaries, repeats and other globular features. The RUSSELL /L INDING scale
and the SMART domain overlay feature are unique for GlobPlot. DisEMBL is
more accurate than GlobPlot in coils prediction, which is related to the RUS SELL /L INDING scale. It furthermore provides the novel hot loop definition of
disorder. The two methods complement each other in their approach to disorder prediction. In general we urge the user to submit his or her sequences
to both tools.
Where DisEMBL is a true prediction engine, GlobPlot is not really a predictor, rather it simply shows the RUSSELL /L INDING values for the query protein. It is in that sense a blackbox since it cannot really be benchmarked or
compared to other predictors. This is an issue, however we know from analysing thousands of sequences that it is an extremely powerful tool and many
users find it very intuitive to use. It is good that there is still room for heuristic
tools in bioinformatics.

7.4. Design of protein expression vectors
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7.4 Design of protein expression vectors
As mentioned earlier protein disorder is related to problems during protein expression, purification and crystallisation. Other tools such as TANGO (http:
//tango.embl.de) deal with protein beta aggregation, which is different from
the disorder in solvated proteins which our tools predict, refer to Chapter 8.
We think that the identification of the potential disordered regions should
provide a good basis for setting up expression vectors and/or comparing the
data with obtained structural data. However, currently we cannot assess which
of the definitions of disorder is most appropriate for design of protein expression vectors. Recently GlobPlot has been used to create expression vectors
[Charlie Boyd - personal communication]. A paper is under revision showing
strong correlation between DisEMBL predictions and an X-ray crystallographic
study [confidential communication].

7.5 Bridging to prediction of linear motifs
Figure 7.5 shows what we call a ‘disorder profile’ for a linear motif. The figure
shows how much order or disorder is observed for true positives (experimentally verified) instances of this functional site, compared to all false positives.
The false positives are assumed to correspond to the total set of matches
of the regular expression in a non-redundant SWISS-PROT. This can be assumed if the amount of true positives are much less than the amount of false
positives (TP< <FP). The figure shows that the true positives are much more
ordered than the false positives and that the signal goes towards zero when
we move away from the functional site. It is difficult to interpret this signal,
is it sequence conservation or just the known instances (about 25) which are
strange? It does, however, match well with the structure of this site, shown
in Figure 7.6. A helix is observed next to the functional site. This is how the
situation is when the linear module is bound to its interaction partner, the Rb
protein. However one can easily imagine this helix to be longer and include the
ordered sequence of the functional site when the complex is not formed.
Another example of this is the binding of PTAP (refer to 4.4 on page 27) to
the UEV domain in Tsg-101 which creates ~30% more order in the N-terminal
part of this domain, judging by intramolecular NOE, refer to [176, 226, 113].

7.6 Structural flexibility - order/disorder transitions
The classic paradigm in structural biology is that sequence encodes structure that then determines function. This should be specified to sequence encodes structures but also non-structure, which might sound trivial but the author thinks is a stronger message.
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Disorder profile
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Figure 7.5: Disorder profile for LIG_RB. The graph shows the log ratio
between the average DisEMBL disorder vectors for the known instances (TP)
and the backgrounds matches (~FP) of the same regular expression in a nonredundant SWISS-PROT. The colours correspond to the DisEMBL networks:
R EMARK 465 (green), Coils (blue) and hot loops (red). A window of 50 residues
before and after the centre of the ELM was used. Up to 20 fold strong order
signal can be observed around the ELM.
The author has several unexplained observations regarding disordered proteins that will be investigated further in the future. Why is it that many brain and
synapse related proteins are predicted to be disordered? Some molecules
like coiled-coil regions seems unstructured in sequence space but are indeed
folded and behave globular, is this an indication of the cooperativity in these
molecules?
Some functional sites, especially those that are post-translationally modified, are observed to be folded in their unmodified form. This is the case for
Tyrosine 416 in Src, refer to Figure 7.7, which is in a small helix pointing inwards to the core of a globular domain. How can the kinase ‘see’ or modify
this residue? Clearly some sort of order/disorder transition or unfolding needs
to take place. Interestingly our predictors seems to be able to pick this up. We
often predict such sites at, or just below, the thresholds we normally set for
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Figure 7.6: LIG_RB is a functional site responsible for interaction with retinoblastoma (Rb) family proteins. Rb proteins are known for repression of
E2F proteins required for transcription of proteins, important in the cell cycle.
The figure shows the SV40 Large T antigen interacting with the ‘Rb pocket’
(PDB:1gh6). Figure by Pål Puntervoll.

Figure 7.7: Tyrosine 416 in the proto-oncogene Src (PDB: 2src). In the nonphosphorylated structure the tyrosine is wrapped up in a helix and points inwards below the surface of the protein. This is based on an X-ray structure,
so one should be careful putting too much emphasis on this picture, however
some unfolding or order-disorder transition must take place in order for the
kinase to bind and modify the tyrosine.
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discriminating order from disorder. These ‘shadow-land’ sequences are likely
interesting for the study of folding and dynamics. They might even provide
good data for looking for phosphorylation sites [112].

Part IV
Function & Disease
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Unfortunately linear protein space also has its disadvantages. Currently it is thought that amyloidosis in many major protein diseases
such as Parkinson’s, Alzheimers’, Hungtington’s, BSE/CFJ and Diabetes II is related to the occurrence of short linear aggregation motifs.

8.1 Protein Diseases - conformational diseases
The deposition of proteins in the form of amyloid fibrils and plaques is the characteristic feature of more than 20 degenerative conditions affecting either the
central nervous system or a variety of peripheral tissues. These conditions include Alzheimer’s, Parkinson’s, Type II Diabetes and the prion diseases (e.g.
BSE). It is now clear that the ability to form amyloid structures is a general property of polypeptides [65, 66] and is not confined to the proteins associated
with these diseases. It has been found recently that aggregates of proteins
not associated with amyloid diseases can hinder normal cell function to the
same extent as the aggregates of proteins linked with specific neurodegenerative conditions. Moreover, the mature amyloid fibrils or plaques appear to be
substantially less toxic than the pre-fibrillar aggregates that are their precursors [206], refer to Figure 8.1. In fact Mark Pepys has proposed that amyloids
in some cases might function as molecular ‘vents’ reducing cellular stress by
accumulating otherwise toxic aggregates in ordered fibres [Protein Society 2003].
Moreover, for diseases such as Parkinson’s, Huntington’s and Serpinopathies it is known that protein misfolding is playing a role [194, 123, 21]. Thus
analysis of the unstructured ensembles of polypeptides and the pathways to
misfolded states is important for understanding these diseases. The unstructured states of proteins can be analysed in natively disordered proteins (IDPs)
[73]. It was therefore natural for us to investigate the relationship between
protein disorder, aggregation and amyloid patterns.
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Figure 8.1: Formation of early aggregates in protein misfolding can lead to
disease. The toxicity of these aggregates seems to result from an intrinsic ability to hinder fundamental cellular processes by interacting with
cellular mem'
branes, causing oxidative stress and increases in free Ca
that eventually
lead to apoptotic or necrotic cell death [65, 64, 122]. Figure taken from Dyson
and Wright [73].

8.2 Aggregation, disorder and disease
In order to identify potential drug targets to prevent or cure diseases associated
with amyloidosis a molecular understanding of the driving forces involved in the
formation of these organised assemblies rich in β-sheet structure is needed.
Protein aggregation was for a time thought to be an unspecific process
caused by the formation of non-native contacts between protein folding intermediates. The evidence for this was discovery of a large variation in morphologies of aggregates that were observed by techniques such as electron
microscopy and atomic force microscopy [64, 66]. Recently it has been found
spectroscopically that two major types of aggregates are observed: the ones
that involve the formation of β-sheets and the ones with a native spectrum corresponding to α-helical conformations [64, 66, 185, 27]. The latter is typically
observed in proteins with high coiled-coil propensity.
Both forms of aggregates can be converted to amyloid like fibres which are
enriched in the characteristic cross-β structure [64, 66]. It has, for instance,
been shown that a coiled-coil conformation under ambient conditions could
transform into amyloid fibrils at elevated temperatures [122].
It should be noted that formation of β-sheet aggregates does not always
lead to formation of amyloid fibrils, however β-sheet formation is a necessary
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intermediate in fibril formation [58]. This again points to the importance of
structural flexibility in these processes.

8.3 Disease and linear motifs
Amylogenic diseases are thought to be related to the occurrence of short linear motifs in unfolded regions. These motifs are important for the initiation
of the formation of the amyloid fibres that causes great harm to the cellular
environment, particularly in brain tissue. There are several proposed peptide
models for these motifs and the structural context in which they occur is under
investigation [162, 206, 65, 142]. This points to a complex situation where
other features, such as structural disorder, in the polypeptide are important for
toxicity. The reason why one may think this is that these linear aggregation
motifs needs to be exposed in order to catalyse aggregation. Luis Serrano and
Manuela de la Paz found that some of the highly amyloidogenic sequences are
less frequent in proteins than innocuous amino acid combinations and that, if
present, they are surrounded by amino acids that disrupt their aggregating
capability [142, 58]. In order to further investigate this we chose to look more
thoroughly at IDPs and their tendency to aggregate. Our hypothesis was that
if they need to stay in solution they might have evolved away from aggregation.
Since many IDPs are related to diseases one can speculate that mutations that

Figure 8.2: Lactoferrin has been identified in amyloid deposits. The protein contains a highly amyloidogenic linear motif NAGDVAFV. Dobson and coworkers showed how this can lead to amyloid formation in the full length protein
[162]. The figure is from the same paper.
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lead to aggregation prone regions can be important for understanding their role
in these diseases.

Paper IV
In this paper we showed, by computational analysis of Intrinsically
Disordered Proteins, that this class of proteins has significantly less
aggregation prone regions than globular proteins. This is likely because there is a selective pressure to keep them in solution.

8.4 Beta Aggregation and Protein Disorder: Unfolded with Reason?
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A growing number of proteins is being identified that are biologically active though intrinsically unstructured, in sharp contrast with the
classic notion that proteins require a well-defined three dimensional
structure in order to be functional. Recent work has shown that specific sequences of amino acids in a polypeptide chain initiate the process of β-sheet aggregation and Amyloid formation. Since aggregation
prone sequences would be almost exclusively solvent exposed in unstructured/disordered segments, proteins containing aggregation prone
sequences in unstructured regions would have solubility problems. The
latter suggestion contrasts the large number of unstructured proteins
identified especially in higher eukaryotes and the fact that these proteins are often resistant to harsh treatments such as boiling. We have
used the algorithm TANGO (http://tango.embl.de) to compare the βaggregation tendency of globular proteins and intrinsically disordered
proteins, including those predicted by the algorithms DisEMBL (http:
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//dis.embl.de) and GlobPlot (http://globplot.embl.de). Our data
clearly shows that aggregation prone regions are generally buried inside
structured proteins/regions. Disordered regions on the other hand show
a much lower tendency to aggregate, suggesting that they have evolved
away from β-sheet aggregation.

Introduction
Protein aggregation has long been thought of as an unspecific process caused
by the formation of non-native contacts between protein folding intermediates.
Recent work however points to an unexpected simplicity underlying the aggregation process [66, 42, 41]. Spectroscopically, two major types of aggregates are observed: species that are enriched in β-sheet [66] and species that
retain the native spectrum [27, 184]. In this work we exclusively deal with the
former. Several models were postulated for β-sheet aggregation that all involve
the formation of an intermolecular β-sheet initiated by specific amino acid sequences that act as nuclei for β-sheet aggregation [24, 197, 23, 195, 196].
This is confirmed by the experimental finding that in many proteins, aggregation occurs during refolding or under conditions in which denatured or partially
folded states are significantly populated, i.e. high concentration, destabilizing
conditions or mutations [64]. If this is the general case, then we will expect
that aggregating regions in proteins will be hidden in the folded state and not
exposed to the medium where they can readily initiate aggregation. Based on
the work of Chiti et al. [42, 41] that revealed the importance of simple factors
such as hydrophobicity and charge on β-sheet aggregation, we recently developed the computer programme TANGO (Escamilla, AM, FR, JS and LS,
submitted for publication) to predict β-sheet aggregation regions in proteins
based on a statistical mechanics algorithm that considers different competing conformations: β-turn, α-helix, β-sheet aggregates and the folded state.
The algorithm is based on the assumption that in the ordered β-sheet aggregates the nucleating regions will be fully buried, paying maximal desolvation
energy as well as entropy, while satisfying their H-bonding potential. The energy contributions are derived from the FOLD-X force field [93]. In a blind test
involving 176 peptides from over 20 proteins, TANGO achieved an accuracy of
95% in predicting aggregating sequences, as well as the effect of point mutations on the aggregation tendency of proteins (Escamilla, AM, FR, JS and LS,
submitted for publication). Many Intrinsically Disordered Proteins (IDPs) has
been discovered in all kingdoms of life, but especially in higher eukaryotes
[72, 71, 234]. These are proteins that are unstructured under physiological
conditions but that have similar biological activity as globular folded proteins
[74, 215]. More than 180 such proteins are known to date, including Prions,
CREB, Tau, MAPs and p53 [215, 219]. These disordered polypeptides perform important regulatory functions and are widespread in eukaryotic cells
and tissue. Some acquire structure upon post-translational modification or
upon ligand-binding, others act as structural anchors in large protein-protein
and protein-RNA complexes making use of extended interaction surfaces that
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are simply not available in more compact conformations [69]. Furthermore,
many globular proteins contain disordered segments that acts as functional
modules, e.g. post-translational modification sites and domain ligands. Such
functional sites known as linear motifs are catalogued and predicted by ELM,
http://elm.eu.org, [179]. Some groups have suggested that disordered
regions could be involved in protein misfolding & aggregation [194, 123, 21].
However, it is often found experimentally that unstructured proteins are resistant to aggregation, even under harsh treatments such as incubation at high
temperature. In fact, heat-exposure of cell-extracts is an effective protocol for
purification of several recombinantly expressed unstructured proteins [215].
Counter intuitively, it is the globular proteins that aggregate and not the unstructured proteins. If unstructured/disordered proteins or segments are to thrive in
the crowded environment of the eukaryotic cell, they should avoid aggregation
prone regions and it is expected that they will have very low aggregation tendencies when compared to globular proteins. To test this hypothesis we have
used the algorithm TANGO to compare the aggregation tendency of a set of
globular proteins derived from the SCOP database [9], a set of proteins that
were experimentally shown to be unstructured [215, 219] as well as a set of
predicted disordered protein sequences. Data sets of experimentally verified
disordered proteins are scarce and rather error-prone. We have collected and
cured a set of 296 redundant sequences which is to our knowledge the largest
data set available to the community. The data sets of predicted disordered
segments or proteins were predicted by the DisEMBL [138] and GlobPlot [139]
algorithms and divided into sequences of low-(~50%) and average sequence
complexity.

Results & Discussion
Tango performance: what TANGO score is a good predictor
of aggregation?
The TANGO algorithm was calibrated using data found in the literature on the
aggregation of 174 peptides corresponding to sequence fragments of 21 different proteins (Escamilla, AM, FR, JS and LS, submitted). 70 out of the 151
peptides in our set were experimentally observed to aggregate in the concentration range between 100 µM and 1 mM, while the remainder was monomeric
in this range. A detailed description of our results together with the source of
the experimental data is given in Fernandez-Escamilla et al (Escamilla, AM,
FR, JS and LS, submitted). For each residue in a peptide TANGO returns its
percentual occupancy of the β-aggregation conformation. When we consider
peptides to have some aggregation tendency when they possess a segment
of at least 5 consecutive residues, each populating the β-aggregated conformation for more than 5%, the overall hit rate of TANGO reaches 97% compared
with our experimental set. Consequently, using our guide-line of 5 consecutive
residues with a TANGO score above 5% is a good predictor of aggregation,
independent of the size of the protein under study.
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Overall aggregation tendency of globular and disordered
proteins
Figure 8.3 shows the number of aggregation prone regions (defined as being longer than 5 amino acids and having an aggregation tendency of more
than 5%) per 1000 amino acids. Globular proteins have a strong increase
in the number of aggregating regions compared to IDPs or unstructured regions in proteins: there are around 20 aggregating windows per 1000 residues
in globular proteins, whereas this number lies around 9 in IDPs. Moreover,
the TANGO score of the experimentally tested IDPs and the IDPs predicted
by DisEMBL/GlobPlot are very similar, indicating that TANGO could be used
in conjunction with other software to predict intrinsically disordered proteins
(http://dis.embl.de provides a webserver integrating the TANGO and
DisEMBL [138] algorithms). This is also exemplified in Figure 8.4 were we
show that 70% of IDPs do not have any aggregating residue above 5%, while
only 20% of the SCOP database fulfil the same criteria.

Statistical considerations
In order to exclude a bias in our results due to the difference in number of proteins in the globular and IDP sets or due to the average sequence length of
IDP and globular proteins, 25 control sets were generated by randomly selecting 10000 sequence fragments of 20 amino acids from each original set. These
were analysed in an identical manner as the original data sets and the standard deviation between the results of original and control sets were calculated.

Figure 8.3: Comparison of aggregation tendency in globular and unstructured
proteins (IDPs) - overview. For details, see Table 8.1.
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Figure 8.4: Distribution of aggregation tendency in datasets: number of
residues that have a TANGO score larger than 5%, per 1000 residues. Upper panel - 70% of unfolded regions in experimentally validated IPDs do not
contain aggregation prone regions. Lower panel - only 20% of SCOP proteins
do not contain aggregation prone stretches.
The standard deviation was below 1 window per 1000 residues, indicating that
our results are not strongly influenced by the composition and size of the sets.
The sequence set for IDPs and globular proteins were both similarity reduced
hardly to maximum 40% similarity between any pair of sequences within the
set.

Aggregation tendency in proteins of different structural
classes
In Table 8.1 we show the aggregation tendency for globular proteins of different fold classes. Interestingly enough we do not find a significant difference
between different fold classes, including membrane proteins. There is a slight
difference in a smaller number for multidomain proteins, suggesting that the
linker regions could be disordered and thus non-aggregating. The fact that we
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Aggregation prone regions
per 1000 residues
18
20
18
19
16
13

Number of protein sequences
in dataset
29
174
190
162
11
25

Experimentally validated Intrinsically Disordered Proteins
IDPs, experimentally validated
IDPs, experimentally validated, low complexity

7
4

183
27

Predicted Intrinsically Disordered Proteins
IDPs defined by Russell/Linding
IDPs defined by Russell/Linding, low complexity
IDPs predicted by Hot-loops
IDPs predicted by Hot-loops, low complexity
IDPs predicted by Coils/Loops
IDPs predicted by Coils/Loops, low complexity
IDPs predicted by Remark-465
IDPs predicted by Remark-465, low complexity

6
5
8
3
8
4
6
4

602
60
7925
59
16988
74
623
139

Globular proteins (ASTRAL40)
All alpha proteins
All beta proteins
Alpha and beta proteins (a/b)
Alpha and beta proteins (a+b)
Membrane and cell surface proteins
Multi Domain proteins
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Table 8.1: Comparison of the aggregation tendency in various datasets, see methods for details on the dataset composition.
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cannot distinguish membrane proteins which contain large hydrophobic transmembrane segments from cytoplasmic ones is expected from the fact that the
aggregation tendency predicted by TANGO does not rely only on hydrophobicity but considers that entropy, H-bonding and electrostatics play an equally
important role in β-sheet aggregation (Escamilla, AM, FR, JS and LS, submitted).

Aggregation tendency in IDPs predicted by different methods
We earlier introduced two novel methods GlobPlot [139] and DisEMBL [138]
for prediction of IDPs ab initio, i.e. entirely from sequence. This work was
mainly done to support the prediction of Eukaryotic Linear Motifs (ELMs,
http://elm.eu.org, [179]). However these methods are also being extensively used by the structural biology community to help the design of expression
vectors. Disordered regions are often associated with problems during protein
purification/crystallization of globular proteins. This is supported by the fact
that low-complexity disorder and IDPs are under-represented in PDB [235].
Thus DisEMBL and GlobPlot can point to regions in the sequence that should
be avoided. As indicated above TANGO seems to distinguish between globular and IDPs based just on aggregation tendency. Thus it is interesting to
compare the aggregation tendency of the IDPs predicted by different methods
(using alternate disorder definitions, Table 8.1). As in the case of the globular
proteins we do not find any significant differences. The only consistent and expected result is that low complexity sequences always score slightly lower by
all methods. However, the differences between low complexity sequences and
the IDPs of normal sequence complexity is small, indicating that unstructured
proteins avoid β-sheet aggregation through specific amino acid sequences and
not just by low complexity. In other words, our analysis shows that there is
a clear selective pressure in unstructured/disorganized polypeptide stretches
against aggregation prone regions.

Aggregation tendency in globular proteins and solvent accessibility
As discussed above, globular domains have a significant number of aggregating regions on average, while IDPs have a much lower number. Since IDPs
should be fully or almost completely solvent exposed one could expect that the
majority of the aggregating regions in globular proteins should be solvent hidden and involved in secondary structure elements, thus avoiding aggregation.
In Figure 8.5 we show the solvent accessibility of all the aggregation regions
found in our globular database. It is quite clear that with few exceptions aggregation prone regions have a low solvent accessibility. This means that in
globular proteins buried regions may aggregate, only if the protein becomes
unstable or if it has a long lifetime that increases the probability of unfolding
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Figure 8.5: Histogram showing the average solvent accessibility of aggregation prone regions to be low. The solvent accessible surface area of the aggregation region prone regions (defined as segments of 5 consecutive residues
with a TANGO score of more than 5% per residue) in the SCOP [9] dataset was
calculated with the program DSSP [108].
events. Thus mutations that destabilize the protein or faulty chaperone or degradation machinery in the cell can reveal the hidden aggregation tendency of
globular proteins in vivo.

Conclusions
We have shown that intrinsically disordered proteins are significantly less
prone to aggregation than globular proteins. This result indicates that these
proteins are selected for low aggregation tendency and that this is not achieved
by low-complexity sequences. In globular proteins aggregation-prone regions
are normally buried, which implies these protein are only at risk of aggregating
in partly folded states and in the absence of chaperones. Recently it has been
proposed that some IDPs are ‘junk proteins’ genetically stabilized by the lowcomplexity in their sequences, but our findings do not support this hypothesis
[144]. Rather, our observation suggests that unfolded proteins have evolved for
the functional advantages discussed in the introduction, with the added value
that they are not prone to aggregate, an important consideration in complex
genomes. Moreover, as seen from Table 8.1, most verified IDPs are not of
low-complexity.
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Materials & Methods
Datasets
In this study we have used dataset that covers globular and IDPs . Both predicted and experimentally verified datasets are described and for each dataset
we have split the data in a low- and normal-complexity set.
Experimentally verfied IDPs:
Databases of intrinsically disordered proteins are error prone and rather
scarce. We have built a cured and expanded database of 296 experimentally verified proteins. This dataset was annotated from literature starting from
[215, 219] and from Dunker lab data (http://divac.ist.temple.edu/
disprot). The 40% non-redundant subset consist of 183 non-homologous
sequences. Redundancy reduction was done by the CD-HI algorithm [135].
All disordered segments were mapped into the SWISS-PROT [87] database
to get full length chains. This ensures a more precise disorder/order residue
count within the set. This dataset is available at http://dis.embl.de/
datasets/idp40.fas.gz .
Predicted IDPs:
No commonly agreed definition of protein disorder exists. DisEMBL [138] and
GlobPlot [139] provide four different definitions of disorder. The DisEMBL
disorder definitions are known as Coils/Loops, Remark-465 (missing X-Ray
data) and Hot-loops. GlobPlots primary disorder definition is known as Russell/Linding disorder [139, 138]. We have predicted IDPs according to each of
these four definitions. In all cases a minimum disorder length of 50 consecutive
residues were used to identify putative IDPs. All the predictions were done in a
40% similarity reduced human proteome set. The proteome was based on the
EBI (http://www.ebi.ac.uk/proteome/) proteome cross-checked with
the mouse predictions to remove erroneous gene predictions.
Globular proteins:
To represent globular proteins we used the Astral 1.63 40% subset of SCOP
[9, 39].

Low-complexity
All sequences was subsequently classified according to low-complexity as determined by CAST [178]. Only the segments predicted to be disordered by
DisEMBL or GlobPlot was analysed with CAST. If at least one disordered segment contained > 50% low-complexity residues the sequence was categorised
as a low-complexity IDP.
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The TANGO model
The model used by the TANGO algorithm is designed to predict β-aggregation
in peptides and denatured proteins and consists of a phase-space encompassing the random coil and possible structural states: β-turn, α-helix β-sheet
aggregation and the folded state in the case of globular proteins. Every segment of a peptide can populate each of these states (except the folded state
that encompasses the whole sequence) according to a Boltzmann distribution,
i.e. the frequency of population of each structural state for a given segment
will be relative to its energy. Therefore, to predict β-aggregating segments of
a peptide TANGO simply calculates the partition function of the phase-space.
Here we give an overview of the main features of TANGO, a detailed description of the algorithm can be found in Fernandez-Escamilla et al. (Escamilla,
AM, FR, JS and LS, submitted).
α-Helical propensities
The parameters used in the latest version of AGADIR (AGADIR-1s, [132]),
have been used to determine the helical propensity of the amino acid sequences. The only modification has been the implementation of a two window
approximation (Escamilla, AM, FR, JS and LS, submitted).
β-Turn propensities
β-turn propensity is calculated by considering three energy contributions (see
Methods & Supplementary Material): (1) an amino-acid specific cost in conformational entropy for fixing that residue in a β-turn compatible conformation,
(2) interactions of each amino acid with the turn structure in a position dependent manner, and (3) a single H-bond between the main chains of residues i and
i+3 of the turn. We have only considered 4 types of turns for which we could
obtain significant statistical data, Types I, I’, II and II’.
β-sheet aggregation
To estimate the aggregation tendency of a particular amino acid sequence,
we have taken the following assumptions: (1) In an ordered β-sheet aggregate the main secondary structure is the β-strand. (2) The regions involved in
the aggregation process are fully buried, thus paying full solvation costs and
gains, full entropy and optimize their H-bond potential (i.e. the number of Hbonds made in the aggregate is related to the number of donor groups that
are compensated by acceptors. An excess of donors or acceptors remains
unsatisfied). (3). Complementary charges in the selected window establish favourable electrostatic interactions and overall net charge of the peptide inside
and outside the window disfavours aggregation.
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The effect of physico-chemical conditions on aggregation
The effect of pH, temperature and ionic strength on electrostatic interactions
was taken into account as described in AGADIR2-1s [132]. Similarly the dependence of entropy, H-bonds and hydrophobic interactions on temperature
and ionic strength are taken into consideration as described in AGADIR2-1s
[132].
Assumptions
We have opted for a two-window sampling approximation which assumes that
the probability of finding more than two ordered segments in the same polypeptide chain is too low to be considered (the simple one window will deviate
too much from reality for peptides with > 50 residues). Further, we assume
there is no energetic coupling between the two windows. Finally, we do not
consider aggregation intermediates. This means that we consider aggregates
as a single molecular species or structural state in competition with the folded protein, the β-turn and α-helical conformations. One simplification in this
approximation is that the we do not consider β-hairpins as aggregating motifs. The reason been that is their not yet a satisfactory algorithm to predict
β-hairpin stability. Thus, when running TANGO over the above datasets we
looked at the probability of finding an amino acid stretch having 5% or more aggregation tendency as well as the overall aggregation tendency considered as
the sum of all prediction numbers above 5% divided by the protein length. The
former assumes that non-aggregating sequences will have few aggregationprone amino acid stretches and the second takes into consider the possibility
that a protein could aggregate even if it has only one strong aggregating segment in the whole protein.
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Chapter 9
Composite Protein Function
Models
With more tools at hand for finding linear functional modules, I propose a new composite and modular model for describing protein
function. This model will integrate both globular domain modules
and linear modules in an attempt to describe function as a result
of higher order relationships between these modules. This is hypothesis formulation in progress.

9.1 The motivation and foundation
I propose to expand the ‘Modular Protein Function Model’ to a ‘Composite Modular Function Model’ that will be described in draft manuscript II. The model is
based on linear and globular modules (ELMs and Pfam/SMART modules). The
author thinks it is important to formalise and classify physical interactions in order to help clear up the picture from network based studies. Moreover, perhaps
one can use abstract relationships between functional modules to infer protein
function.
The modular model, described in 1.1 on page 3, has been used to describe
a wide range of aspects of protein function [2, 32, 68, 78, 101, 170, 33, 191].
However until now this has not been formalised and explored in-depth, this is
the aim of the work presented in Draft manuscript II, which is in a preliminary
state.
In my model, polypeptides are described as graphs where nodes are modules and edges correspond to cis-relationships, see below. Polypeptides interact through physical trans-interactions that result in trans-relations in a function
space. The basic functional units in proteins are linear and globular modules
and these come together in function space as vectorial collections. The vector
is defined by the order of occurrence from N- to C-terminus. The basic units
of protein function are modules. The linear modules can be distinguished from
the globular ones by their co-linearity in sequence and structure space. These
basic functional building blocks are combined in a polypeptide chain and define
composite functions of a given protein.
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Modules from different polypeptide chains can come together in function
space, mediated by transient physical interactions and protein complex formation. This will increase the functional complexity of the proteins and every
module in a physical interaction network is in functional relationship with other
modules in other or the same polypeptides.

9.2 Interaction connects functions
A functional unit is a set of sequence or structure elements that is enough for
interaction with another molecule. It follows that function can only be based
on physical interactions with e.g. polypeptides or small compounds. Structural
proteins function often by monomeric polymerisation based on domain-domain
packing. The model I am proposing is focused much more on cellular signaling
networks. Figure 9.1 shows the different types of interactions and relations
that are the framework for describing protein function in the model.

9.2.1

Physical interaction classification

As in many other protein function models, physical interactions are the ‘framework’ that relates the functional modules to each other.

Figure 9.1: The new model for protein function proposed. Physical interactions
drive everything. They are classified in ELM-domain or domain-domain types
of interactions. Functional relations are formed between functional modules
because of these interactions. Two types of functional relations are described,
cis within the same molecule or trans due to physical interactions.

9.2. Interaction connects functions
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Cis ELM-domain interaction
Intra-chain interactions are known for e.g. SH2 and SH3 ligands in Src. Often
intra molecular functioning motifs are slightly different from the ones that work
in trans, this is likely due to the reaction kinetics on intra-chain interactions.
This type of interaction sometimes lead to a cis-trans switch. In Src the SH2
cis-binding can after phosphorylation, be replaced by a trans-interaction with
the PDGF receptor [145].
Trans ELM-domain interaction
The most typical interaction of linear modules. This is forming a very large
regulatory network within the cell. Many signaling pathways are based on this
type of interaction [170].
Trans domain-domain interaction
The majority of published interaction networks are of this type [91, 89, 4]. This
is to a certain extent because the current techniques such as affinity purification, pull-downs and to a lesser extent two-hybrid screens are favouring this
type of interaction. These interactions are typically more sticky (higher affinity)
or non-transient in nature than the ones based on linear modules. However we
have recently extracted some interaction networks based on linear modules
interactions with globular domains, as shown in Draft II.
ELM-ELM interactions?
We do not know of these yet, and they would not go down well with our definitions. However, we wonder whether some of the longer proline-rich sequences
in the cell could form non-specific aggregation which might approximate this
class, e.g. in Collagen.

9.2.2

Cis/Trans relations - abstract function networks

Relations are based on physical interactions. They can be interpreted as interactions between functional modules in an abstract function space. In other
words, they are associations between molecular functions derived from interactions between the polypeptides that encode them.
Cis ELM-ELM relation
The MOD_CDK phosphorylation site is dependent on a LIG_CYCLIN in the
same polypeptide, one could include negative evidence, e.g. conflicting targeting modules. This is a very powerful type of positive evidence in the prediction
of linear modules.

140

Chapter 9. Composite Protein Function Models

Cis domain-domain relation
For structural domains this is normal, e.g. Src kinase domain consists of twostructural domains in one functional unit. Modular domains have many interrelations, these can be extracted from SMART.
Cis domain-ELM relation
Examples of ELMs that always reside together with a globular domain, are activation loop phosphorylation motifs in tyrosine kinases. Likely cleavage sites
might be dominant in this type of relation because they might be used to ‘release’ modular domains from each other.
Trans ELM-domain relation
Tricky to interpret but for phosphorylation this could give hints about unknown
switches in the pathway.

9.3 Composite models
I propose that only by combining these module types, can a more complete
description of cellular systems be achieved. Knowing the set of linear and
globular modules of a given protein, the polypeptide could be described as a
module vector. The components of the vector would be vector space encoded
module descriptors. One could then measure functional similarity by proximity
in this vector space. This could be formulated as a formal framework for training
a future computational resource. Another very interesting project would be
to compare with functional associations as they are defined in the STRING
resource, mentioned in 2.3.2 on page 10.

Draft II
This paper will propose a more complex model for describing protein functions. We show a glimpse of the large regulatory networks
that are based on linear modules within the cell. The atomic deconvolution, into linear and globular modules, of a canonical cellular
pathway is currently missing from the manuscript. This unfinished
draft manuscript will be submitted to PLoS Biology 2004.
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Summary
In the post-genomic era, analysis of cellular regulatory networks and
systems are of increasing importance. Yet we do not know the role of
the topologies, modules and different regulatory protein interaction networks play in a future complex model of cellular systems. Hitherto, protein function models have been primarily described in terms of functional
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modules known as globular domains. However an only now catalogued
large group of functional sites is found primarily in unstructured parts
of proteins. These linear system modules encompass ligand sites such
as 14-3-3, SH3 and Cyclin ligands as well as post-translational modification sites and targeting signals. This work describes the first comprehensive and proteomic level analysis of such system modules. Linear
system modules are short and co-linear in both sequence and structure
space, i.e. they behave as linear peptide motifs, which makes them difficult to detect from sequence alone. Experimentally they are often neglected because they reside in unstructured parts of proteins which are
often recombinantly removed during protein expression. We have created the largest and most comprehensive computational resource: The
Eukaryotic Linear Motif resource, ELM http://elm.eu.org, for finding
these functional sites. The ELM resource is knowledge based and stores
contextual profiles for linear functional sites annotated from the scientific
literature. Contextual profiles and logical filters reduce the overprediction of short linear motifs. Linear system modules are as important for
protein function models as are globular domains and we show how one
can infer novel functional networks by considering both types as modules. We propose how they can be integrated into the modular model
of protein function. Several proteome interaction datasets are analysed
for interactions between a linear and globular module, to show molecular
details about verified protein interactions.

Introduction
As structural genomics’ initiatives are providing more structures, it is becoming increasingly clear that many functionally important protein segments reside
outside of globular domains [236, 69]. About 60-80% of the proteome in higher
Eukaryotes consists of multidomain proteins [10]. An archetypal example of
this architecture is shown as is p53 shown in Figure 9.2. It is likely that most
proteins have more linear functional sites than globular domains, thus identification of these is crucial for functional classification of the protein [116, 117].
Even though ‘only’ ~30000 ORFs are predicted to be in the human genome,
most of these will have several splice variants and moreover several functional
sites e.g. post-translational modification sites. These sites can be in different chemical states and thereby increase the number of different functional
species (isoforms) several fold [Humpherey-Smith]. This work concerns how
these molecular functional sites behave as linear system modules in the modular model of protein function that has hitherto focused on protein domains. We
postulate that linear motifs and globular domains come together in a composite
model of protein function. Functional sites can be classified into groups, the
largest ones possibly being covalent modification sites such as phosphorylation, acetylation, sumoylation and ubiqutination. Another very large group is
the ligand sites including ligands for MDM2, cyclin, p300 and TAFII31 as well
as sub-cellular localisation signals. Often functional sites are found in densely
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Figure 9.2: The p53 protein contains hyper ELM clusters. These contribute to
the hub role this protein plays in central regulatory pathways.
packed clusters in sequence space that serves as regulatory hot-spots, refer
to Figure 9.2.

Results
9.5 Cellular pathway wide analysis using ELM
Here we will show an atomic analysis of a major cellular signaling pathway. We
will show how the pathway is composed of domain-domain and elm-domain
interactions and perhaps couple some relation analysis on top as a linkage to
the model proposal.

9.6 Transient interaction networks?
Most studies of protein function and interaction have been domain centric. In
fact most large datasets dealing with protein interaction have also focused on
this type of interaction [4]. This is because methods such as affinity purification
tend to isolate ‘sticky’ and ‘non-transient’ protein complexes. The methods for
isolating transient interactions such as the binding of a cognate ligand to its
modular domain are different and much smaller in vivo datasets exist. However the non-transient network is only a part, and perhaps even a subpart, of
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Figure 9.3: Interactions between D. melanogaster proteins predicted to be
mediated by ELMs. All pairs of proteins interacting in the recent systematic
screen by CuraGen Corp. [91] were examined for possible ELM-domain interactions. ELMs were predicted using the regular expressions and applying
the species filter, while the SMART resource was used for detection of protein
domains [133, 192]. Shown are all interacting pairs of proteins where one protein contains a putative ELM (blue circle) and the other protein contains the
corresponding ELM binding domain (SMART domain symbol), excluding any
interactions that involve SH3 domains.
the interaction networks within the cell. As mentioned earlier, methods such
as yeast-two-hybrid and affinity purification are sampling domain-domain type
protein interaction at the expense of ELM-domain ones. However, even with
skewed data such as these one should expect a low-level of elm-domain interactions. Recently a network for the WW motif was published [109].

9.7 Abstract functional inference
As mentioned, protein function has hitherto been described primarily in terms
of globular domains. We here show, what is to our knowledge, the first attempts
of drawing atomically deconvoluted functional networks. A central concept
here is the so called trans-function principle, any linear ligand site needs a
partner modular domain in order to engage in its cellular role. We here show

9.8. Composite Modular Protein Function Systems - proposal

145

Figure 9.4: Nucset-2 is another ELM-domain interaction figure, based on nuclear proteins. The figure was created using NetView.jar from the Bork lab.
results for nuclear proteins if one enforces this principle upon experimentally
verified protein interaction networks.

9.8 Composite Modular Protein Function Systems - proposal
Here we will propose the model.

Discussion
Linear system modules are linear because of their context
The linearity of ELMs is based on two things:
1. Their structural context, they are often linear and unstructured
2. They evolve in an independent manner
Linear motifs and aggregation [Linding et al. JMB 2004] disease. Contextual
profiling - the future ELM resource and protein function model. A vector space

146

Chapter 9. Composite Protein Function Models

Figure 9.5: Edges correspond to cis-relations, i.e. the modules are on the
same polypeptide. Domains are shown as blue dots and ELMs as red dots.
Green lines show domain-domain cis-relations. Blue lines correspond to ELMdomain cis-relations. We are still trying to interpret this type of networks.
description of elms with context scores as coordinates. Similar functions by
proximity in a space based on functional module vectorial descriptions of proteins.

Materials & Methods
Datasets used
ELM instances
The ELM instances currently count 1900 experimentally verified instances of
72 ELMs distributed on 1500 sequences. In our analysis we used a nonredundant subset based on a 90% similarity threshold. No sequences were
removed in the case that more than one ELM had instances on the sequence
or if the sequence contained the only single known instance of the ELM. The
sequence similarity check was performed using the CD-HI algorithm [135].

9.8. Composite Modular Protein Function Systems - proposal

147

Supporting information
The ELM resource is on-line on http://elm.eu.org. The web interface
allows for queries against the ELM resource as well as moderated pipeline
predictions performed by a remote users’ robot script. The interaction data
sets and the underlying instance data can be downloaded from the website
at http://elm.eu.org/datasets/. In the future ELM will be available
for local installation. A figure illustrating the information flow in the siteseeing
process can be seen at http://elm.eu.org/PLoS.paper/siteseeing.
pdf.
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Epilogue
Your theory is crazy, but it’s not crazy enough to be true.
Niels Bohr
Description of protein function has hitherto been skewed towards the role
of globular domains. However, regulatory networks consist of ELM-domains
interactions. The prediction and classification of linear modules is still less
mature than for globular domains but at least we have clear proofs of principles
in our work. We established that contextual and logical filtering is an absolute
necessity in the prediction of linear modules. Moreover, novel techniques for
reducing the search space of linear functional sites were developed.
If the appropriate statistical framework could be created, e.g. by introducing more complex sequence models, the integration and optimisation of these
strategies could be enhanced even more. We have seen that linear motifs are
not just important for protein function but also for some of the most destructive
human diseases. The unstructured part of protein space is now being increasingly studied and I hope that the ab initio methods presented can prove useful
for the communities working on intrinsic protein disorder and protein folding.
The work on proposing the next generation models of composite protein
function will continue. A major task lies within the analysis and deconvolution
of cellular pathways into domain-domain and ELM-domain interactions. The
function of a protein is greater than the sum of the functional modules within
it and even with a new model for function, our description of these complex
biopolymers will still be very primitive.

Thank you for your attention!
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URLs
In Table 9.1 I have listed some URLs that might be useful. Many more links
can be found in the annual database (http://nar.oupjournals.org/
content/vol31/issue1/) and webserver (http://nar.oupjournals.
org/content/vol31/issue13/) open access issues of Nucleic Acids Research.
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Resource
SMART
Pfam
Interpro
CDD
PROSITE
PredictProtein
ELM
PyMOL
VMD
Scansite
Protfun
NetNglyc
PredictNLS
SignalP
PSORT
Sulfinator
GlobPlot
DisEMBL
GO
Ensemble
Phospho.ELM
Perl
Python
HMMER
Biopython
Bioperl

Functional classes
Globular modular domains
Globular modular domains
Globular domain meta server
Globular modular domains
Domain signatures and a few linear motifs
Secondary structure prediction
Functional sites, ELMs, linear motifs
Very nice and easy to use molecule viewer and renderer
Feature rich molecule viewer
Phosphorylation and signaling motifs
Enzyme categories and higher functional classes
N-Glycosylation motifs
Nuclear localization signals
Cleavage sites & signal/non-signal peptide prediction
Protein sorting signals
Tyrosine sulfation motifs
Protein disorder and globularity
Protein disorder
Biological function, component and process
Genome browsing
Instances of Ser/Thr/Tyr phosphorylation
Script oriented language widely used in bioinformatics
Highly object oriented language designed for large projects
Hidden Markov Model software suite
Bioinformatics modules for Perl
Bioinformatics modules for Python

http://
smart.embl.de
www.sanger.ac.uk/Software/Pfam/
www.ebi.ac.uk/interpro/
web.ncbi.nlm.nih.gov/Structure/cdd/cdd.shtml
www.expasy.ch/sprot/prosite.html
www.predictprotein.org
elm.eu.org
pymol.sourceforge.net
www.ks.uiuc.edu/Research/vmd/
scansite.mit.edu
www.cbs.dtu.dk/services/ProtFun
www.cbs.dtu.dk/services/NetNGlyc
cubic.bioc.columbia.edu/predictNLS
www.cbs.dtu.dk/services/SignalP
psort.nibb.ac.jp
us.expasy.org/tools/sulfinator
globplot.embl.de
dis.embl.de
www.geneontology.org
www.ensembl.org
phospho.elm.eu.org
www.perl.com
www.python.org
hmmer.wustl.edu
www.biopython.org
www.bioperl.org

Table 9.1: Some of the resources I have referred to in this thesis. For more information please refer to the individual web sites.

Database Schema
The ELM database schema in detail. We used our own jargon of
the Uniform Modelling Language(UML) to design the charts. The
diagrams was done in the open source diagram editor DIA. A separate file with the corresponding SQL code is manually maintained
in the CVS repository for ELM.

155

156
Protein_complexes
+id: SERIAL {pkey}
+name: VARCHAR(256) {ukey}

Protein_files

Sequences
+id: SERIAL
+name: VARCHAR(256) {ukey}
+sha1_bin: BYTEA {ukey}
+sha1_hex: CHAR(40) {ukey}
+sequence: TEXT
+length: INTEGER = 0
+complexity: VARCHAR(1024) = ’formula?’
+composition: VARCHAR(1024) = ’atomic?’
+molecular_weight: FLOAT8
+sequence_version: VARCHAR(128)
+external_checksum: VARCHAR(512) {ukey}
+taxonomy_node_id: INTEGER {fkey}

+file_id: INTEGER {fkey}
+protein_id: INTEGER {fkey}
+{pkey} = (file_id,protein_id)

Complex_subunits
+complex_id: INTEGER {fkey}
+protein_id: INTEGER {fkey}
+{pkey} = (complex_id,protein_id)

Proteins

Protein_external_links
+protein_id: INTEGER {fkey}
+external_link_id: INTEGER {fkey}
+logic_id: INTEGER {fkey}
+{pkey} = (protein_id,external_link_id,logic_id)

+id: SERIAL {pkey}
+public_name: VARCHAR(256) {ukey}
+note_id: INTEGER {fkey} = 1
+expression_id: INTEGER {fkey} = 1

Sequence_types
+id: SERIAL {pkey}
+type: VARCHAR(128) {ukey}

+protein_id: INTEGER {fkey}
+complex_id: INTEGER {fkey}

Taxonomy_flags

Flags

Sequences_external_links

Complex_subunits

+sequence_id: INTEGER {fkey}
+external_link_id: INTEGER {fkey}
+logic_id: INTEGER {fkey}
+{pkey} = (sequences_id,external_link_id,logic_id)

+id: SERIAL {pkey}
+flag: VARCHAR(128) {ukey}

+flag_id: INTEGER {fkey}
+node_id: INTEGER {fkey}
+{pkey} = (flag_id,node_id)

External_link_flags
Protein_complexes
+id: SERIAL {pkey}
+name: VARCHAR(512) {ukey}

+flag_id: INTEGER {fkey}
+external_link_id: INTEGER {fkey}
+{pkey} = (flag_id,external_link_id)

Protein_URLs
+protein_id: INTEGER {fkey}
+url_id: INTEGER {fkey}
+{pkey} = (protein_id,url_id)

Protein_taxa
+protein_id: INTEGER {fkey}
+node_id: INTEGER {fkey}
+{pkey} = (protein_id,node_id)

External_links
+id: SERIAL {pkey}
+external_id: VARCHAR(128) = ’’
+external_database_id: INTEGER {fkey} = 1
+external_id_type_id: INTEGER {fkey} = 1
+external_value: VARCHAR(1024) = ’’
+{ukey} = (external_id,external_database_id,external_id_type_id)

External_id_types
+id: SERIAL {pkey}
+external_id_type: VARCHAR(256) {ukey}

Elm_instances
+id: SERIAL {pkey}
+elm_id: INTEGER {fkey} = 1
+sequence_id: INTEGER {fkey} = 1
+logic_id = 1
+startposition: INTEGER = 0
+endposition: INTEGER = 0
+model_id: INTEGER {fkey}
+note_id: INTEGER {fkey} = 1
+{ukey} = (elm_id,sequence_id,startposition,endposition,logic_id,model_id)

Elm_taxonomies
+node_id: INTEGER {fkey}
+elm_id: INTEGER {fkey}
+excluded_node: BOOLEAN = FALSE
+{pkey} = (node_id,elm_id)

Evidence_codes

Elm_models

+id: SERIAL {pkey}
+code: VARCHAR(8) {ukey}
+description: VARCHAR(256) {ukey}

Instance_evidence

+elm_id: INTEGER {fkey}
+model_id: INTEGER {fkey}
+note_id: INTEGER {fkey} = 1
+{pkey} = (elm_id,model_id)
+best_model: BOOLEAN = FALSE

+elm_instance_id: INTEGER {fkey}
+evidence_id: INTEGER {fkey}
+logic_id: INTEGER {fkey}

Elms

Evidence_evidence_codes

+id: SERIAL {pkey}
+identifier: VARCHAR(32) {ukey}
+short_description: VARCHAR(256) {ukey}
+functional_site_id: INTEGER {fkey} = 1
+log_id: INTEGER {fkey} = 1

+evidence_code_id: INTEGER {fkey}
+evidence_id: INTEGER {fkey}
+{pkey} = (evidence_code_id,evidence_id)

Models
+id: SERIAL {pkey}
+model: TEXT
+name: VARCHAR(128) {ukey}
+model_type_id: INTEGER {fkey}
+sha1_bin: BYTEA {ukey}
+sha1_hex: CHAR(40) {ukey}
+note_id: INTEGER {fkey}

Model_types
+id: INTEGER {pkey}
+type: VARCHAR(64) {ukey}

Evidences
+id: INTEGER {pkey}
+method_id: INTEGER {fkey}
+evidence_class_id: INTEGER {fkey}
+reliability_id: INTEGER {fkey}
+note_id: INTEGER {fkey}

Elm_external_links
+elm_id: INTEGER {fkey}
+external_link_id: INTEGER {fkey}
+logic_id: INTEGER {fkey}
+{pkey} = (elm_id,external_link_id,logic_id)

Evidence_methods
+id: INTEGER {pkey}
+method: VARCHAR(512) {ukey}

Figure 9.6: elmDB schema 1.
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Protein_references

Protein_synonyms

+protein_id: INTEGER {fkey}
+article_id: INTEGER {fkey}
+{pkey} = (protein_id,article_id)

+protein_id: INTEGER {fkey}
+synonym_id: INTEGER {fkey}
+{pkey} = (protein_id,synonym_id)

Complex_subunits
+complex_id: INTEGER {fkey}
+protein_id: INTEGER {fkey}
+{pkey} = (complex_id,protein_id)

File_types
+id: SERIAL {pkey}
+type: VARCHAR(256) {ukey}

Files

Proteins
+id: SERIAL {pkey}
+public_name: VARCHAR(256) {ukey}
+note_id: INTEGER {fkey} = 1
+expression_id: INTEGER {fkey} = 1

+id: SERIAL {pkey}
+file_oid: OID
+description: VARCHAR(512)
+filename: VARCHAR (512)
+sha1_bin: BYTEA {ukey}
+sha1_hex: CHAR(40) {ukey}
+note_id: INTEGER {fkey}
+file_type_id: INTEGER {fkey}
+{ukey} = (file_oid,filename)

Protein_expression_contexts
+id: SERIAL {pkey}
+context: VARCHAR(1024) {ukey}

Taxonomy_tree NEW
External_databases

+node_id: INTEGER {pkey} = 1
+rank_id: INTEGER {fkey} = 1
+ncbi_scientific_name: VARCHAR(256) {ukey}
+genbank_common_name: VARCHAR(256) = ’’
+left_metric: INTEGER = 1
+right_metric: INTEGER = 1

+id: SERIAL {pkey}
+name: VARCHAR(256) {ukey}
+url_id: INTEGER {fkey} = 1
+module_file_id: INTEGER {fkey} = 1
+{ukey} = (name,url_id)

Taxonomy_flags
+flag_id: INTEGER {fkey}
+node_id: INTEGER {fkey}
+{pkey} = (flag_id,node_id)

Taxonomy_ranks
+id: SERIAL {pkey}
+rank: VARCHAR(64) {ukey}

Protein_taxa
+protein_id: INTEGER {fkey}
+node_id: INTEGER {fkey}
+{pkey} = (protein_id,node_id)

Synonyms

Households

+id: SERIAL {pkey}
+synonym: VARCHAR(256) {ukey}

+mtime: TIMESTAMP WITH TIME ZONE = (’NOW’)
+creation_date: TIMESTAMP WITH TIME ZONE = (’NOW’)

Logic

External_links

+id: INTEGER {pkey}
+logic: VARCHAR(256) {ukey}
+value: FLOAT8 = 0

+id: SERIAL {pkey}
+external_id: VARCHAR(128) = ’’
+external_database_id: INTEGER {fkey} = 1
+external_id_type_id: INTEGER {fkey} = 1
+external_value: VARCHAR(1024) = ’’
+{ukey} = (external_id,external_database_id,external_id_type_id)

URLs
+id: SERIAL {pkey}
+note_id: INTEGER {fkey}
+url: VARCHAR(8190)

Notes
+id: SERIAL {pkey}
+note: TEXT

Elm_files
+file_id: INTEGER {fkey}
+elm_id: INTEGER {fkey}
+{pkey} = (file_id,elm_id)

Elm_taxonomies
+node_id: INTEGER {fkey}
+elm_id: INTEGER {fkey}
+excluded_node: BOOLEAN = FALSE
+{pkey} = (node_id,elm_id)

Evidence_codes

Logic_flags
+flag_id: INTEGER {fkey}
+logic_id: INTEGER {fkey}
+{pkey} = (flag_id,logic_id)

Evidence_external_links

+id: SERIAL {pkey}
+code: VARCHAR(8) {ukey}
+description: VARCHAR(256) {ukey}

External_link_fil

+file_id: INTEGER {fkey}
+external_link_id: INTEGER
+{pkey} = (file_id,externa

Elm_siteseeings

+evidence_id: INTEGER {fkey}
+external_link_id: INTEGER {fkey}
+logic_id: INTEGER {fkey}
+{pkey} = (elm_id,external_link_id)

+elm_id: INTEGER {fkey}
+elmer_id: INTEGER {fkey}
+{pkey} = (elm_id,elmer_id)

Evidence_evidence_codes

Article_evidence_codes

+evidence_code_id: INTEGER {fkey}
+evidence_id: INTEGER {fkey}
+{pkey} = (evidence_code_id,evidence_id)

+evidence_code_id: INTEGER {fkey}
+article_id: INTEGER {fkey}
+{pkey} = (evidence_code_id,article_i

Evidence_references
External_methods

+evidence_id: INTEGER {fkey}
+article_id: INTEGER {fkey}
+{pkey} = (evidence_id,article_id)

Evidence_classes
+id: SERIAL {pkey}
+class: VARCHAR(128) {ukey}

+id: SERIAL {pkey}
+name: VARCHAR(128)
+method: VARCHAR(128) = ’Neural Network’
+module_file_id: INTEGER {fkey} = 1
+url_id: {fkey} {ukey} = 1
+contact_email_id: INTEGER {fkey} = 1
+display: VARCHAR(1024) = ’Copyright 2002 ELM Consortium’
+note_id: INTEGER {fkey} = 1
+interface_flag_id: INTEGER {fkey} = 1
+{ukey} = (name,url_id)

Copyright (C)
Evidence_methods
+id: INTEGER {pkey}
+method: VARCHAR(512) {ukey}

Reliabilities
+id: SERIAL {pkey}
+reliability: VARCHAR(128) {ukey}

Figure 9.7: elmDB schema 2.
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Site_search_profiles
+site_id: INTEGER {fkey}
+search_profile_id: INTEGER {fkey}
+{pkey} = (site_id,query_id)

Site_files
+file_id: INTEGER {fkey}
+site_id: INTEGER {fkey}
+{pkey} = (file_id,site_id)

Site_external_links NEW
+site_id: INTEGER {fkey}
+external_link_id: INTEGER {fkey}
+logic_id: INTEGER {fkey}
+{pkey} = (site_id,external_link_id,logic_id)

Files
+id: SERIAL {pkey}
+file_oid: OID
+description: VARCHAR(512)
+filename: VARCHAR (512)
+sha1_bin: BYTEA {ukey}
+sha1_hex: CHAR(40) {ukey}
+note_id: INTEGER {fkey}
+file_type_id: INTEGER {fkey}
+{ukey} = (file_oid,filename)

Functional_sites
+id: SERIAL {pkey}
+abstract: TEXT
+short_description: VARCHAR(1024) {ukey}
+log_id: INTEGER {fkey} = 1
+public_name: VARCHAR(256) {ukey}
+expert_email_id: INTEGER {fkey} = 1
+descriptive_title: VARCHAR(128) {ukey}
+status_id: INTEGER {fkey} = 1

Site_URLs
+site_id: INTEGER {fkey}
+url_id: INTEGER {fkey}
+{pkey} = (site_id,url_id)

Search_profile_types
+id: SERIAL {pkey}
+profile: VARCHAR(256) {ukey}

Taxonomy_ranks
+id: SERIAL {pkey}
+rank: VARCHAR(64) {ukey}

Search_profiles
+id: SERIAL {pkey}
+profile: VARCHAR(1024) {ukey}
+note_id: INTEGER {fkey} = 1
+search_type_id: INTEGER {fkey} = 1

Site_siteseeings

Emails

+site_id: INTEGER {fkey}
+elmer_id: INTEGER {fkey}
+{pkey} = (site_id,elmer_id)

+id: SERIAL {pkey}
+email: VARCHAR(256) {ukey}

Site_synonyms
+site_id: INTEGER {fkey}
+synonym_id: INTEGER {fkey}
+{pkey} = (site_id,synonym_id)

ELMers

External_link_files
+file_id: INTEGER {fkey}
+external_link_id: INTEGER {fkey}
+{pkey} = (file_id,external_link_id)

Stati
+id: SERIAL {pkey}
+status: VARCHAR(128) {ukey}

+id: SERIAL {pkey}
+firstname: VARCHAR(64)
+lastname: VARCHAR(64)
+initials: VARCHAR(6) = ’’
+degree: VARCHAR(128) = ’’
+startdate: DATE = ’2001-01-03’
+enddate: DATE = ’TODAY’
+birthday: DATE = ’TODAY’
+gender: CHAR(1)
+email_id: INTEGER {fkey} = 1
+cellphone: VARCHAR(64) = ’’
+workphone: VARCHAR(64)
+homephone: VARCHAR(64) = ’’
+fax: VARCHAR(64)
+workplace_id: INTEGER {fkey} = 1
+{ukey} = (firstname,lastname,initials)
+gender_check = gender IN (’M’,’F’)
+url_id: INTEGER {fkey} = 1
+siteseer: BOOLEAN = TRUE
+login: VARCHAR(128) {ukey} = Firstname+Lastname

Article_files
+file_id: INTEGER {fkey}
+article_id: INTEGER {fkey}
+{pkey} = (file_id,article_id)

Workplaces
Articles

Article_evidence_codes
+evidence_code_id: INTEGER {fkey}
+article_id: INTEGER {fkey}
+{pkey} = (evidence_code_id,article_id)

+id: SERIAL {pkey}
+flag_id: INTEGER {fkey} = 1
+journal_id: INTEGER {fkey}
+title: VARCHAR(1024)
+abstract: VARCHAR(4096)
+volume: SMALLINT
+issue: VARCHAR(64) = ’’
+pagination: VARCHAR(64)
+PMID: INTEGER {ukey}
+publication_date: VARCHAR(48) = (’TODAY’)
+{ukey} = (title,pagination)

+id: SERIAL {pkey}
+name: VARCHAR(128)
+department: VARCHAR(128)
+street: VARCHAR(128)
+postalcode: VARCHAR(128) = ’’
+city: VARCHAR(128)
+country: VARCHAR(128)
+state: VARCHAR(128) = ’’
+url_id: INTEGER {fkey} {ukey}
+{ukey} = (name,department)

Article_authors
+author_id: INTEGER {fkey}
+article_id: INTEGER {fkey}
+author_rank: SMALLINT = 1
+{pkey} = (author_id,article_id)
+{ukey} = (article_id,author_rank)

Journals
+id: SERIAL {pkey}
+name: VARCHAR(512) {ukey}

Authors
+id {pkey}: SERIAL
+name {ukey}: VARCHAR(512) {ukey}

Copyright (C) 2001-2004 Rune Linding - ELM Consortium - http://elm.eu.org

Figure 9.8: elmDB schema 3.

List of Linear Motifs
The list of linear motifs that is currently in the ELM resource. More
detailed information can be found on the ELM website.
CLV_MEL_PAP_1 Prophenoloxidase-activating proteinase (PAP) cleavage
site ([Ile/Leu/Val]-Xaa-Xaa-Arg-|-[Val/Phe]-[Gly/Ser]-Xaa)
CLV_NDR_NDR_1 N-Arg dibasic convertase (nardilysine) cleavage site (Xaa|-Arg-Lys or Arg-|-Arg-Xaa)
CLV_PCSK_FUR_1 Furin (PACE) cleavage site (Arg-Xaa-[Arg/Lys]-Arg-|Xaa)
CLV_PCSK_KEX2_1 Yeast kexin 2 cleavage site (Lys-Arg-|-Xaa or Arg-Arg-|Xaa)
CLV_PCSK_PC1ET2_1 NEC1/NEC2 cleavage site (Lys-Arg-|-Xaa)
CLV_PCSK_PC7_1 Proprotein convertase 7 (PC7, PCSK7) cleavage site
(Arg-Xaa-Xaa-Xaa-[Arg/Lys]-Arg-|-Xaa)
CLV_PCSK_SKI1_1 Subtilisin/kexin isozyme-1 (SKI1) cleavage site ([RK]-X[hydrophobic]-[LTKF]-|-X)
LIG_14-3-3_1 14-3-3 proteins interaction motif 1
LIG_14-3-3_2 14-3-3 proteins interaction motif 2
LIG_14-3-3_3 Consensus derived from natural interactors which do not exactly match the mode1 and mode2 ligands
LIG_AP_GAE_1 Acidic Phe motif mediates the interaction between ENTH
containing proteins and the gamma-ear domains of Gga2p and AP-1.
Proposed roles: in clathrin localization and assembly on TGN/endosome
membranes and in traffic between the TGN and endosome.
LIG_Clathr_ClatBox_1 Clathrin box motif found on cargo adaptor proteins, it
interacts with the beta propeller structure located at the N-terminus of
Clathrin heavy chain.
LIG_Clathr_ClatBox_2 Clathrin box motif found on cargo adaptor proteins, it
mediates binding to the N-terminal beta propeller of clathrin. This variant
motif (also called W box) is found in the central region of Amphiphysins
where it coexists with a "classical" clathrin box.
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LIG_COP1 COP1 binding motif
LIG_CORNRBOX The corepressor nuclear receptor box motif confers binding
to nuclear receptors.
LIG_CtBP PxDLS motif that interacts with the CtBP protein
LIG_CYCLIN_1 Substrate recognition site that interacts with cyclin and
thereby increases phosphorylation by cyclin/cdk complexes. Predicted
protein should have the MOD_CDK site. Also used by cyclin inhibitors.
LIG_Dynein_DLC8_1 The [KR]xTQT motif interacts with the common targetaccepting grooves of 8kDa Dynein Light Chain dimer.
LIG_EH NPF motif responsible for the interaction with the EH eukaryotic signalling modules
LIG_EH1 The eh1 motif allows bindning to Groucho/TLE corepressors
LIG_FHA_1 FHA domain interaction motif 1, threonine phosphorylation is required
LIG_GYF LIG_GYF is a proline-rich sequence specifically recognized by GYF
domains
LIG_HOMEOBOX The YPWM motif confers binding to the PBX homeobox
domain
LIG_HP1_1 Ligand to interface formed by dimerisation of two chromoshadow
domains in HP1 proteins.
LIG_IBS_1 Integrins are major collagen receptors on the surface of eukaryotic
cells. This consensus sequence is present in some alpha chains of different collagen types (e.g. alpha 1 chain of type I, II, V and alpha 2 chain
of collagen type I and VIII).
LIG_IQ Calmodulin binding helical peptide motif
LIG_MAD2 Mad2 binding motif
LIG_MDM2 Motif found in p53 family members which confers binding to the
N-terminal domain of MDM2
LIG_MYND PxLxP motif, MYND ligand
LIG_NRBOX The nuclear receptor box motif (LXXLL) confers binding to nuclear receptors.
LIG_PCNA The PCNA binding site is found in proteins involved in DNA replication, repair and cell cycle control.
LIG_PDZ_1 PDZ domains recognize short sequences at the carboxy terminus
of target proteins
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LIG_PDZ_2 this is the motif recognized by class II PDZ domains
LIG_PDZ_3 Class III PDZ domains binding motif
LIG_PIP2_ANTH_1 The ANTH-type-PI(4,5)P2 binding motif is found in ENTH
containing proteins of the AP180 family and actin binding proteins. It
binds to the lipid bilayer and may serve to tether clathrin and cytoskeleton
to the plasma membrane.
LIG_PIP2_ENTH_1 The ENTH-type-PI(4,5)P2 binding motif is found on Epsin
and Epsin-like proteins. Upon binding to PI(4,5)P2 and in conjunction
with clathrin polymerisation Epsin directly modifies membrane curvature.
LIG_PP1 LIG_PP1 is a conserved PP1c (protein phosphatase 1 catalytic
subunit)- binding motif
LIG_PTAP PTAP alike ligands
LIG_PTB_1 Phopshotyrosine binding (PTB) motif
LIG_PTB_2 LIG_PTB_2 is a NPXY PTB domain binding motif whose tyrosine
is non-phosphorylated
LIG_PXL The paxillin LD motif is recognized by proteins mainly involved in
cytoskeleton
LIG_RB Interacts with the Retinoblastoma protein
LIG_RGD This motif can be found in proteins of the extracellular matrix and it
is recognized by different members of the integrin family. The structure
of the tenth type III module of fibronectin has shown that the RGD motif
lies on a flexible loop.
LIG_SH2_GRB2 GRB2-like Src Homology 2 (SH2) domains binding motif.
LIG_SH2_PTP2 SH-PTP2 and phospholipase C-gamma Src Homology 2
(SH2) domains binding motif.
LIG_SH2_SRC Src-family Src Homology 2 (SH2) domains binding motif.
LIG_SH2_STAT3 YXXQ motif found in the cytoplasmic region of cytokine receptors that bind STAT3 SH2 domain.
LIG_SH2_STAT5 STAT5 Src Homology 2 (SH2) domain binding motif.
LIG_SH2_STAT6 STAT6 Src Homology 2 (SH2) domain binding motif.
LIG_SH3_1 This is the motif recognized by class I SH3 domains
LIG_SH3_2 this is the motif recognized by class II SH3 domains
LIG_SH3_3 This is the motif recognized by those SH3 domains with a noncanonical class I recognition specificity
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LIG_SH3_4 This is the motif recognized by those SH3 domains with a noncanonical class II recognition specificity
LIG_SH3_5 PXXDY motif recognized by some SH3 domains
LIG_SID_1 Motif interacts with PAH2 domain in the Sin3 scaffold protein
LIG_Sin3_2 Motif interacts with PAH2 domain in the Sin3 scaffold protein. (sp1 like)
LIG_Sin3_3 Motif interacts with PAH2 domain in the Sin3 scaffold protein. (not
mad or sp-1 like)
LIG_TNKBM The
poly(ADP-ribose)
polymerases
Tankyrase-1
(TNK1_HUMAN) and Tankyrase-2 (TNK2_HUMAN) and bind proteins through an ankyrin-repeat domain (SM0248). The recognised motif
(tankyrase-binding motif) is RxxPDG.
LIG_TPR Ligands of the TPR (tetratricopeptide repeat motif) domains are
EEVD motifs, C-terminal sequences highly conserved in all eukaryotic
members of the Hsp70 and Hsp90 families.
LIG_TRAF2_1 Major TRAF2-binding consensus motif. Members of the tumor
necrosis factor receptor (TNFR) superfamily initiate intracellular signaling by recruiting the C-domain of the TNFR-associated factors (TRAFs)
through their cytoplasmic tails.
LIG_TRAF2_2 Minor TRAF2-binding consensus motif. Members of the tumor
necrosis factor receptor (TNFR) superfamily initiate intracellular signaling by recruiting the C-domain of the TNFR-associated factors (TRAFs)
through their cytoplasmic tails.
LIG_TRAF6 TRAF6 binding site. Members of the tumor necrosis factor receptor (TNFR) superfamily initiate intracellular signaling by recruiting the
C-domain of the TNFR-associated factors (TRAFs) through their cytoplasmatic tails.
LIG_WH1 LIG_WH1 is the WIP sequence motif binding to the WH1 domains
of WASP and N-WASP
LIG_WRPW_1 The WRPW motif mediates recruitment of transcriptional corepressors of the Groucho/transducin-like enhancer-of-split (TLE) family.
LIG_WRPW_1 is based on the C-terminus located motifs found in the
Hairy and Runt family proteins.
LIG_WRPW_2 The WRPW motif mediates recruitment of transcriptional corepressors of the Groucho/transducin-like enhancer-of-split (TLE) family. LIG_WRPW_2 is not restricted to the C-terminus (in contrast to
LIG_WRPW_1).
LIG_WW_1 PPXY is the motif recognized by WW domains of Group I
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LIG_WW_2 PPLP is the motif recognized by WW domains of Group II
LIG_WW_3 WW domain of group III binding motif
LIG_WW_4 Class IV WW domains interaction motif;
dependent interaction.

phosphorylation-

MOD_ASX_betaOH_EGF ASX hydroxylation of some EGF domains.
MOD_CAAXbox Generic CAAX box prenylation motif
MOD_CDK Substrate motif for phosphorylation by CDK
MOD_CK1_1 CK1 phosphorylation site
MOD_CK2_1 CK2 phosphorylation site
MOD_CMANNOS Motif for attachment of a mannosyl residue to a tryptophan
MOD_Cter_Amidation Peptide C-terminal amidation
MOD_GlcNHglycan Glycosaminoglycan attachment site
MOD_GSK3_1 GSK3 phosphorylation recognition site
MOD_N-GLC_1 Generic motif for N-glycosylation. Shakin-Eshleman et al.
showed that Trp, Asp, and Glu are uncommon before the Ser/Thr position. Efficient glycosylation usually occurs when ~60 residues or more
separate the glycosylation acceptor site from the C-terminus
MOD_N-GLC_2 Atipical motif for N-glycosylation site. Examples are Human
CD69, which is uniquely glycosylated at typical (Asn-X-Ser/Thr) and atypical (Asn-X-Cys) motifs, beta protein C
MOD_NMyristoyl Generic motif for N-Myristoylation site.
MOD_OFUCOSY Site for attachment of a fucose residue to serin
MOD_OGLYCOS Site for attachment of a glucose residue to a serin
MOD_PK_1 Phosphorylase kinase phosphorlation site
MOD_PKA_1 PKA is a protein kinase involved in cell signalling
MOD_PKA_2 PKA phosphorylation site
MOD_PKB_1 PKB Phosphorylation site
MOD_PLK Site phosphorylated by the Polo-like-kinase
MOD_SPalmitoyl_2 Class 2 Palmitoylation motif
MOD_SPalmitoyl_4 Class 4 palmitoylation motif
MOD_SUMO Motif recognised for modification by SUMO-1
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MOD_TYR_CSK Members of the non-receptor tyrosine kinase Csk family
phosphorylate the C-terminal tyrosine residues of the Src family.
MOD_TYR_DYR The kinase activity of the DYRK (dual specificity kinase) is
dependent on the autophosphorylation of the YXY motif in the activation
loop.
MOD_TYR_ITAM ITAM (immunoreceptor tyrosine-based activatory motif).
ITAM consists of partially conserved short sequence of amino acid found
in the cytoplasmatic tail of antigen and Fc receptors.
MOD_TYR_ITIM ITIM (immunoreceptor tyrosine-based inhibitory motif).
Phosphorylation of the ITIM motif, found in the cytoplasmic tail of some
inhibitory receptors (KIRs) that bind MHC Class I, leads to the recruitment
and activation of a protein tyrosine phosphatase.
MOD_TYR_ITSM ITSM (immunoreceptor tyrosine-based switch motif). This
motif is present in the cytoplasmic region of the CD150 subfamily within
the CD2 family and it enables these receptors to bind to and to be regulated by SH2 adaptor molecules, as SH2DIA.
MOD_WntLipid Palmitoylation site in WNT signalling proteins that is required
for correct processing in the endoplasmic reticulum.
TRG_AP2alpha FxDxF motif responsible for the binding of accessory endocytic proteins to the alpha-subunit of adaptor protein complex AP-2
TRG_ENDOCYTIC_2 Tyrosine-based sorting signal responsible for the interaction with mu subunit of AP (Adaptor Protein) complex
TRG_ER_diArg_1 ER retention/retrieving signal found at the N-terminus of
type II ER membrane proteins (cytoplasmic in this topology). Occasionally found in type I and IV ER membrane proteins.
TRG_ER_diLys_1 ER retention and retrieving signal found at the C-terminus
of type I ER membrane proteins (cytoplasmic in this topology). Di Lysine
signal is reponsible for COP-I mediated retrieval from post ER compartments.
TRG_ER_KDEL_1 Retrieving signal found at the C-terminus of many ER soluble proteins. It interacts with the KDEL receptor (an integral membrane
protein) which in turns interacts with components of the coatomer (COP
I).
TRG_EVH1_I proline-rich motif binding to signal transduction class I EVH1
domains
TRG_EVH1_II proline-rich motif binding to signal transduction class II EVH1
domains
TRG_Golgi_diPhe_1 ER to Golgi anterograde transport signal found at the
C-terminus of cargo receptors, binds to COP II and COPI.
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TRG_LysEnd_APsAcLL_1 Sorting and internalisation signal found in the
cytoplasmic juxta-membrane region of type I transmembrane proteins.
Targets them from the Trans Golgi Network to the lysosomal-endosomalmelanosomal compartments. Interacts with adaptor protein (AP) complexes
TRG_LysEnd_APsAcLL_3 Sorting signal found in the cytoplasmic juxtamembrane region of type I transmembrane lysosomal, endosomal and
melanosomal proteins. Based on experimental evidence and alignments,
this very specific ELM represents the best combination for AP3 binding.
TRG_LysEnd_GGAAcLL_1 Sorting signal directing type I transmembrane
proteins from the Trans Golgi Network (TGN) to the lysosomalendosomal compartment. It is found near the C-terminus and interacts
with the VHS domain of GGAs adaptor proteins.
TRG_PML_SV WHXL motif found in the C-terminal region of Synaptotagmin
family proteins that is essential for the localization of the synaptic vescicle
at the plasma membrane.
TRG_PTS1 Generic PTS1 ELM for all eukaryotes
TRG_PTS2 Generic PTS2 pattern for all eukaryotes (except lineages which
have lost it)
TRG_WXXXY/F Specific ELM present in Pex5p and binding to Pex13p and
Pex14p. Part of the peroxisomal matrix protein import system
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