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ABSTRACT: Previously described algorithms for miningR-helix-forming molecular recognition elements
(MoREs), described by Oldfield et al. (Oldfield, C. J., Cheng, Y., Cortese, M. S., Brown, C. J., Uversky,
V. N., and Dunker, A. K. (2005) Comparing and combining predictors of mostly disordered proteins,
Biochemistry 44, 1989-2000), also known as molecular recognition features (MoRFs) (Mohan, A., Oldfield,
C. J., Radivojac, P., Vacic, V., Cortese, M. S., Dunker, A. K., and Uversky, V. N. (2006) Analysis of
Molecular Recognition Features (MoRFs),J. Mol. Biol. 362, 1043-1059), revealed that regions undergoing
disorder-to-order transition are involved in many molecular recognition events and are crucial for protein-
protein interactions. However, these algorithms were developed using a training data set of a limited size.
Here we propose to improve the prediction algorithms by (1) including additionalR-MoRF examples and
their cross species homologues in the positive training set, (2) carefully extracting monomer structure
chains from the Protein Data Bank (PDB) as the negative training set, (3) including attributes from recently
developed disorder predictors, secondary structure predictions, and amino acid indices, and (4) constructing
neural network based predictors and performing validation. Over 50 regions which undergo disorder-to-
order transition that were identified in the PDB together with a set of corresponding cross species
homologues of each structure-based example were included in a new positive training set. Over 1500
attributes, including disorder predictions, secondary structure predictions, and amino acid indices, were
evaluated by the conditional probability method. The top attributes, including VSL2 and VL3 disorder
predictions and several physicochemical propensities of amino acid residues, were used to develop the
feed forward neural networks. The sensitivity, specificity, and accuracy of the resulting predictor,R-MoRF-
PredII, were 0.87( 0.10, 0.87( 0.11, and 0.87( 0.08 over 10 cross validations, respectively. We
present the results of these analyses and validation examples to discuss the potential improvement of the
R-MoRF-PredII prediction accuracy.

Interactions between proteins and their partners are crucial
for biological functions. Identification and prediction of such
interactions would provide insights and guides for laboratory
experimental efforts to understand the mechanisms of signal-
ing and regulation within biological systems. Further, on the

basis of such knowledge, small molecule therapies could be
developed to target human diseases (1, 2).

Molecular recognition serves as the initial step for
protein-protein interactions. The mechanisms of signaling
and regulatory molecular recognition include high specificity
with low affinity and binding diversity in terms of various
structural accommodations at the binding surface. Coupled
binding and folding has been found in several well-
characterized protein-protein interactions during molecular
recognition; one of the partners in each case undergoes a
disorder-to-order transition upon binding to its structured
complement (3-7). A large decrease in conformation entropy
accompanies the disorder-to-order transition, which un-
couples specificity from binding strength. This phenomenon
has the effect of making highly specific interactions easily
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reversible, which is beneficial for cells, especially in the
inducible responses typically involved in signaling and
regulation. Recent computational studies of such binding
illustrated that the disordered partner contains a “conforma-
tional preference” for the structure it will take upon binding,
and that these so-called “preformed elements” tend to be
helices (8-11). These studies validated previous findings
for individual protein-protein interactions, such as for
p27Kip1 (12, 13) and p53 (14), both of which have disordered
regions with significant helical character that formR-helices
upon binding to their partners.

These foldable partners of protein-protein interactions are
members of the recently discovered class of intrinsically
disordered (ID) proteins, which lack rigid 3D structure under
physiological conditions in vitro. Bioinformatics studies
indicated that about 25-30% of eukaryotic proteins are
mostly disordered (15), that more than half of eukaryotic
proteins have long regions of disorder (15-17), and that
more than 70% of signaling proteins have long disordered
regions (18). Despite the fact that intrinsically disordered
proteins fail to form fixed 3D structures under physiological
conditions, they carry out numerous crucial biological
functions (3-7, 18-35).

It has been emphasized that signaling and regulation are
among the most important functions of intrinsically disor-
dered proteins (18, 21, 25). Qualitatively, it seems reasonable
that highly mobile proteins would provide a better basis for
signaling and recognition. For example, disordered regions
can bind partners with both high specificity and low affinity
(36). This means that the regulatory interactions can be
specific and also can be easily dispersed. Obviously this
represents a keystone of signaling: turning a signal off is as
important as turning it on (23). Another crucial property of
ID proteins for their function in signaling networks is binding
diversity, i.e., their ability to partner with many other proteins
and other ligands, such as nucleic acids (37). This opens a
unique possibility for one regulatory region or one regulatory
protein to bind to many different partners. In agreement with
this hypothesis it has been shown that proteins making
multiple interactions are more likely to lead to lethality if
deleted (38). An interesting consequence of the capability
of ID regions to interact with different binding partners is
their polymorphism in the bound state; i.e., an ID protein
(or ID region) might have completely different geometries
in the rigidified structures induced by the binding to its
partner, depending on the nature of the bound partner (39).

Recently, the concept of a molecular recognition feature
(MoRF;1 because such regions “morph” from disorder to
order upon binding) was introduced for a specific, short
(around 20 residues) structural element that mediates certain
classes of binding events of disordered regions (8-10). This
short fragment is found within a region of disorder and
undergoes a disorder-to-order transition that is stabilized by
binding to its partner. An algorithm to identify protein regions
havingR-helix-forming MoRF signatures was developed on
the basis of the patterns of predictors of naturally disordered

regions (PONDRs), secondary structure predictions, and
hydrophobic cluster analysis (9). The application of this
algorithm to databases of genomics functionally annotated
proteins indicates that such features are highly abundant and
are likely to play important roles in protein-protein interac-
tions involved in signaling events (9). Others have used this
order/disorder plot to predict binding sites that were subse-
quently verified by laboratory experiments (40, 41). For some
of these predicted examples, the regions did indeed form a
helix upon binding to their partners (42, 43). Alternatively,
a sequence-based approach was developed to identify short,
conserved recognition sites, called eukaryotic linear motifs
(ELMs) (44-46). While MoRFs are identified by general
order/disorder tendencies and while ELMs are identified by
motif discovery from sequence analysis, the resulting binding
sites identified by both methods share several features (47).

The current MoRF algorithm was trained on a small
number ofR-MoRF examples (14 regions from 12 proteins).
All of the training examples are correctly identified by the
current algorithm, suggesting overfitting. Here we represent
a novel algorithm which is improved by (1) including
updatedR-MoRF examples and their cross species homo-
logues in the positive training set, (2) extracting monomer
structure chains from the Protein Data Bank (PDB) as the
negative training set, (3) mining attributes from newly
developed disorder predictions, secondary structure predic-
tions, and amino acid indices (48), and (4) constructing neural
network based predictors and performing validation.

MATERIALS AND METHODS

Data Sets. R-MoRF examples were retrieved by the
following procedures from structures in the PDB as of Aug
31, 2005: (1) Chains of 30 residues or less were selected
from structures with valid reference identification (i.e.,
SwissProt, PIR, or GB ID) that were bound to another protein
chain longer than 85 residues. (2) Only chains with helical
content were kept. (3) Only chains bound to a different
molecule were kept.

Cross species homologues of these examples were re-
trieved from SwissProt. The parent sequences of MoRF-
containing proteins from the PDB were aligned with their
homologues using ClustalW (49) with a disorder-based
similarity matrix (50). One homologue that aligned well with
the known MoRF region was randomly selected and also
included in the positive training set.

For a control set, monomeric chains were retrieved from
the Macromolecular Structure Database (http://pqs.ebi.ac.uk/)
by selecting “monomeric” in the Protein Quaternary Structure
query. These chains were further filtered for sequence
redundancy at 30% identity.

MoRF Predictor Architecture. The MoRF predictor was
designed with a stacked architecture, similar to the one used
previously (9), where multiple prediction algorithms are
applied in serial fashion. First, a heuristic is used to detect
potential MoRF regions from predictions of intrinsic disorder.
The heuristic used here is similar to the one used previously
(9), which identifies short regions of order within longer
regions of disordersor “dips”sin disorder prediction pro-
files. Second, a discrimination algorithm is applied to these
potential MoRF regions to distinguish between actual MoRFs
(true MoRFs) and other sources of dips (false MoRFs). In

1 Abbreviations: MoRF, molecular recognition feature; MoRE,
molecular recognition element; PONDR, predictor of naturally disor-
dered regions; ROC, receiver operating curve; AR, area ratio; PPV,
positive prediction value; NPV, negative prediction value; Sn, sensitiv-
ity; Sp, specificity; Acc, accuracy; AUC, area under the ROC; ELM,
eukaryotic linear motif.
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this work, a neural network was developed for this second-
stage prediction. Inputs to the neural network consisted of
sequence features calculated for sequence regions relative
to the potential MoRF region: binding, which is the potential
MoRF region; flanking, which is two regions of residues
abutting the potential MoRF region in terms of sequence;
whole, which is the union of binding and flanking regions.

Sequence Features. Besides the features used previously
(9), features included in this study were the average scores
of newly developed disorder predictions (VL3 (51), VSL2
(52), DisEMBL REMARK-465 (53)), secondary structure
propensities by GOR-IV (54), and the greater than 400 scales
in the amino acid index database (48). Each feature was
calculated for each of the binding, flanking, and whole
regions of each training example.

Feature Selection. Feature selection was performed in two
stages. First, the total set of features was reduced to the 30
features best correlated with MoRFs using the area ratio (AR)
test. Second, the set of features for neural network training
was selected by forward selection, branch and bound, or the
best features according to the AR test.

The AR test has been described previously (55). Briefly,
the conditional probability of an observationYgiven the prior
knowledge that a variable has the valuex is given byP(Y|x).
In this work, the observationYwould correspond to whether
a region belongs to the true MoRF set or the false MoRF
set given prior knowledge that the sequence characteristic
has a value ofx. When the conditional probability is plotted
versus the value of the attribute, the greater the separation
of the two curves, the better a given attribute distinguishes
between the positive and control samples. This separation
can be quantified by dividing the area bound by the two
curves by the total area to give the area ratio.

The top 30 attributes from the AR test were subjected to
further selection using TOOLDIAG (56), using both sequen-
tial forward selection and branch and bound, with the
Mahalanobis distance as the criterion distance metric for both
strategies. The Mahalanobis distance is a statistical distance,
which is defined in terms of the distance between two sample
means in units of standard deviation, on the basis of the
assumption of equal variance of the two samples. In
sequential forward selection, attributes are added in rounds,
where all attributes are evaluated in conjunction with all
attributes selected in previous rounds and the best attribute
is retained for the next round of selection. In contrast, branch
and bound selection begins with all features and divides them
into subsets. Since the Mahalanobis distance of a subset of
features is necessarily less than or equal to its superset, many
feature subsets never need to be evaluated if their superset
is worse than the current bound. This significantly reduces
computation time and is guaranteed to find the optimal set
of featuressin terms of the Mahalanobis distancesfor a
given number of features.

Construction and Training of Neural Networks. Feed-
forward neural networks were constructed with one hidden
layer and trained using a supervised learning algorithm in
Matlab’s Neural Networks toolbox. A 10 cross validation
scheme was performed, where the data set is divided into
10 subsets and training is repeated 10 times using each set
for validation in turn and the remain sets for training. For
each cross validation cycle, 10 experiments were performed
using different initializations of the neural network. The

reported results are the average of the testing results over
these 100 trained neural networks.

EValuation of Neural Networks. The results of the neural
network training were evaluated by multiple methods.
Several of thesesincluding the positive prediction value
(PPV), negative prediction value (NPV), sensitivity (Sn),
specificity (Sp), and accuracy (Acc)sare defined in Table
1. These measures depend on the particular choice of decision
threshold applied to the neural network output. To obtain a
more general measure of predictor performance that is
independent of the selected threshold, receiver operating
curves (ROCs) were used.

An ROC is a two-dimensional measure of classification
performance. The ROC is defined as a plot of the true
positive rate as a function of the false positive rate. An
empirical ROC can be generated by calculating TP and FP
for all relevant thresholds. We approximated the ROC by
simply connecting the data points (Sn, 1- Sp) with straight
lines. The full area under the ROC (AUC) is the most
commonly used ROC index (57). Conceptually, it has several
interpretations: (1) the probability that the test will produce
a value for a randomly chosen true MoRF that is greater
than the value for a randomly chosen false MoRF, (2) the
average sensitivity for all values of specificity, and (3) the
average specificity for all values of sensitivity. A perfect
predictor has an AUC of 1.0, whereas random class assign-
ment gives an AUC of 0.5.

RESULTS AND DISCUSSION

Selection of the Disorder Predictor for MoRF Prediction.
The first stage of the stacked predictor architecture is the
identification of potential MoRF regions from disorder
prediction profiles. In previous work (9), PONDR VL-XT
was selected for this purpose on the basis of previous
observations (58). Here, we reexamine this choice by
examining whether indication of binding regions is a feature
specific to PONDR VLXT profiles or other predictors of
intrinsic disorder can be used for the MoRF prediction
purposes. To answer this question, we compared disorder
plots produced by several predictors for proteins with
archetypal MoRFs: 4E-BP1, p53, and RNase E. Specifically,
we examined whether each predictor produced dipssor short
regions of predicted order within longer regions of predicted
disorderscorresponding to known binding regions. This
behavior is required for successful MoRF prediction.

4E-BP1 is a human phosphoprotein of 118 residues with
a critical role in controlling protein synthesis and, hence, in
cell survival and proliferation through the phosphorylation
of eukaryotic initiation factor 4E (eIF4E). Phosphorylation
of 4E-BP1 results in the release of eIF4E and activation of
cell protein synthesis (59). Deletion and site-directed mu-

Table 1: Statistics Performed on Neural Networks Resultsa

evaluation formula evaluation formula

PPV TP/(TP+ FP) Sp TN/(TN+ FP)
NPV TN/(TN + FN) Acc (TP+ TN)/(TP + TN +

FP+ FN)
Sn TP/(TP+ FN)

a Key: PPV, positive prediction value; NPV, negative prediction
value; Sn, sensitivity; Sp, specificity; TP, true positive; FP, false
positive; FN, false negative; TN, true negative.
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tagenesis identified the 4E-BP1 central region (residues 49-
66) as a motif essential for eIF4E binding (60). NMR and
CD experiments indicated that 4E-BP1 is completely un-
structured in the absence of eIF4E (61). However, upon
complex formation, the 4E-BP115N HSQC spectrum showed
a small number of weak new peaks dispersed upfield from
the majority of other signals. The analysis of a 20-residue
peptide fragment of 4E-BP1 (residues 49-68) containing the
eIF4E binding motif revealed that this peptide was able to
bind to eIF4E, producing chemical shift changes similar to
those of the full-length 4E-BP1 and inhibited translation in
reticulocyte lysate. Together, these results suggested that a
short central region of the 4E-BPs is responsible for eIF4E
binding and translation inhibition while the flanking regions
are unfolded and flexible (61, 62). Figure 1A shows that the
whole 4E-BP1 is predicted to be disordered by PONDR
VLXT, whereas there is a downward spike in the central
region of the disordered prediction plot, which overlaps with
the experimentally verified binding region for eIF4E. This
feature suggested that the peculiarities of PONDR VLXT
plots can be used to visualize regions in disordered proteins
important for protein-protein interactions (58). Additional
work has further validated the use of these distinctive
downward spikes in PONDR VLXT curves to locate
functional binding regions. Later this pattern was used as

the fundamental brick for the development of an algorithm
for identifying R-MoRFs (9).

The results of disorder prediction for 4E-BP1 are shown
in Figure 1, where disorder profiles produced by different
predictors are grouped by their overall appearance and shape.
The vast majority of the analyzed algorithms (except
for DisPro (63), DRIPPRED (http://www.forcasp.org/
paper2127.html), and DISOPRED (17); see Figure 1D)
correctly predicted 4E-BP1 as mostly disordered protein.
Furthermore, many predictors produced dips in the central
region of 4e-BP1. IUPred (64) and RONN (65) gave shallow
dips which matched in their positions with the dip predicted
by PONDR VLXT (Figure 1A). Members of the VL3
(including VL3, VL3H, and VL3E) (51) and VL2 (including
VL2 and VL2-S) families (66) showed shifted shallow dips
covering a broad region (∼60 residues) centered around
residue Gly40. The behavior of these predictors is illustrated
by plots for VL3 and VL2 (Figure 1B). The dips produced
by the predictors of the VSL2 family [VSL2B and VSL2P
(67)] and by PONDR VL3BA (51) were very shallow and
their plots were located above the threshold of 0.5, suggesting
that according to these predictors 4e-BP1 does not have
ordered residues at all (Figure 1C).

Next we analyzed the tumor suppressor protein p53, which
is at the center of a large signaling network, regulating
expression of genes involved in many cellular processes such
as cell cycle progression, apoptosis induction, DNA repair,
and response to cellular stress (68). When p53 function is
lost, either directly through mutation or indirectly through
several other mechanisms, the cell often undergoes onco-
genesis (69). Tumors showing mutations in p53 are found

FIGURE 1: Analysis of 4E-BP1 disorder propensity by different
predictors of intrinsic disorder. The plots produced by different
predictors are grouped by their overall appearance and shape. (A)
PONDR VLXT (red curve), RONN (blue curve) and IUPred (green
curve). (B) VL3 (black line) and VL2 (red line). (C) VSL2B (black
line), VSL2P (red line), and VL3BA (green line). (D) DisPro (black
line), DRIPPRED (red line), and DISOPRED (green line). The pink
bar at the top of panel A indicates the region involved in binding
of the eukaryotic initiation factor 4E (eIF4E).

FIGURE 2: Analysis of p53 disorder propensity by different
predictors of intrinsic disorder. The plots produced by different
predictors are grouped by their overall appearance and shape. (Top)
PONDR VLXT (red curve), RONN (blue curve), IUPred (green
curve), and DRIPPRED (pink line). (Middle) VL3 (black line), VL2
(red line), VSL2B (green line), VSL2P (yellow line), and VL3BA
(blue line). (Bottom) DisPro (black line) and DISOPRED (red line).
Dark green and dark red bars at the top of panel A indicate the
regions involved in binding of Mdm2 and S100B(ââ), respectively.
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in colon, lung, esophagus, breast, liver, brain, reticuloen-
dothelial tissues, and hemopoietic tissues (69). It has been
shown that p53 induces or inhibits over 150 genes, including
p21, GADD45, MDM2, IGFBP3, andBAX (70). There are
three structural domains in p53: the N-terminal translational
activation domain, central DNA binding domain, and C-
terminal tetramerization and regulatory domain. At the
transactivation region, it interacts with TFIID, TFIIH, Mdm2,
RPA, CBP/p300, and CSN5/Jab1 (68). At the C-terminal
domain, it interacts with GSK3â, PARP-1, TAF1, TRRAP,
hGcn5, TAF, 14-3-3, and S100B(ââ).

Therefore, both N- and C-terminal domains of p53 are
involved in numerous protein-protein interactions, some of
which involve disorder-to-order transitions. For example,
Mdm2 was shown to interact with a short stretch of p53,
residues 13-29. As this region of p53 is within the
transactivation domain, p53 cannot activate or inhibit other
genes when Mdm2 is bound. Although X-ray crystal-
lographic studies of the p53-Mdm2 bimolecular complex
reveal that the Mdm2 binding region of p53 forms a helical
structure that binds into a deep groove on the surface of

Mdm2 (71), NMR studies of p53 show that the unbound
N-terminal region lacks fixed structure, although it does
possess an amphipathic helix that forms secondary structure
part of the time (14). It has been shown that interaction of
S100B(ââ) with p53 inhibits its PKC-dependent phospho-
rylation and tetramer formation (72). Interaction occurs in a
Ca2+-dependent manner and involves a peptide located in
the C-terminal regulatory domain of p53 (residues 367-388)
(73). In the absence of S100B(ââ), the p53 peptide (S367-
E388) exists as a random coil as determined by NMR.
However, much of this C-terminal peptide (residues S376-
T387) adopts a helical conformation when bound to Ca2+-
loaded S100B(ââ) (74).

Thus, fragments from the N-terminal transactivation and
the C-terminal tetramerization/regulatory domains undergo
disorder-to-order transition upon binding to their partners.
The PONDR VLXT plot shown in Figure 2A illustrates such
a predisposition for the disorder-to-order transition as sharp
dips within the disordered regions. Next, we analyzed p53
by several other disorder predictors. Among more than 15
predictors analyzed, only DRIPPRED (http://www.forcasp.org/
paper2127.html) possessed dips at both the N- and C-termini
as PONDR VLXT (see Figure 2A). Predictions by IUPred
(64) and RONN (65) showed a matched dip at the N-terminus
and a shallower dip at the C-terminus, compared to those of
VLXT (Figure 2A). All VL3 (including BA, E, and H) (51),
VL2 (including VL2, VL2C, S, and V) (66), and VSL2
(VSL2B and P) predictors (67) showed a shifted shallow
dip in the disordered N-terminus and predicted the C-
terminus to be totally disordered, without dips. Their
prediction patterns are represented in Figure 2B. Finally,
Figure 2C shows that DisPro (63) and DISOPRED (17)
were able to predict a dip in the disordered C-terminus of
p53.

Similarly, we applied various disorder predictors to the
E. coli ribonuclease RNase E. The endoribonucleases operate
under tight cellular regulation and are involved in the
modification, maturation, and degradation of different RNAs
(75). RNase E is an important member of this family and is
responsible for controlling the levels of many different
transcripts that encode enzymes of fundamental metabolic
pathways, including glycolysis (76). The protein can be
divided into two roughly equal fragments that are involved

FIGURE 3: Analysis of RNase E disorder propensity by different
predictors of intrinsic disorder. The plots produced by different
predictors are grouped by their overall appearance and shape. (A)
PONDR VLXT (red curve). (B) VL3 (black line), VL2 (red line),
RONN (yellow curve), and IUPred (green curve). (C) VSL2B (black
line), VSL2P (red line), and VL3BA (green line). (D) DisPro (black
line), DRIPPRED (red line), and DISOPRED (green line). The bars
at the top of panel A indicate RISPs responsible for RNase E
interaction with different binding partners: A (residues 565-585),
protein-RNA interaction site; B (residues 633-712), self-recogni-
tion region; C (residues 839-850), enolase binding site; D (residues
1021-1061), PNPase binding site.

FIGURE 4: Feature selection. Mahalanobis distances for various
numbers of feature combinations selected were plotted for branch
and bound (circles), forward selection (tilted squares), and AR
(squares).
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in different functions: the N-terminal domain (NTD; residues
1-498) hosts catalytic function, and the C-terminal domain
(CTD; residues 499-1061) preserves the biologically sig-
nificant ability to interact with other degradosome compo-
nents and with structured RNA (40).

CTD was shown to be highly disordered by experiments
and PONDR VLXT prediction (40). However, VLXT
prediction showed four sharp downward spikes within the
entirely disordered CTD. These dips were referred to as
“regions of increased structural propensity” (RISPs) (40) and
are labeled in Figure 3A as A, B, C, and D. RISP A appears
to be a protein-RNA interaction site, whereas the other
segments possibly correspond to sites of self-recognition
(segment B, segment of a potential coiled coil) and to sites
of interaction with the other degradosome proteins (segments
C and D interact with enolase and PNPase, respectively) (40).
The crystal structure of the complex between the enolase
and fragment C has been determined, which showed that
region C forms anR-helix in the complex (77). Therefore,
all C-terminal regions in RNase E with the predisposition
for the disorder-to-order transition were correctly visualized
by PONDR VLXT (40).

Analysis of RNase E by other disorder predictors is
described below. All VL2 and VL3 predictions together with
RONN and IUPred plots have shallow dips at the A, C, and
D positions (Figure 3B), while VSL2 and VL3BA predictions
almost do not have a dip at position A. However, they have
pronounced dips at positions C and D, and VL3BA has a
very broad dip centered at position C (Figure 3C). Figure

3D shows that DRIPPRED, DISOPRED, and DisPro predict
site A as a sharp dip and do not have specific disorder-based
features at the B, C, and D positions. In fact, DRIPPRED
predicts that the last 450 residues of RNaseE are completely
disordered, whereas, according to DISOPRED, fragment
830-1061 is mostly ordered. Figure 3 illustrates that none
of the predictors analyzed show a sharp dip at the B position
as PONDR VLXT does.

Overall, data presented above show that many predictors
gave similar general disorder/order predictions on the three
examples. However, PONDR VLXT was more sensitive for
features associated with regions potentially undergoing
disorder-to-order transition than other predictors, and there-
fore, it was selected for the identification of potential MoRFs
for the first stage of the prediction algorithm. The formerly
defined basic MoRF pattern (9) was used with little
modification.

Data Sets. A total of 54 basic MoRF regions (from 51
proteins) were retrieved from PDB structures. Of these MoRF
regions, 48 have at least one cross species homologue
sequence that could be retrieved from SwissProt and the
remaining 6 examples do not have any obvious cross species
homologue. This gave a positive training set containing 102
regions from 99 proteins. The sequence identities for the
paired proteins were from 5% to 100%.

For the control set, structured monomers were used. The
sequences of these proteins are known to be ordered in
isolation and therefore cannot contain MoRF regions.
PONDR VL-XT predictions were made for the structured,
monomeric proteins and their prediction profiles scanned for
the basic MoRF pattern. The basic MoRF pattern was found
236 times in 120 of the structured monomers.

FIGURE 5: Neural network training. (A) The 10 cross validation
results of neural networks constructed using the top six attribute
combinations from forward selection were plotted. (B) Evaluation
parameters from (A) were plotted for various threshold values.
Key: PPV, positive prediction value; NPV, negative prediction
value; Sn, sensitivity; Sp, specificity; Acc, accuracy (Table 1).

FIGURE 6: ROCs from different constructions of neural networks
were plotted. Key: Top6-AR or Top10-AR, the top 6 or top 10
attribute combination from AR was used for neural network
construction, respectively; Top6-BB or Top10-BB, the top 6 or top
10 attribute combination from branch and bound was used for neural
network construction, respectively; Top6-FD or Top10-FD, the top
6 or top 10 attribute combination was used for neural network
construction, respectively.
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For both MoRF-associated PONDR patterns and control
PONDR patterns, all features were generated for the MoRF
pattern region, flanking regions, and whole region.

Feature Selection. Over 1500 attributes of the binding,
flanking, and whole regions were evaluated by the AR test.
The best 30 AR values yielded from attributes of VSL2, VL3,
and others over the whole, binding, and flanking regions were
in the range of 0.64-0.54. As shown in Figure 4, the
Mahalanobis distances were compared for the top 10 features
selected from the top 30 AR attributes by sequential forward
selection or branch and bound to direct the top 10 AR
attributes. Branch and bound and forward selection yielded
higher Mahalanobis distances than direct AR for 3-10
features selected, indicating those feature combinations may
yield better separations between the positive and negative
training sets. Furthermore, the Mahalanobis distance reached
a plateau when six features were selected. Thus, the top 6
and top 10 feature combinations from all three methods were
used to train neural networks.

Neural Network Training and EValuation. Feed-forward
neural networks were constructed with one hidden layer with
10 neurons using the combined features selected by all three
methods. The results from the top 6 features from forward
selection were used as an illustration in Figure 5A: sensitiv-
ity, specificity, and accuracy after 10 cross validations were
0.87 ( 0.10, 0.87( 0.11, and 0.87( 0.08, respectively.
When the threshold for prediction increased from-0.9 to
0.9, PPV and specificity increased from 0.63 ((0.10) to 0.95
((0.09) and from 0.45 ((0.19) to 0.98 ((0.07), respectively,
while NPV and sensitivity decreased from 0.92 ((0.10) to
0.67 ((0.08) and from 0.96 ((0.09) to 0.53 ((0.15),
respectively (Figure 5B). However, accuracy reached a
maximum (0.87) when the threshold was set to 0 or-0.1.

ROCs can be used to quantify predictor performance,
because they do not require determination of an optimal
threshold and provide information concerning predictor
performance over a range of thresholds. The curves of better
predictors lie above and to the left of the curves produced
by worse predictors. The area under the ROC is commonly
used for quantification of predictor performance. This area
is defined between 1 and 0, where a value of 0.5 (along the
diagonal in Figure 6) would be expected for random
classification. ROC analysis (Figure 6) of all six neural
network constructions showed that all of them were better
than random, whereas curves for the top 10 features from
forward selection, the top 10 features from AR, and the top
6 features from forward selection were on top of the others.
Thus, a neural network constructed on the basis of the top 6
features from forward selection was chosen over that
constructed on the basis of the top 10 features.

Examination of SpecificR-MoRF-PredII Predictions. The
performance of theR-MoRF-PredII identifier was analyzed
using a set of proteins with known MoRFs.

1. Escherichia coli Ribonuclease RNase E. The current
algorithm predicted all four RISPs as MoRFs (see Figure
2), whereas the original predictor failed to identify any of
these dips as molecular recognition features.

2. p53 from Different Species.Both N- and C-terminal
regions of human p53 were used as positive training
examples in the development of previous and present
algorithms. A group of 33 sequences of p53 were collected
from SwissProt.R-MoRF-PredII identified 27 N-terminal
regions and 11 C-terminal regions as MoRFs from cross
species alignments, compared to 4 N-terminal regions and
9 C-terminal regions identified by the original predictor.

FIGURE 7: R-MoRF predictions across genomes of three kingdoms. (A) Fractions of proteins in 9 eukaryotic, 57 bacterial, and 16 archaeal
genomes predicted to containR-MoRFs by previous (open bars) and present (closed bars) methods. The error bars indicate the 95% confidence
interval over 1000 resamplings. (B) Frequency ofR-MoRFs in 9 eukaryotic, 57 bacterial, and 16 archaeal genomes by previous (open bars)
and present (closed bars) methods. The error bars indicate the 95% confidence interval over 1000 resampling.

Table 2: R-MoRF Prediction in Functional Classes

function
class

proteins containing
predicted MoRFs (%)

no. of predicted
MoRFs per

1000 residues
function

class
proteins containing

predicted MoRFs (%)

no. of predicted
MoRFs per

1000 residues

regulation 82 ((3) 5.9 inhibitor 42 ((9) 3
differentiation 78 ((11) 4.2 biosynthetic 32 ((6) 1.2
cell division 72 ((11) 5.4 protease 32 ((14) 1.8
cytoskeleton 71 ((7) 4.8 G protein coupled receptors 32 ((5) 1.2
ribosomal 58 ((10) 3.8 metabolism 28 ((9) 0.9
membrane 52 ((7) 3.1 degradation 27 ((11) 1.5
transport 44 ((4) 2.2 kinase 26 ((9) 1.1
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3. PDB_Select25.A set of structured chains of over 30
residues was retrieved from PDB_Select25 (http://bioinfo.t-
g.fh-giessen.de/pdbselect/) as a validation (negative) set. Only
18% of over 1500 basic MoRF (dip) patterns were predicted
as MoRFs; i.e., 82% accuracy is achieved for this set.

MoRF Predictions across Genomes and Functional Groups.
The R-MoRF-PredII algorithm was applied to sequences
from 82 genomes in the three kingdoms of life to estimate
the prevalence of regions havingR-MoRF propensities. The
results from 1000 resamplings were compared to those from
the previous method as shown in Figure 7 (9). The average
eukaryotic genome has greater than 3- and 4-fold higher
fractions of proteins withR-MoRF propensities than the
average bacterial and archaeal genomes, respectively.
R-MoRFs are indicated to occur with 4- and 6-fold higher
frequency in the average eukaryotic genome than in the
average bacterial and archaeal genomes, respectively. Fur-
thermore, all eukaryotic genomes have higher fractions of
proteins withR-MoRF propensities and higher frequencies
of R-MoRF indications than all bacterial and archaeal
genomes.

The R-MoRF-PredII algorithm was also applied to func-
tional classes of human proteins retrieved from SwissProt
as described previously (18). As shown in Table 2, human
proteins involved in regulation, cell division, and the
cytoskeleton, as well as ribosomal proteins, contain more
R-MoRF than proteins in the average eukaryotic genome.
Membrane, transport, and inhibitory proteins haveR-MoRF
propensities similar to those of proteins from the average
eukaryotic genome. Finally, proteins associated with bio-
synthesis, protease activities, G protein coupled receptors,
metabolism, degradation, and kinase activities have lower
R-MoRF propensities than the average eukaryotic protein.

Summarizing, we elaborated a novel neural network based
algorithm for miningR-helix-forming molecular recognition
features,R-MoRFs, which are intrinsically disordered regions
undergoing disorder-to-order transition as a result of interac-
tion with their binding partners. In comparison with the
originalR-MoRE identifier (9), this algorithm was improved
by using an extended set of newly identifiedR-MoRFs and
their homologues, by extracting monomer chains from the
PDB as the negative training set and via mining novel
attributes related to disorder and secondary structure predic-
tions as well as amino acid indices. The top attributes were
used to develop the feed forward neural networks. The
performance of the resulting tool,R-MoRF-PredII predictor,
was validated on the basis of a set of proteins with known
R-MoRFs as a positive control and a set of ordered proteins
that do not containR-MoRFs as a negative control. The
sensitivity, specificity, and accuracy of theR-MoRF-PredII
predictor were all close to 0.9. The usefulness of this new
predictor is illustrated via its application for analysis of 82
genomes in the three kingdoms of life and for analysis of
functional classes of human proteins.
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