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ABSTRACT: Many protein-protein and protein-nucleic acid interactions involve coupled folding and binding
of at least one of the partners. Here, we propose a protein structural element or feature that mediates the
binding events of initially disordered regions. This element consists of a short region that undergoes
coupled binding and folding within a longer region of disorder. We call these features “molecular recognition
elements” (MoREs). Examples of MoREs bound to their partners can be found in theR-helix, â-strand,
polyproline II helix, or irregular secondary structure conformations, and in various mixtures of the four
structural forms. Here we describe an algorithm that identifies regions having propensities to become
R-helix-forming molecular recognition elements (R-MoREs) based on a discriminant function that indicates
such regions while giving a low false-positive error rate on a large collection of structured proteins.
Application of this algorithm to databases of genomics and functionally annotated proteins indicates that
R-MoREs are likely to play important roles protein-protein interactions involved in signaling events.

Protein-protein and protein-nucleic acid interactions are
central to many processes in molecular biology. Through
such interactions, translation is initiated (1) or terminated
(2), apoptotic signals are stimulated (3) or inhibited (4),
transcription is activated (5) or repressed (6), and a whole
host of other cellular processes relying on recognition,
regulation, and signaling are performed. Thus, understanding
protein-protein and protein-nucleic acid interactions is
critical for gaining insight into signaling and regulation within
biological systems. Knowledge of these interactions might
enable the development of small molecule therapies that
could target a multitude of human diseases (7, 8), thus
highlighting the practical importance of understanding such
interactions.

The ability to predict protein-protein interactions from
sequence and structure would be very useful for guiding

laboratory experiments. Both binding regions (9, 10) and
binding partners (11) can be predicted with some success
from known protein structure, especially when structural
knowledge is combined with evolutionary information
(9-11).

Several well-characterized protein-nucleic acid and pro-
tein-protein interactions involve disorder-to-order transitions
upon binding, which is also called coupled binding and
folding (12-23). One or even both protein partners can be
disordered prior to the interaction (reviewed in ref24).
Naturally disordered proteins have also been called natively
unfolded (25), intrinsically unstructured (13), and natively
disordered (26). When a protein-protein interaction involves
a natively unfolded partner, the methods developed for
predicting protein-protein interactions based on known
structures are simply inapplicable. For intrinsically disordered
proteins, new methods and new approaches are needed.

The importance of predicting regions of disordered
proteins that bind to partners of course depends on the
commonness of such proteins. Several computational experi-
ments indicate that natively unfolded or intrinsically disor-
dered regions are a common phenomenon (14, 27-30). For
example, more than 15 000 out of 91 000 proteins in the then-
current Swiss Protein database were identified as having long
regions of intrinsic disorder (27) using PONDR1 (14, 31-
34). The analogous conclusion has been made based on the
results of disorder prediction for 31 genomes that span the
three kingdoms. Using predictive methods it was shown that
eukaryotes contain more disorder than either the prokaryotes
or the archaea, withCaenorhabditis elegans, Arabidopsis
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thaliana, Saccharomyces cereVisiae, andDrosophila mela-
nogasterhaving 52-67% of their proteins with segments
predicted to haveg40 consecutive disordered residues,
whereas bacteria and archaea were indicated to have 16-
45% and 26-51% of their proteins with such long regions
of predicted disorder, respectively (29). Finally, the applica-
tion of a predictor combining two distinct approaches to
elucidate proteins that are likely to be wholly disordered [the
net charge-hydropathy distribution (12) and the distribution
of disorder prediction score derived from PONDR VL-XT
(14, 31-34)] provided additional support for these observa-
tions (30). Using this consensus method it was shown that
approximately 4.5% ofYersinia pestis, 5% of Escherichia
coli K12, 6% of Archaeoglobus fulgidus, 8% of Methano-
bacterium thermoautotrophicum, 23% ofArabidopsis thaliana,
and 28% ofMus musculusproteins are likely to be highly
disordered in their entireties (30).

The increased prediction of disorder in eukaryotes com-
pared with the other kingdoms has been suggested to be a
consequence of the increased need for cell signaling and
regulation (14, 29, 35-37). Laboratory experiments support
this suggestion. In a collection of more than 100 experi-
mentally characterized regions of disorder from a diverse
set of proteins selected only because they contained regions
of intrinsic disorder, a large majority of these examples were
found by literature mining to participate in cell-signaling or
regulation via noncatalytic interactions with DNA, RNA, or
other proteins (15). The number of intrinsically disordered
proteins or protein domains identified to be involved in cell-
signaling, recognition, and regulation is growing rapidly. In
addition, computational experiments have revealed that
79% ( 5% and 66%( 6% of human cancer-associated
proteins and signaling proteins, respectively, contain regions
in which g30 consecutive residues were predicted to be
disordered, whereas just 47%( 4% and 13%( 4% of
general eukaryotic proteins and proteins with a known 3-D
structure, respectively, contain regions with such long
predictions of disorder (36). This study strongly implicated
intrinsic disorder in cancer-associated and signaling proteins
as compared to the two control sets. In the same study it
was shown that proteins involved in metabolism, biosyn-
thesis, and degradation together with kinases, inhibitors,
transporters, G-protein coupled receptors, and membrane
proteins were predicted to possess at least 2-fold less disorder
than regulatory, cancer-associated, and cytoskeletal proteins
(36). Based on these observations it was further suggested
that intrinsically disordered proteins played key roles in cell-
signaling, regulation, recognition, and cancer, where coupled
folding and binding is a common mechanism (36).

Unlike well-structured binding proteins, intrinsically dis-
ordered binding proteins are inherently intractable to structure
determination methods unless their binding partners are first
identified and isolated. Once isolated, the structures of the
disordered binding regions can be determined in combination

with their structured partners using standard methods. For
some disordered proteins, identification of the binding
partners may simply be a matter of subjecting the protein to
a binding screen against cellular extracts, but for many
proteins the situation may not be that simple. Given the
modular nature of proteins (38, 39), the results of such
screens may be complex. Also, if modules are connected by
flexible linkers, the structure of the entire protein will still
be difficult to obtain until the specific interaction regions of
the binding partners are identified by deletion mutagenesis
or by proteolytic digestion studies (40). In this sense, the in
silico identification of binding regions within disordered
proteins would be useful in accelerating the process of
structure determination for complexes that contain disordered
proteins.

Based on previous observations (41) and the results of this
work, a specific structural element is proposed that mediates
many of the binding events of disordered regions. This
element consists of a short region (on the order of 20
residues) that undergoes a disorder-to-order transition that
is stabilized by binding to its partner; this short region is
within a segment of disorder. These molecular recognition
elements, MoREs, are proposed to function in the recognition
of protein or nucleic acid partners. The term “element” is
applied to these regions to distinguish them from globular
domains and from sequence-specific motifs. The proposed
structural element is not constrained concerning the second-
ary structure in the bound state. Bound MoREs can adopt
R-helix, â-structure, nonregular secondary structure, and even
polyproline II helix conformations (Mohan, Romero, Uver-
sky, and Dunker, manuscript in preparation). Here we focus
on theR-helix-forming subset of MoREs, orR-MoREs. The
reasons for this are practical:R-MoREs represent a sizable
fraction of the MoREs studied to date (42), and concepts
enabling their identification from sequence have been the
most fully developed.

Based on examples derived from database and literature
sources, an indicator ofR-MoRE-containing regions is
described herein. Results derived with this algorithm were
already presented in one published study (43) with the
identified R-MoRE being later confirmed by structure
determination (44). We describe here the procedures em-
ployed for the generation of a data set of observedR-MoREs
and the construction of an algorithm for indicatingR-MoRE
regions. The paucity of examples prevented the development
of a formally trained predictor. Instead, our goal was to
develop an algorithm that correctly identified the few known
examples while yielding a low false positive error rate on a
large collection of structured proteins. Next, we show the
application of the algorithm to genomes and databases of
functionally annotated proteins. Some interesting examples
of R-MoRE indications are compared with biological data.
The biological importance and implications of the MoRE
concept are discussed.

MATERIALS AND METHODS

Data Sets

Examples ofR-MoREs were derived from structures in
the PDB (45) as of Nov 10, 2002. PDB Select 25 (46), which
is a sequence nonredundant (e25% identity) set of chains
from the PDB, was used as a negative control in this work:

1 Abbreviations: PONDR, predictor of natural disordered regions
(PONDR is a registered trademark of Molecular Kinetics, Inc.); VL-
XT, variously characterized long disordered regions in the internal
regions training set, X-ray characterized terminal disordered regions
in the end regions training set; MoRE, molecular recognition element;
R-MoRE,R-helix-forming molecular recognition element; PDB, protein
data bank; HCA, hydrophobic cluster analysis; MV, measles virus; GO,
gene ontology.
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By selecting chains longer than 30 residues, potential MoRE
regions were explicitly eliminated from the data set. There-
fore, any MoRE pattern in this set of structured proteins is
false. PDB Select 25 sequences longer than 30 residues were
used, which includes 1117 chains containing 220 668
residues.

Genomic data sets were obtained from the Entrez database
at the National Center for Biotechnology (NCBI) web site
(http://www.ncbi.nlm.nih.gov/entrez/). Functional data sets
were derived from the SWISS-PROT database (47) as
described previously (36). The data sets were composed of
9 eukaryotic genomes with 123 845 sequences and 51 799 104
total residues, 16 archaeal genomes with 37 128 sequences
and 10 704 340 total residues, and 57 bacterial genomes with
162 692 sequences and 50 989 849 total residues. Additional
details on the genomic data sets are available (Supporting
Information). Correlations between MoRE patterns and
protein function and cellular localization were evaluated
using gene ontology (GO) annotations for budding yeast
(48, 49) following methods described previously (50).

Examples ofr-MoREs

R-MoREs were extracted from PDB entries using the
following procedure:

(1) Select chains in the PDB of 30 residues or shorter for
which a valid reference sequence identification (i.e., Swiss-
Prot or PIR ID) is given in the PDB entry, and which are
bound to another protein chain longer than 30 residues.

(2) Retain all chains with helical content, as indicated by
DSSP (51) classification. Discard all other chains.

(3) Discard all chains for which another chain longer than
30 residues in the structure is composed of a different region
of the same reference sequence. That is, keep only chains
bound to adifferent molecule.

(4) Verify remaining chains individually to make sure they
are not fragments of a known globular domain. This is done
by comparing the chain’s reference sequence to a nonre-
dundant set of protein sequences in PDB.

All chains selected through this procedure were examined
in reference to the PDB file remarks, the coordinates of the
structure, BLAST database searches, the reference publica-
tion, and additional literature. This detailed examination
verified that each selected protein chain was bound to another
protein and that each chain is consistent with theR-MoRE
model; i.e., disordered in isolation. Due to the highly
restrictive nature of this search method, these examples
should not be viewed as an estimate of the number of
R-MoREs in the PDB. These are only a set of examples of
R-MoREs.

Construction of an Algorithm That Indicatesr-MoRE
Propensities

The algorithm indicatingR-MoRE propensities was de-
signed using a stacked algorithm technique, meaning that
distinct algorithms are applied to an input in serial to obtain
a final estimation. Here, three algorithms are used. The first
algorithm is PONDR VL-XT, which provides a prediction
of order/disorder for each residue. The second algorithm
defines the location of a potentialR-MoRE within a given
protein sequence through identification of a particular pattern
in the PONDR predictions, herein called a PONDR pattern.

The third algorithm discriminates between locations that are
similar to the exampleR-MoREs and locations that are
similar to a collection of spurious patterns.

A generalized heuristic was developed to identify the
locations of potentialR-MoREs, such that PONDR prediction
patterns were associated with allR-MoRE regions within
the set of exampleR-MoREs. Generally, the PONDR pattern
was a short predicted ordered region between two predicted
disordered regions (see Results for details). Note that unless
specified otherwise, PONDR disorder predictions are made
at a threshold of 0.5, where disorder is indicated by a score
greater than the threshold and structure is indicated by a score
less than the threshold. For the PONDR pattern definition,
however, the threshold was adjusted to improve the fit to
the known examples. Since these PONDR prediction patterns
are relatively common for many protein sequences, the third
algorithm was required to discriminate between patterns
associated withR-MoREs (true patterns) and spurious
patterns (false patterns).

To discriminate between true and false patterns, parametric
discriminant models were used. Specifically, sequence at-
tributes associated with the patterns were used to fit quadratic
multivatriate discrimination models. The various attributes
were calculated from the sequence of each protein, which
included estimated physiochemical properties, predicted
disorder, and predicted secondary structure. Net charge, total
charge, Kyte-Doolittle hydropathy (52), Vihinen flexibility
(53), sequence conservation measured as Shannon’s entropy
(54), and Eisenberg’s hydrophobic moment (55) were the
protein attributes considered in the analysis. The disorder
prediction parameters considered were PONDR VL-XT (32,
33), VL-2, VL-2C, VL-2V, and VL-2S (37). For secondary
structure prediction both PSIPRED (56) and GOR-I (57) were
examined. Finally, hydrophobic cluster analysis, HCA (58),
was implemented and was quantified by calculating the
fraction of residues in a given region that were included in
a hydrophobic cluster. Each of these quantities was averaged
over three regions relative to theR-MoRE pattern: (a) the
R-MoRE region; (b) flanking regions; and (c) both the
R-MoRE region and the flanking regions. This provided a
total of 66 attributes. A course window optimization was
carried out for the definition of the flanking regions, where
30 residues from either side of the indicatedR-MoRE region
gave the best results.

The attributes were calculated for the set of true patterns
from the exampleR-MoREs and the set of PONDR patterns
from PDB Select 25 sequences longer than 30 residues. The
attributes of true and false patterns were fit to separate
quadratic discriminant models, which take the following form
(59):

wherex is a vector of parameter values,µ is a vector of
parameter means, andΣ is the covariance matrix, wherem
denotes either the class of true or false examples. True and
false MoRE patterns were used to estimateµ andΣ for both
classes. A novel example was assigned a class based on
which of the models, true or false, gave the largest value of
the likelihood function.

fm,x(x;µm,Σm) )
exp1/2(x - µm)′Σm

-1(x - µm)

(2π)P/2|Σ|1/2
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Throughout this work, model accuracy was estimated by
jack-knifing analysis. For this method of model assessment,
a single example is held out, the model is calculated using
the remaining data, and the class of the left-out example is
tested. This procedure is repeated, holding out each of the
examples once, and the estimated accuracy is taken as the
average accuracy over each left-out example. This procedure
gives a relatively unbiased estimation of the accuracy of a
model (59). Overall accuracy was taken as the average of
the sensitivity, i.e., the proportion of true patterns indicated
correctly, and specificity, i.e., the proportion of false patterns
indicated correctly.

Attributes for the final algorithm were selected incremen-
tally using a greedy algorithm, despite that a greedy approach
is not guaranteed to find an optimal solution for a quadratic
discrimination model. However, the alternative of assessing
all possible subsets of attributes (266 possibilities) was
computationally intractable. A suboptimal model was found
by using a 5-fold greedy approach, which involves selecting
the five best models at each round of attribute selection. For
example, in the first round of selection, the five attributes
that alone gave the best overall discrimination were carried
into the next round, where all pairwise combinations of these
five attributes with all other attributes were assessed. In the
third round, all combinations of three attributes including
the five best pairwise attributes were assessed, and so on.
This selection process was carried out for at least nine rounds.

Correlations between High Pattern Propensities and
Protein Function

To investigate the correlation between regions with
R-MoRE propensities and protein functions, outputs were
compared to GO annotations for budding yeast (48, 49),
using a procedure similar to that of Ward et al. (50). From
the regions withR-MoRE propensities in budding yeast, the
number of times each annotation was associated with an
R-MoRE pattern was counted. This observed count was
compared to a null model, which held that annotations are
randomly associated withR-MoRE patterns. To generate the
null model distribution, the same numbers ofR-MoRE
patterns were assigned randomly across all yeast proteins,
where every valid sequence position in the data set had an
equal probability of being assigned as anR-MoRE. The
correspondence between randomR-MoRE assignments and
annotations was counted, and the procedure was repeated
10 000 times. The distribution of the null model for each
annotation was modeled as a normal distribution and used
to calculate az-score for the observed counts. Thez-score
for an annotation was calculated as the observed count minus
the mean of the null model, divided by the standard deviation
of the null model. The same procedure was carried out for
disorder predictions, except that each predicted disordered
region, rather than each residue, was randomly distributed
in the null model.

The architecture of GO annotation terms was used to
remove dependencies in the results. Annotation terms are
related in a directed acyclic graph (DAG), where child nodes
become more specific further down the DAG. Furthermore,
annotation terms follow the true path rule, which requires
that all ancestors of an annotation must be consistent with
that annotation. In terms of examining correlations with

functional annotations, this structure provides a convenient
way of removing dependent annotations, which is important
since failure to consider data dependence can result in large
reduction in the power of significance tests. Beginning with
the annotation term with the largest absolutez-score, all
ancestors and descendents of that term were removed from
the results. This process was iterated, using the remaining
annotation term with next highest absolutez-score, until the
smallest remaining absolutez-score was reached. The
significance of annotationz-scores was assessed using a step-
down procedure, where a significance level of 5% was
Bonferroni-adjusted in terms of the number of remaining
annotation terms (60). Terms that failed this significance test
were discarded.

RESULTS

PONDR VL-XT Indications of Binding Regions

Previous observations have shown that PONDR VL-XT
gives indications of short binding regions within longer
regions of intrinsic disorder (15, 41). Based on two examples
(61, 62), a general subset of these indications appears to be
short,R-helical regions involved in protein-protein interac-
tions. One of these examples, 4E binding protein 1 (4E-BP1),
was shown by NMR to be entirely disordered in solution
(2, 63), but a short, central region undergoes a disorder-to-
order transition upon binding to eukaryotic translation
initiation factor 4E (62). The other example is the autoin-
hibitory helix of calcineurin. Calcineurin is a calcium and
calmodulin dependent protein phosphatase that is important
in multiple signaling pathways. In terms of the sequence of
the A subunit, the catalytic domain is followed successively
by a disordered region of 95 residues, an autoinhibitory helix
of 18 residues, and an uncharacterized region of 35 residues
(61). The conformational preference of the isolated autoin-
hibitory helix is not known, but our hypothesis is that this
region undergoes a disorder-to-order transition upon binding
of the active site.

PONDR VL-XT predicts the entirety of 4E-BP1 and the
calcineurin C-terminus to be completely disordered, except
for short predictions of order corresponding to the experi-
mentally determined disorder-to-order transition regions. For
4E-BP1 the predicted region of order corresponds very
closely to the binding region, whereas for calcineurin the
predicted ordered region is shifted slightly toward the amino
terminus. On the basis of these two protein regions, more
examples of shortR-helical binding regions were mined from
PDB.

r-MoREs

The selection process, described in Materials and Methods,
resulted in a set of 13 proteins containing 15 potential
R-MoREs. Two of these chains were removed upon manual
inspection. The first was the antigenic region from an
antibody-antigen complex, PDB code 2AP2 (64). This
structure represents a type of interaction that is distinct from
canonicalR-MoRE mediated interactions. The second re-
moved chain corresponded to a central portion of the human
BAK protein (65) complexed with Bcl-xL, PDB code 1BXL
(66). The authors of a paper describing this structure suggest
that it may represent a conformational rearrangement of the
full length structure of BAK (66), rather than a structurally
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independent interaction region. This view is supported by
the BH1, BH2, BH3, and pseudo-BH4 domain homology
of full length BAK (67), which suggests that this protein
has an overall structure similar to Bcl-2. As a consequence
of the selection criteria, many autoinhibitory regions were
likely discarded. However, some autoinhibitory regions may
satisfy theR-MoRE criteria. To include a representative of
these interactions, the autoinhibitory helix from human
calcineurin was added to the data set after selection.

Thus, the final set ofR-MoRE examples contained 14
regions from 12 proteins (Table 1). Only a few of these
examples have been shown to be disordered or occur in a
disordered context in the absence of their binding partners
[e.g., 4E-BP1 (2), calcineurin (61), and a region of p53 near
the amino terminus (68)]. This means that some considered
fragments may represent isolated helices from globular
domains. However, all regions are consistent with the model
of R-MoRE regions: none are known to be part of a
structured domain, and all mediate cell signaling events.
Support for this working assumption is given by the fact
that the unverified regions have all been shown to be minimal
binding domains [p53 (69, 70), FliM (71), FtsZ (72), Mad1
(6), Bad (4), U2AF65 (73), PKI (74), APC (75), SRC-1 and
NcoA-1 (76)]. This demonstrates that these regions can
exhibit function without globular structure.

Functions carried out by theseR-MoREs are diverse,
including nuclear receptor activation, complex stabilization,
complex formation, inhibition of complex formation, and
enzyme inhibition. The wide range of functional and
sequence diversity of theR-MoREs listed in Table 1
precluded traditional motif-prediction approaches, which rely
primarily on sequence similarity for detection. To test the
supposition thatR-MoREs represent a distinct structural
element or feature, a preliminary algorithm for indicating
R-MoRE patterns was developed based on a distinctive
signature observable in PONDR VL-XT predictions indica-
tive of binding regions.

PONDR Pattern

The set ofR-MoRE examples listed in Table 1 represents
a diverse set of functions mediated through a common
structural feature. Thus, finding regions withR-MoRE
patterns was approached as a problem of structural clas-
sification, rather than a sequence-based motif. The attributes
and methods examined for the identification ofR-MoRE
patterns from amino acid sequence have the effect of
abstracting the underlying sequence, thereby making it
possible to bring these diverse sequences into a common
classification.

The basis of theR-MoRE pattern identification algorithm
is an elaboration of the previously reported PONDR VL-
XT binding region prediction signature (41). Based on
examination of the PONDR VL-XT predictions of the 14
R-MoRE examples, the following generalization was estab-
lished as theR-MoRE PONDR pattern: (1) A predicted
ordered region less than 60 residues in length, at a threshold
of 0.6 PONDR score. (2) This short prediction of order is
flanked by two predicted disordered regions or by one
predicted disordered region and the amino or carboxy
terminus. (3) Subsequently, a modest requirement was added
that necessitated at least one flanking disordered region be
at least 20 residues in length, which reduced significantly
the number of false patterns found in PDB Select 25 (data
not shown). Based on the mean length of theR-MoRE
examples, theR-MoRE region was assigned to a 19 residue
window, centered on the middle residue of the predicted
ordered region. This pattern gave indicatedR-MoRE regions
that agreed well with the examples (see Table 2), although
none precisely matched the experimentally determined
boundaries. For the purposes of this study,R-MoRE patterms
were considered correct if anR-MoRE pattern overlapped a
knownR-MoRE region and incorrect if theR-MoRE pattern
occurred in a region that has been structurally characterized
as a nonhelical MoRE region.

Table 1: Fourteen Examples ofR-Helical Molecular Recognition Elements (R-MoREs) in Twelve Proteins

MoRE Region
accession

code name
general
function start end

PDB
example

binding
partner

function of
binding example

APC•HUMAN APC tumor suppressor 2034 2049 1emu axin â-catenin phosphorylation complex
formation

BAD•MOUSE Bad cell death promoter 140 164 1g5j Bcl-xL inhibition of the anti-apototic
activity of Bcl-xL

FTSZ•ECOLI FtsZ cellular division 367 383 1f47 ZipA stabilization of the septal ring
FLIM•ECOLI FliM flagellar motor switch

component
1 16 1f4v CheY reversal of the direction of

flagellar rotation
IPKA•MOUSE PKI-R inhibitor of cAMP-dependent

protein kinase
5 24 1jbp cAMP-dependent

protein kinase
competitive inhibition of

cAMP-dependent protein kinase
U2AF•HUMAN U2AF65 spliceosome assembly 85 112 1jmt U2AF35 formation of the U2AF recruitment

complex
NCO2•MOUSE NcoA-2 nuclear receptor coactivation 686 698 1l2i estrogen receptorR estrogen receptorR coactivation

P53•HUMAN p53 tumor suppressor
13 29 1ycr Mdm2 inhibition of p53 transactivation
367 388 1dt7 S100B(ââ) blocks activation of p53

MAD•HUMAN Mad transcription repression 8 20 1e91 SINB3 recruitment of the Sin3-histone
deacetylase corepressor complex

gi|4758258 4E-BP1 inhibition of eIF4E 51 64 1ej4 eIF4E blocks initiation of translation

gi|1906028 SRC-1 nuclear receptor coactivation
631 637

2prg PPAR-γ receptor coactivation
688 695

gi|2781188 calcineurin protein phosphatase 469 486 1aui calcineurin catalytic
domain

competitive autoinhibition of
the phosphatase’s activity
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PONDR patterns found in PDB Select 25 were classified
as falseR-MoRE patterns. The pattern occurred 863 times
in this data set, at a rate of 3.69× 10-3 patterns per residue.
The true R-MoRE PONDR patterns, corresponding to
example R-MoRE regions, and the 863 falseR-MoRE
patterns were compared based on the set of attributes
described in the Materials and Methods section. Of the 66
parameters examined, 46 parameters showed significantly
different means that could potentially discriminate between
the true and falseR-MoRE patterns at a 95% confidence
interval (data not shown), suggesting that discriminant
analysis was an appropriate technique for this classification
problem.

The differences observed were also consistent with our
model of R-MoRE regions. For example, the disordered
regions that flank the trueR-MoRE binding regions had
higher average disorder predictions, lower fractions of
predictedR-helix andâ-sheet, and a lower HCA fraction
than the flanking regions of the falseR-MoRE patterns
derived from structured proteins. For the internal predicted-
to-be-ordered binding regions of the true and falseR-MoRE
patterns, most parameters showed no significant differences
for most of the sequence features. Three of the five disorder
predictors gave higher values for the true binding regions,
and the true binding regions also had a larger flexibility
index, slightly larger loop content, and less hydrophobicity
than the falseR-MoRE patterns. Differences in whole
R-MoRE regions were qualitatively the same as flanking
region differences, due to the large contributions from the
flanking regions.

Algorithm for Identifying Regions of HighR-MoRE
Propensity

Discriminant analysis was used to model the difference
between trueR-MoRE PONDR patterns and falseR-MoRE
PONDR patterns. Attribute selection was performed as
described in Materials and Methods to find the best perform-
ing set of attributes. Though attribute combinations including
PSIPRED produced slightly better results, the margin of this
improvement for peak accuracy over attribute combinations
without PSIPRED predictions,∼0.5% (data not shown), did
not justify the additional computational intensity of this
algorithm, relative to GOR-I. Table 3 summarizes the
attribute selection process for the final model. Only two
parameters were necessary to differentiate all true patterns

from false patterns, but 74, or 8% of false patterns, were
still classified as true. Addition of subsequent parameters
reduced the misclassification of false patterns. The peak
accuracy was observed at six parameters, which classified
all true patterns correctly and misclassified<2% of false
patterns. Model accuracy degraded after addition of a seventh
parameter; therefore the first through the sixth parameters
were used in the final model. Figure 1 shows the distribution
of values for these parameters for the true and false patterns,
relative to the overall balanced mean of the two groups. The
distributions suggest that the assumption of normality of
parameters is roughly satisfied. The accuracy of the final
model was 99%, with 100% correct classification of true
patterns (i.e., sensitivity) and 98% correct classification of

Table 2: Comparison of DefinedR-MoRE Positions and Indicated
R-MoRE Patterns

name
R-MoRE
region

indicatedR-MoRE
pattern

APC 2034-2049 2031-2049
Bad 140-164 144-162
FtsZ 367-383 353-371
FliM 1-16 1-19
PKI-R 5-24 14-32
U2AF65 85-112 92-110
NcoA-2 686-698 681-699
p53 13-29 17-35

367-388 374-392
Mad 8-20 1-19
4E-BP1 51-64 45-63
SRC-1 628-640 627-645

685-703 681-699
calcineurin 469-486 456-474

Table 3: Summary of the Accuracy of the Discriminant Model
versus the Number and Identity of Attributes

algorithm

true
R-MoRE
patterns

false
R-MoRE
patterns

false
R-MoRE
patterns/
residue
(×10-3)

PONDR pattern 14 863 3.689

discriminant analysis
1st parameter:

flanking VL-2 value
13 113 0.483

2nd parameter:
flanking fraction of predicted

turn

14 74 0.316

3rd parameter:
MoRE fraction of predicted

loop

14 40 0.171

4th parameter:
flanking HC fraction

14 29 0.124

5th parameter:
whole hydrophobic moment

14 20 0.086

6th parameter:
flanking VL-XT value

14 14 0.060

7th parameter:
whole fraction of predicted

sheet

13 15 0.064

8th parameter:
flanking VL-2S value

11 9 0.039

9th parameter:
MoRE sequence entropy

8 5 0.021

FIGURE 1: Bar plot of attributes used in the finalR-MoRE model.
The range ofz-scores for each attribute and for both pattern typess
true patterns (white bars) and false patterns (gray bars)sis shown
for each example.z-Scores are translated so that 0 corresponds to
the mean of the positive pattern mean and negative pattern mean.
The median (center line), 25% and 75% quantiles (thick bar), and
10% and 90% quantiles (whiskers) ofz-scores are shown.
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false patterns (i.e., specificity). This high accuracy is probably
due in significant degree to the small number ofR-MoRE
examples that are currently known; as the set of characterized
R-MoREs increases, the accuracy of our algorithm is very
likely to fall dramatically.

R-MoRE propensities for the 12 example proteins exam-
ined are illustrated in the contexts of the entire proteins in
Figure 2. Most verifiedR-MoREs regions are predicted with
good region agreement, and all regions were predicted by a
true pattern that overlaps the experimentally derived region
to some extent, as shown in Table 3. By the criteria used
here, the predictions in Figure 2A show perfect agreement
with the characterized regions of these proteins. In fact, all
R-MoRE regions were correctly identified and noR-MoREs
were indicated in structurally characterized non-MoRE
regions. TwoR-MoREs were suggested in uncharacterized
regions of two proteins: residues 31-49 of Bad and residues
203-221 of Mad.

TheR-MoREs in Figure 2B are also all correctly indicated.
The sixR-MoREs marked by an asterisk (*) in Figure 2B
are regions that have not been verified to beR-MoREs;
however, these regions contain a repeated sequence that is
also present in the verifiedR-MoRE example region of that
protein. For NcoA-2 and SRC-1, these regions have also been
shown to bind to the same partner as the verifiedR-MoRE
(76). All six of these putativeR-MoREs are associated with
R-MoRE patterns, but only three of them were indicated to
contain such regions. The only verifiably false pattern for
all 12 of theR-MoRE containing proteins is in the amino
terminal helix-loop-helix domain of SRC-1. APC, NcoA-
2, and SCR-1 contain additional regions with highR-MoRE
propensities in uncharacterized regions of the sequences.

The seven potentialR-MoREs in APC, shown in Figure
2B, are 20-residue repeats of a consensus sequence. The
consensus sequence alone is capable of binding a partner,
â-catenin (77). The structure of a distinct 15-residue repeat
sequence, of which there are three in the APC sequence,

has been structurally characterized to bind in an extended
conformation (78). By the definition of MoREs, these regions
qualify as extended MoREs, but are not identified to have
highR-MoRE propensities. The 15-residue repeats lack three
conserved serines, critical for the binding activity of the 20-
residue repeats (77). This suggests that the 20-residue repeat
sequence bindsâ-catenin by alternative means or at reduced
affinity or specificity. All seven of these repeats are
associated withR-MoRE patterns and four are indicated to
be R-MoREs, which suggests that these regions may be
R-MoREs.

From a PDB-derived data set of 1117 chains and 220 668
residues, the current algorithm gave only 14 false positive
R-MoREs. These putative errors were from 12 different
chains from nine separate structures. Half of these false
patterns occurred in nucleic acid bound proteins, five of
which are from the same ribosome structure, 1FFK. Nucleic
acid binding proteins can be disordered in the absence of
nucleic acid (13), which may explain the presence of
R-MoRE patterns in these chains. Three of the remaining
false patterns occurred near the amino terminus with varying
amounts of missing density between theR-MoRE pattern
and the true chain terminus: 1MAI with a MoRE pattern at
residues 5-23 is missing residues 1-11, 1AGQ D with an
R-MoRE pattern at residues 52-70 is missing residues 1-40,
and 1D8E A with anR-MoRE pattern at residues 57-75 is
missing residues 1-54. These missing density regions are
likely disordered regions, and the patterns are likely mis-
classified as true patterns because the amino terminal regions
resemble those of trueR-MoRE patterns. The remaining three
patterns occur in a surface exposed helix (residues 1-19 of
1QH8 A), in a surface exposed loop (residues 135-153 of
1DO0 A), and in a region involved in subunit interactions
(residues 63-81 of 1NPO C). No explanation of these errors
is apparent from the respective structures; they are likely
due to uncertainty in model parameter estimation.

FIGURE 2: Bar representation of the 12 example proteins that containR-MoREs. Two rows of bars are displayed for each protein, where
the name of the protein is given to the left of each pair of rows. The upper bar represents characterized regions of each sequence: MoRE
regions, disordered regions, and structurally characterized non-MoRE regions. The lower bar represents PONDR MoRE patterns indicated
to be false by discriminant analysis and patterns indicated to be true by discriminant analysis. Proteins are divided into those with (A)
sequences shorter than 600 residues and (B) sequences longer than 600 residues, for better clarity of the former.
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R-MoREs: IllustratiVe Examples

It is helpful to observe the relationships among the
PONDR VL-XT predictions, theR-MoRE patterns, and the
resulting three-dimensional structures. Four illustrative ex-
amples are shown in Figures 3-5. Each of these examples
will be discussed briefly.

4E Binding Protein 1.As it has been already pointed out,
4E binding protein 1 (4E-BP1), being entirely disordered in
solution (2, 63), contains a short region that is able to undergo
a disorder-to-order transition upon interaction with the
binding partner, eukaryotic translation initiation factor 4E
(62). The structure of this complex is shown in Figure 3A,
with the results of PONDR VL-XT and the indicated
R-MoRE patterns shown in Figure 3B. Note that there is a
sharp dip in the PONDR score in an area overlapping with
the experimentally established binding region. This dip is
flanked by extended fragments of predicted disorder and
corresponds to the disorder-to-order transition region. It is
this pattern that caught our attention and was used as a basis
for the development of our algorithm for identifyingR-MoRE
patterns.

Autoinhibitory Helix of Calcineurin.The other example
of an R-MoRE is the autoinhibitory helix of calcineurin,
which is a Ca2+ and calmodulin dependent protein phos-
phatase and which plays crucial roles in several signaling
pathways. A representation of the crystal structure of this

complex is shown in Figure 3C. The A subunit’s catalytic
domain is followed by a stretch of 95 residues invisible in

FIGURE 3: Examples of binding regions and their positions relative to the regions of predicted order (PONDR VL-XT score) andR-MoREs.
(A) Eukaryotic initiation factor (blue) and the binding region of 4E-BP1 (red). (B) The PONDR VL-XT prediction for 4E-BP1 with the
binding region (blue bar) and theR-MoRE pattern region (black bar) shown. (C) The B (blue) and A (yellow) subunits of calcineurin and
the autoinhibitory region of the A subunit (red helix) in the midst of observed disordered sequence (red dashes). (D) The PONDR VL-XT
prediction for the last 121 amino acid residues of the A subunit with the autoinhibitory region (blue bar) and theR-MoRE pattern region
(black bar) indicated.

FIGURE 4: PONDRing measles virus protein N: The order/disorder
tendencies of N as revealed by PONDR VL-XT. The C-terminal
end of the protein is predicted to be disordered except for a small
ordered region shown by a black bar. The identifiedR-MoRE
pattern is shown by a red bar (43). Experimentally established
fragment undergoing disorder-to-R-helix transition (44) upon protein
P binding is also shown by the black bar. Note, the binding partner
of this R-MoRE is known to be the measles virus protein P, which
is shown in blue.
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the X-ray crystal structure, a short (18 residue) helix spanning
the autoinhibitory domain, and another stretch of 35 residues
missing from the X-ray crystal (61). The PONDR VL-XT
prediction of most of this region is shown in Figure 3D.
Importantly, in this case the region of predicted order also
overlaps with the autoinhibitory helix. Overall, Figure 3
shows that PONDR VL-XT predicts the entirety of 4E-BP1
and the C-terminus of calcineurin to be completely disor-
dered, except for short predictions of order, which correspond
to the disorder-to-order transition regions. Furthermore, for
4E-BP1 the predicted region of order corresponds very
closely to the binding region, whereas for calcineurin the
predicted ordered region is shifted slightly toward the amino
terminus.

Measles Virus Nucleoprotein N.As it has been pointed
out in the introduction, the prerelease version of theR-MoRE
pattern-finding algorithm had already been successfully
applied to elucidate the molecular mechanism underlying the
binding of protein N to its partner, protein P in measles virus
(43). The application of our algorithm indicated anR-MoRE
region located at residues 488-499 of protein N (Figure 4).
The involvement of the suggestedR-MoRE in interaction
with the protein P was confirmed experimentally, as a
truncated form of NTAIL (amino acid residues 401-488)
lacking the suggestedR-MoRE region was shown to lose
ability to bind to protein P (43).

More recent NMR and X-ray crystallography data are in
excellent agreement with the indicatedR-MoRE pattern, as
they show that N487-503 binds as a helix to the surface created
by the second (R2) and third (R3) helices of P457-507, in an
orientation parallel to helixR3, thereby creating a four-helix
bundle (44). Furthermore, it was established that the binding
interface is tightly packed and dominated by hydrophobic
amino acids, confirming that binding and folding of N487-503

are coupled (44). Importantly, these direct experimental data
are in excellent agreement with the results of our computa-
tional analysis of the NTAIL sequence. In fact, the NMR and
X-ray results considered above show that the 487-503
fragment of protein N, being substantially disordered when
free in solution, binds as a helix to the surface of P457-507.
This foldable N487-503 fragment almost exactly coincides with
the 488-499 region of N indicated to have anR-MoRE
pattern (see Figure 4). Thus, these studies illustrate the
usefulness of the application of the disorder prediction for
the functional analysis of intrinsically disordered proteins.

The Tumor Suppressor p53.The p53 tumor suppressor is
one of the most extensively studied signaling proteins. This
protein is involved in binding more than 40 protein partners
as well as DNA (79). Figure 5 presents the results of the
PONDR VL-XT order/disorder prediction for p53 together
with two regions withR-MoRE patterns visualized by red
and magenta bars. Figure 5 shows that theseR-MoRE

FIGURE 5: PONDRing p53: The order/disorder tendencies of p53 as revealed by PONDR VL-XT show interesting correlations with the
well-understood domains of this molecule. These correlations are as indicated in order from amino terminal to carboxyl terminal along the
sequence correlating with a clockwise arrangement for the molecular structures: (A) a downward spike in the plot roughly matches the
transcription activation domain that binds to Mdm2; (B) a long prediction of mostly ordered structure matches the domain that binds to
DNA; (C) a sharp downward spike doublet overlaps the tetramerization domain; and (D) a sharp downward spike matches the negative
regulatory domain that binds to the S100B(ââ) dimer. The binding partners (Mdm2, DNA, and S100B(ââ) dimer) are given in blue, and
the structured domains in p53 are color-coded to bars that indicate their locations along the sequence.
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patterns coincide with downward spikes (indicating order
within a disordered region) in the PONDR VL-XT plot.
Importantly, the firstR-MoRE pattern is located at residues
17-35, which strongly overlaps with the fragment of p53
known to be involved in Mdm2 binding and which undergoes
a disorder-to-R-helix transition coincident with this interac-
tion (residues 13-29) (70). The secondR-MoRE pattern
(residues 374-392) is located in the C-terminal negative
regulatory domain. ThisR-MoRE pattern overlaps with the
region 367-388, which is known to fold upon binding to
S100B(ââ) (80). Both of theR-MoRE regions in p53 were
included in the training set of the algorithm for finding
R-MoRE patterns and so do not represent novel findings.
However, these regions are exemplary of the functional
diversity that can be mediated byR-MoREs.

R-MoRE Propensities Across Genomes

TheR-MoRE propensity algorithm was applied to known
and putative proteins from 82 sequenced genomes to estimate
the prevalence of regions havingR-MoRE propensities. A
summary ofR-MoRE propensities across each domain of
life is given in Figure 6. To control for the much longer
average length of eukaryotic proteins compared to bacterial
or archaeal proteins, both the proportion of proteins with
indicatedR-MoRE patterns and the rate ofR-MoRE patterns
per length of sequence are shown for each of the three
domains (see Supporting Information for full results). The
algorithm estimates that the median eukaryotic genome has
a greater than 18-fold higher fraction of proteins with
R-MoRE propensities than the median archaeal genome and
a greater than 8-fold higher fraction of proteins with
R-MoREs than the median bacterial genome. In terms of the
rate ofR-MoRE indications,R-MoREs are suggested to occur
with greater than 9-fold higher frequency in the median
eukaryote than in the median bacteria or archaea. All
eukaryotic genomes show higher frequencies ofR-MoRE
indications than all bacterial and archaeal genomes (Sup-
porting Information).

Table 4 was compiled to place these propensities in the
context of the error rate of the algorithm and examine which
tier of the algorithm, the PONDR patterns (that is, dips in
the PONDR VL-XT plots flanked by predictions of disorder)
or theR-MoRE patterns filtered by the discriminant analysis
model, is responsible for differences inR-MoRE pattern
frequencies among different organisms.R-MoRE patterns

occurred 1.6 to 1.2 times more frequently in the genomic
data sets than in PDB Select 25, withR-MoRE patterns most
frequent in eukaryotic proteins. Eukaryotes also have the
largest proportion of PONDR patterns that are suggested to
be R-MoREs, 16.6%, which is 10-, 9-, and 7- fold greater
than the proportion of PONDR patterns indicated to be
R-MoREs in PDB Select 25, bacteria, and archaea, respec-
tively. The higher rate of occurrence of regions withR-MoRE
propensities in eukaryotes is due primarily to a higher
proportion of putatively trueR-MoRE patterns as judged by
the discriminant analysis model, and to a lesser extent, due
to an increase in the frequency of PONDR patterns.

The frequency ofR-MoRE patterns in bacteria and archaea
is only 1.6- and 1.8-fold greater than the frequency of
PONDR patterns. Although this indicates thatR-MoRE
indications in these kingdoms are likely to contain a higher
proportion of false patterns, it does not necessarily mean that
the majority ofR-MoRE patterns are false. The error rate
estimate given by the PDB Select 25R-MoRE pattern rate
is conservative. That is, this data set consists exclusively of
structured proteins. The complement of all proteins encoded
by the genomes of individual organisms, however, is likely
to contain a significant proportion of disordered residues (29).
Therefore, this error rate should be viewed as a worst cases
if all proteins in a genome are completely structured.

Correlations ofR-MoRE Patterns with Protein Function
and Cellular Organization

The role ofR-MoREs in biological function was investi-
gated by finding GO annotations for budding yeast that
correspond to indicatedR-MoREs. Patterns were compared
to each of the three branches of GO annotations: molecular
function (Figure 7), biological process (Figure 8), and cellular
component (Figure 9). The correlations were quantified by
counting the number of times a region of highR-MoRE
propensity occurred in a protein with a given annotation.
To test for significant correlations between patterns and
annotation, a null model was used that assumed a random
association of patterms and annotations. Under the null
model, theR-MoRE pattern frequencies in budding yeast
were redistributed at random, a process that was repeated to
obtain a mean and standard deviation for the number of
associations that occur by chance under the null model. The
observed associations are given in terms of the number of
standard deviations (z-score) the observed value was above
(positive) or below (negative) the mean of the number of
associations observed by chance. Also, the results from a
similar analysis for PONDR VL-XT alone are also given
for comparison.

These correlations do not suggest functions for the
suggestedR-MoREs, but rather they indicate the functions
of proteins that contain regions ofR-MoRE propensity. For

FIGURE 6: Bar plot of helical MoRE patterns across the three
domains of life. Both the fraction of proteins found to contain
R-MoRE patterns and the rate ofR-MoRE patterns per unit length
of sequence are plotted. Bars represent the range of results obtained
for each of 9 eukaryotic, 16 archaeal, and 57 bacterial genomes,
where the median (center line), 25% and 75% quantiles (thick bar),
and 10% and 90% quantiles (whiskers) are shown.

Table 4: Comparison of the PONDR Pattern Rate andR-MoRE
Pattern Rate in the Three Kingdoms and PDB

data set

PONDR
pattern/residue

(×10-3)

R-MoRE
pattern/residue

(×10-3)

PDB Select 25 3.698 0.060
eukaryotes 5.834 0.971
archaea 5.067 0.098
bacteria 4.479 0.107
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example, the strong positive correlation betweenR-MoRE
patterns and DNA binding proteins (Figure 7) does not

necessarily implicateR-MoREs in mediating interactions
with DNA, although such is possible. The correlation
indicates only that proteins that bind DNA are likely to
containR-MoREs. The protein p53, discussed above, is an
example of a protein that contains both a DNA binding
domain andR-MoREs, but theR-MoREs are involved in
protein-protein interactions, not protein-DNA interactions.

The molecular function ontology contains annotations
detailing the physical activities of genes on the molecular
level. The correlations between indicatedR-MoREs and
molecular function annotations (Figure 7) suggest many
functional associations that are consistent with theR-MoRE
hypothesis. Most directly,R-MoREs are indicated in proteins
with signaling functions, such as protein binding, signal
transduction, enzyme regulation, transcription regulation, and
DNA binding, at a much higher rate then expected at random.
Also, regions with highR-MoRE propensities occur infre-
quently in proteins with catalytic activity, which is consistent
with but not required by the proposed model forR-MoREs.

FIGURE 7: Correlations ofR-MoRE patterns (black bars) and PONDR VL-XT predictions (open bars) with the molecular function ontology.
Ontology entries with more or fewerR-MoRE patterns than expected by chance have a positive or negativez-score, respectively. See
Materials and Methods for details.

FIGURE 8: Correlations ofR-MoRE patterns (black bars) and PONDR VL-XT predictions (open bars) with the biological process ontology.
Ontology entries with more or fewerR-MoRE patterns than expected by chance have a positive or negativez-score, respectively. See
Materials and Methods for details. The “other metabolism” figure entry contains all specific metabolism-associated proteins that are negatively
correlated withR-MoRE patterns and with PONDR VL-XT disorder scores, where the range of thez-scores is given by the error bar. The
full figure is given in the Supporting Information.

FIGURE 9: Correlations ofR-MoRE patterns (black bars) and
PONDR VL-XT predictions (open bars) with the cellular component
ontology. Ontology entries with more or fewerR-MoRE patterns
than expected by chance have a positive or negativez-score,
respectively. See Materials and Methods for details.
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Pathways and other high-order processes are annotated
with the biological process ontology, and the correlations
of these annotations toR-MoRE patterns (Figure 8) are
consistent with correlations found with the molecular func-
tion ontology. In particular,R-MoRE patterns are frequently
indicated in regulatory and signal transduction proteins, as
well many vital, high-level systems, including development
and proliferation. Also,R-MoREs are indicated infrequently
in proteins involved in catabolic and most metabolic
pathways.

From the cellular component ontology analysis (Figure 9)
it is apparent that proteins likely to containR-MoREs in yeast
are largely localized to intracellular structural elements, the
nucleus, and reproductive structures.R-MoREs are under-
represented in other general areas of the cell, such as the
cytosol and cellular membranes.

In general, PONDR VL-XT predictions show the same
correlations with GO annotations as indications ofR-MoRE
patterns, which is expected since theR-MoRE algorithm is
based on PONDR VL-XT. Notable exceptions are correla-
tions with ribosomal proteins, for which PONDR VL-XT
indicates that many are disordered while very few are
indicated to containR-MoREs (Figures 7 and 9). Many
ribosomal proteins are predicted to be disordered by PONDR
VL-XT and have been shown to be disordered in isolation
(81, 82). However, it seems unlikely thatR-MoREs would
be present in these proteins, since they interact primarily with
RNA. The R-MoRE patterns support this idea and demon-
strate that the existence ofR-MoRE patterns is not always
directly related to predictions of disorder by PONDR
VL-XT.

AdVantages ofr-MoREs for Cell Signaling

The frequency ofR-MoREs in various types of proteins
is highest in those associated with signaling and lowest in
the metabolic enzymes. Evidently, these elements have
advantages for cell signaling. The advantages of such a
simple element in signaling are, among others, the decoupling
of specificity/affinity, as illustrated in Figure 10. For the
interaction of two globular domains, specificity and affinity
are typically coupled, because as binding specificity is

increased by additional contacts, the free energy of binding
increases as the sum total of these contacts (83). This type
of interaction can be viewed as a single equilibrium process
(K). However, for an isolated helix, as for other disorder-
to-order transition regions, entropy is a significant factor in
the free energy of binding. In reference to Figure 7 the
R-helical propensity (i.e., the equilibrium constant of the
coil-helix transition,K1) of theR-MoRE region determines
the magnitude of the unfavorable free energy in helix
formation, but this equilibrium does not affect binding
specificity. After helical ordering, binding is analogous to
the interaction of two globular domains, with coupled affinity
and specificity (equilibrium constantsK and K2). This
interaction can be viewed as a double equilibrium process,
where the first transition affects only interaction affinity and
the second reaction affects both specificity and affinity. These
separate processes allow for specificity and affinity to be
largely decoupled. In short, the decoupling of specificity and
affinity provides a mechanism by which the strength and
duration of signaling events can evolve separately.

DISCUSSION

The High Percentage ofr-MoRE Patterns

Prediction methods rely on the extent to which training
examples are representative of the problem domain. The
small number ofR-MoRE examples used here argues against
the representative nature of this set due to its insufficient
size. Because of this limitation, we have not attempted to
develop a formal predictor, but rather our goal has been to
develop an algorithm that identifies sequence patterns similar
to those of the small set while attempting to reduce the false
positive identification rate. Furthermore, all of the training
examples are correctly identified, suggesting the strong
likelihood of overfitting. If a trueR-MoRE has properties
that differ even slightly from those of the training set used
here, then such a binding element would likely be missed
by the current algorithm. One example in which our
algorithm misses anR-MoRE is the enolase binding segment
of the organizing domain of RNase E (84). This segment
forms anR-helix upon binding to enolase (Luisi, personal
communication) and so is a trueR-MoRE. This segment is
missed by our algorithm despite a strong dip in the PONDR
VL-XT plot flanked by long predictions of disorder (84).
To further test the possibility that trueR-MoREs are
frequently missed, we constructed sequence homologue
families with high sequence identity to knownR-MoREs and
applied our algorithm to these homologues. In many cases
the R-MoRE patterns were not indicated by our algorithm
despite similar-appearing dips in the PONDR VL-XT plots
(work in progress). The presence and absence ofR-MoRE
patterns in very similar sequences indicates that the current
algorithm is indeed overly sensitive (i.e., overfitted to the
training data).

The criteria for the indication of anR-MoRE was
deliberately set to be highly restrictive, in order to give low
false positive error rates. As discussed in the results, just 14
false positive pattern identifications were made on a non-
redundant set of 1117 chains and 220 668 residues. This false
positive error rate is estimated from ordered protein. Cur-
rently, there is simply no information regarding the false
positive error rate forR-MoRE pattern indications on regions

FIGURE 10: Conceptual diagram of coupled and decoupled specific-
ity and affinity. (Upper) For the binding of two ordered domains,
affinity and specificity are expected to be proportional. (Lower)
For proteins that undergo disorder-to-order transitions when binding,
such asR-MoREs, specificity and affinity are relatively uncoupled
by the required ordering that is coupled to binding. The structure
on the bottom right is the structure of the BadR-MoRE bound to
Bcl-xL.
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of disorder. AnR-MoRE pattern within a disordered region
might or might not be the binding target for a protein or
nucleic acid partner.

Despite all the limitations discussed above, application of
this first-generation algorithm for identifyingR-MoRE
patterns indicates that associations like the very well studied
example involving p53 and Mdm2 might be an extremely
common signaling mechanism in eukaryotic cells. As much
as 20% of all eukaryotic proteins (Figure 6) and nearly 50%
of signaling and regulatory proteins (data not shown) might
bind to partners via a p53/Mdm2-like mechanism.

The estimated commonness of theR-MoRE seems to be
too high to be true, especially since the current estimate likely
misses many examples because the algorithm is probably
overfitted to the training set. A simple explanation would
be that most of the indicatedR-MoRE patterns are simply
false positives. On the other hand, a study of these examples
indicates that eachR-MoRE typically provides five or more
residues that are critical for the interaction with its partner.
Assuming that just 10 of the 20 amino acids can contribute
to the critical binding surface on anR-MoRE, such a feature
would have a minimal diversity of about 105 distinct binding
surfaces, which is comparable to the number of proteins in
the human genome even if alternative splicing were consid-
ered. Thus, the structurally simpleR-MoRE does indeed
contain sufficient diversity to be as common as suggested
by the number of patterns found by our algorithm. We
therefore suggest that it would be useful to test for the
commonness of this feature by findingR-MoRE patterns in
various proteins and then carrying out laboratory experiments
to determine what fraction of the patterns are true positives
and what fraction are false positives.

r-MoREs and Cell Signaling

All of the examples ofR-MoREs found here are related
to cell signaling of one form or another. Some of the
R-MoREs including the calcineurin inhibitory helix and
IPKA are involved in inhibition of the active sites of enzyme
partners. These two examples inhibit a phosphatase and a
kinase, respectively, and may play signal-gating roles in
phosphorylation-dependent signaling events. Another inhibit-
ing R-MoRE, 4E-BP1, blocks protein-protein interactions
by steric interference in the binding interface between eIF4E
and eIF4G by functioning as a molecular mimic of eIF4G
(85). TheR-MoRE region in Bad may very well function in
an analogous manner to 4E-BP-1 (i.e., blocking Bcl-xL
interactions with other molecules). OtherR-MoRE examples
are involved in complex formation and/or recruitment of
other molecules, such as in APC, FtsZ, and U2AF65. The
binding mechanism of the FliMR-MoRE to CheY is not
clear. However, this binding is clearly a signaling event,
which results in the reversal of direction of flagellar rotation.

Finally, four of theR-MoREs described here play a role
in transcription regulation and control. NcoA-2 and SRC-1
are paralogous nuclear receptor coactivators, where multiple
R-MoRE regions, scattered through their sequences, are the
regions primarily responsible for receptor coactivation (76).
Mad binds DNA, and theR-MoRE region recruits the
Sin3-histone deacetylase repressor complex (6). The two
R-MoREs examples in p53 function in regulation of its
transactivation activity (70, 80).

Clearly, the diversity of functions represented by this
single, simple structural feature can only be understood in
terms of cell signaling. This commonness and functional
diversity also raises the possibility that the high number of
R-MoREs suggested herein is not a mistake, but rather an
indication of a very widely used mechanism in eukaryotic
signaling.

IllustratiVe Examples

The nucleoprotein N from measles virus (MV) and the
p53 tumor suppressor are very different proteins that both
useR-MoREs to carry out function. A further examination
of these proteins provides additional insight into theR-MoRE
concept.

MV Nucleoprotein N.MV is an enveloped virus whose
RNA genome is encapsulated within a helical nucleocapsid
by the nucleoprotein, N. This N-RNA template is transcribed
and replicated by a viral RNA-dependent RNA polymerase
complex, consisting of the phosphoprotein P, and the large
protein L (87). The polymerase catalytic activity of this RNA
polymerase resides within L, with P being responsible for
numerous other activities, including anchoring of the po-
lymerase to the nucleocapsid (88). Protein N can be divided
on two functional regions, NCORE, which is a well-conserved
and proteolysis-resistant N-terminal domain (residues 1-400),
and the C-terminal fragment (residues 401-525) NTAIL ,
which is hypervariable and hypersensitive to proteolysis.
Interestingly, NCORE includes all the regions necessary for
self-assembly and RNA binding, whereas NTAIL binds P and
is required for N-RNA to act as a template for viral RNA
synthesis (89-93). Computational analysis of the protein N
sequence using PONDR VL-XT (14, 31-34) and charge-
hydropathy plot (12) predicted that NCORE was ordered,
whereas NTAIL was predicted to be disordered (43).

These predictions for the intrinsically disordered nature
of NTAIL were confirmed experimentally using a wide range
of biophysical techniques (43, 94). Furthermore, binding of
NTAIL to the C-terminal domain of P protein was shown to
result in a strong disorder-to-order transition, as indicated
by the considerable increase inR-helical structure (94). This
example shows how the prediction of disorder and the
indication of anR-MoRE pattern within the predicted region
of disorder can be used as a guide for experiments.

The Tumor Suppressor p53.Inactivation of p53 is one of
the most common events in neoplastic transformation. In
approximately 50% of all cancer cases so far studied, p53 is
inactivated by mutations and related genomic alterations. In
many of the remaining cases, p53 becomes functionally
inactivated by elevated levels of the Mdm2 oncoprotein.
Mdm2 acts by binding to the transactivation domain of p53,
leading in turn to p53 degradation via the ubiquitin-ubiquitin
lyase-proteasome pathway (70, 79).

The structure of the complex between Mdm2 and p53
transcription activation domain has been determined by X-ray
crystallography (70). Mdm2 in this complex exhibits a
concave surface reminiscent of a twisted trough, with the
cleft being lined with hydrophobic amino acid residues. The
p53 peptide forms an amphipathic helix of∼8 residues (∼2.5
turns), which nestles into the Mdm2 cleft (70). Importantly,
in the absence of Mdm2 or other binding partners, this helix
is rapidly digested by proteases, reflecting high flexibility

12466 Biochemistry, Vol. 44, No. 37, 2005 Oldfield et al.



of the peptide in the nonbound state (70). Recent NMR
studies confirmed the disordered nature of the isolated
transcription activation domain, revealing however that the
functional helix might be present as a measurable fraction
of the overall structural ensemble (95).

Similarly, a peptide derived from the C-terminal region
of p53 (residues 367-388) was found to have no regular
structure in its native form by NMR spectroscopy, but
becameR-helical when bound to Ca2+-loaded S100B(ââ)
(80). The 3-D structure of this complex revealed several
favorable hydrophobic and electrostatic interactions be-
tween S100B(ââ) and the p53 peptide, with the binding of
S100B(ââ) leading to the blockage of sites for phosphoryl-
ation and acetylation on p53. These chemical modifications
are important for subsequent transcription activation (80).

Figure 5 also illustrates two additional interesting features
in the PONDR VL-XT prediction for p53: (a) a rather long
central region with a high level of predicted order (residues
100-290) that matches almost exactly the region identified
as the DNA binding domain (96); and (b) a downward spike
doublet region (residues 320-360), which gives an excellent
match to the tetramerization domain (97). The formation of
the tetramer domain starts with aâ-strand and anR-helix
which associate with a second molecule across an antiparallel
â-sheet and an antiparallel helix-helix interface to form a
dimer. Two of these dimers interact across a second and
distinct parallel helix-helix interface to form the tetramer.
Notice that this tetramer contains very little intramolecularly
buried surface area, so tetramer formation must involve large
burial of accessible surface area and water release as has
been observed for several coupled binding and folding
interactions. From our viewpoint, the tetramerization domain
is a complexR/â-MoRE that involves bothR- andâ-struc-
tures and undergoes mutually induced folding by self-
association.

Unlike the studies on the N protein from measles virus,
predictions of disorder and indications ofR-MoRE patterns
played no role in guiding the experiments on p53 and its
self-association or its association with binding partners.
However, p53 is one of the most thoroughly studied proteins
that serves as a prototype for signaling and regulation.
According to the findings presented herein, the use of
R-MoRE patterns by p53 could represent a much more
general phenomenon than previously realized.

Potential Biological Roles ofr-MoREs

The correlation ofR-MoRE patterns with functional and
cellular localization annotations suggests some general
biological roles forR-MoREs. Many of these correlations
support our model ofR-MoREs as a key component for
mediating protein-protein interactions. The correlations also
suggest a role for MoREs in many signaling events and
pathways, presumably also involving protein interactions.
One particular set of correlations suggests a central role for
R-MoREs in mediating protein interactions involved is yeast
replication. Specifically, many proteins localized to bud
structures, as well as proteins involved in replication, are
indicated to contain MoRE patterns.

One unexpected result of this analysis was the high
frequency of R-MoRE patterns in proteins localized to
cellular cortex and cytoskeleton. These correlations do not

indicate the role ofR-MoREs in this context, but it seems
reasonable to suggest that they play a role in recruiting
proteins to the particular sites on the cytoskeleton. Such a
role for R-MoREs would be advantageous, since the sur-
rounding disordered region would give theR-MoRE a larger
diffusion search space, relative to an ordered domain
anchored to the cytoskeleton. Also, the disorder inherent in
unboundR-MoREs may enhance binding rates through the
proposed fly-casting model (98), which contains ideas similar
to much earlier proposals regarding the importance of
disorder in protein associations (99).

AdVantages ofr-MoREs for Cell Signaling

The frequency ofR-MoREs in various types of proteins
is highest in those associated with signaling and lowest in
the metabolic enzymes. Evidently, these elements have
advantages for cell signaling. The advantages of such a
simple element in signaling are, among others, the decoupling
of specificity/affinity. This idea is supported by the work of
Petros et al. (86), but is discussed explicitly here. For the
interaction of two globular domains, specificity and affinity
are often coupled, because as binding specificity is increased
by additional contacts, the free energy of binding increases
as the sum total of these contacts (83). This type of
interaction can be viewed as a single equilibrium process.
However, for an isolated helix, as for other disorder-to-order
transition regions, entropy is a significant factor in the free
energy of binding. TheR-helical propensity (i.e., the equi-
librium constant of the coil-helix transition) of theR-MoRE
region determines the magnitude of the unfavorable free
energy in helix formation, but this equilibrium does not affect
binding specificity. After helical ordering, binding is analo-
gous to the interaction of two globular domains, with coupled
affinity and specificity. This interaction can be viewed as a
double equilibrium process, where the first transition affects
only interaction affinity and the second reaction affects both
specificity and affinity. These separate processes allow for
specificity and affinity to be largely decoupled. This decou-
pling allows the strength and duration of signaling events to
respond separately to distinctive evolutionary selection
pressures. This decoupling should occur whether folding and
binding are entirely separate as shown in Figure 10 for
simplicity or whether folding and binding occur concomi-
tantly in a coordinated manner. We believe that the decou-
pling arises from the energetics of the overall process, not
from the detailed steps in the coupled folding and binding
reaction.

In an especially interesting example, Petros et al. (86)
found the minimal region of Bad (16 residues) that was able
to weakly bind to Bcl-xL. They constructed a series of mutant
peptides with increased helical propensity by altering only
residues that are not involved in the Bad-Bcl-xL interaction.
These modified fragments were shown to bind Bcl-xL with
increased affinity, where the helical propensities, across
multiple peptide mutants, were directly proportional to
binding affinity. Although this is an artificial example, it
demonstrates the biophysical underpinnings of this important
feature ofR-MoRE mediated signaling events.

Implications for Structural and Functional Genomics

The identification of R-MoRE patterns may provide
structural genomics centers with a powerful tool for the
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discovery of protein-protein interaction regions that could
contribute significantly to the solution of protein complex
structures. Putative binding regions based onR-MoRE
patterns can be isolated by cloning (40) or synthesized (100)
and used in panning experiments. Bound proteins can then
be identified through proteolysis and mass spectroscopy
(101). The corresponding sequences can then be expressed
and purified. The complex structure can then be determined
by coanalyzing the MoRE region and its structured partner.
In some cases, it is likely that additional deletion or
proteolysis for the binding partners ofR-MoREs will be
required in order to isolate a highly structured complex.
However, the complexity of such experiments is greatly
reduced by prior knowledge of the binding region of one of
the partners. We believe thatR-MoRE identification algo-
rithm developed here has the potential to accelerate structure
determination of complexes involving disordered regions of
proteins.
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