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The Pairwise Energy Content Estimated from Amino
Acid Composition Discriminates between Folded and
Intrinsically Unstructured Proteins

Zsuzsanna Dosztanyi, Veronika Csizmoek, Peter Tompa and
Istvan Simon*

Institute of Enzymology
Biological Research Center
Hungarian Academy of Sciences
1518 Budapest, PO Box 7
Hungary

The structural stability of a protein requires a large number of interresidue
interactions. The energetic contribution of these can be approximated by
low-resolution force elds extracted from known structures, based on
observed amino acid pairing frequencies. The summation of such energies,
however, cannot be carried out for proteins whose structure is not known
or for intrinsically unstructured proteins. To overcome these limitations,
we present a novel method for estimating the total pairwise interaction
energy, based on a quadratic form in the amino acid composition of the
protein. This approach is validated by the good correlation of the estimated
and actual energies of proteins of known structure and by a clear
separation of folded and disordered proteins in the energy space it de nes.
As the novel algorithm has not been trained on unstructured proteins, it
substantiates the concept of protein disorder, i.e. that the inability to form a
well-de ned 3D structure is an intrinsic property of many proteins and
protein domains. This property is encoded in their sequence, because their
biased amino acid composition does not allow suf cient stabilizing
interactions to form. By limiting the calculation to a prede ned sequential
neighborhood, the algorithm was turned into a position-speci ¢ scoring
scheme that characterizes the tendency of a given amino acid to fall into
an ordered or disordered region. This application we term IUPred and
compare its performance with three generally accepted predictors, PONDR
VL3H, DISOPRED?2 and GlobPlot on a database of disordered proteins.

q 2005 Elsevier Ltd. All rights reserved.

Keywords: intrinsically unstructured proteins; prediction of disordered

*Corresponding author proteins; low-resolution force elds; interresidue interactions; foldability

functional modes, such as signal transduction and
transcriptional regulation.®°
The identi cation of IUPs thus far proceeded by

Introduction

Intrinsically unstructured/disordered proteins/

domains (IUPs), such as p21,* the N-terminal
domain of p53° or the transactivator domain of
CREB,? exist in a largely disordered structural state,
yet they carry out basic cellular functions.*" Their
existence de es the classical structure—function
paradigm, founded on the tenet that a well-de ned
3D structure is the prerequisite of protein function.
The importance of protein disorder, nevertheless,
is underlined by its prevalence in various
proteomes®® and by its correlation with basic

Abbreviation used: IUP, unstructured/disordered
proteins/domains.

E-mail address of the corresponding author:
simon@enzim.hu

collecting scattered data obtained with a range of
experimental techniques. As a result, available
datasets are rather limited in size and are hetero-
geneous in terms of experimental conditions,
techniques and interpretation of data. They also
lack consistency, due to the absence of clear
conceptual and operational de nition(s) of struc-
tural disorder. All these result in false positive and
false negative classi cations, i.e. the inclusion of
ordered segments in disorder databases and the
exclusion (and inclusion in ordered reference
databases) of disordered proteins/segments.
Furthermore, the databases are also biased due to
the overrepresentation of a few experimental
techniques, such as X-ray crystallography, NMR

0022-2836/$ - see front matter g 2005 Elsevier Ltd. All rights reserved.
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and CD. As each technique probes different aspects
of protein structure, they do not necessarily
correctly identify disorder. For example, loopy
proteins, which have no repetitive secondary
structure,™ would appear disordered by CD but
ordered by the other techniques. With NMR,
disorder often is concluded from poor signal
dispersion, which does not distinguish between
random coils and molten globules of high potential
to fold in the presence of a partner. In X-ray
crystallography, crystal packing may enforce cer-
tain disordered regions to become ordered, and
disordered binding segments are often crystallized
in complex with their partner and are classi ed
ordered despite their lack of structure in isolation.
In addition, wobbly domains would appear dis-
ordered, despite their intrinsic structural order. In
consequence, predictors trained on these datasets
for assessing disorder®® re ect these uncertainties.

The basis of predicting protein disorder is the
difference in sequence characteristics between
folded and disordered proteins. Typically, 1UPs
exhibit a strong bias in their amino acid compo-
sition and even a reduced alphabet is able to
recognize them at the level of complete sequences.*?
Other results indicate, however, that there are
differences in sequence properties among different
types of disordered proteins.™® Various factors have
been suggested to be important in terms of protein
disorder, including exibility, aromatic content,**
secondary structure preferences® and various
scales associated with hydrophobicity.’*® Beside
low mean hydrophobicity, high net charge was also
suggested to contribute to disorder.’” All these
different analyses, though, hint that the amino acid
composition of IUPs results in their inability to fold
due to the depletion of typically buried amino acid
residues and enrichment of typically exposed
amino acid residues,® which implies that globular
proteins have speci ¢ sequences with the potential
to form a suf ciently large number of favorable
interactions, whereas IUPs do not. Here, we attempt
to put this inference on a quantitative footing by
taking an energetics point of view. On this ground,
the sequences encoding for globular proteins and
IUPs can be distinguished.

For globular proteins, the contribution of inter-
residue interactions to total energy is often approxi-
mated by low-resolution force elds, or statistical
potentials, energy-like quantities derived from
globular proteins based on the observed amino
acid pairing frequencies.*®*° In deriving the actual
potentials, different principles have been
applied.*®?°2* The resulting empirical energy
functions are well suited to assess the quality of
structural models** and have been used for fold
recognition or threading,?>?® but also in docking,*’
ab initio folding,?® or predicting protein stability.?°
Their success in a wide range of applications
suggests the existence of a common set of inter-
actions, simultaneously favored in all native, as
opposed to alternate, structures.

Our current formulation derives from the general

view that the primary structure of a globular
protein determines its native conformation, and
therefore its energy, which corresponds to the
global minimum in conformational space. This
energy represents the lowest level attainable by
the sequence at the optimum of interresidue
interactions. In this work, we introduce a novel
approach to predict this optimum energy inde-
pendently of a presumed structure. By applying
this principle to a prede ned sequential neighbor-
hood of a particular amino acid in a sequence, this
approach can be turned into a position-speci ¢
scoring scheme for disorder, termed IUPred. As
IUPred has not been trained on potentially
erroneous data, its unbiased assessment of the
structural status of an unknown sequence/segment
is of con rmatory value.

Theory

Estimation of the pairwise energy from amino
acid composition

The pairwise energy of a protein in its native state
is the function of its conformation as well as its
amino acid sequence. The total energy can be
calculated by taking all contacts in the protein,
and weighting them by the corresponding inter-
action energy. In our model, the energy depends
only on amino acid types, as speci ed by a 20 by 20
interaction matrix, M (see Table 1). The pairwise
energy content can be written as:

3K
EZ MG
ijz1

where Mj; is the interaction energy between amino
acid types i and j, and Cj; is the number of
interactions between residues of types i and j in
the given conformation.

We approximate E/L, the total energy per amino
acid, by means of the proteins amino acid
composition. Without considering the actual con-
formation, we rely on statistics collected from a
database of globular proteins. The rationale behind
this approach is that the energy contribution of a
residue depends not only on its amino acid type,
but also on its potential partners in the sequence.
We assume that if the sequence contains more
amino acid residues that can form favorable
contacts with the given residue, its expected energy
contribution is more favorable. The simplest for-
mula which describes this relationship is a quad-
ratic expression in the amino acid composition.

Let N; denote the number of amino acid residues
of type i in the sequence and n;ZN;/L its frequency.
The energy per amino acid is approximated by:

E.:
estimated d

L niPijnj

ij

where P is the energy predictor matrix, which tells
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Table 1. M matrix

A C D E F G H | K L M N P Q R S T \Y W Y

K020 KO0.44 0.16 026 KO046 KO0.26 0.50 KO0.57 010 KO0.36 KO0.22 0.07 0.14 0.01 020 KO0.09 KO0.05 KO0.42 0.05 KO0.50
KO0.44 K2.99 0.21 019 KO0.88 K034 K111 K036 KO0.09 K053 K043 K052 KO0.14 K043 KO0.24 0.13 K022 KO0.62 0.24 KO0.79
0.16 0.21 0.17 0.55 0.38 0.35 KO0.23 0.44 KO0.39 0.28 0.35 KaO0.02 1.03 049 KO0.37 0.19 KaO0.12 0.69 0.04 0.43
0.26 0.19 0.55 0.60 0.55 0.65 0.18 0.37 KO0.47 0.33 0.29 0.01 0.69 0.04 KO0.52 0.18 0.37 0.39 0.03 0.17
KO0.46 KO0.88 0.38 055 KO0.94 0.17 KO0.40 KaO0.88 001 K1.08 KaO0.78 0.22 0.20 0.26 KO0.19 KO0.22 0.02 K115 KO0.60 KO0.88
KO0.26 KO0.34 0.35 0.65 0.17 KO0.12 0.18 0.24 0.19 0.24 0.02 KO0.04 0.60 0.46 0.50 0.28 0.28 0.27 0.51 KaO0.35
050 K111 KO0.23 0.18 KO0.40 0.18 0.42 KO0.00 0.79 K024 KO0.07 0.20 0.25 0.69 0.24 0.21 0.11 0.16 KO0.85 KO0.26
KO0.57 KaO0.36 0.44 0.37 KO0.88 024 KO0.00 K1.16 0.15 K125 KO0.58 KO0.09 0.36 KO0.08 0.14 032 K027 K106 KO0.68 KO0.85
010 KO0.09 KO0.39 KO0.47 0.01 0.19 0.79 0.15 0.42 0.13 0.48 0.26 0.50 0.15 0.53 0.10 KO0.19 0.10 0.10 0.04
KO0.36 KO0.53 0.28 0.33 K1.08 024 K024 K125 013 K110 KaO0.50 0.21 042 KO0.01 KO0.07 0.17 0.07 K097 KO0.9 KO0.63
KO0.22 KO0.43 0.35 029 KO0.78 0.02 KO0.07 KaO0.58 048 KO050 KO.74 0.32 0.01 0.26 0.15 0.48 016 KO0.73 KO056 K1.02
0.07 K052 KO0.02 0.01 022 KO0.04 020 KO0.09 0.26 0.21 0.32 0.14 0.27 0.37 0.13 0.15 0.10 0.40 KO0.12 0.32
014 KO0.14 1.03 0.69 0.20 0.60 0.25 0.36 0.50 0.42 0.01 0.27 0.27 1.02 0.47 0.54 0.88 KO0.02 KO0.37 KO0.12
001 KO0.43 0.49 0.04 0.26 0.46 0.69 KO0.08 0.15 KO0.01 0.26 0.37 1.02 KO0.12 0.24 0.29 0.04 KO.11 0.18 0.11
020 K024 KO037 KO052 KO0.19 0.50 0.24 0.14 053 KO0.07 0.15 0.13 0.47 0.24 0.17 0.27 0.45 0.01 KO0.73 0.01
KO0.09 0.13 0.19 0.18 KO0.22 0.28 0.21 0.32 0.10 0.17 0.48 0.15 0.54 0.29 0.27 KO0.06 0.08 012 K022 KO.14
KO0.05 KO0.22 KaO0.12 0.37 0.02 0.28 0.11 KO0.27 KO0.19 0.07 0.16 0.10 0.88 0.04 0.45 0.08 KO0.03 KaO0.01 011 KO0.32
KO0.42 KO0.62 0.69 039 KI1.15 0.27 0.16 K1.06 010 KO0.97 KO0.73 040 KO0.02 KO0.11 0.01 012 KO0.01 K089 KO05 KO0.71
0.05 0.24 0.04 0.03 KO0.60 051 KO0.85 KaO0.68 010 KO095 KO05 KO0.12 KO0.37 0.18 KO0.73 KO0.22 011 KO056 KO0.05 K141
K050 KO0.79 0.43 017 K088 K035 KO026 KO0.85 004 KO063 K102 032 KO0.12 0.11 001 KO0.14 K032 KO0.71 K141 KAO0.76

<E<H4TBOVZIrX—"IO@TMUO>

Contact potential derived from 785 proteins using the approach of Thomas & Dill.?°
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how the energy of amino acid i depends on the jth
element of the amino acid composition vector. The
parameters Pj;, applicable for all proteins, are
determined by least-squares tting using globular
proteins. The tting was carried out by treating each
amino acid type and the corresponding row in
matrix P separately, to ensure that the energetic
contribution is well approximated for all amino acid
types. Using the additivity of the energy of pairwise
interactions, we dissect the total energy of the kth
protein into amino acid speci ¢ contributions
EkZ Sek, where e is the energy of all amino acid
residues type i interacting with all other amino acid
residues in the sequence. The eE‘ depends on the
number of contacts this residue makes with other
amino acid residues of type j in the sequence.

k > k
g;dcalculatedr Z M;; Cjj
jZ1

This quantity is approximated by the expression:

k k > k
g;destimatedpr Z N; Pijn;
iz1

The parameters of the corresponding row of
matrix P are obtained by minimizing the function

>
Z,Z KNS Pynit?

k jz1

Letting vZi/vP;Z0 for all P;; leads to a set of
linear equations which are solved for each amino
acid type by using the GSL scienti c library. Only
the symmetrical part of the matrix is considered, as
the anti-symmetrical part is cancelled out in
quadratic forms. The resulting P is given in Table 2.

Results

Comparison of estimated and calculated
energies for globular proteins

The validity of the energy predictor matrix was
checked by comparing the energies calculated from
amino acid interactions of proteins with a known
structure to the energies estimated from their amino
acid compositions. The tting was carried out using
674 proteins from the Glob_list (for the de nition of
this and other databases, see Materials and
Methods), omitting those with high cysteine content
(above 9%) as they had unusually favorable energy
because of cystine pairs. The calculated energy is
given in an arbitrary energy unit [aeu], with more
negative values indicating more favorable inter-
actions. Figure 1 shows that there is a clear linear
relationship between calculated and estimated
energies. The goodness of t can be characterized
by a correlation coef cient and the r2 value:
r2Z 1K SSyg=SSior, Where SSio; and SSieq are the
sums of the squares of distances from the mean of
the calculated energies, and of estimated and

Table 2. P energy predictor matrix

K4.62

K3.01 K2.08 0.66 1.54 1.20 0.98 KO0.08 046 K231 0.32

0.49

K3.69

1.90

K3.73 KO0.41

K2.83 1.16 1.80

K1.65
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Figure 1. Correlation of estimated and calculated total
interaction energies of globular proteins. The total
pairwise interaction energy of 674 globular proteins
from Glob_list (omitting proteins with high cysteine
content), was estimated from their amino acid compo-
sitions by a method based on a quadratic formula in the
amino acid composition and are shown as a function of
the actual energies calculated from their known 3D
structures. The energies are in arbitrary energy units, as
de ned in the text. The broken line represents perfect
agreement between the estimated and calculated energy
values.

calculated energies, respectively. The value of r2 can
be between 0, where the average is used as an
estimate, and 1, which is the ideal case. It describes
how well the variance in the original data is
explained by the tted model using the least-
squares approximation. In our case, the r2 value
was 0.58, and the correlation coef cient was 0.76.
Both values indicate a reasonable level of agreement
between the estimated and calculated energies.

Pairwise energy content for globular proteins and
IUPs

Figure 2 shows the estimated energies for
globular proteins and IUPs as a function of their
length. For the globular proteins of Filt_Glob_list
the average energy is KO0.81 [aeu]. The estimated
energies of IUPs in IUP_list are less favorable, with
an average of KO0.07 [aeu]. The separation between
the two sets becomes more pronounced for longer
sequences, while there is some overlap for shorter
sequences. Based on the P-value of 2.2 810
obtained using the Wilcoxon rank sum test, we
can reject the hypothesis that the two sets of
energies are from the same distributions. Overall,
the difference substantiates our assumption that the
pairwise energy content is less favorable for IUPs
than for globular proteins.

A corollary to this separation is that the estimated
energy content may also distinguish partially
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Figure 2. Estimated pairwise interaction energies of
globular proteins and IUPs. The total pairwise interaction
energy of 559 globular proteins in Filt_Glob_list (red C)
and 129 disordered proteins in IUP_list (blue ¥) was
estimated from their amino acid composition and plotted
as a function of their length. Values more negative
represent more stabilization due to pairwise amino acid
interactions. The average pairwise interaction energy of
globular proteins and IUPs are KO0.81 and KO0.07 [aeu],
respectively.

ordered IUPs, i.e. molten globules and pre-molten
globules, from fully disordered (coil-like) proteins,
because the former are expected to have more
energetically favorable interactions. To test this
assumption, 55 coil-like and 52 pre-molten globule-
like proteins have been taken from Table 1 in the
work done by Uversky,*® and their total energy
content has been estimated. These datasets, which
partially overlap with IUP_list, show a 0.3 [aeu]
separation in the average energy content (data not
shown). Thus, our approach is able to assess the
energetic consequence of the subtle structural
differences between fully and partially disordered
proteins.

Decomposition

So far, the quadratic form for the estimated
energy has been given in the natural coordinate
system, each axis corresponding to one amino acid.
Now we rotate the coordinate system into the one
de ned by the eigenvectors of the P matrix, in
which the expression for the estimated energy is
reduced to the diagonal form:

Edestimatedp Z 1,p? C 1,p3 / Cl,p%

~Here I; is the ith eigenvalue corresponding to the
v' eigenvector, and p; is the corresponding coordi-
nate of the amino acid composition vector (n) in the
new coordinate system, calculated as a scalar
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Figure 3. Decomposition of the energy predictor matrix
to eigenvalues representing stabilizing and destabilizing
interactions. The energy predictor matrix P, was decom-
posed into (a) and (b) negative and (c)—(e) positive
eigenvectors. Their corresponding eigenvalues specifying
the weights in the energy function are: (a) K52, (b) K40,
(c) 24, (d) 13 and (e) 10 (cf. Decomposition). These vectors
represent stabilizing and destabilizing contributions to
the total pairwise energy content, and can be rationalized
in terms of simple physical principles, such as (a)
hydrophobicity, (b) cysteine abundance, (d) structure-
breaking amino acid residues and (e) net charge of the
protein.

product, p;Znv'. Since p? is non-negative, terms
corresponding to positive/negative eigenvalues
give a positive/negative contribution to the esti-
mated energy. Some of the individual eigenvectors
can be directly interpreted in terms of physico-
chemical factors and linked to stabilization or
destabilization depending on its sign. Figure 3
shows the two largest negative (stabilizing) and
three largest positive (destabilizing) eigenvectors.
We nd hydrophobicity (Figure 3(a)) and cysteine
content (Figure 3(b)) as dominant factors in
stabilization. The vector with the highest eigen-
value is closest to the Sweet-Eisenberg empirical
hydrophobicity scale (correlation coef cient; 0.94)
among more than 400 different amino acid pro-
pensities collected in the AAlndex database.’

Interestingly, the same scale among hydro-
phobicities was found to be the best for discriminat-
ing structured proteins from IUPs in a systematlc
search among 265 amino acid properties.’® Of
particular relevance to our assessment of the
determinants of protein disorder, the Sweet—
Eisenberg scale is based on amino acid replace-
ability, which correlates with the tendency of side-
chains to be buried or exposed in protein crystal
structures.®? As for the destabilizing factors, there is
no obvious interpretation of the factor with the

largest positive eigenvalue (Figure 3(c)), whereas
the next two suggest that the abundance of
structure-breaking amino acid residues like Pro,
Asn, and Gly (Figure 3(d)) or high net charge
(Figure 3(e)) leads to destabilization. It should be
made clear, though, that these features are not
incorporated in the predictor, but they can be
extracted due to their importance in supporting
energetically favorable/unfavorable structural
states. The intriguing point is that they show good
correlation with features used in previous
approaches, which are knowledge-based in terms
of protein disorder.**17

Besides the angles between the vectors, all p;
values depend also on the normpf the arrpﬂo aC|d
composition vector NORMZ IZLn 2z ,le-
This norm takes its minimum value (0.223) for
sequences with equal amino acid frequencies, and
largest (1.0) when the sequence is composed of a
single amino acid. For globular proteins, it varies
between 0.23 and 0.39. There are 24 sequences with
their norm above 0.35 in the IUP sets, including
16 out of 17 sequences that have at least 50% of
residues predlcted to have low complexity by the
SEG program.® Thus, the norm is also a measure of
the complexity of the sequence, incorporated into
the estimated energy as a scaling factor. According
to our model, a low complexity sequence is not
necessarily disordered, if its amino acid compo-
sition is dominated by stabilizing factors, allowing
the formation of favorable contacts. On the other
hand, sequences with the least favorable energy are
of low complexity as well, as a result of the
dominance of one or a few amino acid types that
have unfavorable interaction energies for each
relation.

The estimated pairwise energy predicts protein
disorder

Based on the signi cant separation between the
estimated pairwise energies of globular and experi-
mentally veri ed intrinsically unstructured
proteins, this approach can be turned into a method
to predict protein disorder. For this purpose it is
more appropriate to consider the local sequential
neighborhood only, since many proteins are not
fully ordered or disordered. Thus, the original
matrix P, derived at the level of global sequences,
was recalculated by treating each position separ-
ately, and taking into account only its prede ned
neighborhood in sequence. The energy and amino
acid composition for each position was calculated
only by considering interaction partners 2-100
residues apart. The choice of this range represents
a trade-off between the intention of covering most
structured domains, but separating distinct
domains in multi-domain proteins. This procedure
yields an estimated energy at position p of type i:

p > PP
g Z Pijnj
iz1
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Figure 4. Estimated position-speci ¢ pairwise energies
of globular proteins and IUPs. The distribution of
estimated position-speci ¢ pairwise energy scores is
shown, calculated by considering the amino acid compo-
sition limited to a sequential neighborhood of G100
residues and smoothed over 21 residues. The application,
termed IUPred, was applied to the Filt_Glob_list (C) and
the IUP_list (1), and the frequency of residues was
plotted against their local energy content. A threshold of
KO0.2 [aeu] provides the best separation of individual
positions between these two structural classes.

where PP is the position-speci ¢ energy predictor
matrix. The position-speci ¢ estimations of energies
were averaged over a window of 21 residues. This
method for the prediction of protein disorder is
termed IUPred.

By using IUPred, the distribution of scores for
globular proteins and IUPs is as shown in Figure 4.
The clear separation between the two sets is also
apparent at the level of individual positions. From
the distribution of globular proteins we determined
a threshold where 5% of their positions were
predicted as being disordered, similar to the
prediction made by Ward et al.® This value was
KO0.2 [aeu]: positions with energy content above
this cutoff value were predicted to be disordered,
whereas positions below were considered as being
ordered. Using this limit, 76% of positions of IUPs
were predicted to be disordered. These deviations

Table 3. Comparison of different scoring matrices

from complete order or disorder are fully accep-
table, due to potentially disordered regions in
globular proteins in solution observed to be ordered
in the solid state, and the existence of signi cant
residual structure in many IUPs.%"343°

To see how the choice of the empirical force eld
affects the predictive power of IUPred, various 20
by 20 M scoring matrices were tested. For each M
matrix the corresponding P matrix was derived as
desribed in Theory and used for the prediction.
We set the threshold to give 5% false positive
predictions on the Filt_Glob_list, and calculated the
sensitivity of the method as the percentage of
predicted disorder on the IUP_list for each inter-
action matrix (Table 3). The approach of Thomas &
Dill?° yields matrices superior to others, with the
much larger dataset bringing about an improve-
ment of almost 3%. The matrix used by Tobi et al.**
performed comparably to the original one of
Thomas & Dill in predicting disorder, but the
other two showed much less ability to discriminate
order from disorder.

Cross-validation of the method

In order to test the ability of our method to
generalize on previously unseen data, we carried
out a tenfold cross-validation. Glob_list was
divided into ten random subsets. One was put
aside, and proteins from the remaining nine were
used to calculate matrices M and P, and the cutoff
value. This procedure was repeated ten times, and
the goodness of tand the amount of disorder were
predicted for the proteins not used in training. It is
worth noting that no cross-validation is required for
IUPs, as these proteins were not included in any
way in the training process.

Over the ten sets, the average of the correlation
coef cient was 0.783G0.006 and the r2 value was
0.600G0.070, compared with the values obtained
for the full set, 0.786 and 0.604, respectively. Both
values indicate a similar goodness of t for globular
proteins, independently of whether they were
included in the training set. The amount of
predicted disorder varied between 3.4% and 6.9%,
with the average of 4.96(G0.97)% for the training
sets, compared to 5.0% for the full set.

Interaction matrix

Number of training proteins

Predicted disorder on IUP set (%)
(true positives)

Thomas-Dill extended training set 75.95
Thomas-Dill?*° 73.25
Tobi et al.2* 73.09
Mirny-Shakhnovich?? 64.63
Miyazawa-Jernigan® 251/1661 63.64

The performance of different interaction matrices in predicting disorder and the number of proteins used to derive them. The
Miyazawa-Jernigan matrix was trained on 1661 proteins including homologs, effectively representing 251 families.
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Table 4. Performance of disorder prediction methods

Method True positive rate False positive rate
All positions Normalized positions All positions Normalized positions
(%) (%) (%) (%)
IUPred 76.33 67.91 5.33 5.54
PONDR VL3H 66.29 60.74 5.02 7.84
DISOPRED2 63.39 49.08 5.02 6.87
GlobPlot 32.97 30.42 18.07 19.72

Comparison of IUPred, PONDR VL3H, DISOPRED2 and GlobPlot on IUP_list and Filt_Glob_list. The true positive rate was calculated

as the percentage of residues predicted as disordered on the 1U
predicted disordered residues on the Filt_Glob_set), also called s

P_list (sensitivity), while setting the false positive rate (percentage of
peci city, to 5%, or the closest possible value (in the case of GlobPlot).

These values are given averaged over all positions, and normalized by the length of the protein. This normalization weights each
fragment/protein equally, independently of its length. Predictions by PONDR VL3H were collected from the server at http://www.ist.

temple.edu/disprot/predictor.php using the default parameter

(window sizeZ1), while DISOPRED2 was downloaded from http://

bioinf.cs.ucl.ac.uk/disopred/ and run locally. GlobPlot was also run locally, but with the web server s parameters and taking the CASP-

like output (http://GlobPlot.embl.de/).

Comparison of different methods of disorder
prediction

Database of disordered proteins

We compared IUPred to three widely used
methods for predicting disorder, which differ not
just methodologically but also conceptually due to
different de nitions of disorder. GlobPlot is a
simple propensity-based approach evaluating the
tendency of residues to be in a regular secondary
structure. PONDR VL3H®* was trained to dis-
tinguish experimentally veri ed disordered
proteins from globular proteins by various machine
learning approaches. In developing DISOPRED,®
the de nition of disorder was restrained to regions
missing from X-ray structures and a support vector
machine was trained to speci cally recognize these.
In contrast, IUPred assigns order/disorder status to
residues on the basis of their ability to form
favorable pairwise contacts.

To make a realistic comparison of these methods
(Table 4), their cutoff values were set so that they
yielded the same percentage (5%) of false positive
predictions (predicted disordered when in fact
ordered) on Filt_Glob_list. The agreement between
pairs of predictions were also calculated: two
predictions were said to agree when both predicted
order or disorder for a given position, and the
numbers of agreements were normalized by the
total number of positions (Table 5). As GlobPlot was
not intended as a per position prediction method, it

Table 5. Similarity between disorder prediction methods

was included as a simple control to evaluate the
performance of a propensity-based approach.
Although the performance of the other methods,
IUPred, PONDR VL3H and DISOPRED?2, is com-
parable, there are some clear differences among
them. IUPred predicted the largest amount of
disorder, followed by PONDR VL3H; DISOPRED?2
tended to predict the most order at the same level of
false prediction rate. These differences are also
apparent in the ROC curve, giving the false positive
rate against true positive rate for these three
methods (Figure 5). Except for very low level of
false prediction rate, IlUPred achieves the highest
true positive rate. Intriguingly, in pairwise com-
parisons the three methods are very similar, each of
them agreeing with the other two on about three-
guarters of positions (Table 5).

The goal of this comparison was to assess the
performance of IUPred in terms of predicting long
disordered regions; however, it cannot be regarded
as a complete benchmarking. The test set for
disorder was rather small (only 129 proteins), and
there could be a signi cant amount of local order
included in this set that the various methods would
treat differently. DISOPRED2 was speci cally
designed to predict short disordered regions in
the context of globally ordered proteins, and its
performance is expected to be higher on these
datasets. Furthermore, some parameters (e.g. win-
dow size) could also in uence the performance of
the methods (VL3H, GlobPlot). Despite these
limitations, the results clearly show that IUPred

Method Agreement (%)

IUPred PONDR VL3H DISOPRED2 GlobPlot
1UPred 100 91.61 91.97 80.76
PONDR VL3H 76.60 100 92.26 79.24
DISOPRED2 77.19 77.05 100 79.91
GlobPlot 48.07 47.84 51.31 100

The similarity between pairs of methods was calculated as the number of agreements over all positions in IUP_list (lower triangle) and
in Filt_Glob_list (upper triangle). Predictions were collected as given in the legend to Table 4.
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Figure 5. ROC curve for IUPred, PONDR VL3H, and
DISOPRED2. Receiver operator characteristic (ROC)
curve for IUPred (continuous), PONDR VL3H (broken)
and DISOPRED?2 (short broken). The true positive rate
was calculated as the percentage of residues predicted as
disordered on the IUP_list (sensitivity), the false positive
rate is the percentage of predicted disordered residues on
the Filt_Glob_set, also called speci city.

is a competent predictor of protein disorder. This is
achieved by considering only globular proteins
during the training, without using any information
on intrinsically unstructured proteins.

Examples of individual proteins

As a further means of comparison we present the
analysis of four representative proteins, with the
prediction output of the position-speci c¢ predictors
IUPred, PONDR VL3H and DISOPRED2 (Figure 6).
The proteins were selected because a good deal of
structural information is available on the extent and
mode of their disorder. p53 (Figure 6(a)) is a tumor
suppressor transcription factor, the structural dis-
order of which has been convincingly demonstrated
for the N-terminal (1-93) and C-terminal (363-393)
domains.?®” FIgM, or anti-sigma-28 factor
(Figure 6(b)), is one of the rst proteins to be
identi ed as intrinsically unstructured along its
entire length.® Its C-terminal half, with residues
60-73 and 83-90 in particular, show some a-helical
preference in solution,® possibly relevant to the
physiological function of this protein.*® PKl-alpha
(Figure 6(c)), a heat-resistant inhibitor of cAMP-
dependent protein kinase, is also disordered along
its entire length** with its inhibitory segment (1-13)
and nuclear export signal (35-47) tending to adopt
an a-helical structure in the unbound state.*
Microtubule-associated protein tau (Figure 6(d))
belongs to a family of heat-stable MAPs (also
including MAP2 and MAP4), which are disordered
along their entire length and bind microtubules via
a C-terminal microtubule-binding domain.**

The plots by the three methods agree reasonably

1 4
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Figure 6. Comparison of IUPred with two other
predictors of disorder. IUPred scoring (red) is compared
with PONDR VL3H (green) and DISOPRED?2 (blue) for
(a) p53, (b) FlgM, (c) PKl-alpha and (d) MAP tau. The
energy values of IUPred were normalized to fall between
[0,1]. Thin horizontal lines of the appropriate color
represent threshold values, above which the score is
characteristic of disorder (0.5 for IUPred and PONDR and
0.086 for DISOPRED?2, the default values in the latter two
cases). Below the scores, the region experimentally shown
to be disordered (thick red line) or structured in itself or in
the presence of a binding partner (thick black line) is
indicated.

well, with some differences. DISOPRED?2 tends to
predict more order than either IlUPred or PONDR
VL3H, even at places where experimental
evidence is for a largely disordered state, such as
the N-terminal domain of p53 and PKIl-alpha or the
C-terminal region of FIgM. Interestingly, these
regions show some tendency to be transiently
ordered, as stated above. This local preference for
order is probably captured by IUPred and PONDR,
as witnessed by the value of their disorder score
approaching or even crossing the threshold. The
noted tendency of the C-terminal region of tau to be
ordered is also worthy of note in light of its
interaction with microtubules; this might occur via
preformed structural elements, as demonstrated to
be a general feature of 1UPs.*> These examples
further illustrate the similarities and differences
among the three prediction methods, with 1UPred
predicting the most disorder for fully or largely
disordered proteins, and DISOPRED2 predicting
the least. In addition, by looking at these examples,
it is advisable to treat regions of disagreement
among the predictors with caution and consider
them as potential recognition sites.
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Discussion

The growing number of examples of IUPs has
encouraged us to revisit the issue of the foldability
of polypeptide chains. In order to understand the
differences between IUPs and folded proteins
better, we estimated the pairwise energy content
of proteins in their native structural state by a
quadratic form involving the amino acid compo-
sition vector and the energy predictor matrix. The
parameters of the matrix were derived by least-
squares tting using globular proteins of known
structure, which also allowed the goodness of the
estimation to be tested. The robustness of this
approach is quite surprising, considering that every
protein structure is an intricate architecture of a
multitude of interresidue contacts. We did not
attempt to predict the exact pattern of these
interactions, i.e. the structure, in detail, rather the
compatibility of a given polypeptide with the
formation of suf cient favorable interactions, as
observed in globular proteins.

The success of our approach underlines some
common, fundamental properties of sequences
with stable folded structures. The native structure
of folded proteins corresponds to a pronounced
energy minimum, with no other conformations
having comparable energy.**** Ensuring this
energetic separation demands the native structure
to ef ciently use the interactions compatible with
the given sequence. As the maximum capacity for
each amino acid to participate in these interactions
is limited by its chemical nature, the amino acid
composition can be related to the total interaction
energy pertaining to the most favorable interaction
pattern among all residues present in a protein. The
effectiveness of our model in estimating the pair-
wise energy content can be attributed to folded
structures being close to the optimal energy level
allowed by the amino acid residues in the sequence.

The energy per residue of stably folded proteins
falls into a quite narrow range, dominated by
favorable interactions; the total pairwise energy
estimated by our approach is consistent with this
energy range. In contrast, the predicted energy of
IUPs is higher. An important conceptual point is
that a polypeptide with an amino acid composition
compatible with a folded structure does not
necessarily have a unique structure. This can be
easily demonstrated by considering the random
permutation of sequences of folded proteins.
Although we predict the same energy for the
myriad of sequences compatible with a particular
amino acid composition, for most of them we expect
no corresponding unique structure. Similarly, we
predict globular-like energy for truncated domains
or proteins, although these sequences are not likely
to fold on their own. Nonetheless, these poly-
peptides are not IUPs either, since they exhibit some
tendency to form contacts. The way around this
dilemma in the present approach is that it predicts
the optimum of energy, which is not generally
achievable by a random sequence. Folded

structures, however, are realized by highly evolved
sequences, compatible with these energies. 1UP
sequences are also special, selected by evolution to
avoid the formation of favorable contacts in any
conformation. The nding that the estimated total
interaction energy reproduces the basic difference
between structured and disordered proteins
basically underlines the concept of protein disorder,
i.e. that the lack of a well-de ned 3D structure is an
intrinsic property of certain evolved proteins.

Our ability to reproduce these special features
depends on using the right potentials for approach-
ing the actual interaction energies. The goodness of
such extracted potentials is usually tested by their
ability to identify the native structure as the lowest
energy state among all the proteins in a dataset. The
particular approach, proposed by Thomas & Dill,*
relies on the Boltzmann relation to extract energy-
like quantities from amino acid pairing frequencies,
but relative to a reference state obtained through an
iterative protocol to re ect the predicted ensemble
of interactions. This approach aims not only at
discriminating the native structure from decoys but
also at giving the ratios of the interaction energies
correctly. Thus, these potentials are the closest to
reproducing the true energies that drive amino acid
residues to form, or avoid, contacts. This could
explain why the Thomas-Dill matrix outperformed
other matrices in estimating the pairwise energy
content of disordered proteins.

In the light of this special property of the
underlying interaction matrix, we can also interpret
the unexpected nding that the average energy
level of IUPs is very close to zero, i.e. stabilizing and
destabilizing interactions cancel. Although the
absolute energy values were arbitrary, this nding
is invariant to scaling, thus this energetic neutrality
is a genuine property of disordered proteins. At the
level of individual proteins, this neutrality may
result from an overall lack of long-range inter-
actions, but also from the balance of local organiz-
ation and long-distance repulsion. For some 1UPs,
however, the balance appears to be set off towards
net stabilization. Indeed, the predicted pairwise
energy content of proteins with a molten-globule
type of disorder®® on average is more favorable
compared to coil-like disordered proteins. It will be
interesting to see how such individual structural
features correlate with function.

As seen, our approach provides a realistic
approximation of structural interaction energy of
proteins, enabling the prediction of intrinsic struc-
tural disorder. This idea of the importance of
interaction capacity has also been raised recently
by work in which the average number of contacts
per residue was used as an indicator of disorder.*®
Our quadratic formula combined with the energy
predictor matrix captures the energetic aspect of
this observation. By limiting the calculation to a
prede ned sequential neighborhood, it yields a
position-speci c score characteristic of the tendency
of a given amino acid to fall into a structurally
ordered or disordered region. This application we
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term IUPred and intend to make it publicly
available via the Internet. The logic of IUPred differs
from previous prediction algorithms, which were
trained on disordered proteins/segments. As
already alluded to, these approaches mostly suffer
from inconsistencies in the underlying databases,
i.e. the inclusion of sequences of intrinsic order
classi ed as disordered and sequences of intrinsic
disorder classi ed as ordered. As IUPred was not
trained on such data, its unbiased assessment of the
structural status of an unknown sequence/segment
is of con rmatory value. We have tested this
conclusion by comparing IUPred with generally
accepted predictors, PONDR VL3H, DISOPRED?2
and GlobPlot, on disordered databases and by
examining predictors on individual proteins.
Although predictions were similar with the 1UP
dataset, IlUPred predicted the most disorder and
agreed best with experimental data (Table 4).

Decomposition of the energy matrix connects our
model to previous attempts to predict IUPs by using
simple physico-chemical properties of proteins.
Some of the eigenvectors with the largest eigen-
values showed strong correlations with physico-
chemical parameters, such as hydrophobicity,
cysteine content, structure-breaking properties
and net charge (Figure 3). Two of these, hydro-
phobicity and net charge have been used in the
Uversky plot to separate globular proteins and
IUPs,'” and the importance of structure-breaking
amino acid residues has also been noted.>® We
found that the eigenvector with the highest eigen-
value matches the Sweet-Eisenberg hydrophobicity
scale®® the best, in accordance with a previous
analysis of amino acid factors discriminating
structured proteins and 1UPs.*® This concurrence
vindicates our approach, as it does not rely on prior
experimental data on IUPs, still it automatically

nds and combines the properties that are import-
ant for this task. Our predictor combines these
factors in a quadratic function, which distinguishes
it from previous, propensity-based linear predic-
tors.13154¢ As a result of the higher-order statistics,
the contribution of a given amino acid to disorder/
order discrimination is context-dependent, i.e. it
depends on the amino acid type as well on the
amino acid composition of the sequential neighbor-
hood of the given residue. For example, the
contribution of Lys would be different if it is
surrounded by other positive charges, implying an
increase in the probability of unfavourable inter-
actions, than if it is surrounded by negatively
charged residues. This is in accordance with high
net charge, and not simply the total charge, being
one of the key determinants of disorder.’’ This
interdependence of residues is manifest in the
appearance of avors of disorder.*®

In summary, our model estimates the pairwise
energy of proteins from their amino acid compo-
sitions. This allows us to test sequences for
foldability, even in the absence of a structural
model. By sequentially limiting the calculation,
it serves as a predictor of protein disorder. By

applying this scheme for IUPs, we showed that
these proteins have a special amino acid compo-
sition, which, independently of the actual sequence,
does not allow the formation of suf cient favorable
contacts expected for folded proteins. Given the
heterogeneity and ambiguity of experimental tech-
niques used to demonstrate the lack of structure so
far, a key inference from our studies is that IUPs
share a common property that distinguishes them
from the class of folded proteins.

Materials and Methods

Databases

For the purpose of parameter tting, the September
2001 release of the PDB-select database®” with ¥25%
sequence identity cutoff was used. Entries with resolution
worse than 2.5 A, with chain breaks or with C®* atoms
only, were omitted; the resulting dataset contained 953
protein chains. During the force eld optimization, we
considered the native structure for non-transmembrane
sequences with length between 40 and 350, reducing the
number of proteins to 785 (Glob_list), but all structures
were used as a skeleton to generate decoys.

In principle, this list could also contain IUPs, e.g. as part
of multichain complexes. For the purpose of testing we
created a Itered list of globular proteins with the aim to
eliminate the potentially dubious cases. A newer release
of PDB-select (April 2002) was used, and all entries
involving multiple chains, transmembrane segments, or
the binding of nucleic acid residues, heme, or metal ions
were omitted, resulting in 559 proteins (Filt_Glob_list).
The two lists (Glob_list and Filt_Glob_list) are given in the
Supplementary Data (Tables S1 and S2).

The IUP dataset (IUP_list) contained 129 proteins and
protein segments with experimentally veri ed disordered
status. The complete list is given in the Supplementary
Data (Table S3). The total number of residues in this set is
26,794.

Force eld optimization

A coarse-grained approach was used to describe the
interactions between residues. Amino acid residues were
treated as single interaction centers located at their C°
atom (virtual C® in the case of Gly). The low-resolution
energy of contacts between different amino acid residues,
expressed in the form of a 20 by 20 matrix, was calculated
from the observed frequencies of amino acid pairs. The
interaction matrix was calculated bg/ the iterative algor-
ithm proposed by Thomas & Dill,*° but on 785 proteins
(Glob_list) instead of the original 37. The resulting matrix
M is given in Table 1.
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ABSTRACT

Summary: Intrinsically unstructured/disordered proteins and domains
(IUPs) lack a well-de ned three-dimensional structure under native
conditions. The IUPred server presents a novel algorithm for predicting
such regions from amino acid sequences by estimating their total pair-
wise interresidue interaction energy, based on the assumption that lUP
sequences do not fold due to their inability to form suf cient stabilizing
interresidue interactions. Optional to the prediction are built-in para-
meter sets optimized for predicting short or long disordered regions
and structured domains.

Availability: The IUPred server is available for academic users at
http://iupred.enzim.hu

Contact: zsuzsa@enzim.hu

INTRODUCTION

Instrinsically unstructured proteins exist as an ensemble of altern-
ative conformations, in contrast to folded, globular proteins that
have unique native structure. Signi cant fraction of known gen-
omes encode for proteins with regions of disordered structure. In
some eukaryotic genomes >20% of the coded residues are predicted
as disordered (Dunker et al., 2000; Ward et al., 2004a). In many
cases a protein is fully disordered, while in many other cases there
are long disordered segments in otherwise ordered, folded proteins
(Tompa, 2002; Dyson and Wright, 2005). Despite their lack of a well-
de ned globular structure, these proteins carry out basic functions
(lakoucheva et al., 2002; Ward et al., 2004a), mostly associated with
signal transduction, cell-cycle regulation and transcription. Several
methods have been developed to predict the disordered character
from amino acid sequences. Some are based on the special amino
acid composition of fully disordered proteins, i.e. the abundance of
hydrophilic residues and a high net charge (Uversky et al., 2000;
Vucetic et al., 2003), whereas others use various machine learning
approaches trained on speci ¢ datasets (Obradovic etal., 2003; Ward
et al., 2004a; Linding et al., 2003b). Recently, it was suggested that
these sequences do not have the capacity to properly wrap backbone
hydrogen bonds (Fernandez and Berry, 2004), which has also been
shown to be important for protein stability.

BACKGROUND

Our method is footed on the physical explanation of the
ordered/disordered nature of proteins. Globular proteins make a large

To whom correspondence should be addressed.

number of interresidue interactions, providing the stabilizing energy
to overcome the entropy loss during folding (Garbuzynskiy et al.,
2004). In contrast, intrinsically unstructured/disordered proteins and
domains (IUPs) have special sequences that do not have the capacity
to form suf cient interresidue interactions. To discriminate between
ordered and disordered regions in proteins, we have developed a
new approach that estimates the potential of polypeptides to form
such stabilizing contacts by using a statistical interaction poten-
tial (Thomas and Dill, 1996; Doszt nyi et al., 2005). It was shown
that the sum of interaction energies can be estimated by a quadratic
expression in the amino acid composition, which takes into account
that the contribution of an amino acid to order/disorder depends not
only on its own chemical type, but also on its potential interaction
partners (Doszt nyi et al., 2005).

The calculation involves a 20 20 energy predictor matrix, para-
meterized by a statistical method to approach the expected pairwise
energy of globular proteins of known structure. Comparing globular
proteins and disordered ones, a clear separation of their energy con-
tent is found (Doszt nyi et al., 2005). As no training on disordered
proteins is involved, this distinction underlines that the lack of a
well-de ned three-dimensional structure is an intrinsic property of
certain evolved proteins. This approach was turned into a position-
speci ¢ method to predict protein disorder by considering only the
local sequential environment of residues within 2-100 residues in
either direction. The score is then smoothed over a window-size
of 21. This prediction method (IUPred), when tested on datasets
of globular proteins and long disordered protein segments, showed
improved performance over some other widely used methods, such as
DISOPRED2 (Ward et al., 2004a,b) and PONDR VL3H (Obradovic
et al., 2003).

THE IUPred SERVER

The web server takes a single amino acid sequence as an input and
calculates the pairwise energy pro le along the sequence. The energy
values are then transformed into a probabilistic score ranging from
0 (complete order) to 1 (complete disorder). Residues with a score
above 0.5 can be regarded as disordered. Optional is the predic-
tion of long disorder, short disorder, and structured domains, each
using slightly different parameters. The main pro le of our server
is to predict context-independent global disorder that encompasses
at least 30 consecutive residues of predicted disorder. A different
set of parameters is suited for predicting short, probably context-
dependent, disordered regions such as missing residues in the X-ray

" The Author 2005. Published by Oxford University Press. All rights reserved. For Permissions, please email: journals.permissions@oupjournals.org 3433
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structure of an otherwise globular protein. For this application the
sequential neighborhood of only 25 residues is considered. As chain
termini of globular proteins are often disordered in X-ray structures,
this is taken into account by an end-adjustment parameter that favors
disorder prediction at the ends.

The dependable identi cation of ordered regions is a crucial step
in target selection for structural studies and structural genomics pro-
jects (Linding et al., 2003a). Finding putative structured domains
suitable for stucture determination is another potential application
of this server. In this case the algorithm takes the energy pro le and

nds continuous regions con dently predicted ordered. Neighboring
regions close to each other are merged, while regions shorter than
the minimal domain size of at least 30 residues are ignored. When
this prediction type is selected, the region(s) predicted to correspond
to structured/globular domains are returned.

The core program to calculate the pairwise energy pro le and dis-
order probability is written in C, the web server is written in PHP.
The calculation of the energy pro le is based on single sequence,
without time-consuming alignment calculations. To further facilitate
the easy accessibility for scripting, a simple text output is generated
on default. However, the user can also request a graphical output.
The plot shows the disorder tendency of each residue along the
sequence. The plot is generated by the JpGraph software (JpGraph,
2005, http://www.aditus.nu/jpgraph/) on the 'y, without storing the
graphical images on the local machine. When the prediction type of
structured domains is selected, these are highlighted on the plot by
thick lines. For long sequences, the graph is shown for fragments of
user-de ned xed length, 500 on default.
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Protein interaction networks display approximate scale-free topology, in which hub proteins that interact
with a large number of other proteins determine the overall organization of the network. In this study,
we aim to determine whether hubs are distinguishable from other networked proteins by specific
sequence features. Proteins of different connectednesses were compared in the interaction networks
of Saccharomyces cerevisiae, Drosophila melanogaster, Caenorhabditis elegans, and Homo sapiens
with respect to the distribution of predicted structural disorder, sequence repeats, low complexity
regions, and chain length. Highly connected proteins (““hub proteins’) contained significantly more of,
and greater proportion of, these sequence features and tended to be longer overall as compared to
less connected proteins. These sequence features provide two different functional means for realizing
multiple interactions: (1) extended interaction surface and (2) flexibility and adaptability, providing a
mechanism for the same region to bind distinct partners. Our view contradicts the prevailing view that
scaling in protein interactomes arose from gene duplication and preferential attachment of equivalent
proteins. We propose an alternative evolutionary network specialization process, in which certain
components of the protein interactome improved their fitness for binding by becoming longer or
accruing regions of disorder and/or internal repeats and have therefore become specialized in network
organization.

Keywords: disordered protein ¥ unstructured protein ¥ protein—protein interaction ¥ interaction network ¥ hub protein

Introduction

Protein function at the cellular level has a significant
contextual component determined by the multitude of interac-
tions among proteins in the living cell. Therefore, a primary
focus of post-genomic molecular biology has been to catalog
and interpret all the interactions of the proteome. As a result
of large-scale proteomic efforts, significant progress has been
made. Interaction network data have been generated for several
organisms, including Saccharomyces cerevisiae (S. cerevisiae),!
Drosophila melanogaster (D. melanogaster),? Caenorhabditis
elegans (C. elegans),® and Homo sapiens (H. sapiens).* Although
these distinct interactomes differ in many details, all seem to
display a scale-free topology, or at least an approximation
thereof,> characterized by a power-law distribution of the
degree of connectivity.5-8 In such networks, most proteins (the
network nodes) are connected to relatively fewer, highly
connected proteins (the hubs). These hub proteins play es-

* Corresponding author. Telephone: (361) 279-3143. Fax: (361) 466-5465.
E-mail: tompa@enzim.hu.

T Hungarian Academy of Sciences.

*School of Informatics, Indiana University.

§ Purdue University.

I School of Medicine, Indiana University.

10.1021/pr0601710 CCC: $33.50  [J 2006 American Chemical Society

sential roles in organizing the network. The presence of hubs
explains the salient features of biological networks such as
robustness, because random removal of nodes is much better
tolerated in a scale-free network than in a random network.
This robustness resulting from the scale-free topology is of
prime importance in cell survival.®

Because protein interactomes share the scale-free topology
with many other networks in nature, it has been suggested that
their emergence has been governed by the same underlying
principles, i.e., steady and random growth and preferential
attachment to already highly connected nodes.® While this
random-growth (gene-duplication) model agrees with a variety
of considerations and observations,®! it oversimplifies the
biology of protein interactions. In particular, this model does
not consider differences among proteins nor the potential of
proteins to adapt their interaction capacity to their specialized
functions through molecular evolution. In fact, recently it has
been formally demonstrated that scale-free topology in protein
interactomes can arise from varying fitness values of nodes'!
and can be explained by simple genetic events, without
assuming a selective pressure on network topology itself.?
Furthermore, it has been suggested that the large interaction
capacity of hubs might be directly manifested in discernible

Journal of Proteome Research 2006, 5, 2985—2995 2985
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Table 1. Selected Properties of the Databases?

Dosztanyi et al.

YEAST YEAST_CORE WORM FLY FLY¥CONF HUMAN
Interactions? 10741 6600 3992 20433 4733 25207
proteinsP 4358 2640 2616 7003 4646 7560
proteins in IC_1°¢ 1578 793 1527 2282 2569 1997
sequences in genome? 6357 6357 19957 18484 18484 32035
no. of HUBS (cutoff) 766 (5) 141 (5) 282 (5) 1910 (5) 213 (5) 2329 (5)
no. of HUBS (cutoff)f 398 (9) 228 (12) 229 (6) 651 (15) 360 (4) 721 (14)
maximum interaction? 288 111 187 175 40 188

aThe table shows the total number of interactions (a), the total number interacting proteins (b), the number of proteins with one interaction (c), the
number of sequences in the genomes (d), the number of HUB proteins (the cutoff value used to define HUB proteins) with fixed cutoff (e), the number of HUB
proteins (the cutoff value used to define HUB proteins) with floating cutoff (f), and the maximum interaction of a single protein (g) for the various datasets

used.

physicochemical feature(s).® Our goal in this study is to explore
whether hub proteins are enriched in features such as intrinsic
structural disorder and sequence repeats.

Recently, it has become clear that a large fraction of
eukaryotic proteins lack a well-defined 3D structure, but
manifest their functions in an intrinsically unstructured or
disordered state.'*-1° Computational studies have shown that
this feature increases with the increasing complexity of the
organisms and prevails in regulatory and signal-transduction
proteins.?%2! This structural state confers important functional
features, such as increased interaction capacity,?-?* enhanced
association rates,?>-?” and adaptability to different partners.?8
Apparently, these features are of potential benefit in functions
realized in protein interaction networks, as suggested previ-
ously.%%3! |n fact, disorder has been noted to contribute to hub
characteristics in several ways, where hubs may be mostly
disordered, partially disordered, or ordered (i.e. highly struc-
tured), but interacting with disordered partners.3' Disordered
proteins or segments are often generated by the expansion of
internal repeat regions®? and often concomitantly exhibit low-
complexity amino acid compositions.®*2* Internal repeat re-
gions can also encode for recurring structural elements in
ordered proteins, whose presence could lead to generation of
novel proteins or functional variants.® Whether disordered or
ordered, sequence repeats might afford proteins enhanced
evolutionary prospects due to an enlarged available surface
area, which predisposes them for functioning via protein—
protein interactions.®® Since many disordered regions do not
contain the salient sequence features of low complexity or
repeats,®® and low complexity does not represent an absolute
discriminator for order and disorder,* disorder prediction is
needed to indicate the lack of specific 3D structure in the
absence of ligands and partners.’®-° In fact, because of the
significant difference in the various attributes of sequences
encoding for disordered and ordered proteins, prediction of
intrinsic disorder in proteins can play a crucial role in the
comparison and analysis of different proteomes.?%7

Motivated by these implications, we have used bioinformat-
ics methods to predict protein disorder, sequence repeats, and
segments of low complexity in the interaction networks of S.
cerevisiae (YEAST), D. melanogaster (FLY), C. elegans (WORM),
and H. sapiens (HUMAN). In this study, we found that hub
proteins tend to be larger and contain significantly longer and
more frequent regions of these sequence features, which
indicate such features as the structural basis for the large
interaction capacity of hub proteins. Our extensive global
analysis and findings provide strong evidence supporting the
generalization of recent observations regarding the importance
of disorder for a few hub proteins® and also for a highly
restricted interactome dataset.®® In more general terms, our
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observations challenge the simplistic view that the evolution
of scale-free behavior by random growth leads to preferential
attachment.® We offer a more dynamic and realistic evolution-
ary perspective, in which network specialization is primarily
accomplished via evolution of hub proteins through the accrual
of “hub-friendly” sequence features.

Materials and Methods

Sequence Features. Proteins were analyzed for four se-
quence features: length, regions of predicted protein disorder,
low complexity, and sequence repeats. Sequences were down-
loaded from GenBank and were studied using the programs
available via the Internet as follows: protein disorder, 1U-
Pred3%4° available at http://iupred.enzim.hu/; low complexity,
SEG®* downloaded from the ftp site ftp://ftp.ncbi.nim.nih.gov/
pub/seg/; and sequence repeats, internal repeat finder** avail-
able at http://nihserver.mbi.ucla.edu/Repeats/. Disorder and
low complexity could be assigned to residues, from which the
percentage of the sequence covered could be calculated. In the
case of repeats, however, the program returns only an estima-
tion of the repeat number and repeat length, from which
percentage coverage, instead of the actual location of the repeat
region, could be calculated. Various combinations of these
properties, calculated for each protein as the maximum
percentage of the properties, were also analyzed.

Datasets. The list of all protein—protein interactions of yeast
(YEAST) was downloaded from the BIND database (2004
November release). A “core dataset” of the interactome is also
defined as the subset of interactions observed by several
different large- or small-scale experiments, or confirmed by
studies on paralogues. This YEAST_CORE dataset was down-
loaded from the DIP database.”? The C. elegans interactions
(WORM) were also taken from BIND.® The Drosophila inter-
actome (FLY) was downloaded from the CuraGen database at
http://www.curagen.com/.2 The interaction file also specifies
a reliability score for each interaction. The subset of the
“confident interactions” (FLY_CONF) was also separately ana-
lyzed. The data for human interacting proteins (HUMAN) were
downloaded from human protein reference database http://
www.hprd.org/.* The major features of the datasets are shown
in Table 1.

Hub proteins (HUBSs) were defined in two different ways. On
one hand, we applied a fixed cutoff, when proteins with five
or more interactions were defined as candidate hubs, similarily
to a previous work.% On the other hand, because hub function
is a system property and it cannot be appropriately defined at
the level of individual proteins, we also applied a floating cutoff
definition, in which a unique cutoff was set for each interac-
tome depending on the dataset. In this case, hub proteins were
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Figure 1. Degree of connectivity in the interaction databases.
The percentage of proteins with interacting partners above the
given cutoff value is shown for YEAST (red squares), FLY (blue
triangles), WORM (brown diamonds), and HUMAN (green Xx)
databases on a log—log scale. The filled symbols correspond to
confident/core interactions. A power-law distribution assumes a
linear relationship.

defined as the top 10% of proteins with the highest number of
interacting partners (cf. Table 1, Figure 1). The properties of
hub proteins were compared to two reference datasets. IC_1
contains proteins with exactly one interaction. The other
reference dataset was RAN, a random sample of genome
sequences. To generate RAN, the appropriate genome se-
quences were downloaded from the COGENT database at
http://cgg.ebi.ac.uk/services/cogent/info.html. Due to com-
putational considerations, a maximum of 10 000 proteins,
representative of the whole genomes, were randomly selected
and their sequence features were individually determined. We
chose to compare hub proteins to these reference datasets
primarily because of the above-mentioned uncertainty in hub
definition. Due to this, the dataset complementary to hubs at
any chosen cutoff value will also contain proteins that behave
as hubs themselves, which will compromise the statistical
difference between hubs and nonhubs. Comparing two distinct
reference datasets, RAN, which statistically represents the whole
interactome and thus contains hubs, and IC_1, which by
definition does not, are expected to provide the information
necessary to resolve this dilemma.

Statistical Approaches. For each sequence, the total number
or proportion of residues with a given feature was determined.
Beside the average of these values, their distributions were also
analyzed, to obtain a more detailed picture. The range of the
values was divided into five bins so that roughly equal portions
of RAN sequences fell into each bin. Since occasionally more
than one-fifth of proteins lack disorder/low complexity/repeats,
the first bin can cover more than 20% of proteins, whereby
the remaining proteins could then be divided into four equal
bins. Nevertheless, these unequal bins with similar number of
data points give statistically more reliable results than bins of
equal width, where the first bin would contain most data points
and the last bin only a few.

The distribution of properties was compared between HUB,
IC_1, and RAN proteins (for definition and explanation, see
Datasets). The statistical significance of the differences was also
assessed. The basic assumption was that deviations arise
because of limited sample size. This was estimated by scooping
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into the reference dataset, selecting as many random proteins
as HUB contained, and repeating this procedure 5000 times.
These random samples were then used to calculate the
standard deviation of the percentage of proteins falling into
the given bin. The deviation was also approximated with the
square root of the actual data points in the given bin. This
estimation gave very similar results (not shown).

Given the distribution of the percentage of hub proteins and
the reference proteins (IC_1 or RAN) in each bin and their
deviations, the likelihood that they derive from the same
distribution can also be estimated using ¥? statistics: ) “(ai
— bi)?/(2 devi?). For each i bin, a; and b; is the percentage of
proteins falling in the given bin for HUB proteins and for
proteins in the reference set, respectively, and dev; is the
standard deviation of the percentage of proteins in the bin,
calculated from the 5000 random samples taken from the
reference set, and used for both sets. By virtue of this value,
we can test the hypothesis that the two distributions are not
the same. If this value exceeds 13.3 (using 4 as the degrees of
freedom), the two distributions are different at a confidence
level of 99%.

Results

Connectivity of the Interactomes Studied. The scale-free
topology of interaction networks is primarily manifested in a
power-law distribution of the degree of connectivity. Different
interactomes, however, have been determined by different
experimental techniques and vary in coverage, which may affect
their global topological features.> For a comparison of the actual
databases used herein (Table 1), Figure 1 shows the percentage
of proteins versus their numbers of interactions on a log—log
scale. The YEAST and WORM data follow most closely the linear
relationship expected, but the other datasets deviate signifi-
cantly from a straight line, as already noted.?® Despite the
deviation from strict linearity, however, the data are amenable
to our proposed analyses, with a relatively small fraction of
proteins having large numbers of interactions.

Sequence Features in Hubs and Nonhubs, and the Effect
of Cutoff Choice. Four sequence features (sequence size and
the number of residues with either of the three sequence
attributes: structural disorder, sequence repeats, and low
complexity) have been compared between hubs and nonhubs
by calculating the differences between the averages for hubs
proteins (HUB) and proteins with exactly one interaction (IC_1)
and a random sample of genome sequences (RAN), for all four
species (Table 2). The mean and standard deviation values
show that hubs are signicantly longer, and contain more of,
and a greater proportion of, structural disorder, sequence
repeats, and low complexity than nonhubs. Hubs in this
experiment have been defined by a fixed cutoff of five or more
interaction partners. These comparisons show that the length
of the protein and disorder are the strongest discriminators of
hubs from reference proteins, with repeats and low complexity
displaying smaller, but still significant, differences. Worth
noting is the unusual behavior of the WORM database, where
IC_1 proteins also seem to be biased. A further point is that
these data allow an insight into the evolution of hub function.
Comparing the four species, hubs appear to have gained mostly
in length and disorder, with a smaller incerase in the other two
features. Thus, these four features not only characterize hubs
today, they also have contributed to the evolution of hub
function and the increase in complexity of protein interacto-
mes.
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Table 2. Number of Residues and Proportion with Sequence Features of Hubs in Four Interactomes with Fixed Cutoffé

IC_1 RAN
datasets property HUB average average SD average SD
Average Number of Residues
YEAST disorder 143.69 87.38 5.09 92.11 5.45
YEAST Ic 45.20 32.86 1.79 34.35 1.93
YEAST repeat 23.44 14.52 2.43 17.84 2.94
YEAST length 532.61 430.23 12.01 469.72 13.61
WORM disorder 140.34 144.09 12.82 77.94 9.54
WORM Ic 49.28 47.66 3.90 33.62 3.43
WORM repeat 49.20 61.20 14.14 36.65 10.39
WORM length 494.90 506.24 26.00 436.73 22.87
FLY disorder 174.55 144.07 5.37 163.40 6.30
FLY Ic 68.90 57.95 2.20 65.65 2.55
FLY repeat 43.22 38.43 3.35 42.75 3.58
FLY length 482.66 507.85 10.06 541.08 11.45
HUMAN disorder 203.34 168.29 5.91 119.14 4.22
HUMAN Ic 70.22 59.76 1.70 43.76 1.42
HUMAN repeat 94.51 72.45 5.60 56.48 3.73
HUMAN length 698.33 621.82 11.40 467.36 8.99
Proportion of Residues

YEAST disorder 0.2460 0.1532 0.0760 0.1730 0.0079
YEAST Ic 0.0818 0.0713 0.0034 0.0767 0.0036
YEAST repeat 0.0331 0.0287 0.0041 0.0302 0.0040
WORM disorder 0.2493 0.2124 0.0149 0.1636 0.0136
WORM Ic 0.1006 0.0906 0.0077 0.0808 0.0069
WORM repeat 0.0873 0.0660 0.0099 0.0588 0.0095
FLY disorder 0.3148 0.2280 0.0059 0.2594 0.0063
FLY Ic 0.1381 0.1010 0.0030 0.1140 0.0031
FLY repeat 0.0875 0.0568 0.0034 0.0633 0.0034
HUMAN disorder 0.2722 0.2292 0.0050 0.2389 0.0054
HUMAN Ic 0.1027 0.0999 0.0023 0.0955 0.0024
HUMAN repeat 0.0967 0.0785 0.0039 0.0864 0.0042

a For each species (S. cerevisiae, D. melanogaster, C. elegans, and H. sapiens) and each sequence feature (disorder, low complexity (Ic), repeats, and total
length in the case of absolute numbers) the distribution of the number of residues or the proportion of the given feature in the sequences of hub proteins is
compared to that of both the genome sequences (RAN) and the IC_1 (proteins with exactly one interaction). HUB proteins were defined as proteins with at
least five interactions. The averages were calculated for HUB proteins, for the RAN and IC_1 datasets. The SD refers to the standard deviation calculated from
the average properties over random samples of proteins, matching the number of HUB proteins but selected from RAN and IC_1 datasets, respectively (see

Materials and Methods).

The literature offers no clue regarding the specification of
the boundary between hubs and nonhubs; indeed, the concept
of being a hub is qualitative rather than quantitative. Since the
choice of the cutoff could affect the above results, an experi-
ment was carried out to examine this uncertainty. Figure 2
shows the results of how the mean of the difference between
hubs and random sample of proteins changes with the cutoff
value. The mean for hub proteins is higher than the average
for RAN and tends to increase with increasing cutoff values up
to very large values with the exception of HUMAN, which shows
a diminution of the difference with high values. The reason
for this deviation is not apparent but may be related to the
distinction that most of the data in the human interactome*
have come from curated individual observations, whereas the
other three datasets have been generated from high-throughput
studies. Of course, as the boundary value increases, the number
of hub proteins decreases, which increases the standard
deviation and impairs the estimation of the significance of the
difference. Nevertheless, these data support the overall conclu-
sion that hubs have discernible structural characteristics that
do not depend on hub definition, i.e., on the choice of the
cutoff value.

Characterizing Hubs by Applying a Floating Cutoff Defini-
tion. Here we further address the point that hub function is a
system property and cannot be exactly defined at the level of
the individual proteins. Furthermore, various interactomes have
been determined by different techniques, which are of different
sensitivity and may not provide the same information even on
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the very same protein. We therefore also adopted an alternative
definition using a floating cutoff definition in which hub
proteins were considered as the top 10% of proteins sorted
according to the number of interaction partners. This defines
hubs in terms of their relation to the entire interactome and
thereby increases the statistical power of our analysis.

For the four species, the occurrence of the four attributes in
hubs has been compared to that in IC_1 and RAN, by dividing
the range of values obtained into five bins so that roughly an
equal portion of RAN sequences fell into each bin (for details,
see Statistical Approaches). The results are shown in Figure 3.
In practically all the cases, hub proteins are underrepresented
in the first or first two bins and are overrepresented in the last
or last two bins. In other words, hubs tend to have more
disorder, more sequence repeats, or more low complexity
regions than nonhubs. The trend is similar for the sizes of
proteins: the polypeptide chains of hubs are significantly
longer than those of nonhubs, with the possible exception of
Drosophila, in which case there is an excess of hubs with
medium lengths (centered at around 400 and 500 amino acids).

A concise description of all these comparisons is given in
Table 3. Here, the difference between the distributions of
sequence features and the total length of hubs and both
random genome samples and proteins with exactly one inter-
action is determined. The difference is characterized by a 4>
value and the corresponding probability that the two sets of
data are of different distributions. Hubs and the reference
datasets significantly differ in practically all features for all the
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Figure 2. Effect of hub definition on the difference between hubs and random proteins. Three sequence features, disorder (red), repeat
coverage (green), and low complexity (blue) are compared for YEAST, WORM, FLY, and HUMAN hubs (HUB) and a random selection
of proteins (RAN). The difference between the average values for HUB and RAN is shown as a function of the number of interactions,
above which a protein is considered a hub (cutoff). The light-colored stripe around the mean corresponds to the standard deviation.

species, with the possible exception of the low complexity in
WORM and length in YEAST_CORE. It is also to be noted that
differences are more significant in some cases with RAN than
IC_1, which suggests IC_1 as a class is not representative of
the whole genome but is biased due to the methods used for
high-throughput screening of protein—protein interactomes.
In general, there are some minor differences between the
datasets. Disorder is a strong distinguishing feature in the
various interactomes, with length and repeats being also
convincing in most cases. In several instances low complexity
appears to be the least obvious but is still significant. Apart
from these minor differences, however, it is safe to conclude
that all three features are important, and thus conserved, in
defining hub behavior.

Proportion of Various Sequence Features in Hubs. In
addition to the overall length of regions with a particular
feature, it is also worth investigating how the proportion of
regions with a given feature differs between hubs and nonhubs.
Regions with a given feature were identified and normalized
by the size of the protein for the four species, as shown in
Figure 4. Again, the difference in favor of hubs is significant in
most cases, with the exception of low complexity in
YEAST_CORE, as quantitatively rendered in Table 4. Compared
to the total length of features, there are some differences in
the order of the importance of features, which are probably of
secondary importance. Overall, these data strongly suggest that
not only lengthy regions of disorder/repeats/low complexity
but also a high proportion of these features is likely to be
important for conferring advantages in terms of hub behavior.

Interdependence of Sequence Features. Because the three
features studied are not independent of each other, it is

important to determine the extent of their correlation. Although
intrinsically unstructured or disordered proteins are often
composed of repeats®? and low sequence complexity correlates
with the lack of a well-defined structure, the three features
are not perfectly correlated characteristics. Indeed their com-
binations are stronger indicators of hubs than any single one.
To characterize their interdependence, the difference of the
averages of individual features and their combinations between
HUB and RAN proteins has been determined (Figure 5). Among
the three properties, disorder exhibited the largest increase in
all species, whereas their combination increased the difference
even further. In contrast, low complexity in any combination
led to only a minor increase and showed a relatively high
correlation with both disorder and repeats (data not shown).
All Interactions versus Confident Interactions. A compari-
son of interactomes obtained in different studies has shown
that individual studies may have provided a low coverage of
the total interactome and contain a significant fraction of false
positive interactions.**? This suggests that the actual interaction
databases may not be representative, which may cause artificial
results in our studies. To minimize this possibility, we char-
acterized specific subsets covering reliable interactions only.
These are available for the Drosophila (FLY_CONF) and yeast
(YEAST_CORE) interactome (for definitions, see Datasets).

Restricting our analysis to the subset of confident interac-
tions did not alter the differences in any significant way (Tables
3 and 4), thus corroborating the prior major conclusions. The
differences of the averages are significant in most of the cases
by the measures ¥ and probability of difference in the
distributions of hubs and reference datasets.
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Figure 3. Total length of sequence features of hubs in interactomes. Comparison of the total number of residues with disorder (a), low
complexity (b), repeats (c), and the length of protein (d) for the yeast (YEAST), worm (WORM), Drosophila (FLY), and human (HUMAN)
interactomes. Green columns represent the borders of bins that contain about the same number of proteins calculated for the random
sample of genome sequences (RAN). Hub proteins are shown in red, and the random sample of proteins with exactly one interaction
(IC_1) are shown in blue. The height of the columns and the position of symbols represent the percent of proteins in the given database
that fall into the given bin, i.e., range of feature. The horizontal position of symbols is arbitrary, because it represents all data within
the given bin. The error bars correspond to the standard deviation calculated from IC_1.
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Table 3. Number of Residues with Sequence Features of Hubs
in Four Interactomes with Floating Cutoffa

compared to RAN compared to IC_1

datasets property ¥ probability ¥ probability
YEAST disorder 49.14 >0.99999 58.81 >0.999 99
YEAST Ic 23.94 0.99991 38.87 >0.999 99
YEAST repeat 16.05 0.997 04 13.27 0.989 99
YEAST length 27.53 0.99998 42.27 =>0.999 99
YEAST_CORE disorder 24.89 0.999 94 8.79 0.933 46
YEAST_CORE Ic 13.43 0.990 64 4.74 0.685 45

YEAST_CORE repeat 58.93 >0.99999 36.29 =>0.999 99

YEAST_CORE length 21.65 0.999 76 3.36  0.50088
WORM disorder 53.13 >0.999 99 8.24  0.916 94
WORM Ic 2553  0.999 96 271 0.39213
WORM repeat 20.43  0.999 58 431 0.63374
WORM length 1755  0.998 48 545  0.75559
FLY disorder 53.67 >0.99999 84.06 >0.999 99
FLY Ic 27 0.99998 54.14 >0.999 99
FLY repeat 63.67 =>0.99999 106.29 =>0.999 99
FLY length 17.84 0.99867 12.28  0.984 60
FLY_CONF disorder 29.62 0.99999 28.75  0.999 99
FLY_CONF lc 3.49  0.520 86 457  0.665 33
FLY_CONF repeat 1572  0.99658 23.30  0.999 89
FLY_CONF length 329 0.99999 2483  0.999 95

HUMAN disorder 125.77 >0.99999 40.93 >0.999 99
HUMAN Ic 64.37 >0.999 99 5.66  0.774 17
HUMAN repeat 79.14 =>0.99999 41.68 =>0.999 99
HUMAN length 17041 =>0.99999 28.93  0.999 99

aFor each species (S. cerevisiae, D. melanogaster, C. elegans, and H.
sapiens) and each sequence feature (disorder, low complexity (Ic), repeats,
and total length) the distribution of the number of residues with the given
feature in the sequences of hub proteins is compared to that in both the
genome sequences (RAN) and the IC_1 (proteins with exactly one interac-
tion). The difference is characterized by #* values (see Materials and Methods)
and the corresponding probability that the two sets of data are of different
distributions.

Discussion

The interaction networks of different species show remark-
able similarity in terms of the global feature of near scale-free
topology. In the interactomes examined, we found significant
deviations from a strict scale-free behavior (cf. Figure 1), with
an increasing deficiency of hubs toward higher connectedness.
In principle, this may be attributed to the suppression of hubs,?
to an approximation of scale-free behavior due to limited
sampling,® or to some other factors, such as the limited size of
the network. Notwithstanding these reservations, the funda-
mental features of these networks derive primarily from the
presence of highly connected hubs. Thus, the molecular basis
of the function of hub proteins is key to understanding how
interaction networks provide the bases for cell function. In this
paper, we present evidence that hub proteins are significantly
larger, have more predicted disorder, and contain more
sequence repeats and/or low-complexity regions than nonhubs.
Our studies into the interdependence of the features have
shown that disordered segments and repeat regions are rela-
tively independent, and their presence in hubs provides
synergistic structural rationale for hub behavior. Low complex-
ity, on the other hand, is much worse in distinguishing hubs
from nonhubs and may actually compromise discrimination
between these functional classes (cf. Figure 5). Interpretation
of this sequence feature in terms of hub function, thus, may
lead to misleading conclusions.

As noted in the Introduction, structural disorder confers
many functional advantages, several of which provide the
rationale for its prevalence in hubs,'%181° as also suggested in
previous works.?*3! The observation that either the total length
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of disordered segments or the proportion of disorder are
equally good attributes of hub function may actually imply two
alternative structural strategies. For example, the open structure
of intrinsically unstructured or disordered proteins provides a
large interaction surface, which enhances the capacity of the
protein for interactions.? This is of clear benefit to proteins,
which interact simultaneously with many partners such as the
so-called party hubs.314 The presence of long repeat regions
may be rationalized on a similar ground.®® For several actual
examples of hubs, such as for caldesmon, BRCAL, and estrogen
receptor R, for example,3 the advantage of a large amount of
disorder has been demonstrated. Hub function may also benefit
because disorder significantly increases the association rate of
protein interactions,'’? as formulated in the fly casting?® and
protein fishing?” models. In addition, multicomponent com-
plexes do not assemble very well from rigid components due
to steric clashes. In contrast, the use of coupled folding and
binding by flexible subunits facilitates the formation of such
multicomponent complexes by avoiding the steric problems
encountered by rigid subunits.*

A somewhat different structural logic may apply to proteins
that do not necessarily have long disordered regions but that
have a high proportion of disorder. These hubs may rely on
the malleability of their structures, which enable them to adapt
to distinct partners. Such adaptability has been described for
cyclin-dependent protein kinase inhibitors,?® for glycogen
synthase kinase 3 ,*¢ for R-synuclein,*” and for the hypoxia
inducible factor 1R, and has been generalized as moonlight-
ing® or polymorphism in the bound state.?* A variation on this
theme might be represented by ordered hubs, such as calm-
odulin,®* or 14-3-3 proteins,* for which the partners utilize
disorder in an adaptative process. While such a use of disorder
by hub partners definitely occurs in some cases, we found no
statistical difference between hub partners and other proteins
(data not shown). To further investigate whether disorder may
be important for some hub partners, it will be necessary to
separately evaluate the partners of a large collection of highly
ordered hubs. Overall, the excess of the features studied in hubs
can be rationalized in terms of the functional specialization of
these proteins. It would be interesting to test additionally
whether the features are also correlated with the connectedness
of hubs. Due to the relatively low number of hubs and the
extremely wide range of the number of interaction partners
(Table 1), the significance of this possible correlation could not
be established given the current limited dataset (data not
shown).

In addition, the excess of disorder and repeat regions in hubs
also has general evolutionary implications. Hubs play a central
role in defining the scale-free topology of interaction networks,
but the prevailing model for the emergence of such a contextual
arrangement fails to capture the basic capacity of proteins to
undergo evolutionary changes. The most influential model of
network evolution assumes that random growth and prefer-
ential attachment to already highly connected nodes explains
the emergence of scale-free behavior.®” The underlying evo-
lutionary mechanism has been assumed to be gene duplication,
which, due to mere chance, prefers nodes already connected
to nodes with multiple links.®° Although scale-free topology
in principle may confer several selective advantages, such as
error tolerance,® avoidance of jamming,*® and hierarchical
modularity,** upon which selective pressure may act, its
suggested development oversimplifies the situation in which
deletion of gene products, rewiring of physical contacts, and

Journal of Proteome Research ¥ Vol. 5, No. 11, 2006 2991



doszt anyi . zsuzsanna_45 22

research articles

YEAST

60
50
40
30
20
10

0

% of proteins

50
40
30
20
10

% of proteins % of proteins
L7
(-]

% of proteins
[ [ 8
=] o

=1

% of proteins
N L 8
=] o

=)

20 40 60 B0
% of residues with disorder

4

20 40 60 B0
% of residues with low complexity

100

I N N B

c

FLY

20 40 60 B0
% of residues with repeats

100

h=——"]
H M

(=]

T T T T

20 40 60 80
% of residues with disorder

100

I

HH

HH
MM

I

20 40 60 80
% of residues with low complexity

100

20 40 60 B0
% of residues with repeats

100

w 50

- &0
o

'z‘su
220
* 10

w 50

- &0
o

'z‘su

220 1

* 10

roteins
[l
EE8

% p
W
X-1-1-

% of proteins % of proteins

% of proteins

Dosztanyi et al.

WORM
i a
E I
4 ¥ T ;
- -
0 20 40 60 80 100
% of residues with disorder
i b
4
e 1 i
b i 1[
0 20 40 60 80 100
% of residues with low complexity
b c
1= = = 1
—— — T — 7
0 20 40 60 B0 100
% of residues with repeats
HUMAN
60
a
40
I I
20 Wi = i T
0D T T T T T
0 20 40 60 80 100
Residues with disorder
60
b
40
20 1% 3 x
0 T T T T
0 20 40 60 80 100
Residues with low complexity
80 c
k
60
40
20 -
| | m B -
0 ! — T ! T T
0 20 40 60 B0 100

Residues with repeats

Figure 4. Proportion of disorder, sequence repeats, and low complexity in hubs in interactomes. Comparison of the relative abundance
of disorder (a), repeats (b), and low complexity (c) for the yeast (YEAST), worm (WORM), Drosophila (FLY), and human (HUMAN)
interactomes. Hub proteins (red), a random sample of proteins with exactly one interaction (blue), and a random sample of genome
sequences (green) are shown as in Figure 3.

critical differences between individual proteins all need to be
taken into account.’? In fact, it has been formally shown that
this topology also arises simply if hub proteins attract novel
partners due to their physicochemical nature that predisposes
them for interactions.!! It is of relevance here that IUPred, the
algorithm used for assessing disorder,%°° relies on estimating
the energy content that a given protein segment can realize.

2992 Journal of Proteome Research ¥ Vol. 5, No. 11, 2006

This incorporates energy terms for both intramolecular and
protein—solvent interactions. The importance of the latter in
both network evolution and intrinsic disorder has been dis-
cussed recently.®® A recent analysis of genetic regulatory
networks has in fact shown that, for the evolution of a network
with the observed global and local features, elements of both
node copying (gene duplication) and link mutation (change in
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Disorder and Sequence Repeats in Hub Proteins

Table 4. Proportion of Disorder, Sequence Repeats, and Low
Complexity in Four Interactomes?

compared to RAN compared to IC_1

datasets property ¥ probability ¥ probability
YEAST disorder 38.92 >0.99999 67.88 >0.999 99
YEAST Ic 6.23 0.81745 1450 0.994 14
YEAST repeat 17.05 0.99811 32.66 =>0.999 99
YEAST_CORE disorder 31.28 =>0.99999 19.17 0.999 27
YEAST_CORE Ic 4.68 0.678 18 3.20 0.475 50

YEAST_CORE repeat 59.17 =>0.99999 68.92 =>0.999 99

WORM disorder 48.10 =>0.99999 20.68  0.999 63
WORM Ic 8.29 0.91854 6.09  0.807 22
WORM repeat 2325 099989 13.61 0.99135
FLY disorder 69.66 =>0.99999 115.33 =>0.999 99
FLY lc 3199 =>0.99999 7241 =>0.999 99
FLY repeat 65.08 =>0.99999 11249 =>0.999 99
FLY_CONF disorder 28.84 0.99999 30.15 =>0.999 99
FLY_CONF Ic 847 092429 12.03 0.98286
FLY_CONF repeat 17.70  0.99859 22.77  0.999 86
HUMAN disorder 47.55 >0.99999 43.79 >0.999 99
HUMAN Ic 34.03 >0.99999 10.01 0.959 82
HUMAN repeat 111.64 =>0.99999 52.17 =>0.999 99

aFor each species (S. cerevisiae, D. melanogaster, C. elegans, and H.
sapiens) and each sequence feature (disorder, low complexity (Ic), repeats)
the distribution of the number of the proportion of the given feature for
hub proteins is compared to that in both the genome sequences (RAN) and
the IC_1 (proteins with exactly one interaction). The difference is character-
ized by ¥ values (see Materials and Methods) and the corresponding
probability that the two sets of data are of different distributions.

interaction) events have to be invoked.% Although protein—
protein interaction networks studied in our work and genetic
regulatory networks differ in some basic aspects, the evolution-
ary complexity for one regulatory network supports our point
that a more elaborate evolutionary model of biological networks
is likely needed in general for biological networks.

By examining hubs of the four species, it is clear their length
and disorder, and to a lesser degree their repeats and low
complexity regions, tend to increase as the complexity of the
organism and the underlying interactomes increases in com-
plexity on the evolutionary tree. These observations support
the idea that the evolution of protein interaction networks has
involved an element of selection of certain proteins toward
functioning in network organization, i.e., by becoming hubs.
In this process, the generation and extension of internal repeat
regions and the increase in disorder is proposed to have played
an active role. This scenario fully conforms to the logic of
specialization that enables biological entities to occupy more
niches. Additionally, direct functional advantages could also
derive from this specialization process. Disordered proteins are
frequently involved in regulated interaction processes, due to
their disposition for posttranslational modification.652 This is
of significant functional benefit, as interaction networks are
very dynamic objects, prone to undergo profound reorganiza-
tion events mostly conducted by “transient”? or “date”* hubs.
An interesting possibility is that date hubs may also draw a
functional advantage not from the disorder and ensuing
adaptability of their own but that of their partners. In principle,
this might alleviate the demand of structural adaptability of
the hub and provide a simpler solution for the inclusion of the
hub in distinct and functionally/structurally unrelated com-
plexes. This possibility has been discussed previously.3!

Another significant feature might derive from the observation
that, since intrinsically disordered proteins are typically un-
folded, they undergo little change upon treatment with heat
or chemical denaturants. This resistance may provide protec-
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Figure 5. Averages and correlations of the sequence features.
The average percentage of the sequence properties and their
various combinations in HUB proteins for the four species
calculated. The region below the zero line corresponds to the
average in the random genome subsets (RAN), whereas the
region above the zero line shows the increase in HUB proteins
for the three primary sequence properties (disorder, repeats, and
low complexity, Ic) and their various combinations. These latter
ones were defined as the maximum of the two or three properties
for each protein, averaged over the dataset.

tion against elimination of hub function, to which scale-free
networks are very sensitive.® A further pertinent point is that
intrinsically unstructured or disordered regions often bind with
their partner(s) by virtue of an extended surface with interac-
tion sites dispersed over the surface of the ordered protein
partner.’® A change in any of these sites might not entirely
eliminate the interaction and may thus provide resistance
against point mutations. This may be a good explanation why
evolutionary variability shows very weak correlation with the
number of interaction partners,> whereas removal of a hub is
three times more probable to be lethal than other proteins.>®

In summary, hub proteins are found to be enlarged and also
to be enriched in predicted disorder, in sequence repeats, and
in low complexity regions and in combinations involving two
or more of these features. All of these characteristics and their
combinations facilitate binding to multiple partners. The
enrichment of these features over evolutionary time is probably
necessary to explain these observations, suggesting a more
complicated evolutionary history than the commonly accepted
mechanisms based on simple, random gene duplication.
Experimental studies to further test these proposed roles of
intrinsic disorder in protein—protein interaction networks
would be useful.
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Thorough knowledge of the molecular principles of protein—protein
recognition is essential to our understanding of protein function at the
cellular level. Whereas interactions of ordered proteins have been analyzed
in great detail, complexes of intrinsically unstructured/disordered proteins
(IUPs) have hardly been addressed so far. Here, we have collected a
database of 39 complexes of experimentally verified IUPs, and compared
their interfaces with those of 72 complexes of ordered, globular proteins.
The characteristic differences found between the two types of complexes
suggest that IUPs represent a distinct molecular implementation of the
principles of protein—protein recognition. The interfaces do not differ in size,
but those of IUPs cover a much larger part of the surface of the protein than
for their ordered counterparts. Moreover, IUP interfaces are significantly
more hydrophobic relative to their overall amino acid composition, but also
in absolute terms. They rely more on hydrophobic-hydrophobic than on
polar—polar interactions. Their amino acids in the interface realize more
intermolecular contacts, which suggests a better fit with the partner due to
induced folding upon binding that results in a better adaptation to the
partner. The two modes of interaction also differ in that IUPs usually use
only a single continuous segment for partner binding, whereas the binding
sites of ordered proteins are more segmented. Probably, all these features
contribute to the increased evolutionary conservation of IUP interface
residues. These noted molecular differences are also manifested in the
interaction energies of IUPs. Our approximation of these by low-resolution
force-fields shows that IUPs gain much more stabilization energy from
intermolecular contacts, than from folding, i.e. they use their binding energy
for folding. Overall, our findings provide a structural rationale to the prior
suggestions that many IUPs are specialized for functions realized by
protein—protein interactions.

© 2007 Elsevier Ltd. All rights reserved.

Keywords: intrinsically unstructured proteins; protein—protein interac-
tions; molecular recognition; disorder-to-order transition; protein-protein
interface

Introduction

cular interactions are indispensable for their func-
tions.>'> Among these, protein—-protein interactions

The recent success in high-throughput studies of
protein structure, function and interactions provide
solid evidence that for most proteins macromole-

Abbreviations used: PDB, Protein Data Bank; IUP,
intrinsically unstructured protein; PPI, protein—protein
interaction; MorEs, molecular recognition elements;
MorFs, molecular recognition features.

E-mail address of the corresponding author:
zsuzsa@enzim.hu

(PPIs) are central for both function and control, and
justify concerted efforts aimed at describing the
complicated network of interacting proteins, i.e. the
interactome.®* At the level of individual proteins,
most pertinent studies are directed towards solving
structures of complexes to unveil the molecular
principles of interactions that govern specific
recognition.” The idea underlying all these efforts
is that a better understanding of PPIs at both the
individual and system levels will provide an
improved atomistic picture of communication with-

0022-2836/% - see front matter © 2007 Elsevier Ltd. All rights reserved.
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Complexes of Disordered Proteins in the PDB

in the proteome, which is essential for our under-
standing of the living cell.

A common theme in these efforts is the detailed
analysis of the molecular interfaces that proteins
apply to recognize each other. Several studies have
focused on dissecting these surfaces, and have
shown that these usually are of the order of 1000 A?
in area, and they are distinguished from the average
surface of proteins by an elevated hydrophobicity,
evolutionary conservation of certain anchoring
residues and characteristic shapes that differ for
various classes of complexes, such as homodimers,
heterodimers or enzyme-inhibitor complexes.”™®
The insight gained from these analyzes enables the
prediction of interfaces from structural information
about the monomers and enables a structural
interpretation of functionally relevant features of
PPIs, such as strength, kinetics, specificity and
evolution.

The issue of the molecular principles of PPIs, how-
ever, has so far been unduly neglected in the case of
the newly recognized structural class of intrinsically
disordered proteins. The discovery of such regions
(IDRs) and full-length proteins (IUPs)® ™ has been
followed by the recognition that protein disorder is

Table 1. Disordered protein complexes

widespread in eukaryotic proteomes, and correlates
with signaling and regulatory,*?™*® and chaperone®’
functions. The relevance to our subject comes from
the fact that all these functions rely on rapid and
highly regulated PPIs and, in fact, several func-
tional advantages ascribed to protein disorder are
linked directly with its involvement in protein
binding. When 1UPs/IDRs are involved in PPIs,
they undergo induced folding or disorder-to-order
transition,'819 suggested to provide several advan-
tages, such as specificity without excessive binding
strength, increased speed of interaction, binding
promiscuity or moonlighting, among others.14.20.21
These advantages underscore the high frequency of
disorder in proteins organizing the interactome, i.e.
in hubs.?2-25 In terms of the molecular details of the
recognition process, it has been suggested that IUPs
often use short sequential recognition elements for
binding, termed primary contact sites,”® preformed
structural elements,?” or molecular recognition
elements/features (MorEs/MorFs).?®2° In direct
connection with these concepts, a recent analysis
has shown that short linear motifs in proteins often
fall into locally disordered regions,®® underlying
the suggestion that interactions of IUPs/IDRs

PDB ID Chain ID Resolution (A) Name

laxc (B, A) 2.6 DNA-binding protein/DNA (human PCNA)

1cee (B, A) NMR CDC42 - GTPase binding domain of WASP

lemk (I, E) 2.9 Phosphotransferase

leqt (1, A) 3.2 Gene regulation/DNA (ternary complex)

ldev (B, A) 2.2 Signaling protein (SMAD2 MH2 - SARA)

1dpj (B, A) 1.8 Hydrolase/hydrolase inhibitor (proteinase A — A3 peptide inhibitor)
1f83 (BC, A) 2.0 Hydrolase/membrane protein (botulinum neurotoxin — synaptobrevin-11)
1fqj (C, ABDE) 2.02 Signaling protein

1fvl (F, DE) 1.9 Immunodominant peptide from myelin basic protein

193j (B, A) 2.1 XTCF3-CBD/ -catenin armadillo repeat complex

1i7x (B, A) 3.0 -Catenin/E-cadherin complex

1i8h (A, B) NMR Membrane protein/isomerase

liwg (B, A) 2.0 Metal-binding protein

1j2j (B, A) 1.6 GGAL1 gat N-terminal region in complex with ARF1 GTP form
ljsu (C, AB) 2.3 Transferase/cyclin/inhibitor

1kdx (B, A) NMR Transcription regulation complex (KIX domain of CBP — PKID CREB)
1kil (CD, ABE) 23 Membrane protein (complexin/snare complex)

118c (B, A) NMR Gene regulation

1mvO0 (A, B) NMR Tumor suppressor BIN1

Imxl 1,C NMR Ca-binding protein (cardiac troponin C — troponin I)

109a (B, A) NMR Complex of 1f12f1 fibronectin with B3 from FNBB

lonv (B, A) NMR RAP74 — MAP Il CTD phosphatase FCP1

1p16 (D, B) 2.7 mRNA capping enzyme — RNA polymerase

1p4q (A, B) NMR Transferase

1968 (A, B) NMR T-cell surface glycoprotein — tyrosine-protein kinase

1rf8 (B, A) NMR Biosynthetic protein (EIF4E — M7GDP and EIF4Gl)

1sb0 (B, A) NMR KIX domain of CBP - transactivation domain of c-MYB

1sc5 (B, A) 3.26 -28(FLIA)/FLGM complex

1sgk (B, A) 2.5 Structural protein (ciboulot — skeletal actin)

1sqq (1, A) 3.0 Oxidoreductase

1tba (A, B) NMR Transcription factors (TBP-TAFI1230 complex)

1thl (C, A 2.5 Cell adhesion/antitumor protein

lvit (I, LH) 3.2 Serine protease/inhibitor

Iwkw (B, A) 2.1 Ternary complex of EIFAE-M7GPPPA-4EBP1 peptide

1xtg (B, A) 21 Neurotoxin BONT/A - synaptosomal-associated protein 25
lycq (B, A) 2.3 Oncogene protein (MDM2 — p53)

2auh (B, A) 3.2 Transferase (grb14 bps region — receptor tyrosine kinase)

2b3g (B, A) 1.6 P53N — RPA70N

2clt (D, B) 26

Nuclear transport complex (KAP60P:NUP2 complex)
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Table 2. Ordereded complexes

PDB ID Chain ID Resolution (A) Name

la0o (B, A) 2.95 CHEA - CHEY

latn (D, A) 2.8 Deoxyribonuclease | — actin

lavz (C, AB) 3.0 Myristylation/transferase

1glb (F, G) 2.6 Phosphotransferase

lhrp (A, B) 3.0 Hormone (HCG)

llpa (A, B) 3.04 Hydrolase (carboxylic esterase)

lluc (B, A) 15 Bacterial luciferase

1spb (P, S) 2.0 Serine proteinase/prosegment

1ttq (A, B) 2.0 Carbon-oxygen lyase (tryptophan synthase)

2btf P, A) 2.55 Acetylation and actin-binding ( -actin-profilin complex)
2pch (B, AC) 2.8 Cytochrome ¢ peroxidase (ccp) — Cytochrome ¢

3hhr (A, BC) 2.8 Human growth hormone complexed with its receptor
laoz (A, B) 1.9 Oxidoreductase (oxygen acceptor)

lcdt (A, B) 25 Cytotoxin (cardiotoxin)

1fcl (A, B) 2.9 Immunoglobulin (FC fragment)

1g6n (A, B) 2.1 CAP-CAMP (DNA binding protein)

1glq (A, B) 1.8 Gluthatione transferase — glutathione

lhng (A, B) 2.8 T lymphocyte adhesion glycoprotein

1il8 (A, B) NMR Interleukin 8

1msb (A, B) 2.3 Hepatic lectin

1nl3 (A, B) 2.8 Seca protein translocation ATPase

1phh (A, B) 2.3 Oxidoreductase (ternary complex)

1pp2 (R, L) 25 Hydrolase (Ca-free phospholipase)

lpyp (A, B) 3.0 Acid anhydride hydrolase

ltar (A, B) 2.2 Aspartate aminotransferase

lutg (A, B) 1.34 Steroid binding (uteroglobin)

1lvsg (A, B) 2.9 Variant surface glycoprotein

lypi (A, B) 1.9 Isomerase (intramolecular oxidoreductase)

2cey (A, B) 1.67 Electron transport (heme protein)

2cts (A, B) 2.0 Oxo-acid-lyase (citrate synthase)

2gn5 (A, B) 2.3 Gene 5/DNA binding protein

2orl (L, R) 25 Gene regulating protein (434 repressor complex with operator)
2rhe (A, B) 1.6 Immunoglobulin (Bence-Jones protein)

2rus (A, B) 2.3 Rubisco complex with CO, and Mg

2rve (A, B) 3.0 ECO RV endonuclease

2sod (O,Y) 2.0 Oxidoreductase (Cu, Zn superoxide dismutase)

2tsl (A, B) 2.3 Ligase (tyrosyl-transfer RNA synthetase)

2tsc (A, B) 1.97 Methyltransferase (thymidylate synthase)

3enl (A, B) 2.25 Carbon-oxygen lyase

3grs (A, B) 1.54 Oxidoreductase (flavoenzyme)

3hvt (B, A) 2.9 Nucleotidyltransferase (HIV virus reverse transcriptase)
3icd (A, B) 25 Oxidoreductase (isocitrate dehydrogenase)

3sdh (A, B) 14 Hemaoglobin | (carbon-monoxy)

3sdp (A, B) 2.1 Oxidoreductase (Fe superoxide dismutase)

3ssi (A, B) 2.3 Serine protease inhibitor

4mdh (A, B) 25 Oxidoreductase (cytoplasmic malate dehydrogenase)
5adh (A, B) 2.9 Oxidoreductase (alcohol dehydrogenase-ADP-ribose)
lahw (C, AB) 3.0 Tissue factor — inhibitory FAB (599)

1fdl (Y, LH) 25 IGG1 FAB fragment — lysozyme

liai (MI, LH) 2.9 Idiotype — anti-idiotype FAB complex

1jhl (A, LH) 2.4 Lysozyme antibody D11.15 — lysozyme

1mel (L, A) 25 VH antibody - lysozyme

Inca (N, LH) 25 N9 neuraminidase-NC41-FAB

lyqv (Y, LH) 1.7 FAB HYHELS - lysozyme

2jel (P, LH) 25 JELL42 FAB/HPR complex

2vir (C, AB) 3.25 Influenza virus hemagglutinin — neutralizing antibody
3hfm (Y, LH) 3.0 IGG1 FAB fragment — lysozyme

lacb (I, E) 2.0 Hydrolase (serine protease)

lavw (B, A) 1.75 Trypsin — trypsin inhibitor

1brs (D, A) 2.0 Barnase — barstar

1cho (I, E) 1.8 Serine proteinase/inhibitor ( -chymotrypsin-ovomucoid third domain)
lcse (I, E) 1.2 Serine proteinase/inhibitor (subtilisin carlsberg — eglin-C)
1dfj (E, 1) 25 Ribonuclease inhibitor — ribonuclease A

1fss (B, A) 3.0 Acetylcholinesterase — fasciculin-11

Imct (1, A) 1.6 Trypsin — trypsin inhibitor

1stf (I, E) 2.37 Hydrolase (papain — inhibitor stefin B)

1tab (1, E) 2.3 Hydrolase (trypsin — Bowman-Birk inhibitor)

1tgs 1,2 1.8 Proteinase/inhibitor (trypsinogen — trypsin inhibitor)
lugh (I, E) 1.9 Glycosylase (uracil-DNA glycosylase — protein inhibitor)
2ptc (I, E) 1.9 -Trypsin — trypsin inhibitor

2sic (I, E) 1.8 Subtilisin — streptomyces subtilisin inhibitor

4htc (I, LH) 2.3 Hydrolase ( -thrombin — recombinant hirudin)
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represent a distinct mode of PPIs.>* Whereas this
notion has been often invoked in the literature,
structural studies in support are rather scarce.

In two recent studies of the interfaces, several
classes of protein complexes, including a limited
number of 1UPs* and complexes of short binding
elements (molecular recognition elements/features),
have been analyzed.* It was found that the surfaces
and interfaces of two-state complexes and com-
plexes of IUPs show special features, such as
increased area per residue, or an elevated level of
exposed hydrophobic residues buried only upon
complex formation. These studies have limitations
in terms of generalizations toward IUP behavior,
either because they included only five bona fide ITUP
complexes, ten two-state complexes, and 44 riboso-
mal proteins,® or because selection of the 258 MoRF
examples was based on length.>* The resulting
dataset contains complexes of small but stable
proteins, like the trypsin inhibitor, beside many
potentially disordered proteins. These results per-
tain to the behavior of 1UPs, but the recent rapid
growth in the number of experimentally verified
IUPs,** and structures of complexes with an IUP as
one partner,®*~® enabled us to extend these studies
and provide further statistically sound conclusions.
On the basis of novel data, we identified 39
complexes, in which an IUP binds a globular protein
partner, analyzed their interfaces and compared
them with those of 72 complexes of globular
proteins. We found that the chemical and physical
features of interfaces of IUPs are distinct from those
of globular proteins in many aspects, such as a much
larger relative area, and preference for hydrophobic
residues, which exceeds even the interior of the
protein. Their much larger contact number per
residue are indicative of structural adaptation
driven by induced folding, and suggest that 1UPs
might preferentially gain stabilization energy from
contacts with the partner. We provide evidence for
this latter by estimating these energies via low-
resolution force-fields, already exploited in predict-
ing protein disorder by the IUPred algorithm.3®:4°
These differences suggest that IUP binding repre-
sents a unigue implementation of the principles of
protein—protein binding, which provides the ratio-
nale for why IUPs fold only upon encountering their
physiological partner, and why so often they
function via molecular recognition.*®24*

Results

Data for analysis

For this analysis, we have scanned the PDB for
entries of complexes, one chain of which was proven
to be disordered by experimental techniques. The
database of such “disordered” complexes contains
39 complexes (Table 1). The interfaces of these have
been analyzed and compared to those of 72
complexes, for which both components are ordered

in isolation (ordered complexes, Table 2). Figure 1
shows characteristic examples for the two classes,
i.e. ordered and disordered, which already illustrate
the differences that emerge as the quantitative study
unfolds.

Global characteristics of interfaces

The first level of analysis is a rough comparison of
the geometry of interfaces of the two classes of
complexes. Figure 2(a) shows the distribution of the
size of the interface area. The distributions are not
significantly different, i.e. the size of IUP interfaces
covers about the same range as those of ordered
complexes, maybe with the lack of very large
interfaces (N3000 A?) for IUPs. Characteristic differ-
ences can be seen, however, if the interface area is
plotted as a function of chain length (Figure 2(b)). It
takes a much longer chain for globular proteins than
for IUPs to create the same interface, which indicates
that IUPs may have a much larger interaction
potential, as already suggested.*?

The explanation for this observation may come
from the fact that IUPs have the same relative
surface, but use a larger part of it for interaction, or
they already have a larger surface per residue, or
both. To find out which actually applies, we plotted
the surface area per residue of proteins against their
interaction areas per residue (Figure 3(a)). The two
classes show a striking difference and clear separa-
tion, which validates previous observations made on
a much smaller dataset.®* IUPs have a much larger
surface per residue, and they exceed globular
proteins in their interface area per residue. When
the ratio of the two values are calculated (Figure
3(b)), it is clear that IUPs have relatively larger
surfaces, they also use a larger portion of their
surface for interaction with their partner, sometimes
50% of the whole, as opposed to only 5%-15% for
most ordered proteins.

Another way of comparing the interfaces is to
count how many continuous segments (for defini-
tion, see Data and Methods) the binding surface is
assembled from. Since folding of a globular protein
brings distinct segments of the polypeptide chain in
proximity, it is expected that their binding surfaces
are more fragmented, i.e. they are assembled from
more segments than those of IUPs. The picture that
emerges (Figure 4) is in complete agreement with
this expectation: in 70% of the cases the binding
surface of the IUP represents a single sequentially
continuous segment only, and with the exception of
a single case (PDB 1sc5) they never contain more
than three separate segments. On the other hand,
ordered proteins hardly ever use a single segment
for binding to their partner, and their segmentation
number may occasionally even exceed the value of
10.

Chemical nature of interfaces

As seen, global characteristics of the interfaces of
IUPs and ordered proteins differ significantly. When
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(a)

(b)

Figure 1. Atypical example of ordered and disordered
complexes. The Figure shows an example of the two basic
types of complexes analyzed in this study. (a) Bacterial
luciferase (PDB code 1luc) is an example for complexes
between ordered proteins. (b) Botulinum neurotoxin (PDB
code 1f83) shows a complex between a disordered and
ordered protein, where the disordered protein chain
wraps around an ordered protein in a largely extended
conformation.

we ask about the physical and chemical nature of the
interfaces, IUPs again stand out. By having much
larger relative surfaces, it is natural their ratio of
buried/exposed area is much smaller on average
than that of globular proteins (Figure 5). As
expected, this is true for polar residues, because
proteins in general must not be able to bury polar
residues upon folding. The surprise, however,
comes from looking at hydrophobic residues,
because they also are more exposed than buried in
IUPs, which suggests that they are mostly used for

contact with the partner, and not for generating a
hydrophobic core, as with globular proteins. In a
way, it may be suggested that the hydrophobic core
of IUPs is in the interface, and not within the
polypeptide chain of the folded, partner-bound
state. This observation suggests an unexpected
structural strategy for function, in a sense that
IUPs tend to expose their few hydrophobic residues
for interaction with the partner. A similar observa-
tion has been made in the case of two-state
complexes, the monomers of which may exist either
as unfolded gdisordered) in isolation or folded in the
complex.®*

The detailed analysis of the amino acid composi-
tion of the interfaces provides full evidence for this
point, i.e. that IUPs preserve and expose their
hydrophobic residues for partner binding. In agree-
ment with previous studies,®* the analysis of
ordered proteins shows that their surface is enriched
in polar/charged residues, and depleted in hydro-
phobic residues (Figure 6(a)). Relative to this
distribution, their interfaces are more hydrophobic,
and occupy a position intermediate between the
hydrophobic interior and the polar surface of the
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Figure 2. IUPs realize large contact surfaces in their
complexes. (a) The distribution of the size of the interface
area for the smaller chain of ordered complexes (blue
bars), and for disordered proteins in complex with an
ordered protein (red bars). (b) The interface area versus
chain length for the smaller chain of the ordered (blue
triangles) and disordered (red squares) type of complexes
(the smaller chain is always the IUP in the disordered
complexes) as a function of the length of the chain
involved in the construct.
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40 complexes (blue triangles), and for disordered proteins in
complex with an ordered protein (red squares).
2 30
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- protein, with the balance tilted towards polar resi-
dues. IUPs look completely different (Figure 6(b)).
§ As already suggested by the analysis of the
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Figure 3. IUPs use a large fraction of their surfaces for
binding. (a) Surface area per residue versus interface area
per residue for the smaller chain of ordered complexes
(blue triangles), and for disordered proteins in complex
with an ordered protein (red squares). (b) The distribution
of interfaces in terms of the interface area relative to the
total surface area (blue for ordered and red for disordered
complexes).
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Figure 4. Lack of segmentation of the interfaces of
IUPs. The distribution of the occurrence of interfaces with
various numbers of non-continuous sequence segments
(as defined in Data and Methods), given for the smaller
chain of ordered complexes (blue), and for disordered
proteins in complex with an ordered protein (red).

polarity/hydrophobicity of their surfaces (Figure
5), they keep a larger fraction of their hydrophobic
residues exposed than ordered proteins do. Further-
more, unlike the case of ordered proteins, their
interfaces are more hydrophobic than their surface
in general, and more hydrophobic than the protein
in general, and thus more hydrophobic than the
buried regions of the protein. Thus, IUPs show a
unique preference to expose and use their hydro-
phobic residues for interaction, whether they are
aromatic (Trp, Tyr), or aliphatic (Leu, lle). This
difference comes from a greater relative hydropho-
bicity of IUP interfaces, and from the chemical
differences between the two groups: interfaces of
IUPs are significantly more hydrophobic than
interfaces of ordered proteins (Figure 6(c)). It
appears that IUPs rely much more on hydrophobic
residues at their interface, which counteracts their
unfavorable decrease in entropy upon folding.

When the types of contacts in the interface are
counted (Figure 7), this distinction clearly shows.
IUP interfaces rely much more on hydrophobic—
hydrophobic contacts than ordered proteins do,
which balance this by significantly more polar—polar
contacts, probably due to being able to better shield
these from hydration water. A further characteristic
difference is that the interface residues of IUPs are
engaged in larger numbers of contacts than those of
ordered proteins (Figure 8). The reason of this
difference is probably related directly to the differ-
ent binding modes of the two structural classes,
because 1UPs undergo large-scale induced folding
upon binding, and can better adapt to the structure
of the partner, whereas structural adaptation of
ordered proteins is limited due to their much lower
level of conformational freedom.



doszt anyi . zsuzsanna_45 22

Complexes of Disordered Proteins in the PDB 555
(3)1 . Ordered 40
: mm  nterface
1.6 mm Surface
HP PH PP

0
RKDENQSGHTAPYVMCLFIW h
(b) Disordered

mm |nterface
1.6} =m Surface

RKDENQSGHTAPYVMCLFIW h

(c)

2.5

0
RKDENQSGHTAPYVMCLFIW h

Figure 6. Amino acid composition of the surface and
interface of IUPs and ordered proteins. (a) The amino acid
composition of the surface (blue) and the interface area
(red) relative to the total amino acid composition for the
smaller chain of ordered complexes, and (b) for disordered
proteins in complex with an ordered protein. The amino
acids are sorted according to the hydrophobicity scale
described by Fauchere and Pliska.>® Additionally, the ratio
of hydrophobic amino acids (Ala, Cys, lle, Leu, Met, Prot,
Val, Phe, Trp, Tyr) is shown for the surface and the
interface residues normalized by the total amino acid
composition (marked as h). Amino acids with statistically
significant differences between the surface and interface
compositions are marked by a red letter. Statistical
significance was calculated by two-sided Student's t-test.
(c) The ratio of the amino acid compositions of IUP
interfaces and interfaces of ordered proteins. The ratio of
hydrophobic amino acids in the two datasets is shown.
Amino acids showing significant differences between the
interface compositions of ordered and disordered com-
plexes are marked by a red letter.

Contact Type

Figure 7. Contribution of hydrophobic and polar
contacts to the interfaces of IUPs and ordered proteins.
Histogram of the various types of contacts in the interfaces
of the smaller chain of ordered complexes (blue), and of
disordered proteins in complex with an ordered protein
(red). For this analysis, amino acids were classified as
hydrophobic (H: Ala, Cys, lle, Leu, Met, Prot, Val, Phe,
Trp, Tyr) or polar (Asp, Glu, Gly, His, Lys, Asn, GIn, Arg,
Ser, and Thr). The first position corresponds to the smaller
chain of the complex, which is always the IUP in the
complex designated disordered, thus HP does not equal
PH contacts.

Interaction energies at the interface

A key question that arises from all the fore-
going studies is whether all the characteristic
differences between the interfaces of ordered and
disordered proteins manifest themselves in differ-
ences in the interaction energies of the two types
of complexes. We showed earlier that the concept
of low-resolution force-fields can be used to
recognize IUPs from the amino acid sequence
because the estimated pair-wise inter-residue
interaction energy of IUPs is less favorable
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Figure 8. The histogram shows the distribution of the
number of atom contacts per interacting residues—residues
pairs at the interface (as defined in Data and Methods)
observed for the smaller chain of the ordered complexes
(blue), and for disordered proteins in complex with an
ordered protein (red).
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compared to globular proteins.>® Here, we applied
the same statistical potentials to characterize the
energetic relationship of the complexes. The total
interaction energy that arises from interactions
within individual chains and from their interactions
with the partners were calculated (Figure 9(a)). The
picture shows a clear separation of the two classes
of complexes. Considering the energy realized from
intramolecular interactions, ordered proteins invari-
ably fall within the stabilizing range, which under-
scores that they fold due to favorable interactions
within the chain. Most of the IUPs, as already
shown,* cannot form sufficient inter-residue inter-
actions for a stable fold, which renders them
disordered in isolation. The situation, however,
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Figure 9. Pairwise energies of intrachain versus inter-
chain interactions. (a) Pairwise energies of intrachain
versus interchain interactions normalized by the length of
the chain and the number of residues at the interface,
respectively. Pairwise energy was calculated by statistical
force-fields, as given in Data and Methods. The energies
are in arbitrary energy units (aeu). The vertical lineat 0.2
(arbitrary energy units) shows the borderline between
ordered (blue triangles) and disordered proteins (red
squares), used for predictions of protein disorder. Typi-
cally, disordered chains lie below the y=x line, indicating
that in terms of statistical potentials they make more
favourable interactions with their partner compared to the
interactions made within the chain. (b) Total energies of
interfaces as the function of the interface area of the
smaller chain of ordered complexes (blue triangles), and of
disordered proteins in complexes (red squares).

changes in the presence of the partner. lUPs tend to
have more stabilizing interactions with the partner,
which shifts the overall balance towards favoring
the folded state. This explains why IUPs undergo
induced folding in the presence of the partner and
explains their observed preference for hydrophobic
residues in the interface, since stabilization primar-
ily comes from hydrophobic interactions.

Total interface energies can also be calculated
and plotted as a function of the interface area
(Figure 9(b)). Overall, IUPs tend to have somewhat
larger negative value of stabilization energies for
an interface of the same size, most obvious within
the range of smaller interfaces that range from
500 A% to 1500 A% This suggests that a better fit
and more hydrophobic contacts result in a some-
what greater binding energy. It should not be
overlooked, however, that this enthalpic compo-
nent is combined with a large unfavorable entropic
term due to the large-scale induced folding of the
IUPs, which probably makes binding of IUPs
overall weaker.

Conservation of the interface of I[UPs

Since interfaces constitute the key structural
element of PPIs, which, in turn, are intertwined
with the function of proteins, we asked whether it
has made its mark on the evolutionary conservation
of proteins. To this end, we calculated a conservation
rank score for various parts of the complexes,
including the whole protein, the part seen in the
PDB, and the interface itself (Figure 10). For both
IUPs and ordered complexes, the distribution of
conservation scores for the complete sequences is
even, as expected. In other aspects, the two types of
complexes differ significantly. In the case of globular
proteins, positions corresponding to the PDB struc-
ture are close in distribution to the complete
sequences, although they contain somewhat fewer
variable residues. Surface residues not involved in
the complexes are less conserved, whereas interface
residues are significantly more conserved in com-
parison, although they do not show an overall
significant conservation, probably due to the key
contribution to interactions of only a few anchor
residues.®** 1UPs show clearly distinguishable
behavior. Disordered regions, on average, are the
least conserved compared to all other types of
regions. The regions that become ordered upon
complex formation (structured part in PDB) are
more conserved, even in comparison to the complete
sequence. Interface positions show the most pro-
nounced tendency to be conserved, in line with their
importance in the function of IUPs, also apparent in
their energetic contribution to binding-induced
folding, a shown in the previous section.

Discussion

The advance of intrinsic structural disorder in
evolution is often associated with the advantages
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Figure 10. Conservation at the interfaces of ordered
and disordered complexes. (a) The plot shows the
fractional rank of conservation scores for ordered protein
complexes. For each protein in the dataset, the alignments
were generated at the level of the complete sequence of the
SwissProt/Uniprot entry corresponding to the PDB
sequence. The conservation scores were calculated as
described,®® and transformed into fractional rank score,
which ranges between 0 and 1. The scores were divided
into ten bins, and the percentage of positions falling into
each bin was collected. Distribution of conservation rank
scores are given for: the complete amino acid sequence
(green), positions part of the structure (blue), surface
positions (light blue) and interface positions (red). (b)
Distribution of conservation rank scores for disordered
proteins. The score is given for: the complete sequence
(green), positions in disordered regions (as given in
DisProt, orange), the region corresponding to the PDB
file (blue), and the interface residues in the complex (red).

disorder imparts on protein—protein interactions. In
accord, a great deal of relevant studies on IUPs have
focused on the rules and principles of their interac-
tions, such as the contribution of disorder to the
function of hubs,? binding of IUPs by short
recognition elements,”®?*% Jarge-scale induced
folding accompanying their partner binding*®*° or
the possibility of drug development by targeting
IUP-binding sites.*> Studies of key components
designed to understand their interactions, i.e.
atomistic analysis of their interaction sites, however,
has so far lagged behind. Whereas the contact sur-

faces of ordered, globular proteins have been
analyzed and characterized in great detail >®
those of IUPs have scarcely been addressed. In
two pertinent studies,®® either a limited set of
IUP complexes (five examples only) or complexes
selected on the criterion of length (258 MoRFs)
have been analyzed alongside two-state complexes
and ribosomal proteins for possible generalizations
on the interfaces of IUP PPIs. The recent rapid
advance in the IUP field enabled us to extend these
studies to the complexes of much more experimen-
tally verified IUPs, and to provide a solid founda-
tion to the principles of its involvement in PPIs.
Our results reinforce or extend some previous
observations, and suggest some useful novel
generalizations.

The major finding of our work is that IUPs differ
in how the chemical and physical principles of
protein—protein interactions are implemented, as
probably dictated by their disorder in the unbound
state. IUPs tend to have much larger exposed surface
per residue, of which they dedicate a much larger
portion for contacting the partners. This has been
suggested in earlier studies,**** and is in excellent
agreement with the proposition that IUPs have
evolved to provide much larger relative intermole-
cular interfaces than globular proteins.*? Our obser-
vations suggest that ordered and disordered
proteins segregate in terms of the surface area per
residue versus interface area per residue, i.e. the two
types of proteins do not lie on a continuous scale;*
rather, they represent separate and disparate solu-
tions to similar evolutionary problems. These points
provide compelling evidence for the often-invoked
point that the involvement in PPIs is a key element
of the functional repertoire of IUPs. The suggestion
that IUPs carry out their functions by transient
or permanent interactions in five out of six func-
tional categories is in excellent agreement with these
points.2141

A further key observation of our studies is that in
70% of the cases the binding surface of the IUP
represents a single continuous segment of the
polypeptide chain. The possible explanation is that
bringing together more segments to occupy adjacent
positions would disproportionately increase the
unfavorable entropic component of binding, and is
avoided in most instances. This finding is a struc-
tural manifestation of the observation made by
sequence analysis that short, isolated recognition
segments of proteins tend to fall into locally
disordered regions.*** Our observation that inter-
action surfaces of IUPs tend to be more hydrophobic
than the rest of the surface, or the entire chain, also
conforms to earlier suggestions of entirely different
origin. The concept of predicting short recognition
segments of IUPs, i.e. MoREs/MoRFs,28:2° from
local anomalies in disorder scores can be associated
with a local increase of hydrophobicity in an
otherwise highly charged/polar disordered sequen-
tial environment. Interfaces of these motifs are
characterized by an enrichment of usually buried
residues, and depletion of otherwise exposed resi-
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dues,® in agreement with our findings. Our analysis
of the unique evolutionary design of short linear
motifs (SLMs/ELMs) in proteins®® is also in line
with these observations. We found that ELMs have a
basic design in that they have a few consensus
residues of globular-like attributes, grafted on a
carrier sequence typically disordered in nature.

This unexpected mode of IUP interactions sug-
gests that they use their very few hydrophobic
residues for intermolecular interactions rather than
intramolecular stabilization of structure. In other
words, they counter the tendency of hydrophobic
amino acids to collapse into some structure by their
special amino acid composition, keeping them
exposed for interaction with the partner. In this
sense, these proteins (at least their interaction
segments) are really specialized for partner binding.
In contrast to what has been suggested in a previous
study,*? our analysis of a larger number of com-
plexes show that IUPs do not bury the majority of
their hydrophobic residues, but keep most of them
exposed even in the partner-induced folded state.
This suggest a somewhat inside-out way of folding,
in which interactions with the partner via primarily
hydrophobic contacts promotes folding, which
buries polar residues to a greater extent than with
ordered, globular proteins.

The significance of these differences is underscored
by our observation that the interfaces of IUPs differ
from those of ordered proteins in terms of hydro-
phobicity. IUP interfaces are more hydrophobic with
respect to the rest of the chain,32 and in direct
comparison with those of globular proteins, in line
with results on MoRF binding motifs.*® Further, they
use more hydrophobic-hydrophobic than polar-
polar contacts, and they realize more contacts per
residue than globular proteins. Often, the interfaces
of globular proteins are composed of conserved
polar/charged residues that provide critical anchor-
ing interactions, surrounded and sealed from hydra-
tion by more variable shielding residues.** The
different geometry, segmentation and amino acid
composition of IUP interfaces entails a different logic,
since being unable to shield polar residues they must
rely much more on hydrophobic-hydrophobic inter-
actions. This also explains the relative paucity of
charged residues, such as Arg, a noted anchor
residue in the interactions of globular proteins,** in
the interfaces of IUPs. All these features are in line
with the newly observed evolutionary conservation
of their interfaces, suggesting an increased number of
anchoring residues compared to the very few such
residues in the case of globular complexes.®**

These molecular features are expected to manifest
themselves in the energetics of interactions. Our
estimation of the interaction energies by low-
resolution force-fields shows that IUPs realize
much more energy in their interaction than within
the chain upon folding, and have a somewhat larger
total energy at the interface than ordered proteins.
Since our calculations estimate only the enthalpic
component of binding energy, it is safe to conclude
that the overall free energy of IUP binding is rather

small, due to a large part being spent on compensat-
ing the unfavorable entropic cost of folding from a
disordered state. Thus, our results are in line with
the general wisdom of the field, that the special
binding mode of IUPs separate binding strength
from specificity, an often-mentioned functional
advantage of protein disorder. %141

In conclusion, we might state that recent studies on
the principles of the interactions of IUPs point to a
coherent picture of how these proteins realize their
function. All studies®**® agree that the interfaces of
IUPs per residue are much larger, and IUPs, unlike
globular proteins, use their hydrophobic residues for
interaction rather than folding. The size of their
interfaces is not particularly different from those of
ordered proteins, but they tend to consist of a few,
often only a single, segment. This is probably
attributed to the fact that IUPs use the energy of
binding to assist folding, which, according to our
results, would be energetically too demanding if
more segments had to fold and come in spatial
proximity for binding. As a final word, we must note
that in addition to all these intriguing theoretical
insights gained from studying the interactions of
IUPs, understanding their interaction principles has
a much farther-reaching practical side. Recent
studies have shown that protein disorder abounds
in proteins involved in various diseases, such as
cancer,'* cardiovascular diseases,*® and conforma-
tional diseases,*” and it has been suggested that IUPs
bind their partner in a special way, through a deep
binding crevice amenable for interference with
small-molecule inhibitors.*® This latter feature has
been demonstrated by developing inhibitors against
the p53-MDM? interaction.*® It is not too far-fetched
to suggest that a detailed understanding of the
physical principles of the interactions of 1UPs will
open new possibilities to develop inhibitors against
their PPIs, which hopefully will offer a wealth of
opportunities for developing drugs to combat often
lethal diseases.

Data and Methods

Databases

Disordered complexes were collected by identifying
complexes in the Protein Data Bank (PDB) with experi-
mental evidence of the disorder of one of the partners. The
initial dataset was taken from the literature,®” and was
extended with further examples collected from the
database of protein disorder, DisProt.>** The disordered
state was accepted if the protein showed at least 95%
sequence identity with a protein found in DisProt, and at
least 50% of its amino acids seen in the PDB structure were
shown disordered in DisProt. In practical terms, disorder
in these cases was almost always above 90%. Of the
complexes that corresponded to these definitions, we
discarded those in which the two interacting partners
were actually part of the same SwissProt sequence, and any
that contained a chimera protein. Further, we excluded
ribosomal proteins, which were included in an earlier
study.3? Although parts of ribosomal proteins may lack a
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well-defined structure in the absence of the partner, they
interact with the highly charged RNA, and their interfaces
must have rather special features. For the same reason, we
excluded protein—-DNA complexes. The database contains
39 independent complexes, presented in Table 1. Ordered
complexes contained examples in which both partners had
a well-defined structure when studied in isolation. These
were taken from the literature.>*>** Protein chimeras and
fragments were discarded, which left 72 independent
complexes, presented in Table 2. Different classes of
complexes (homodimers, enzyme-inhibitor complexes,
etc.) were not distinguished in this study.

Calculation of surfaces

Accessible surfaces of proteins were calculated as
described.*® Polar and hydrophobic surfaces were defined
as the accessible surfaces of polar and hydrophobic amino
acids. Hydrophobicities were calculated by using the scale
developed by Fauchere and Pliska.>® On this basis, we
considered N, Q, S, T, H, G, R, K, D and E as polar amino
acids, and A, I, L, M, F, P, W, V, Y, and C as hydrophobic
amino acids. Buried surface was defined as the difference
between the standard surface and actual accessible surface
of the protein. Standard surface was taken as the sum of
the surfaces of its amino acids, as determined in an AXA
sequential environmentt. The interaction surface (inter-
face) buried in a complex was defined as the difference
between the surface area of the complex and the sum of
the surface areas of the two separate protein subunits.

Interactions, interaction energies and segmentation

Two atoms were considered in contact if the distances
between their centers were less than the sum of their van
der Waals radii plus 1 A. Two amino acids were
considered in contact if they had at least two heavy
atoms in contact. Interaction energies within a folded
chain and between interacting partners were approxi-
mated by low-resolution statistical amino acid contact
potentials,® also used as the basis of the disorder
prediction algorithm 1UPred.*® The potentials originate
from the work of Thomas and Dill.5* These energy-like
guantities have been summed for all amino acid pairs in
contact, either within a single chain or in the interface
between the two interacting chains.

Part of a binding interface was considered to belong to a
single segment of the parent protein if the respective amino
acids were in contact with the partner and their distances in
the polypeptide chain were not larger than five amino acid
residues.>3° Segmentation was defined as the number of
segments within the interface of a protein in the given
complex.

Evolutionary conservation

For each PDB entry in the database, the complete
sequence of the protein was retrieved using the corre-
sponding SwissProt/Uniprot entry.>? In a few cases, the
disordered part of the complex was composed of multiple
chains and these were treated separately. Residue con-
servation was calculated at the level of the full protein
sequence as described.>®* Homologous sequences were
collected from the Uniref100 sequence database using Psi-

t http://wolf.bms.umist.ac.uk/naccess/

Blast,* with a cut-off value of 10e-30. From these
sequences, a multiple alignment was created by CLUSTAL
W.55 For each position in the alignment, the conservation
score was determined using the formula of Valdar01.%
This method sums all possible pair-wise match scores
between amino acids in an aligned column, weighted by
the combination of the appropriate substitution matrix
score and the sequence weight, which normalizes against
the redundancy of sequences in the alignment. The scoring
scheme penalizes gaps as well as mutations. The original
algorithm was modified so that gaps longer than 50
residues were not taken into account, e.g. domain-sized
deletions were not considered during the calculation of the
conservation scores. The variation of conservation scores
also depends on the number and diversity of the
homologous sequences. To place the various sequence
variations on the same platform, the conservation scores
were transformed into the fractional rank in the alignment.
This artificially stretches the distribution of conservation
scores evenly between 0 and 1. The proteins that did not
have a corresponding match in SwissProt, or the number
of aligned sequences was below 20, were discarded. This
reduced the number of proteins in the datasets to 31 for
disordered and 39 for ordered protein complexes.
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Abstract

Many disordered proteins function via binding to a structured partner and undergo a disorder-to-order transition. The
coupled folding and binding can confer several functional advantages such as the precise control of binding specificity
without increased affinity. Additionally, the inherent flexibility allows the binding site to adopt various conformations and to
bind to multiple partners. These features explain the prevalence of such binding elements in signaling and regulatory
processes. In this work, we report ANCHOR, a method for the prediction of disordered binding regions. ANCHOR relies on
the pairwise energy estimation approach that is the basis of IUPred, a previous general disorder prediction method. In order
to predict disordered binding regions, we seek to identify segments that are in disordered regions, cannot form enough
favorable intrachain interactions to fold on their own, and are likely to gain stabilizing energy by interacting with a globular
protein partner. The performance of ANCHOR was found to be largely independent from the amino acid composition and
adopted secondary structure. Longer binding sites generally were predicted to be segmented, in agreement with available
experimentally characterized examples. Scanning several hundred proteomes showed that the occurrence of disordered
binding sites increased with the complexity of the organisms even compared to disordered regions in general. Furthermore,
the length distribution of binding sites was different from disordered protein regions in general and was dominated by
shorter segments. These results underline the importance of disordered proteins and protein segments in establishing new
binding regions. Due to their specific biophysical properties, disordered binding sites generally carry a robust sequence
signal, and this signal is efficiently captured by our method. Through its generality, ANCHOR opens new ways to study the
essential functional sites of disordered proteins.
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Introduction

The classical point of view on protein function claims that the
functionality of a protein requires the presence of a well-defined
three dimensional structure. However, as the amount of
experimental evidence against the generality of this concept grew,
this paradigm had to be reassessed [1]. It has become evident that
there is a large number of proteins that do not require a stable
structure even under physiological conditions in order to fulfill
their biological role [2-4]. These intrinsically unstructured/
disordered proteins (IUPs/IDPs) lack a well defined tertiary
structure and exhibit a multitude of conformations that dynam-
ically change over time and population. The importance of protein
disorder is underlined by the abundance of partially or fully
disordered proteins encoded in higher eukaryotic genomes [5,6].
Disordered proteins are involved in many important biological
functions [2,7], which complement the functional repertoire of
globular proteins [7]. Recent characterization of 1UPs based on
their functions shows that disorder can help these proteins to fulfill
their functions in various ways [8,9]. In the case of entropic chains,
the biological function is directly mediated by disorder (e.g. MAP2
projection domain [10], titin’s PEVK domain [11], NF-M and
NF-H between neurofilaments [12,13], nucleoporin complex
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[14]). Furthermore, disordered segments often act as flexible
linkers between folded domains in multidomain proteins [2,15].
Alternatively, many disordered proteins function by binding
specifically to other proteins, DNA or RNA. This process, termed
coupled folding and binding involves a transition from disordered
state to a more ordered state with stable secondary and tertiary
structural elements [16,17].

The coupled folding and binding confers several functional
advantages in certain types of molecular interactions. Since — at
least partial — folding happens together with binding, the entropic
penalty counterbalances the enthalpy gain coming from the
binding [18,19]. This way disorder uncouples specificity from
binding strength allowing for weak transient, still specific
interactions that are essential for signaling processes. These
properties enable disordered proteins to play an important role
in molecular recognition including gene regulation, cell cycle
control and other key cellular processes [20-23]. The kinetic and
thermodynamic details of the binding are influenced by confor-
mational preferences present prior to binding [24]. Although
disordered proteins in general lack secondary and tertiary
structure, some exhibit partial secondary structure at closer
inspection. For example, CD analysis indicated that p21 and
p27 possess a-helical segments [19,25,26]. Detailed NMR
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Author Summary

Intrinsically unstructured/disordered proteins (IUPs/IDPs)
do not adopt a stable structure in isolation but exist as a
highly flexible ensemble of conformations. Despite the
lack of a well-defined structure these proteins carry out
important functions. Many IUPs/IDPs function via binding
specifically to other macromolecules that involves a
disorder-to-order transition. The molecular recognition
functions of IUPs/IDPs include regulatory and signaling
interactions where binding to multiple partners and high-
specificity/low-affinity interactions play a crucial role. Due
to their specific functional and structural properties, these
binding regions have distinct properties compared to both
globular proteins and disordered regions in general. Here,
we present a general method to identify disordered
binding regions from the amino acid sequence. Our
method targets the essential feature of these regions:
they behave in a characteristically different manner in
isolation than bound to their partner protein. This
prediction method allows us to compare the binding
properties of short and long binding sites. The evolution-
ary relationship between the amount of disordered
binding regions and general disordered regions in various
organisms was also analyzed. Our results suggest that
disordered binding regions can be recognized even
without taking into account their adopted secondary
structure or their specific binding partner.

characterization of p27 and other proteins showed that several
segments can have a pronounced tendency to adopt a-helical, or
even b strand conformations [9]. Upon binding, these inherent
structural preferences can either be solidified or overwritten by the
partner molecule [27]. Some regions can preserve flexibility even
within the complex, mitigating the unfavorable entropy term [28].
This allows the fine-tuning of the affinity of interactions over a
wide range. As a general rule, however, these interactions are
driven largely enthalpically by the favorable interactions formed
with the partner molecule [18,19,29].

The inherent flexibility of disordered proteins offers further
advantages in binding. It results in a malleable interface that can
allow binding to several partners or to adopt different conforma-
tions, manifested in increased binding capability [8,20]. In
accordance, several analyses of protein interaction networks
revealed that disordered proteins are abundant among hub
proteins, proteins with a large number of interacting partners
[30,31]. In a different scenario, the binding partners of an ordered
protein are disordered, as shown for binding of 14-3-3 proteins,
thus allowing a single protein to bind multiple partners [32].
Beside their involvement in protein-protein interactions, these
proteins are also subjects of various post-translational modifica-
tions that control their functions, localization and turnover [33]. In
this way, these proteins can integrate and mediate multiple signals
of various sources, and act as the central elements in signaling or
regulatory networks. The centrality of these proteins, however, is
also their weakness. It has been suggested that the targeted attack
of hubs can cause serious disruption in protein interaction
networks [34]. Furthermore, disordered proteins are often
associated with various diseases [35]. For example, the primary
importance of p53 originates from its involvement of 50% of
cancers [36]. In general, 79% of human cancer associated proteins
have been classified as IUPs, compared to 47% of all eukaryotic
proteins in SwissProt database [22]. Disordered proteins were also
suggested to be common in diabetes and cardiovascular diseases
[35,37]. Several disordered proteins - such as Ab, t, a synuclein,
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and prion protein - are involved in neurodegenerative diseases and
are also prone to amyloid formation [38-40]. On the other hand,
due to their specific way of interactions, disordered proteins can
also be attractive targets for drug discovery. A novel strategy for
drug discovery exploiting binding sites within disordered regions
has already been suggested [41]. This adds further support to the
importance of finding specific functional sites in proteins that
undergo disorder-to-order transition upon binding or disordered
binding regions in short.

Despite their importance, the number of well characterized
examples of disordered proteins undergoing disorder-to-order
transition is very small. The PDB also offers only a limited sample
of proteins adopting a well defined conformation as part of a
complex. However, recent comparisons of these structures with
complexes formed between ordered proteins pointed out several
differences [42-44]. In general, disordered proteins adopted a
largely extended conformation in the complex exposing the
majority of their residues for interacting with their partner. The
interface of disordered proteins was enriched in hydrophobic
residues compared to the interface of ordered proteins, but also to
disordered regions in general. The higher number of interchain
contacts was suggested to be a sign of better adaptation of
disordered proteins to the surface of their partner. In general, the
regions that become ordered were shorter as compared to globular
domains, usually less than 30-40 residues. While the interface of
globular proteins was most often formed by distant segments of the
amino acid sequence brought together by folding, disordered
binding sites were much more localized in the primary structure.
These features demonstrate that the underlying principles of
molecular recognition of disordered binding regions are different
from the complex formation of globular proteins [43].

Disordered binding sites are also expected to be distinguishable
from general disordered sites that are not directly involved in
binding. A common notion is that protein disorder comes in many
flavors, and these should be targeted by specific prediction
methods [45,46]. However, training specific methods would
require significantly larger datasets than those that are available
today. Nevertheless, existing general protein disorder prediction
methods might already be equipped for this problem. It has been
suggested that specific patterns of disorder prediction profiles can
be associated with regions undergoing disorder-to-order transitions
[47]. Since these regions can be ordered as well as disordered,
there is no clear recipe whether these regions should be predicted
ordered, disordered, or as borderline cases. A recent analysis
compared several methods to recognize short protein-protein
interaction motifs containing a-helical elements in their bound
state, the so-called a-MoRFs [48]. As expected, the various
methods showed large variations in predicted order/disorder
tendency corresponding to binding regions. One of the earliest
prediction method PONDR VL-XT [49-51] was quite consistent
in predicting these regions as ordered within a broader disordered
region, giving them the characteristic appearance of dips in the
prediction output. Based on this specific prediction output, a
method was developed to recognize a-MoRFs from the amino
acid sequence [48,52]. First, regions predicted with dips in the
output of VL-XT were selected and were filtered further by a
neural network using several additional properties. This prediction
method is restricted to recognize short, a-helical binding regions
within disordered proteins.

Here we present a general method to identify specific binding
regions undergoing disorder-to-order transition. Our method
relies on the general disorder prediction method IUPred [53,54].
1UPred is based on the assumption that disordered proteins have a
specific amino acid composition that does not allow the formation
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of a stable well-defined structure. The method utilizes statistical
potentials that can be used to calculate the pairwise interaction
energy from known coordinates. Using a dataset of globular
proteins only, a method was developed to estimate the pairwise
interaction energy of proteins directly from the amino acid sequence.
By virtue of this algorithm, disordered residues can be predicted by
having unfavorable estimated pairwise energies. The estimation of
the energy for each residue is based on its amino acid type, and the
amino acid composition of its sequential neighborhood. Through the
amino acid composition of the sequential environment, lUPred can
take into account that the disorder tendency of residues can be
modulated by their environment [53]. This property of 1UPred is
exploited in order to recognize regions that are most likely to
undergo a disorder-to-order transition based on their estimated
pairwise energies in different contexts. The prediction of binding
sites is based on estimating the energy content in free and in the
bound states, and identifying segments that are potentially sensitive
to these changes. In a previous work, the ability to predict specific
contacts was emphasized in order to recognize disordered regions
that are involved in binding externally rather than internally [46]. In
our model, however, there was no attempt made to model specific
interactions. Instead, the environment is taken into account simply at
the level of amino acid composition. Here we show that this simple
model captures the essential property of disordered binding regions
and allows their robust prediction. We termed our disordered
binding site prediction method ANCHOR, to reflect the primary
importance of short segments driving the complex formation
between a disordered protein and its partner.

Results

The outline of the algorithm

The goal of the present work was to recognize a special class of
disordered segments from the amino acid sequence, namely those
that are capable of undergoing a disorder-to-order transition upon
binding to a globular protein partner. The essential feature of such
binding regions is that they behave in a characteristically different
manner in isolation than bound to their partner protein. In their
free state, they behave as disordered proteins, existing as a highly
flexible structural ensemble. In their bound state they usually
adopt a rigid conformation, similar to regions within globular
structures. This capability to behave in drastically different ways in
different environments is targeted by our approach. We seek to
identify segments in a generally disordered region that cannot
form enough favorable intrachain interactions, however they have
the capability to energetically gain by interacting with a globular
partner protein. Our prediction is based on three properties.

1. The first criterion ensures that a given residue belongs to a long
disordered region, and filters out globular domains.

2. The second criterion corresponds to the isolated state and it
ensures that a residue is not able to form enough favorable
contacts with its own local sequential neighbors to fold, otherwise
it would be prone to adopt a well defined structure on its own.

3. The third criterion tests the feasibility that a given residue can
form enough favorable interactions with globular proteins
upon binding. This basically ensures that there is an energy
gain by interacting with globular regions.

These properties are estimated individually and are combined
into a single predictor via optimized weights.

In more detail, the prediction of these three properties relies on
the energy estimation framework implemented in IUPred, a
general disorder prediction method. The core element of 1UPred
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is the energy predictor matrix P. The parameters in Py were
trained on globular proteins with known structures only, without
relying on any kind of disordered dataset. These parameters were
determined to minimize the difference between the estimated
energies and the energies calculated from the known structures on
the dataset of globular proteins. Using the energy predictor matrix
IUPred predicts the E interaction energy for each residue based on
the following formula in default:

>
Ef~  Pyffowep 81p
j~1

where i denotes the type of the k-th amino acid, P;; is the element of
the energy predictor matrix that estimates the pairwise energy of
residue of type i in the presence of residue type j, fj"éwob is the
fraction of residue type j in the sequential environment within wg
residues from residue k. The size of neighborhood considered (wp)
equals 100 residues in both directions and the result is smoothed
over a window size of 10 (also in both directions from the k-th
residue so in fact 21 residues are considered in total). For the final
prediction output, the energies are transformed into probability
values, denoted as sx. For more details see Dosztanyi et al. [53].

The disordered binding site prediction is based on three
different scores that are calculated with a slight modification of the
original energy estimation scheme. The parameters of P; were
taken directly from IUPred. The following three scores are
assigned to each residue in a protein according to the above
described criteria (1-3):

1, To measure the tendency of the neighborhood of an amino
acid for being disordered we use the IUPred algorithm and assign
an Sy score to the k-th residue of the chain by averaging the
IUPred scores in the w; neighborhood of the residue in question:

1 D
Sk—— Sj 02pb
K=j—Diower

where s; is the IUPred score of the j-th residue of the chain, N is the
number of amino acids in the averaging and biger and by are the
lower and upper boundaries of the neighborhood of the i-th
residue, that is bigwer = max(k2wy;1) and bygeer = min(k+wy;l), where |
is the chain length.

2, We estimate the pairwise interaction energy the given residue
may gain by forming intrachain contacts. This is done the exact
same way as in IUPred using (1), only here the size of the
considered neighborhood (w,) is left as a parameter and is set
during the training of the predictor:

EM™~ Pyffowsb 83p

j—1

The smaller window size corresponds to more local behavior.

3, The pairwise energy that the residue may gain by interacting
with a globular protein is approximated using the average amino
acid composition of globular proteins:

EF— " Py yion, 34p

i—1

where Fglob,j is the fraction of residue type j in the averaged
reference amino acid composition of globular proteins shown in
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Table 1. Reference amino acid composition of globular
proteins.

AA F%

R 3.68

K 6.37

D 492

E 5.43

N 469

Q 3.86

S 8.05

G 8.46

H 2.00

T 6.35

A 7.67

P 4.89

Y 3.86

\ 7.13

M 1.84

C 243

L 822

F 319

| 5.20

w 1.76

Amino acid composition of the reference globular protein dataset comprised of
all the amino acids in the longer chains of the ordered complexes dataset.
Amino acids are sorted by increasing hydrophobicity based on the Fauchere-
Pliska hydrophobicity scale [94]. AA denotes amino acid codes and f denotes
the fraction of the respective amino acid expressed as a percentage.
do0i:10.1371/journal.pchi.1000376.t001

Table 1. By subtracting this energy from Ei"‘t*k one can estimate
the energy that the residue may gain by interacting with a
hypothetical globular protein compared to forming intrachain
contacts (EF™K—ENtk LEID),

The final prediction score of the residue is given by the linear
combination of the above three terms:

l—p1SkZp.E[™* Zps EFMK d5p

where the p;, p> and ps coefficients are determined during the
training of the predictor together with the optimal values of w; and
w, window sizes. |y is then converted into a p value that expresses
the probability of that residue being in a disordered binding site.
For a binary classification residues with scores above 0.5 are
predicted to be in a disordered binding site. Since the second and
third terms of (5) may vary heavily between neighboring residues,
the final score is smoothed in a window of 4 residues.

The optimal values for the three weights (p1, p and ps) and the two
window sizes (w; and w,) are determined using a dataset of disordered
protein complexes and ordered monomeric proteins by three-fold
cross validation (See Methods and Figure S1 for a schematic
representation and outline of this procedure). The small dataset of
known disordered proteins bound to ordered proteins represent a
serious bottleneck during optimization. Therefore, it is a clear
advantage of our approach that it greatly reduces the dependence on
the existing dataset of disordered complexes, and leaves us with only 5
parameters to be optimized on this small dataset.
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The behavior of various scores is shown for an example, the N
terminal domain (residues 1-100) of human p53 tumor supressor
protein that plays an important regulatory role [55]. Its N terminal
region is completely disordered [56] and is known to be able to
bind to (at least) three different globular proteins as shown in
Figure 1. The segment between residues 17-27 binds to MDM2
[57], the other two binding sites overlap with residues 33-56
binding to RPA 70N [58] and residues 45-58 binding to the B
subunit of RNA polymerase 1l [59]. The three calculated
quantities for this domain are also shown in Figure 1. It is worth
noting that the MDM2 binding site in the N-terminal region of
p53 appears to be on the border of being disordered. Although the
disordered prediction is part of ANCHOR, the output of this
prediction (E;y, described in Theory) is linearly combined with two
other quantities meaning that predicted disorder is not strictly a
prerequisite of a successful disordered binding site prediction.

Testing of the algorithm

Testing of the predictor was done by dividing both our negative
and positive datasets (Globular proteins and Short disordered complexes)
into three subsets, training the predictor on two of these and
evaluating it on the remaining third one. This was done in all three
possible combinations yielding three optimal parameter sets. The
parameters calculated on the training sets are shown in Table 2
together with the respective True Positive Rates (TPR) and the
fraction of the amino acids in disordered regions of the Disprot
dataset predicted to be in disordered binding sites (F values). The
optimal parameters were chosen to maximize the amount of
correctly predicted disordered binding sites (TPR) while minimiz-
ing predicted binding sites in globular proteins (FPR) and also
restricting predicted binding sites within disordered regions in
general (F). The fact that the three parameter sets do not differ
significantly implies that our method is robust.

The output of the predictor with all three parameter sets and
the combined final predictor (the average of these three) are shown
for the example of the N terminal region of p53 in Figure 1. A few
additional well characterized examples are shown in the
Supporting Information (Figure S2, Figure S3, Figure S4, Figure
S5, and Figure S6).

The results obtained on the three independent testing subsets as
well as their average are given in Table 3. Since the cutoffs are
given by the training process such that we achieve exactly 5%
False Positive Rate (FPR) on the respective training sets (ie. the
part of the original Globular proteins dataset that was used in the
training of the respective subpredictor), the FPR’s are also quoted
(they can differ slightly from 5%). Besides the overall TPR
calculated on a residue basis (marked TPRa,), we also calculated
the percentage of binding sites identified, termed TPRggg. A
binding site was considered to be found if at least five of its amino
acids are correctly classified. The results show that ANCHOR
performs at 62% TPRaa With a slightly higher TPRggg of 68% on
average, while maintaining a 5% FPR. ANCHOR is also specific
to disordered binding sites as opposed to disorder to general. If all
disordered proteins had approximately equal capability of binding
then the fraction of correctly identified disordered binding sites
(TPR) could not be significantly different from the fraction of
disordered regions predicted to be binding sites (F value). As this is
not the case (TPR=62% vs. F=42%) we can conclude that
common features of known disordered binding sites that
distinguish them from general disordered protein regions are
successfully recognized.

Another standard way of describing prediction algorithms is by
Receiver Operating Characteristic (ROC) curves [60], that is the
TPR versus the FPR of the algorithm. This relationship is mapped
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Figure 1. The construction of the ANCHOR prediction method demonstrated on the N-terminal domain of human p53. Left: I[UPred
prediction score for the full length human p53 (top) and S, Ej, and Eg,n calculated for the disordered N terminal domain of human p53 (middle). Grey
boxes show the three binding sites with the overlap of the RPA70N and RNAPII binding sites shown in dark grey. The outputs of the three individually
optimized predictors are shown in black and their average, the final prediction score is shown in purple (bottom). Right: PDB structures of the binding
sites in the N-terminal region of p53 (yellow) complexed with the respective partners (blue): MDM2 (top, PDB ID: 1ycq [57]), RPA 70N (middle, PDB ID:
2b3g [58]) and RNA PII (bottom, PDB ID: 2gs0 [59]).

doi:10.1371/journal.pcbi.1000376.9g001

by scanning the interval between 0 and 1 with the score cutoff. performance is the area under the curve (AUC) with random
The three ROC curves of the predictor with the three different predictors scoring AUC=0.5 and perfect predictors scoring
parameter sets evaluated on the respective testing sets are shown in AUC=1. The AUC values of the predictors trained and tested
Figure 2. A single number measure to characterize the on the respective subsets are 0.8675, 0.8781 and 0.8993.
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Table 2. Parameter and prediction accuracy values obtained
during the optimization of ANCHOR.

Wi Wz p; Pz Pz F (%) TPR(%) FPR(%)

Training set 1 25 60 0.4630 0.3847 0.7985 460 698 5.0
Training set 2 27 60 0.6075 04149 06773 474 677 5.0
Training set 3 29 90 0.6990 0.4585 05488 434 648 5.0

Optimal parameters of the predictor determined during training. w;, Wy, py, P2
and p3 are the optimized parameters, F is the fraction of the residues in the
disordered regions in the Disprot database that are predicted to be in binding
sites, TRP and FPR are the True- and False Positive Rates, respectively.
doi:10.1371/journal.pchi.1000376.t002

Since the interacting regions of a disordered and an ordered
protein are inherently different we expect that the predictor will
only recognize binding sites in disordered proteins that interact
with globular proteins but are not part of globular proteins
themselves. In order to verify this hypothesis we tested the
combined final predictor on a dataset of complexes containing
only ordered chains (that is three-state complexes — see Methods).
The prediction was done on the short interacting chain of the
complexes. This gave a false positive rate of only 3.7% that is even
lower than the value obtained on our testing set, although this
might be only a consequence of the relatively small size of our
ordered complex set (72 complexes). Overall, we could ensure that
our predictor makes very few mistakes on both globular proteins
and complexes of globular proteins, while it can still recognize the
majority of disordered binding regions. This implies that our
algorithm is specific to disordered binding sites as opposed to
globular proteins, the interface between globular proteins or
disordered proteins in general.

Our predictor was also tested on a completely independent
dataset of a-MoRFs, short disordered complexes that was
assembled by Cheng et al. [48] and composed of 40 proteins
containing binding regions that adopt mostly a-helical structure
upon binding. The results of the prediction on this dataset can be
seen in Table 4. Although the residue based TPR is somewhat
lower than that calculated on our testing set (57.0% instead of
61.8%), the segment based TPR is almost the same for the two sets
(67.5% and 68.3%). Overall these results are comparable to the
ones calculated on our training set.

Amino acid based evaluation of the predictor

The specific construction of the algorithm for the prediction of
interaction energy implies that the method will be sensitive to
amino acid compositions. The differences between the composi-

Table 3. Prediction efficiency of ANCHOR evaluated on the
testing datasets.
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Figure 2. ROC curves obtained during the testing of ANCHOR.
ROC curves of the predictor with parameter sets optimized on each of
the three training subsets and evaluated on the respective testing
subsets are shown with red, green and blue lines. The line with unity
slope corresponding to random prediction is also shown. The vertical
line corresponds to FPR =0.05, where the final predictor (the average of
these three) is used.

doi:10.1371/journal.pcbi.1000376.g002

tion of disordered binding sites and the amino acid composition of
any of the negative sets (globular proteins, ordered interfaces and
disordered proteins in general) are shown in Figure 3A, 3B, and
3C, respectively. The amino acid compositions of all three datasets
are significantly different from that of disordered binding segments
(data not shown).

The final prediction is based on three different scores that
combine local and global disorder tendency with sensitivity to the
structural environment. Although the individual quantities that are
combined for the final score can work selectively better or worse
for various types of residues, the effect of these differences on the
efficiency of the final prediction is not trivial. This effect was tested
by comparing the amount of the different amino acids in the short
disordered binding sites to the amount recovered from these by the
predictor. These data are shown in Table 5 together with the
calculated p values quantifying their differences. As all of the p
values are fairly large, these differences are likely to occur by
chance alone. For example, proline rich binding sites are found

Table 4. Prediction efficiency of ANCHOR evaluated on an
independent dataset (a-MoRFs dataset).

TPR a4 (%) TPRsec (%) FPR (%)
Testing set 1 61.1 62.5 57
Testing set 2 69.5 80.0 44
Testing set 3 54.7 62.5 51
Average 61.8 68.3 51

H E C Total SEG
In dataset 263 8 210 479 40
Found 147 5 121 273 27

Ratio (TPR) 55.9% 62.5% 57.6% 57.0% 67.5%

Results of the testing of ANCHOR on the three testing datasets. TPRaa denotes
the ratio of correctly identified amino acids belonging to binding sites. TPRseg
denotes the ratio of binding sites found by the algorithm.
doi:10.1371/journal.pchi.1000376.t003

@ PLoS Computational Biology | www.ploscompbiol.org

Prediction results for the a-MoRFs dataset. SEG denotes segment based results
where each binding site is considered one segment and one such segment is
considered found if at least five of its amino acids are correctly identified.
doi:10.1371/journal.pcbi.1000376.t004
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Figure 3. The distinct amino acid composition of short disordered binding sites. The average amino acid composition of the interacting
parts of the short disordered binding sites compared to the average amino acid composition of (A) the globular proteins dataset, (B) the disordered
proteins dataset and (C) the interacting parts of the shorter chains of the ordered complexes. Amino acids are arranged according to increasing

hydrophobicity.
doi:10.1371/journal.pcbi.1000376.9g003

Table 5. The independence of the efficiency of ANCHOR from
the amino acid composition of the binding sites.

AA Nine Nround P

R 42 21 0.122

K 47 36 0.362

D 40 27 1.000

E 41 20 0.116

N 14 6 0.252

Q 22 11 0.358

S 46 34 0.497

G 23 14 0.758

H 9 7 1.000

T 31 20 1.000

A 39 85 0.068

P 40 19 0.113

Y 17 11 1.000

\ 29 20 1.000

M 17 16 0.085

C 4 2 1.000

L 69 47 0.857

F 26 19 0.764

| 31 26 0.146

w 6 5 1.000

Nint shows the number of interacting residues in the short disordered binding
sites, Nfouna Shows the amount of these that are correctly found by the
predictor. As there are types of amino acids that are rare, Fisher's exact test was
used to calculate (two-tailed) p values to determine if the predictor works
significantly better or worse for certain amino acid types with high p values
corresponding to no significant difference.
doi:10.1371/journal.pcbi.1000376.t005
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with similar accuracy as binding sites enriched in hydrophobic
amino acids. Therefore, one may conclude that there is no
statistical evidence based on the available dataset that the
efficiency of the predictor depends significantly on the amino
acid composition of the disordered binding site in question.

Secondary structures and the efficiency of ANCHOR

The relationship between the efficiency of the prediction and
the secondary structure types was also assessed, by considering the
three types of secondary structural elements: helix (H, including a-
and 34 helices), extended (E) and coil (C, including everything else)
as defined by DSSP [61]. The number of amino acids in different
conformations that can be found in the PDB structures of our
positive training set (short disordered complexes), in the interacting
residues of these structures and the interacting residues that are
correctly identified by the predictor are shown in Table 6. These
data are represented graphically as distributions in Figure 4. The
secondary structure content in this type of interactions is heavily
biased towards coil conformation. It can also be seen on Figure 4 that
the predictor seems to work slightly better for H and E
conformations. However assessing the difference of the distributions
of secondary structures in interacting residues and in the subset
identified correctly by ANCHOR shows that this difference is not
statistically significant at a 5% level (x? =5.32, p=0.070).

Furthermore, a similar result holds true if binding sites are
categorized based on their dominant secondary structure type -
that is there is no significant correlation between the secondary
structure type the binding regions adopt upon binding and the
efficiency of the predictor. (Dataset S1 shows the secondary
structure types determined for the short disordered chains in the
disordered complexes as described in Protocol S1.) Overall, this
means that there is no significant difference in the efficiency of the
prediction on different secondary structural elements.

Testing on long disordered regions

Since the predictor was trained on the short disordered dataset
it is informative to see how it performs on long disordered binding
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Table 6. Secondary structure distributions in the short
disordered binding site dataset.

Interacting

Total in PDB residues Correctly identified

Fraction
Number (%)

Fraction
Number (%)

Fraction
Number (%)

H 297 357 200 33.6 144 36.7
E 25 3.0 25 42 23 5.9
C 510 61.3 371 62.2 225 57.4
Total 832 596 392

The number and fraction of amino acids in different secondary structures in the
disordered chains of the complexes. The three groups show these data for all
the amino acids in the PDB structures, the ones in interaction and the ones that
are correctly identified as part of binding site by ANCHOR.
doi:10.1371/journal.pcbi.1000376.t006

sites. There is experimental evidence that at least some long
disordered chains are not uniform concerning binding strength but
contain short stretches of strongly interacting residues separated by
segments that interact with the partner only weakly if at all [19]. In
these cases, it is expected that the predictor will be unable to
identify the weakly interacting parts since — though these parts
may also form interchain contacts — they would not be able to bind
to the partner in the absence of their sequential neighbors. The
distribution of predicted binding regions for the short and long
disordered chains in Figure 5A shows a strong preference for
predicting multiple interacting regions for longer chains. This
inevitably yields lower residue based TPR but the segment based
TPR is not expected to drop. Testing the predictor on the long
disordered data confirms this assumption with a decreased residue
based TPR of 47.7% (as opposed to 65.8% obtained on running
the final predictor on the whole set of short disordered complexes)
but with a basically unchanged segment based TPR of 78.6%
(compared to the 76.1% calculated on short disordered complex-

Predicting Disordered Binding Regions in Proteins

es). These data suggest that the method either finds short
disordered binding sites as a whole or completely misses it.
However, this may not be true for long binding regions. Figure 5B
shows the distribution of the fraction of amino acids successfully
identified during prediction in the two types of binding sites. The
effect can clearly be seen as about 59% of short binding regions
are either fully recovered or are completely missed (the sum of the
rightmost and leftmost columns) whereas this ratio is only about
29% for long binding sites.

This type of behavior is illustrated on the disordered human
p27. This protein is involved in controlling eukaryotic cell division
through interactions with cyclin-dependent kinases. Its kinase
inhibitory domain binds both subunits of the CDK2-cyclin A
complex in an extended conformation (PDB ID: 1ljsu [62]). It is
known from kinetic measurements that the binding of p27 is
hierarchical through its three domains: first, the D1 domain
(residues 25-36) binds to cyclinA which anchors the neighboring
LH domain (residues 38-60) that exhibits transient helical
structure in monomer state as well [63]. After the binding of D1
this transient structure is stabilized and positions the rest of the
chain (D2 domain, residues 62-90) in the correct position to bind
to CDK2.

Figure 6 shows the prediction output for p27. Four interacting
regions are identified with the first one (27-37) clearly corre-
sponding to D1. The gap between the first two regions (38-58)
coincides with the weakly interacting LH domain. The last three
regions (59-67, 74—77 and 79-90) cover the strongly interacting
D2. Figure 6 also shows the number of atomic contacts/residue for
p27 (averaged in a window of size 3). This contact number profile
exhibits well pronounced peaks that line up with the regions that
are predicted by our algorithm. The figure also shows the four
predicted regions mapped to the crystal structure of the complex.

Wiskott-Aldrich Syndrome protein (WASp)

The examples discussed so far represent various fragments of
proteins. Here we present an additional case showing the
prediction output for a complete protein sequence.

0.8

0.6 +

0.5

04 -

Fraction of residues

0.3

0.2 +

0.1

H E

In PDB structures
In interacting residues =
0.7 In correctly identified interacting residues

Figure 4. Secondary structure distributions in the short disordered binding site dataset. Fraction of amino acids in different secondary
structures in the disordered chains of the complexes. The three groups denote the fractions calculated on all the residues in the PDB structures, only

the interacting ones and the ones correctly identified by the predictor.
doi:10.1371/journal.pcbi.1000376.9g004
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The human Wiskott-Aldrich Syndrome protein (WASp) is a 502
residue long protein that is expressed in the cells of the
hematopoietic system [64]. Its mutations can be linked to the
Wiskott-Aldrich Syndrome (WAS), a disease characterized by
actin cytoskeleton defects leading to deficiencies in blood clotting
and immune response. The protein is composed of various
functional domains. It contains the WH1 domain near the N
terminus (residues 39-148), the GTPase-binding domain (GBD,
230-310), a polyproline-rich region and a C-terminal verpolin
homology/central region/acidic region (VCA, 430-502) domain
[65] that also contains the WH2 domain (430-447). Apart from
the structured WH1 domain, it is predicted to be largely
disordered and contains several low complexity regions (enriched
in P, G and acidic amino acids). There is experimental evidence
that the activated WASp hubs a number of interactions with
partners including CDC42, RAC, NCK, FYN, SRC kinase FGR,
BTK, ABL, PSTPIP1, WIP, and the p85 subunit of PLC-gamma
as well as the Arp2/3 complex. However, the location of many of
these binding regions is not known. The domain structure of
WASp is shown in Figure 7 together with the known binding
regions.

In its inactive state WASp exists in an autoinhibited form with
the GBD domain bound to the VCA domain. When WASp is
activated, the GBD domain is bound to CDC42 and this
interaction disrupts the GBD-VCA interaction. This initiates a
conformational change where WASp opens up and becomes able
to bind to the Arp2/3 complex leading to its activation and actin
nucleation. Both GBD and VCA regions were shown to be
disordered in their free state [65,66], with GBD adopting a loosely
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packed, compact conformation. However, the structure of both
complexes could be determined using NMR, by covalently linking
GBD to CDC42 or the VCA region, respectively [65,67]. In these
two structures WASp GBD adopts related but distinct folds. The
plasticity that can be seen by comparing these two complexes is
enabled by the absence of discrete tertiary structure in isolation. As
it can be seen on Figure 7, ANCHOR captures these disordered
binding sites correctly.

It is known that WASp is able to bind to SRC Homology 3
(SH3) domains through one of its proline rich regions although
the exact binding site is not known. The interaction with SH3
domains is usually mediated by a short, linear sequence motif
that is present in the interaction partner. In the collection of
Eukaryotic Linear Motifs (ELM) database (http://elm.eu.org/
[68]) there are five different motifs annotated as SH3 recognition
sites. Multiple instances of the following three can be found in
human WASp: LIG_SH3_ 1, LIG_SH3 2 and LIG_SH3_3
represented by the following consensus sequences: [RKY]..P..P,
P..P.[KR] and ...[PV]..P, for interaction with Class I/ClasslI
SH3 domains and those SH3 domains with a non-canonical
Class I recognition specificity, respectively. The found motifs are
clustered in two separate regions mainly falling into the proline-
rich regions of WASp (Figure 7). Although there is no direct
evidence for the location of interaction with SH3 domains on
human WASp, the interaction sites have been identified for
Lasl7 [69], the yeast homologue of this protein. In total, four
distinct regions containing multiple binding sites were identified
experimentally in Las17 that interact with various SH3 domains.
These sites correspond to the proline rich regions in WASp
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Figure 6. ANCHOR prediction for human p27. Top: Number of atomic contacts (green) and prediction output (blue) and for the N-terminal
binding region of human p27. “D1"and “D2” denote the two strongly interacting domains (red boxes) and “LH"” denotes the weakly interacting linker
domain between them (yellow box). Bottom: Crystal structure of human p27 (red and yellow) complexed with CDK2 (magenta) and Cyclin A (blue)
(PDB ID: 1jsu [62]). Red parts denote regions that are predicted to bind by the predictor. These regions correspond to the experimentally verified

strongly binding regions of p27. The figure was generated by PyMOL.
doi:10.1371/journal.pcbi.1000376.g006

(155-194 and 306-427) that also match with several SH3
binding motifs. As linear motifs were shown to have a preference
to reside in disordered regions [70], it is plausible to expect
ANCHOR to be able to recognize the SH3 binding region of
WASDp. In accordance with this, both regions containing putative
SH3 binding sites contain binding sites predicted by ANCHOR.
This prediction can restrict the candidate sequence regions for
SH3 binding and can guide experimental studies to localize true
binding sites.

Complete proteome scans

In order to gain some evolutionary insight concerning
disordered binding sites, the predictor was run on the 736
complete proteomes (53 archaea, 639 bacteria and 44 eukaryota,
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see Dataset S5, Dataset S6, and Dataset S7, respectively) that are
currently available from the SwissProt database (ftp://ftp.expasy.
org/). In agreement of previous analyses [5,6] there is a clear trend
of increasing amount of protein disorder as the complexity of the
organism increases (see Figure 8). However, Figure 8 also shows
that the fraction of disordered amino acids predicted to be in
disordered binding sites increases even compared to fraction of
disordered residues, as the complexity of organisms grows.
Generally, archaea have the least amount of both disorder and
binding sites. On the other hand, eukaryota have generally the
largest ratio of disordered and binding amino acids with bacteria
being between these two groups on average. However there are a
few exceptions to these general trends, marked separately on
Figure 8.
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Figure 7. ANCHOR prediction for human WASp. Red bars mark known interaction sites, green box marks the globular WH1 domain, blue boxes
mark the GBD and VCA domains. Light red boxes indicate the regions with putative SH3 domain interaction sites.

doi:10.1371/journal.pcbi.1000376.9007

Considering archaea, mesophiles generally contain a larger
amount of disorder and a larger fraction of disordered binding
sites than most extremophiles (thermophiles, cryophiles and
acidiphiles). However the group of halophile archaea (archaea

that favor high saline concentration) is a distinct exception with
fraction of disordered amino acids ranging from 0.2 to 0.25 as
opposed to other extremophiles’ values not exceeding 0.07. This
group includes all the halophile archaea in our study, namely
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Figure 8. Fraction of disordered and disordered binding site residues in complete proteomes. The number of amino acids in disordered
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Natronomonas pharaonis, Haloarcula marismortui, Halogquadratum walsbyi
and two types of Halobacterium salinarum. Cenarchaeum symbiosum, the
only example of obligate endosymbiont among archaea also has an
unusually large amount of disordered protein segments in its
proteome (0.12). While Cenarchaeum symbiosum is closely related to
thermophile archaeas, it is adopted to the much lower living
temperature of its host [71]. This adaptation could explain the
relatively large amount protein disorder and disordered binding
sites. In general, these clear differences in the predicted disorder
between various archaea organisms points to different strategies to
adapt to various extreme environmental conditions resulting in
biased amino acid compositions. However, we cannot rule out the
possibility that under such extreme conditions, as high salt
concentration or high temperature, the amount of disorder can
be over- or underpredicted depending how these conditions affect
the presence of protein disorder.

Among bacterial proteomes, there are a few examples of
organisms that seem to utilize a surprisingly large fraction of their
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disordered amino acids in binding. The three most extreme cases
(Carsonella ruddii, Sulcia muelleri and Buchnera aphidicola subsp. Cinara
cedri) are marked separately on Figure 8. These are the three
smallest complete bacterial proteomes, none of them reaching the
size of the smallest archaea proteome. These organisms present
extreme cases of streamlined genomes as a result of endosymbiosis
[72-74]. As these proteomes are very small, the predicted amount
of disorder and disordered binding sites are within the false
positive range, and should be treated more cautiously.

Eukaryotes tend to appear more consistent both in using larger
amount of disordered residues and larger fraction of disordered
residues for binding compared to the other two kingdoms
(Figure 8). The only notable outlier both in terms of extremely
low amount disordered proteins and disordered binding sites is
Encephalitozoon cuniculi. This organism is the only microsporidian
parasite in our dataset and has an extremely small proteome. This
lack of complexity and dependence on a eukaryotic host to
function might explain the lack of disordered proteins.
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The length distributions of the predicted disordered regions and
binding sites in the three kingdoms of life was also analyzed and
are shown in Figure 9A and 9B, respectively. As complexity
increases, longer disordered segments are preferred, and the
difference between eukaryota and lower complexity organisms
becomes even more apparent for longer regions (over 30 residues).
A similar trend can be observed in the length distribution of
disordered binding sites. While in archaea and bacteria predicted
binding regions are generally below 30 residues, longer binding
sites in eukaryota organisms are much more common. There are
at least three different effects that can contribute to this
phenomenon. First, as the number of binding sites rise there is
also an increasing possibility of these binding sites becoming very
close to each other or even overlapping with each other. This
scenario was demonstrated in the case of the N-terminal domain of
p53, as shown in Figure 1. Second, extremely large disordered
binding regions may be needed for special functions. Some
members of the mucin protein family provide an example for this.
Human MUCL1 contains a large repeat region (20-120 repeats,
one repeat being 20 amino acids long) that enables it to aggregate
and to perform its function [75]. As each repeat is correctly
identified as a disordered binding site, the whole repeat region is
predicted as one large binding region. This mechanism can create
binding sites up to the length of several hundreds of residues in
extreme cases. Third, we cannot exclude the possibility that longer
binding sites are not always segmented by weakly interacting
regions like in the case of p27, thus forming long, continuous
binding regions. Nevertheless, the majority of predicted binding
sites is shorter than 30 residues, although such restriction on the
length of disordered binding sites was not enforced.

Discussion

Regions undergoing disorder-to-order transitions upon binding
are essential elements in the molecular recognition process
involving disordered proteins. The main property of these binding
regions is that they can exist in a disordered state as well as in
bound state, adopting at least partially a well-defined conforma-
tion. The presence of these two separate states discriminates them
from monomeric globular proteins as well as from complexes
formed between globular proteins and from disordered proteins in
general. They are also expected to differ from dual personality
fragments [76], which occur within globular proteins, however,
mostly as a result of perturbations of environmental conditions. In
this work we aimed to recognize such disordered binding regions
from the amino acid sequence. So far, the limited number of well
characterized examples hindered the development of general
prediction methods. Nevertheless, biophysical considerations
suggest that in most cases there is a strong signal in the amino
acid sequence highlighting regions involved in coupled folding and
binding. These regions are linear in sequence, unlike in the case of
globular proteins, where distinct sites in the amino acid sequence
are brought together to form the interface for interaction [43]. An
additional difference is that binding of disordered proteins is
driven by a large enthalpic component to compensate for the
entropy penalty due to the loss of conformational freedom [9].
These features result in a relatively short sequence segment
containing residues with a pronounced tendency to make
interactions, leading to a characteristic sequence signal.

Our approach relies on a basic physical model of disordered
binding sites and it is based on modeling the interaction capacity
in the free disordered state and in the bound ordered state.
Previously, it was shown that ordered proteins can be discrimi-
nated from disordered proteins based on estimated pairwise
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energy content and this approach was implemented in IUPred, a
general disorder prediction method [53]. This method takes into
account that disorder/order tendency can be modulated by the
sequential neighborhood simply at the level of amino acid
composition, without attempting to model the specific interactions.
Taking it one step further, the same energy estimation calculations
were used to identify disordered binding regions in proteins. Our
model assumes that the specific properties of disordered binding
sites are dictated by the combination of preferences to bind to an
ordered protein on the one hand, and the ability to remain in a
disordered state in isolation, on the other. Based on this simple
model, ANCHOR achieved approximately 67% accuracy at
predicting 5% false positive rate (Tables 2-4). Furthermore, this
approach was validated by the ability to reproduce the specific
amino acid composition of disordered binding sites, that is distinct
from that of ordered proteins as well as disordered proteins in
general (Table 5).

During binding, the formation of intermolecular contacts is
accompanied by the formation or the stabilization of secondary
structure elements. The secondary structure composition of the
binding sites is highly unequal (Table 6 and Figure 4). The most
dominant secondary structure element adopted in the bound
conformation is coil, while b strand conformation is rare. Helical
conformations are observed as frequently in disordered complexes
as in globular proteins [27]. It was found that the adopted
secondary structure can be predicted from the amino acid
sequence with similar accuracy as in the case of globular proteins,
suggesting that the adopted secondary structure can be imprinted
into the sequence of the binding motif [27]. The secondary
structure observed in the complex can also be dictated by the
template structure. An extreme example of this is the C-terminal
region of p53 (see Supporting Information), observed in all three
secondary structure classes [32]. It is clear that not all of these
conformations can be the result of inherent preferences.
Interestingly, our prediction method does not seem to be sensitive
to the adopted secondary structure conformation and it works with
the same accuracy for all secondary structure conformations
(Table 6 and Figure 4). This independence of secondary structure
elements underlines the generality of ANCHOR. These results
also suggest that disordered binding sites can be recognized
without taking into account of the adopted secondary structure in
the majority of cases. Nevertheless, the details of conformational
preferences can be still crucial in selecting the specific binding
partner, or determining the kinetic and thermodynamic properties
of the associations.

Beside our algorithm, a previously published method called a-
MoRF predictor also exploited a general disorder prediction
method to recognize short binding elements [48,52]. Although the
direct comparison between the two methods was not possible,
because the a-MoRF predictor is not yet publicly available, some
basic differences between the two methods should be noted. First,
the a-MoRF predictor directly relies on the prediction output of
PONDR VXLT, which essentially predicts binding regions as
ordered structural elements, and a subsequent neural network is
applied to filter out valid disordered binding sites. Although very
high accuracies were reported for the performance of the neural
network based filtering, the complete method is limited by finding
dips based on PONDR VLXT [49-51]. Therefore it should be
taken into account that this program is a first generation
prediction method that was trained on only 15 proteins. In the
case of 1UPred, dips corresponding to certain binding sites were
also observed, although to a smaller extent [48,53]. This
observation, however, is not directly exploited in our prediction
method. Instead, the core parameters of the energy prediction of
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IUPred are used to create three separate scores characterizing
three important attributes of disordered binding regions. The
second main difference is that ANCHOR is not restricted to a
single secondary structure class like the a-MoRF predictor that
was trained to recognize only a-helical segments. The example of
the C-terminal region of p53 (Figure S2), where four short
overlapping regions were shown to bind in different conformations
representing all three secondary structure classes, indicates that
such restriction can be a serious disadvantage for recognizing some
extremely adaptable disordered binding motifs.

An alternative approach for binding site identification is based
on the observation that protein-protein interactions are often
mediated through short linear motifs (approximately three to eight
residues) [77]. Such motifs are defined by a consensus pattern,
which captures the key residues involved in function or binding.
Prominent examples include the nuclear receptor box motif,
MDM2 binding sites, SH2/SH3 domain recognition patterns or
14-3-3 domain binding sites [68]. Although there are known
examples of motifs that reside within globular domains, many of
them are required to be in a disordered region to function properly
and it was suggested that such motifs share many similarities with
disordered binding regions [70]. Our preliminary results support
previous observations of the partial overlap between short linear
motifs and disordered binding segments. Nevertheless, short
disordered binding sites and sequence specific linear motifs
capture different aspects of certain binding regions. Linear motifs
are defined on the basis of a per residue binding strength, and they
are specific to a certain partner or to a group of partner molecules.
However, such short linear motifs can also occur purely by chance,
with no biological significance. Also, sequence patterns alone
cannot ensure the accessibility of the site and the potential
flexibility of the binding region that could be necessary for the
complex formation. Complementary to sequence motifs, AN-
CHOR aims to capture a broader structural context. Based on
their specific structural properties, it can recognize disordered
binding regions that are capable of undergoing disorder-to-order
transition. The predictions are made without taking into account
the partner molecules and are expected to be less sensitive to
sequence details. For certain motifs, this molecular environment
can be a prerequisite of functionality and could help to identify
biologically significant binding motifs.

In our work we assumed, that short binding regions undergoing
disorder-to-order transition can be viewed as elementary binding
units that are necessary for the molecular recognition. Therefore,
such examples were used for the optimization of our method. In
accordance with their elementary unit picture, ANCHOR
recognized them generally as a single continuous binding site
(Figure 5). Regions undergoing disorder-to-order transition,
however, are not limited to such short segments as there are
several examples of longer disordered segment becoming ordered
upon complex formation. Such segments can be as long as 100
residues. However, these longer regions can contain segments
which bind only weakly or might not become ordered at all
[63,78,79]. This segmentation of longer binding regions can occur
for structural reasons. The segmentation can prevent the
accumulation of the critical amount of residues that would lead
to the formation a collapsed structure or non-specific aggregates.
The possible functional advantages of the segmented nature of a
binding site were demonstrated for the well characterized example
of p27. The kinase inhibitory domain of p27 can be divided into
several subdomains which dock and fold in a stepwise manner on
the surface of the Cdk2-cyclin A complex [19]. These segments
can also evolve independently, increasing the repertoire for
specificity for different cellular location or species. Intervening
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segments of higher flexibility are accessible for modifications such
as phosphorylations and ubiquitinations. This way p27 can
integrate and process various signals to regulate cell proliferation,
in which the flexibility and modularity of p27 is essential [63]. The
segmented nature of binding is reflected in the prediction output,
with predicted binding sites corresponding to the strongly
interacting regions (Figure 6 for p27, and Figure S4 for a similar
example, calpastatin). In the dataset of longer disordered binding
segments, we found this segmentation to be quite general. In these
cases, the predicted sites generally give only partial coverage of the
PDB structure, and multiple binding sites are predicted in the
majority of cases (Figure 5). This suggests that our prediction
method is likely to find those sites that interact more strongly,
anchoring the disordered segments to their partner protein. While
the segmented nature of binding is prominent in the case of long
binding regions, to a smaller extent, it can also affect shorter
binding regions. Indeed, around 20% of short disordered binding
regions are predicted as 2 or 3 segments (Figure 5). This could also
account for the significantly lower per residue efficiency compared
to the segment based efficiency.

By looking at further individual examples, one can already see
remarkable variations in the details of disorder-to-order transitions
even within the limited collection that is available today. The
adopted conformation in these complexes can be quite different,
both in terms of secondary or tertiary structure. Furthermore, the
transition to an ordered structure might not be complete [28]. This
could leave terminal residues or linker regions flexible and
inaccessible to structure determination. It was also suggested that
specific binding can be possible even without adopting a well-
defined conformation as in the case of the f-chain of T-cell
receptor [80] (see Figure S6). Differences are also present at the
level of the sequence. Some binding regions rely largely on
hydrophobic or aromatic residues (MDM2 binding regions,
Figure 1), others use proline rich regions (WASp SH3 binding
regions, Figure 7). Disordered binding regions can contain
conserved linear motifs, while large divergence in sequence was
noted in other cases (C terminal domain of histones [81]). These
examples represent multiple ways disordered regions can be
utilized for binding. A single protein sequence can contain several
distinct binding regions, however, a single region can be involved
in binding to multiple partners, or use these regions in
combination to hub several interactions (p53 — see Figure 1 and
Figure S2, WASp - see Figure 7). In an alternative scenario,
disorder present in the partner molecules allows to bind a well-
folded protein by a large number of proteins (b-catenin [82],
Figure S3). Even further variations are expected as the number of
examples will grow in the future. Nevertheless, the success of
ANCHOR confirms our hypothesis, that despite these differences
disordered binding regions have a common property that
predispose them for coupled folding and binding.

The occurrence of disordered binding sites is clearly tied to the
presence of disordered protein regions. Their relationship was
further analyzed at the level of complete proteomes. Previous
studies have shown that the amount of predicted disordered
regions increases with the complexity of organisms throughout
evolution and reaches a high level in multicellular organisms [5,6].
This increase can be mostly attributed to the appearance of long,
domain-sized segments of protein disorder or fully disordered
proteins (Figure 9A). Our analysis showed that the amount of
disordered binding segments increases in eukaryotes in a similar
way, however, their fraction is elevated even compared to
disordered regions in general (Figure 8). The observed trend is
valid through a wide range of organisms, and occasional
exceptions occur either due to adaptation to extreme habitat
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conditions, or as a result of endosymbiosis. These findings imply
that the newly introduced disordered proteins and protein
segments mainly serve as a carrier for new binding regions in
eukaryotic organisms. The importance of disordered regions in
protein-protein interactions is also supported by the increased ratio
of disordered proteins among hub proteins [30,31]. Disordered
segments are often involved for complex signaling and regulatory
processes [20] such as cell cycle control, gene regulation or signal
transduction in the intracellular region of transmembrane proteins
[83]. These processes rely on interactions involving multiple
partners and high specificity/low affinity interactions, that
disordered binding segments can provide by their very nature.
The disordered segments can harbor multiple binding sites which
can act relatively independently. In other cases segmented binding
sites can be involved in simultaneous binding to larger complexes.
Overlapping binding sites (such in the case of p53 N and C
terminal regions) suggest competition between binding partners.
We are only beginning to comprehend how disordered binding
regions are exploited to provide versatile interaction sites in
proteins.

In conclusion, disordered binding regions represent a specific
subclass of disordered proteins that can undergo a disorder-to-
order transition upon binding. These binding sites generally have
distinct properties both structurally and functionally. Due to the
inherent flexibility, these regions are difficult to study experimen-
tally [84], making specific prediction methods even more valuable.
While there are several methods available for prediction of
disordered regions [85,86], recognizing disordered binding sites
was regarded as a more challenging problem [9] due to the limited
number of well-characterized examples. In this work we report a
general method to recognize disordered binding sites based on a
basic biophysical model. Our method relies on a simple energy
estimation procedure that was developed earlier for the 1UPred
disorder prediction method. This way, the problem of small
datasets can be largely avoided. We showed that these regions can
be characterized by highly disordered sequential neighborhood,
unfavorable intrachain energies and more favorable interaction
energies with a globular partner. The combination of these
properties allowed the recognition of disordered binding sites
independent of their secondary structure or amino acid compo-
sition, underlining the generality of the method. As such binding
sites are essential functional elements of disordered proteins, their
prediction directly provides information about functionally
important residues in these proteins. In this way, ANCHOR
broadens the repertoire of prediction methods for functional sites
in proteins aiming to decrease the large number of unannotated
sequences [87]. Generally, the complete understanding of protein-
protein interactions involving disordered binding sites requires the
knowledge of their partners as well as possible post-translational
modifications that can influence their binding. While predictions
can be made even without taking the partner molecule into
account, certain cases might require incorporating the specific
feature of the partner. Nevertheless, our method can provide the
starting point for such scientific explorations, by finding potential
regions involved in such binding.

Methods

Databases

The primary source of data for the present analysis is a carefully
assembled dataset of binding regions undergoing disorder-to-order
transition. The strict requirement of the experimental verification
of both the disordered status in isolation and the formation of an
ordered structure in complex distinguishes our dataset from a
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previously collected dataset for disordered binding regions [88].
The length of disordered regions involved in the binding can vary
on a large scale. In the case of longer regions it is not guaranteed
that each residue is equally important for binding, therefore
complexes of short disordered regions were treated separately, and
only these were used for tuning the method.

Short disordered complexes. Complexes from the PDB
[89] were collected by scanning the chains in the PDB entries
against the Disprot database [90]. A complex was accepted if it
consisted of a chain with length between 10 and 30 residues that
was found in the Disprot database as part of an annotated
disordered segment and at least one interacting partner that was at
least 40 residues long. Furthermore, complexes containing
transmembrane proteins, RNA or DNA, chimeras, disulfide
bonds between the disordered and ordered chains or a large
number of unknown residues (marked with an X) were excluded.
A few experimentally verified disordered complexes missing from
Disprot were added to this set [42,43,62,91-93]. A sequence
similarity filter of 50% has also been applied to remove closely
related proteins or protein segments. This procedure yielded a set
of 46 complexes that are listed in Dataset S1.

Long disordered complexes. Complexes containing long
disordered chains were collected in the same fashion as short ones
but with different criteria for the length of the interacting partners.
Here the length of the disordered chains was required to be at least
30 residues and they had to have an interacting partner of 70
residues or more. The resulting set of 28 complexes is listed in
Dataset S2.

a-MoRFs dataset. This dataset originally consisted of 53
complexes [48]. Complexes that were contained in our Short
disordered complexes dataset as well were excluded in order to get
a truly independent set. Three complexes were further removed
from the remainder since one of them is part of the ribosome
subunit S23 and the other two can be found in the PBD with
structures containing only the disordered chain — that is they are
presumably capable of folding on their own. The rationale behind
this exclusion is that our predictor is neither trained to recognize
RNA/DNA-protein interactions nor to identify globular-globular
interfaces. This left 40 complexes in total.

Globular proteins. Globular proteins were collected from
PDB entries that had only one chain of at least 30 residues [53].
Also transmembrane proteins and complexes with RNA/DNA
were filtered out. This dataset contains 553 proteins and is
presented in Dataset S3.

Ordered complexes. This set contains protein complexes
that consist of two partners both of which are ordered. These data
were taken from the literature [43]. The dataset does not include
cases of crystal packing dimers, chimeras and fragments and
consists of 72 complexes (Dataset S4).

Disordered proteins. For the analysis of disordered proteins
and protein segments the 3.7 version of Disprot database was used
(http://www.disprot.org/) [90], considering only annotated
disordered segments of 10 residues or longer.

Parameter optimization

The optimal parameters were determined by a three fold cross-
validation, by dividing both our negative and positive datasets
(Globular proteins and Short disordered complexes, respectively)
into three parts. In each turn we used two parts for training and
the remaining part for testing. To avoid any bias, the different
subsets were chosen such that the distribution of chain lengths in
both the positive and negative sets and the distribution of
secondary structure types in the positive set were approximately
the same. Our approach relies on IUPred, a general disorder
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prediction method, and its energy predictor matrix. These
parameters (ie. the elements of the energy predictor matrix) have
been determined earlier, independently of disordered binding
regions. Only five additional parameters, w,, Wy, p1, p> and ps were
optimized for this specific problem and were selected by a grid search
procedure. Specifically, w; was varied in the range of 20 to 100 in
steps of 10 (giving 9 possible values), w, was varied in the range of 5
to 35 in steps of 2 (giving 16 possible values), and py, p, and ps was
selected from 1000 sets of randomly generated values. Taking into
account that the prediction performance is insensitive to the norm
and the sign of the vector corresponding to the p;, p, and ps values,
the search was restricted to 1000 random sets that were evenly
distributed on the surface of the upper half of the unit sphere. This
means that p; and p, were randomly selected from the interval
[21;1] and ps was selected from the interval [0;1] in a way that the
sum of their squares is always equal to 1. This yielded 1000 different
(p1, p2, p3) combinations. These, combined with all possible values of
w; and w, gave 144,000 different parameter sets in total. These were
considered in order to select the optimal one, containing the five
optimal parameters for each round of the cross-validation.

To quantify the performance of the predictor given a set of
parameters we calculated the True Positive Rate (TPR) at False
Positive Rates (FPR) fixed at 5% calculated on globular proteins as
the negative set. However, a full characterization of the
performance of the algorithm would also require a set of
disordered proteins that are known not to bind to globular
proteins. Unfortunately, such dataset cannot be constructed since
there is hardly any way to give evidence for a protein that it does
not contain binding sites. This problem was addressed by
calculating the fraction of amino acids that are predicted as
binding sites in general disordered regions of Disprot database that
are correctly recognized as disordered by 1UPred. This fraction
was denoted as F. Optimal parameters should combine high TPR
with low F at the expense of very low FPR.

During optimization of the algorithm, the performance on three
different datasets needed to be monitored at the same time (set of
globular proteins, set of disordered binding sites and Disprot). The
best parameter set was chosen manually, by reducing the
parameter set in a step-wise manner based on the following steps:

1, Calculate TPR (at fixed FPR=5%) and F for each of the
144,000 candidate sets of parameters

2, Discard all for which F . 50%

3, Discard all for which TPR , 60%

4, From the remainder choose the 20 for which the difference
between TPR and F is the largest

5, Choose the one for which TPR is maximal (the TPR-F
difference among these 20 sets vary only within a range of less then
0.02 so that is not a good measure to choose the best one)

The negative and positive sets were divided into three parts,
resulting in three different optimal parameter sets. The final
predictor algorithm is constructed by averaging these three
outputs. As the training sets only contained binding regions of at
least 10 amino acids and we aim to identify at least 5 residues of
each region, all predicted binding sites were removed that did not
exceed 5 consecutive residues. A schematic figure of the training
procedure is given in Figure S1.

Availability
ANCHOR s available upon request from the authors.

Supporting Information

Dataset S1 46 complexes of short disordered and long globular
proteins. Column 4 contains the secondary structure type of the
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bound disordered chains based on the structure found in the PDB
record as defined in Data and Methods. Thick lines separate the
three groups used during parameter optimization.
Found at: doi:10.1371/journal.pchi.1000376.5001
DOC)

Dataset S2 28 complexes of long disordered and long globular
proteins. Column 4 contains the secondary structure type of the
bound disordered chains based on the structure found in the PDB
record as defined in Data and Methods.

Found at: doi:10.1371/journal.pchi.1000376.5002
DOC)

Dataset S3 553 monomeric globular proteins that were used as
a negative dataset [2]. Columns correspond to the grouping used
during parameter optimization.

Found at: doi:10.1371/journal.pchi.1000376.5003
DOC)

Dataset S4 72 complexes of ordered proteins [3]. The
interaction is considered between the shortest chains and its
interaction partners.

Found at: doi:10.1371/journal.pcbi.1000376.5004
DOC)

Dataset S5 The 53 complete archaea proteomes available from
SwissProt (ftp://ftp.expasy.org/) used for full proteome scans. The
fraction of total amino acids in disordered regions and the fraction
of disordered amino acids in disordered binding sites are indicated
together for each organism.

Found at: doi:10.1371/journal.pchi.1000376.5005
DOC)

Dataset S6 The 639 complete bacteria proteomes available
from SwissProt (ftp://ftp.expasy.org/) used for full proteome
scans. The fraction of total amino acids in disordered regions and
the fraction of disordered amino acids in disordered binding sites
are indicated together for each organism.

Found at: doi:10.1371/journal.pchi.1000376.5006
DOC)

Dataset S7 The 44 complete eukaryota proteomes available
from SwissProt (ftp://ftp.expasy.org/) used for full proteome
scans. The fraction of total amino acids in disordered regions and
the fraction of disordered amino acids in disordered binding sites
are indicated together for each organism.

Found at: doi:10.1371/journal.pchi.1000376.s007
DOC)

Figure S1 Development of ANCHOR. In the first step, our
Short Disordered Binding Sites dataset and Globular Proteins
dataset (positive and negative datasets) are split up and only 2/3 is
used in the subsequential steps. Then a parameter set (w1, w2, p1,
p2, p3) is selected from the 144,000 random ones. This parameter
set is used to calculate S, Eint and Egain for every position in every
sequence in the three input datasets using the fixed energy
predictor matrix P (see Theory). Based on this calculations the
evaluating measures are calculated: TPR is calculated on Short
Disordered Binding Sites, FPR is calculated on Globular Proteins
and F is calculated on Disordered Proteins. Based on these
measures, the best parameter set out of 144,000 is chosen (see
Data and Methods). Then this parameter set is evaluated on the
remaining one third of the datasets. These results are reported in
Table 3. This procedure is repeated for all three subsets of Short
Disordered Binding Sites and Globular Proteins. The output of the
three optimized predictors are combined into one final predictor
by averaging their output.

Found at: doi:10.1371/journal.pcbi.1000376.s008 (0.05 MB PPT)
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Figure S2 ANCHOR prediction output for the C-terminal
domain of human p53. Prediction for the C-terminal disordered
domain of human p53. The regulatory binding site around
residues 375-390 is able to adopt all three secondary structural
elements upon binding to globular partners [4].

Found at: doi:10.1371/journal.pcbi.1000376.5009 (0.04 MB TIF)

Figure S3 ANCHOR prediction output for Tcf4. Prediction
output for transcription factor Tcf4 (blue) together with the
number of atomic contacts (green) determined in the complexed
form with Beta-catenin (PDB ID: 2gl7 [5]). Beta-catenin is known
to bind several disordered binding regions.

Found at: doi:10.1371/journal.pcbi.1000376.5010 (0.03 MB TIF)

Figure S4 ANCHOR prediction output for human calpastatin.
Prediction output for the I. domain of human calpastatin.
Subdomains A. B and C (grey boxes) are known to bind to
calpain and inhibit it. Subdomains A and C bind via a preformed
alpha-helix. while subdomain B does not exhibit strong structural
preference in solution [6].

Found at: doi:10.1371/journal.pcbi.1000376.5011 (0.04 MB TIF)

Figure S5 ANCHOR prediction output for the KID domain of
CREB. Prediction output for the KID domain of CREB. The
region marked with a grey box interacts with the KIX domain of
CBP via two preformed alpha-helices [7].

Found at: doi:10.1371/journal.pcbi.1000376.5012 (0.03 MB TIF)
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ABSTRACT

The structural states of proteins include ordered
globular domains as well as intrinsically disordered
protein regions that exist as highly exible confor-
mational ensembles in isolation. Various computa-
tional tools have been developed to discriminate or-
dered and disordered segments based on the amino
acid sequence. However, properties of IDRs can also
depend on various conditions, including binding to
globular protein partners or environmental factors,
such as redox potential. These cases provide fur-
ther challenges for the computational characteriza-
tion of disordered segments. In this work we present
IUPred2A, a combined web interface that allows to
generate energy estimation based predictions for or-
dered and disordered residues by IUPred2 and for
disordered binding regions by ANCHOR2. The up-
dated web server retains the robustness of the orig-
inal programs but offers several new features. While
only minor bug xes are implemented for IUPred, the
next version of ANCHOR is signi cantly improved
through a new architecture and parameters opti-
mized on novel datasets. In addition, redox-sensitive
regions can also be highlighted through a novel ex-
perimental feature. The web server offers graphical
and text outputs, a RESTful interface, access to soft-
ware download and extensive help, and can be ac-
cessed at a new location: http://iupred2a.elte.hu.

INTRODUCTION

Intrinsically disordered proteins and protein regions
(IDPs/IDRs) carry out important biological functions
without relying on a single well-de ned conformation,
defying the traditional structure-function paradigm (1).
Such regions are best characterized as ensembles of
highly uctuating conformations in isolation but their

detailed properties are delicately tailored for their speci ¢
function (2). The activities of IDPs can directly emerge
from their exible nature, exhibiting entropic chain func-
tions or serving as linkers between ordered domains.
Disordered proteins can also mediate protein-protein
interactions by recognizing speci ¢ partners and undergo
a disorder-to-order transition by adopting a more struc-
tured conformation. Such disordered binding regions or
MoRFs (molecular recognition features) commonly occur
in modular proteins involved in signaling and regulation
(3,4). The speci ¢ properties of these compact functional
modules, such as their plasticity and exibility, enable their
regulation depending on cellular cues through various
mechanisms including post-translational modi cations
(PTMs) or competitive binding (5). While the majority
of known disordered binding regions lose their exibility
upon interaction (with the exception of fuzzy complexes
(6,7)), an order-to-disorder transition is the key for the
function of another group of proteins. These condition-
ally disordered proteins are folded in isolation but their
functional state requires a local or global unfolding to
a more disordered state. The transition can be induced
by interactions with other macromolecules or changes
in environmental factors, such as pH, temperature or
redox potential (8). One example for such conditional
disorder is presented by Hsp33 from Escherichia coli. This
redox-sensing chaperone becomes active upon oxidative
stress, which induces a transition to a more disordered state
exposing the substrate binding surface of the protein (9).
The growing number of examples of experimentally
veri ed disordered segments are collected into dedicated
databases, such as the DisProt database, which currently
holds 2,167 such disordered regions from 803 proteins
(10). However, these entries only provide a small sample
of IDPs/IDRs that are widespread in all domains of life
but are most prevalent in eukaryotic organisms (11 14).
At this scale, protein disorder can only be studied through
computational approaches. The distinct sequence proper-
ties of IDPs compared to that of globular proteins enable
the discrimination of these two groups at the amino acid se-
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guence level at reasonable accuracies. So far, over 50 pre-
diction methods have been developed using a wide arse-
nal of approaches, including simple amino acid propen-
sity scales, simpli ed biophysical models, machine learn-
ing techniques and meta-servers (15 17). IUPred is one
of the commonly used methods for predicting protein dis-
order and it is based on capturing the basic biophysical
properties of IDPs (18,19). The basic assumption of this
method is that intrinsically disordered proteins have a spe-
ci camino acid composition that does not allow the forma-
tion of enough favorable inter-residue interactions to stabi-
lize awell-de ned structural state (20,21). In IlUPred, the in-
teraction capacity of each residue is captured by an energy
estimation scheme. While there are other methods that can
achieve higher accuracies on particular datasets, 1UPred
still provides robust predictions with a favorable trade-off
between speed and accuracy (22 24). As a result, IUPred is
frequently used in itself or in combination with other tools
to provide information about disorder (25).

The next challenge following the prediction of protein
disorder is the characterization of the functional properties
of IDPs/IDRs. Towards this end, most efforts focused on
predicting regions of disordered proteins that are involved
in protein-protein interactions, although methods that aim
to predict regions binding to DNA and RNA, or to recog-
nize linker regions have also been developed (26,27). The

rst publicly available method developed to recognize dis-
ordered binding regions was ANCHOR (28,29). Similarly
to 1UPred, this method relies on the energy estimation ap-
proach to characterize the disordered tendency and binding
capacity of protein segments. Apart from ANCHOR, ma-
chine learning methods, in particular support vector ma-
chines (SVM) have also been developed for the prediction
of disordered binding regions. MoRFpred and fMoRFpred
utilize SVM models in their predictions incorporating se-
guence conservation data and amino-acid physicochemical
properties, in addition to predictions of intrinsic disorder,
relative solvent accessibility and residue exibility (30,31).
MFSPSSMpred and DISOPRED3 predict MoRFs based
on an SVM with a radial basis function kernel, and using
sequence-derived features and evolutionary pro les as in-
puts (32,33). MoRFchibi also employs SVMs, but uses a
dual architecture to ef ciently discriminate short MoRF re-
gions from their anking regions and to recognize similarity
to already known instances (34).

The precision of the computational identi cation of dis-
ordered binding regions is usually evaluated against pre-
dicting such regions within globular proteins. However,
these prediction methods should also have a discriminatory
power against disordered regions in general. The main chal-
lenge is that currently we do not have a clear idea about the
prevalence of disordered binding regions in proteins in gen-
eral. One well-characterized example, p53 shows a nearly
complete coverage by overlapping binding regions within
its N- and C-terminal disordered segments (35). Other ex-
amples suggest that this could be a common scenario for
many IDPs/IDRs, however, methods are often evaluated
on proteins with a single known disordered binding site. A
further limitation for accurate method development origi-
nates from a limited set of well-characterized examples used
for training and testing. As a result, larger datasets were re-

sorted to PDB complexes formed between short and longer
segments, assuming that the short segments are usually as-
sociated with disorder (30). However, this approach resulted
in noisy datasets without experimental veri cation. In this
regard, a major new development was the launch of the
DIBS database, which collects protein complexes where one
partner was shown experimentally to be both disordered in
isolation and being involved in disorder-to-order transition
(36). This database currently contains 773 entries, provid-
ing a reliable platform for further method development for
recognizing disordered binding regions.

Conditionally disordered regions provide further compu-
tational challenges for the characterization of IDPs (8). An
important category in this class corresponds to redox po-
tential regulated proteins that play important roles in ox-
idant signalling and protein biogenesis events (37). Fasci-
nating examples, such as Hsp33(9), COX17(38) or CP12
(39) indicate that redox sensing can be coupled to disorder-
to-order or order-to-disorder transitions. While the limited
number of such cases currently prevents systematic analy-
ses, we found that the biophysical model of IUPred is al-
ready equipped to highlight redox-sensitive regions in pro-
teins.

Recently, we have relocated our web-server IUPred to a
new location (25). This gave us access to further improve-
ments. Here, we describe the lUPred2A web server, which
provides a combined interface to collect predictions for dis-
ordered regions via an improved version of 1UPred, disor-
dered binding segments via a new version of ANCHOR,
and can highlight redox-sensitive regions in proteins based
on the energy estimation method. These predictions can be
accessed through an HTML server, a RESTful web server
and as a downloadable software.

METHODS
IUPred2

IUPred uses an energy estimation method at its core. This
approach utilizes a low-resolution statistical potential to
characterize the tendencies of amino acid pairs to form con-
tacts, observed in a collection of globular protein structures
(40). When the structure is known, the statistical poten-
tial allows the calculation of the energy for each residue
based on its interactions with other contacting residues in
the structure. The sum of these residue-level energy terms
can be used to quantify the total stabilizing energy contri-
bution of intrachain interactions in a given protein struc-
ture. To open up a way to estimate these energies directly
from the amino acid sequence without a known structure,
a novel method was developed (18). In this model, the en-
ergy of each residue in the amino acid sequence is estimated
based on the following formula:
&= =12Rc;k,

where g;* is the energy of the residue in position k of type i,
Pj is the ijth element of the energy predictor matrix, and ¢;
is the jth element of amino acid composition vector, speci-
fying the ratio of amino acid type j in the sequence neigh-
bourhood of position k. P is a 20 20 energy predictor
matrix that connects the amino acid composition vector to
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the energy of the given residue. Its parameters were opti-
mized on a set of globular proteins to minimize the differ-
ence between the energy calculated from the known struc-
tures using the statistical potential and the energy estimated
from the amino acid sequence. Based on the energy esti-
mation, residues that have favorable energies are predicted
as ordered and residues with unfavorable energies are pre-
dicted disordered. The energies calculated for each residue
in the amino acid sequence are smoothed with the window
size (W°) and are transformed into a score between 0 and 1,
so they can be interpreted as quasi-probabilities of a given
residue being disordered.

The resulting method, 1UPred (19) is able to recognize
regions of proteins that are not compatible with ordered
regions based on their inability to form enough favorable
intrachain interactions. As the method relies on a low-
resolution biophysical model of protein folding, its param-
eters are easily interpretable. Furthermore, calculations in-
volve only simple arithmetics and as a result 1UPred not
only makes reliable and highly robust predictions, but is cur-
rently one of the fastest available disorder prediction algo-
rithms, making it especially suited for large-scale studies.

In the current version, 1UPred2, the force eld and the
architecture of the method were left unchanged. However,
integration into several resources, such as MobiDBlite (41),
MobiDB 3.0 (42) and InterPro (43) made it necessary to
implement several minor bug- xes. IUPred2 was tested on
both the original testing sets of disordered and globular
structures (18), and the newest version of DisProt (10) as a
positive testing set, and a custom-built negative testing set
of single domain ordered proteins with known structures
(see Supplementary material). The ef ciencies of 1UPred?2
and the original IUPred are consistent with earlier indepen-
dent testing results (22,24), and are virtually the same. This
is evidenced by the high similarities between the two receiver
operating characteristic (ROC) curves of the two algorithms
on both pairs of testing datasets (see Supplementary mate-
rial for the ROC curves), with the areas under the curves
being nearly identical (AUC = 0.855 and 0.856 for lUPred2
and IUPred on the new testing sets, and AUC = 0.924 and
0.926 on the original testing sets). From a practical point of
view, these ef ciencies correspond to true positive rates of
59.6% and 68.72% when using IUPred2 with 5% and 10%
false positive rates, respectively, on the new testing sets.

ANCHOR2

Similarly to lUPred, ANCHOR also utilizes the energy esti-
mation approach, for the identi cation of disordered bind-
ing sites. Besides the general disorder tendency, two addi-
tional terms were also incorporated into the method that
estimate the energy associated with interaction with a glob-
ular protein and with the local disordered sequence envi-
ronment (28). These tendencies were combined using a lin-
ear combination and were transformed to yield a normal-
ized score between 0 and 1 representing the probability of
a given residue being part of a disordered binding region.
In the presented IUPred2A server, ANCHOR was substan-
tially reworked to give better predictions.

Nucleic Acids Research, 2018, \ol. 46, \Web Server issue W331

Concept and architecture of ANCHOR2. Retaining the
original idea behind ANCHOR, the new ANCHOR2 meth-
ods also employs a simple biophysics-based model to
describe disordered binding regions. In this framework,
residues belonging to disordered binding sites have to ful-

Il two distinct criteria: (i) they have to be able to form
favourable interactions with the binding surface of an or-
dered protein and (ii) they should be embedded in a gen-
erally disordered sequence environment. These two criteria
are formulized as follows:

S = (Egaink(W1)  Egain,0)(Ik(W2) o),

where Sy is the score assigned to residue K; Egain k(W1) =
Eloc k(W1)  Eintk is the energy the residue gains by mak-
ing interactions with an averaged ordered interacting sur-
face (represented by the composition vector Ejy) instead of
its own sequential environment (represented by the compo-
sition vector Ejqc k(w1), calculated in a wy half-window se-
guential neighborhood of residue k); I (w,) is the averaged
IUPred score in the w, half-window sequential neighbor-
hood of residue k; Egaino and g are parameters that deter-
mine the minimum energy gain and minimum average dis-
order tendency a residue has to possess in order to become
a disordered binding site. The sign of Egain is chosen in a
way that high positive values mark true binding residues (as
usually expected from prediction methods), which is differ-
ent from the standard choice for true free energy. Keeping
this in mind, the architecture of ANCHOR?2 has a clear bio-
physical meaning and contains only four parameters (wy,
W2, Egaing and lp) that need to be optimized during train-
ing.

Training and benchmarking. ANCHOR?2 was trained and
tested using the disordered binding regions in the DIBS
database (36) Itered for 30% sequence identity as the
positive set, using only short binding regions below 30
residues yielding a total of 374 protein regions. Four dis-
tinctively different datasets were used as negative (see Sup-
plementary material). The rst negative dataset (ordered
monomers) comprises sequence regions (also Itered for
30% sequence identity) that encode single structural do-
mains with determined monomeric structures in the PDB
(4,549 protein regions). The second dataset contains 389
exible linker regions, used previously in the assessment
of DISOPRED3(33). These two datasets can be consid-
ered as veri ed in a sense that they are unlikely to contain
currently unknown disordered binding regions. The third
dataset (decoy sequences) were collected as 15,000 protein
segments taken randomly from the human proteome, ex-
cluding extracellular proteins, transmembrane regions and
known structural Pfam domains to increase the expected ra-
tio of disordered regions. The fourth negative dataset con-
tains 1,042 known disordered protein regions from the Dis-
Prot database (10) that do not overlap with entries in DIBS.
These two datasets cannot be assumed to be devoid of
currently unknown disordered binding regions (unveri ed
datasets). However, for parameter optimization and testing,
the positive dataset, the ordered monomer set and the de-
coy set were split, and two thirds of all three were used in
training and the remaining one third was used in testing.
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During training the four adjustable parameters wy, wo,
Egaino and I were tuned to their optimal values. The Egain
term of the score basically describes the distinction between
disordered binding regions and other sequence regions in
general (non-binding disordered segments in particular). In
accord, w; was set to achieve the highest information gain
(similarly to the protocol employed in (44)) calculated in
the separation of the positive and decoy training sets (see
Supplementary material). While the decoy set can in theory
contain any number of disordered binding regions, due to
the random assignment we expect their numbers to be fairly
low. In contrast to the energy gain term, the I term of the
score primarily describes the separation between disordered
binding regions and ordered proteins. Thus, w, was set to
achieve the highest information gain in the distinction be-
tween the positive and the ordered monomer training sets
(see Supplementary material). Asa nal step, Egaino and lo
were also set to best discriminate the elements of the posi-
tive and the two negative training sets.

Testing of ANCHOR2 was done by calculating residue-
based ROC curves evaluating the ability of the method to
separate the testing positive dataset from any of the four
negative testing datasets. To better gain insights into the
strengths and weaknesses of ANCHOR?2, three other meth-
ods capable of predicting disordered binding regions: the
original ANCHOR, DISOPRED3 and MoRFchibi, were
also evaluated on the same datasets. The obtained ROC
curves for all four negative testing sets are shown in Fig-
ure 1, while the calculated AUC values for all methods for
all datasets are shown in Table 1. The obtained ef ciencies
of the four methods outline the clear differences between
their applicability. Both DISOPRED3 and MoRFchibi are
machine learning based methods and were trained to have
very low false positive prediction rates in both ordered and
disordered protein regions. However, this comes at the ex-
pense of recognizing disordered binding regions that are
not similar to currently known ones. ANCHOR and AN-
CHORZ2 on the other hand incorporate a direct description
of protein disorder in their predictions and thus excel at giv-
ing an extremely low false positive rate on ordered protein
regions. They are also remarkable at distinguishing exi-
ble linkers, but predict a higher ratio of disordered binding
sites in generic disordered protein datasets, such as DisProt.
While this may involve over-prediction, it is worth noting
that the exact number of true disordered binding regions in
DisProt sequences are not known and thus it is hard to de-
termine the optimal behaviour of disorder binding site pre-
dictions on these data.

As a nal step, the prediction score of ANCHOR was
normalized to fall between 0 and 1 in such a way that the
ratio of binding residues stayed below 50% even in the Dis-
Prot database, where it was the highest among the nega-
tive datasets. Using this threshold, the ratio of residues pre-
dicted to be binding in the positive and negative datasets is
shown in Table 2. While this reduces the apparent ef ciency
of ANCHOR? as compared to the scaling used in the origi-
nal ANCHOR (the 0.5 cutoff corresponded to 5% false pos-
itive prediction on ordered protein segments), ANCHOR?2
is still able to correctly predict nearly 64% of residues in
known binding regions (true positive rate), with over 72%

of known binding regions harboring at least one correctly
predicted residue (segment-level true positive rate).

Redox-state dependent prediction of protein disorder

In another group of conditionally disordered proteins,
changes of the oxidation status are coupled to disorder-
to-order or order-to-disorder transitions (37). One exam-
ple for this behaviour is provided by the human small cop-
per chaperone Cox17. This protein can be viewed as a pro-
totype for proteins that are synthesized on cytosolic ribo-
somes and diffuse as intrinsically disordered proteins to the
mitochondrial intermembrane space, where they become
oxidized and fold into their functional conformations (38).
The activity of Hsp33 also depends on oxidative condi-
tions, however, for this protein the functional state is disor-
dered. Under non-stress conditions, Hsp33 is a compactly
folded zinc-binding protein with negligible activity. Oxida-
tive stress causes the formation of two intramolecular disul-

de bonds and the release of Zn?* ions. This leads to the un-
folding of the zinc-binding domain, exposing the substrate
binding surface of the chaperone that is necessary for its ac-
tivity (45).

The key sensors built into these redox-regulated proteins
are cysteine residues which can undergo reversible thiol ox-
idation in response to the oxidation status of the molecular
environment. Under reducing conditions cysteine residues
can behave as polar amino acids, most similar to serine,
without contributing much to protein stability. However,
they can also play essential roles in stabilizing the folded
conformation by coordinating Zn%* ions under reducing
conditions, or by forming disul de bonds that are com-
monly used by extracellular proteins that experience oxida-
tive conditions (46). In our energy estimation scheme, the
strong stabilizing feature of cysteine residues can be ade-
quately captured, with the most extreme energy terms cor-
responding to interactions mediated by cysteine residues.
In order to capture the other end of the spectrum, cys-
teine residues can be changed to serine in the amino acid
sequence. Thus, we generate two disorder prediction pro-

les, one corresponding to the state that is achieved through
cysteine stabilization (redox-plus) and one without cysteine
stabilization (redox-minus), modeled by a cysteine/serine
swap. In many cases the two pro les would not differ signif-
icantly. However, our assumption is that in the case of con-
ditionally disordered redox proteins the two pro les would
be separated and would highlight redox-sensitive regions
based on their different disorder tendencies. These regions
are de ned when the redox-minus line predicts disorder for
a minimal region of 10 residues, while no disorder is pre-
dicted for the same region by the redox-plus pro le. This
core region is then extended in both directions to the point
where the separation in the disorder score between the two
lines falls below 0.15. Thus identi ed redox-sensitive re-
gions are merged if their sequence separation is less than
10 residues (for details see Supplementary material). While
this feature of IlUPred2A cannot be tested rigorously, exam-
ples provided in later sections and on the server help pages
indicate that the prediction of redox-sensitive regions can
be used to explore this phenomenon at the large-scale. Our
preliminary data suggests that redox sensitive regions can be
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Figure 1. ROC curves of four methods predicting disordered binding regions/MoRFs on the four different negative testing datasets. The upper row shows
testing on veri ed negative data containing virtually no disordered binding regions. Negative sets of the bottom row might contain an unknown number
of disordered binding regions, albeit with a signi cantly lower frequency compared to the positive set.

Table 1. Area under the curve (AUC) values calculated from the ROC curves in Figure 1

Methods
ANCHOR?2 ANCHOR DISOPRED3 MoRFchibi
Datasets ordered monomers 0.901 0.835 0.627 0.561
linkers 0.870 0.859 0.612 0.581
decoy 0.865 0.840 0.536 0.595
DisProt 0.590 0.610 0.522 0.588

AUC values can range from 0.5 for random predictions to 1 for perfect predictions. The highest AUC values for each negative dataset are highlighted in
bold.

Table 2. Prediction rates of ANCHOR?2 on training and testing datasets

Fraction of residues predicted to be disordered

Dataset name Dataset type binding regions by ANCHOR?2
DIBS training Veri ed positive 57.31% (66.40% at segment level)
DIBS testing 63.83% (72.58% at segment level)
Ordered monomers training Veri ed negative 2.38%

Ordered monomers testing 2.44%

Linker regions Veri ed negative 6.03%

Decoy training Putative negative 10.69%

Decoy testing 11.55%

DisProt Putative negative 50%

Datasets were evaluated using 0.5 cutoff to discriminate between disordered binding regions and non-binding residues.
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quite common in the human proteome: the few experimen-
tally characterized examples indicate that how this redox
sensitivity is used in biological context can be more complex
and can be fully understood only based on further experi-
ments.

SERVER DESCRIPTION
Input

To ease the transition of users of the original lUPred server,
the user interface of lUPred2A inherits a lot from its prede-
cessor, enabling fast and straightforward usage. The main
page features entry boxes, which accept a FASTA for-
matted or plain protein sequence, or any valid UniProt
accession/ID. The sequences of corresponding UniProt en-
tries are accessed through an SQL database containing in-
formation about the speci ed input, or extract the informa-
tion directly from UniProt, in case of an SQL database fail-
ure. In addition, a multi-FASTA formatted le with a max-
imum size of 200 megabytes can also be uploaded. The new
web-server also incorporates RESTful services using cus-
tom links for searches. For IUPred2 predictions, three types
of predictions can be chosen depending on the type of struc-
tural regions the user wants to analyse: short stretches of
disorder (such as exible loops or linkers), long disordered
regions (such as disordered domains), or structured do-
mains. These options are directly inherited from the previ-
ous IUPred implementation (19,25). In addition, IUPred2A
features optional context dependent prediction options, us-
ing either ANCHOR? for the identi cation of disordered
binding sites, or the redox-sensitive feature to uncover redox
potential dependent disorder. Once the proper inputs are

lled, the server calculates the results on a Django 2.0 based
back-end. Each prediction is calculated on-the- y server
side, utilizing the latest MPI technology for maximum ef-

ciency. To ease the load on the server, multi-FASTA up-
loads are treated separately and are queued until the server
has enough free capacity.

Output

The latest version of Bokeh (0.12.14) is responsible for the
visualization of the results that is directly integrated into
the Django framework. The graphical output presents the
requested predictions. By default, it contains disorder pre-
dictions from IUPred2 and binding site predictions from
ANCHOR?2, but the individual predictions can be turned
on and off on the plot. Alternatively, the redox-sensitive
regions are highlighted. Integration with the UniProt re-
source enables the display of various additional informa-
tion about the requested protein (when available), such as
PFAM annotations (47), low-throughput post-translational
modi cations (including phosphorylation, methylation and
acetylation sites) from PhosphoSitePlus (48), related struc-
tures from the PDB (49) and experimentally veri ed disor-
dered regions from three different databases: generic disor-
der from DisProt (10) and disordered binding regions from
DIBS (36) and MFIB (50). Besides the visual output, both
text based and JSON formatted outputs are downloadable
for each prediction. Despite the intensive use of cutting-

edge web technologies, lUPred2A supports all HTML5 and
WebP compatible browsers.

Supporting features

To further enhance the usability of IUPred2A, the site fea-
tures the description of the method, together with various
examples that highlight its functionality and aid the correct
interpretation of the results. Furthermore, lUPred2A also
supports the local use of IUPred2 and ANCHORZ2, as both
methods are available for download as Python3 codes.

EXAMPLES

ANCHOR?2 can correctly recognize many disordered bind-
ing regions that machine learning methods are likely to
overlook due to their very conservative estimates of the oc-
currence of these functional modules. This is demonstrated
through the example of the oncogenic Human adenovirus
C early E1A protein (Figure 2). E1A is a largely disordered
protein (51), which is essential for forcing the host cell into
S phase via modulation of the Rb1/E2F1 pathway (52) and
the inhibition of apoptosis via modulation of p53 degra-
dation (53). These host-pathogen interactions are mediated
by several binding events. Rb1l and CBP are targeted by
two N-terminal tandem binding sites with determined com-
plex structures deposited in the PDB. These known disor-
dered binding regions are identi ed by ANCHOR?2 as two
distinct neighbouring peaks in the output score. While no
other E1A-human protein complexes are currently known
in structural detail, E1A harbors two additional known mo-
tifs capable of forming host-speci c interactions. Both mo-
tifs, together with the putative binding site for the deubig-
uitinase UBE2I are correctly recognized by ANCHOR?2 as
a separate peak in the prediction score. A distinct peak C-
terminal of the structured zinc- nger has no known binding
partners; however it entails a serine residue that was shown
to be phosphorylated by host kinases (54), hinting at an
additional important binding region with currently limited
characterization.

In the case of disordered binding regions, the transition
between the disordered and the folded state is induced by
the presence of a protein partner. However, in certain cases
both the structural state and molecular interactions can be
in uenced by redox potential. A prime example of such be-
haviour is presented by the endothelial nitric oxide synthase
(NOS3). Dimerization of this protein is essential for its oxi-
doreductase activity. The dimer interface is formed through
a Zn%*-cysteine complex, where Cys94 and Cys99 from each
subunit coordinate the Zn?*. These cysteines appeared sus-
ceptible to redox modi cations which promote a disul de
bond formation within each monomer and subsequent re-
lease of Zn?*. This results in the disruption of the dimer
and a transition to the monomeric state, parallelled by the
disruption of the enzyme activity (46,55). Figure 3 shows
the prediction for NOS3 generated using the experimen-
tal redox-state option of 1UPred2, correctly capturing the
redox-sensitive region involved in this structural transition.
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Figure 2. The output of IUPred2 and ANCHOR?2 for the oncogenic Human adenovirus C early E1A protein. Top: I[UPred2 and ANCHORZ2 scores are
shown in red and blue. Bottom: schematic architecture of E1A. Disordered binding regions with known complex structure are shown in deep red boxes.
Light red boxes correspond to known linear motifs. Grey box marks the region suf cient for interaction with UBE2I.

Figure 3. The output of the redox-state dependent IUPred2 predictor for the N-terminal region of NOS3. Top: the coordination of Z#* by cysteines
94 and 99 from both chains in the dimeric NOS3 structure. Bottom: the output of IUPred2 using the redox state modeling option, where the estimated
sensitivity of the disorder tendency is marked in purple. The plot is zoomed into the N-terminal region that can be seen in the dimeric complex (PDB:
3NOS).

CONCLUSION method ANCHOR. While IUPred2 features only slight
improvements over its predecessor, ANCHOR2 was com-
pletely re-trained and re-tested built on a new architecture,
bringing a signi cant improvement over the original ver-
sion. In addition, [UPred2A also incorporates a new exper-
imental feature that targets the identi cation of protein re-
gions capable of redox-state dependent transition between

The current paper presents the new IUPred2A server that
serves as a uni ed platform for both generic and context-
dependent prediction of protein disorder. [IUPred2A com-
bines and supersedes our general disorder prediction
method IUPred and disordered binding region prediction
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