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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 fields 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 defines.
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-defined 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 sufficient stabilizing
interactions to form. By limiting the calculation to a predefined sequential
neighborhood, the algorithm was turned into a position-specific 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, DISOPRED2 and GlobPlot on a database of disordered proteins.
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Introduction

Intrinsically unstructured/disordered proteins/
domains (IUPs), such as p21,1 the N-terminal
domain of p532 or the transactivator domain of
CREB,3 exist in a largely disordered structural state,
yet they carry out basic cellular functions.4–7 Their
existence defies the classical structure–function
paradigm, founded on the tenet that a well-defined
3D structure is the prerequisite of protein function.
The importance of protein disorder, nevertheless,
is underlined by its prevalence in various
proteomes8,9 and by its correlation with basic
lsevier Ltd. All rights reserve

ured/disordered

ing author:
functional modes, such as signal transduction and
transcriptional regulation.9,10

The identification of IUPs thus far proceeded by
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 definition(s) of struc-
tural disorder. All these result in false positive and
false negative classifications, 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
d.
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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,11 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 classified
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 disorder5,9 reflect these uncertainties.

The basis of predicting protein disorder is the
difference in sequence characteristics between
folded and disordered proteins. Typically, IUPs
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.12

Other results indicate, however, that there are
differences in sequence properties among different
types of disordered proteins.13 Various factors have
been suggested to be important in terms of protein
disorder, including flexibility, aromatic content,14

secondary structure preferences15 and various
scales associated with hydrophobicity.14,16 Beside
low mean hydrophobicity, high net charge was also
suggested to contribute to disorder.17 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,5 which implies that globular
proteins have specific sequences with the potential
to form a sufficiently 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 fields, or statistical
potentials, energy-like quantities derived from
globular proteins based on the observed amino
acid pairing frequencies.18,19 In deriving the actual
potentials, different principles have been
applied.18,20–23 The resulting empirical energy
functions are well suited to assess the quality of
structural models24 and have been used for fold
recognition or threading,25,26 but also in docking,27

ab initio folding,28 or predicting protein stability.29

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 predefined sequential neighbor-
hood of a particular amino acid in a sequence, this
approach can be turned into a position-specific
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 confirmatory 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 specified by a 20 by 20
interaction matrix, M (see Table 1). The pairwise
energy content can be written as:

EZ
X20

ijZ1

MijCij

where Mij is the interaction energy between amino
acid types i and j, and Cij 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 protein’s 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 Ni denote the number of amino acid residues
of type i in the sequence and niZNi/L its frequency.
The energy per amino acid is approximated by:

Eestimated

L
Z

X20

ij

niPijnj

where P is the energy predictor matrix, which tells



Table 1. M matrix

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

A K0.20 K0.44 0.16 0.26 K0.46 K0.26 0.50 K0.57 0.10 K0.36 K0.22 0.07 0.14 0.01 0.20 K0.09 K0.05 K0.42 0.05 K0.50
C K0.44 K2.99 0.21 0.19 K0.88 K0.34 K1.11 K0.36 K0.09 K0.53 K0.43 K0.52 K0.14 K0.43 K0.24 0.13 K0.22 K0.62 0.24 K0.79
D 0.16 0.21 0.17 0.55 0.38 0.35 K0.23 0.44 K0.39 0.28 0.35 K0.02 1.03 0.49 K0.37 0.19 K0.12 0.69 0.04 0.43
E 0.26 0.19 0.55 0.60 0.55 0.65 0.18 0.37 K0.47 0.33 0.29 0.01 0.69 0.04 K0.52 0.18 0.37 0.39 0.03 0.17
F K0.46 K0.88 0.38 0.55 K0.94 0.17 K0.40 K0.88 0.01 K1.08 K0.78 0.22 0.20 0.26 K0.19 K0.22 0.02 K1.15 K0.60 K0.88
G K0.26 K0.34 0.35 0.65 0.17 K0.12 0.18 0.24 0.19 0.24 0.02 K0.04 0.60 0.46 0.50 0.28 0.28 0.27 0.51 K0.35
H 0.50 K1.11 K0.23 0.18 K0.40 0.18 0.42 K0.00 0.79 K0.24 K0.07 0.20 0.25 0.69 0.24 0.21 0.11 0.16 K0.85 K0.26
I K0.57 K0.36 0.44 0.37 K0.88 0.24 K0.00 K1.16 0.15 K1.25 K0.58 K0.09 0.36 K0.08 0.14 0.32 K0.27 K1.06 K0.68 K0.85
K 0.10 K0.09 K0.39 K0.47 0.01 0.19 0.79 0.15 0.42 0.13 0.48 0.26 0.50 0.15 0.53 0.10 K0.19 0.10 0.10 0.04
L K0.36 K0.53 0.28 0.33 K1.08 0.24 K0.24 K1.25 0.13 K1.10 K0.50 0.21 0.42 K0.01 K0.07 0.17 0.07 K0.97 K0.95 K0.63
M K0.22 K0.43 0.35 0.29 K0.78 0.02 K0.07 K0.58 0.48 K0.50 K0.74 0.32 0.01 0.26 0.15 0.48 0.16 K0.73 K0.56 K1.02
N 0.07 K0.52 K0.02 0.01 0.22 K0.04 0.20 K0.09 0.26 0.21 0.32 0.14 0.27 0.37 0.13 0.15 0.10 0.40 K0.12 0.32
P 0.14 K0.14 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 K0.02 K0.37 K0.12
Q 0.01 K0.43 0.49 0.04 0.26 0.46 0.69 K0.08 0.15 K0.01 0.26 0.37 1.02 K0.12 0.24 0.29 0.04 K0.11 0.18 0.11
R 0.20 K0.24 K0.37 K0.52 K0.19 0.50 0.24 0.14 0.53 K0.07 0.15 0.13 0.47 0.24 0.17 0.27 0.45 0.01 K0.73 0.01
S K0.09 0.13 0.19 0.18 K0.22 0.28 0.21 0.32 0.10 0.17 0.48 0.15 0.54 0.29 0.27 K0.06 0.08 0.12 K0.22 K0.14
T K0.05 K0.22 K0.12 0.37 0.02 0.28 0.11 K0.27 K0.19 0.07 0.16 0.10 0.88 0.04 0.45 0.08 K0.03 K0.01 0.11 K0.32
V K0.42 K0.62 0.69 0.39 K1.15 0.27 0.16 K1.06 0.10 K0.97 K0.73 0.40 K0.02 K0.11 0.01 0.12 K0.01 K0.89 K0.56 K0.71
W 0.05 0.24 0.04 0.03 K0.60 0.51 K0.85 K0.68 0.10 K0.95 K0.56 K0.12 K0.37 0.18 K0.73 K0.22 0.11 K0.56 K0.05 K1.41
Y K0.50 K0.79 0.43 0.17 K0.88 K0.35 K0.26 K0.85 0.04 K0.63 K1.02 0.32 K0.12 0.11 0.01 K0.14 K0.32 K0.71 K1.41 K0.76

Contact potential derived from 785 proteins using the approach of Thomas & Dill.20
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how the energy of amino acid i depends on the jth
element of the amino acid composition vector. The
parameters Pij, applicable for all proteins, are
determined by least-squares fitting using globular
proteins. The fitting 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 specific contributions
EkZSeki , where eki is the energy of all amino acid
residues type i interacting with all other amino acid
residues in the sequence. The eki depends on the
number of contacts this residue makes with other
amino acid residues of type j in the sequence.

eki ðcalculatedÞZ
X20

jZ1

MijC
k
ij

This quantity is approximated by the expression:

eki ðestimatedÞZNk
i

X20

jZ1

Pijn
k
j

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

Zi Z
X

k

ðeki KNk
i

X20

jZ1

Pijn
k
j Þ
2

Letting vZi/vPijZ0 for all Pij leads to a set of
linear equations which are solved for each amino
acid type by using the GSL scientific 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.
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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 fitting was carried out using
674 proteins from the Glob_list (for the definition 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 fit can be characterized
by a correlation coefficient and the r2 value:
r2Z1KSSreg=SStot, where SStot and SSreg are the
sums of the squares of distances from the mean of
the calculated energies, and of estimated and



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 K0.81 and K0.07 [aeu],
respectively.

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
defined in the text. The broken line represents perfect
agreement between the estimated and calculated energy
values.

Estimated Pairwise Energy Content of Proteins 831
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 fitted model using the least-
squares approximation. In our case, the r2 value
was 0.58, and the correlation coefficient 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 K0.81 [aeu]. The estimated
energies of IUPs in IUP_list are less favorable, with
an average of K0.07 [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!10K16

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
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,30 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
defined by the eigenvectors of the P matrix, in
which the expression for the estimated energy is
reduced to the diagonal form:

EðestimatedÞZ l1p
2
1 Cl2p

2
2/Cl20p

2
20

Here li is the ith eigenvalue corresponding to the
vi eigenvector, and pi is the corresponding coordi-
nate of the amino acid composition vector (n) in the
new coordinate system, calculated as a scalar



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.
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product, piZ �
n
�
vi. Since pi

2 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 find 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 coefficient: 0.94)
among more than 400 different amino acid pro-
pensities collected in the AAIndex database.31

Interestingly, the same scale among hydro-
phobicities was found to be the best for discriminat-
ing structured proteins from IUPs in a systematic
search among 265 amino acid properties.16 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.32 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.14,16,17

Besides the angles between the vectors, all pi
values depend also on the norm of the amino acid
composition vector NORMZ

P20
iZ1 n

2
i Z

P20
iZ1 p

2
i

� �
.

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 predicted to have low complexity by the
SEG program.33 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 significant separation between the
estimated pairwise energies of globular and experi-
mentally verified 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 predefined
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:

e
p
i Z

X20

jZ1

P
p
ijn

p
j



Figure 4. Estimated position-specific pairwise energies
of globular proteins and IUPs. The distribution of
estimated position-specific 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 (!), and the frequency of residues was
plotted against their local energy content. A threshold of
K0.2 [aeu] provides the best separation of individual
positions between these two structural classes.
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where Pp is the position-specific energy predictor
matrix. The position-specific 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.9 This value was
K0.2 [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

Interaction matrix Number of train

Thomas–Dill extended training set 785
Thomas–Dill20 37
Tobi et al.21 572
Mirny–Shakhnovich22 104
Miyazawa–Jernigan23 251/16

The performance of different interaction matrices in predicting di
Miyazawa–Jernigan matrix was trained on 1661 proteins including h
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 significant
residual structure in many IUPs.6,7,34,35

To see how the choice of the empirical force field
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 &
Dill20 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.21

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 fit and 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

coefficient 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 fit 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.
ing proteins
Predicted disorder on IUP set (%)

(true positives)

75.95
73.25
73.09
64.63

61 63.64

sorder and the number of proteins used to derive them. The
omologs, effectively representing 251 families.



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, PONDRVL3H, 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 IUP_list (sensitivity), while setting the false positive rate (percentage of
predicted disordered residues on the Filt_Glob_set), also called specificity, 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 PONDRVL3Hwere 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/).
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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 definitions of disorder. GlobPlot is a
simple propensity-based approach evaluating the
tendency of residues to be in a regular secondary
structure. PONDR VL3H36 was trained to dis-
tinguish experimentally verified disordered
proteins from globular proteins by various machine
learning approaches. In developing DISOPRED,9

the definition of disorder was restrained to regions
missing from X-ray structures and a support vector
machine was trained to specifically 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

Method

IUPred PONDR V

IUPred 100 91.6
PONDR VL3H 76.60 100
DISOPRED2 77.19 77.0
GlobPlot 48.07 47.8

The similarity between pairs of methods was calculated as the numbe
in Filt_Glob_list (upper triangle). Predictions were collected as given
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 DISOPRED2, is com-
parable, there are some clear differences among
them. IUPred predicted the largest amount of
disorder, followed by PONDR VL3H; DISOPRED2
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, IUPred 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-
quarters 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 significant amount of local order
included in this set that the various methods would
treat differently. DISOPRED2 was specifically
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 influence the performance of
the methods (VL3H, GlobPlot). Despite these
limitations, the results clearly show that IUPred
Agreement (%)

L3H DISOPRED2 GlobPlot

1 91.97 80.76
92.26 79.24

5 100 79.91
4 51.31 100

r of agreements over all positions in IUP_list (lower triangle) and
in the legend to Table 4.

http://www.ist.temple.edu/disprot/predictor.php
http://www.ist.temple.edu/disprot/predictor.php
http://bioinf.cs.ucl.ac.uk/disopred/
http://bioinf.cs.ucl.ac.uk/disopred/
http://GlobPlot.embl.de/


Figure 6. Comparison of IUPred with two other
predictors of disorder. IUPred scoring (red) is compared
with PONDR VL3H (green) and DISOPRED2 (blue) for
(a) p53, (b) FlgM, (c) PKI-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 DISOPRED2, the default values in the latter two

Figure 5. ROC curve for IUPred, PONDR VL3H, and
DISOPRED2. Receiver operator characteristic (ROC)
curve for IUPred (continuous), PONDR VL3H (broken)
and DISOPRED2 (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 specificity.
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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.
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.
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-specific predictors
IUPred, PONDRVL3H 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.2,37 FlgM, or anti-sigma-28 factor
(Figure 6(b)), is one of the first proteins to be
identified as intrinsically unstructured along its
entire length.38 Its C-terminal half, with residues
60–73 and 83–90 in particular, show some a-helical
preference in solution,39 possibly relevant to the
physiological function of this protein.40 PKI-alpha
(Figure 6(c)), a heat-resistant inhibitor of cAMP-
dependent protein kinase, is also disordered along
its entire length41 with its inhibitory segment (1–13)
and nuclear export signal (35–47) tending to adopt
an a-helical structure in the unbound state.42

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.43

The plots by the three methods agree reasonably
well, with some differences. DISOPRED2 tends to
predict more order than either IUPred or PONDR
VL3H, even at places where experimental
evidence is for a largely disordered state, such as
the N-terminal domain of p53 and PKI-alpha or the
C-terminal region of FlgM. 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 IUPs.35 These examples
further illustrate the similarities and differences
among the three prediction methods, with IUPred
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 fitting 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 sufficient 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.44,45 Ensuring this
energetic separation demands the native structure
to efficiently 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 themwe 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. IUP
sequences are also special, selected by evolution to
avoid the formation of favorable contacts in any
conformation. The finding 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-defined 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,20

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 reflect 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 finding 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 finding
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 IUPs,
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 disorder30 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.46

Our quadratic formula combined with the energy
predictor matrix captures the energetic aspect of
this observation. By limiting the calculation to a
predefined sequential neighborhood, it yields a
position-specific 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
classified as disordered and sequences of intrinsic
disorder classified as ordered. As IUPred was not
trained on such data, its unbiased assessment of the
structural status of an unknown sequence/segment
is of confirmatory value. We have tested this
conclusion by comparing IUPred with generally
accepted predictors, PONDR VL3H, DISOPRED2
and GlobPlot, on disordered databases and by
examining predictors on individual proteins.
Although predictions were similar with the IUP
dataset, IUPred 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,17 and the importance of structure-breaking
amino acid residues has also been noted.5,6 We
found that the eigenvector with the highest eigen-
value matches the Sweet–Eisenberg hydrophobicity
scale32 the best, in accordance with a previous
analysis of amino acid factors discriminating
structured proteins and IUPs.16 This concurrence
vindicates our approach, as it does not rely on prior
experimental data on IUPs, still it automatically
finds 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.13–15,46 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.17 This
interdependence of residues is manifest in the
appearance of flavors of disorder.13

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 sufficient 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 fitting, the September
2001 release of the PDB-select database47 with !25%
sequence identity cutoff was used. Entries with resolution
worse than 2.5 Å, with chain breaks or with Ca atoms
only, were omitted; the resulting dataset contained 953
protein chains. During the force field 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 filtered 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 verified 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 field 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 Cb

atom (virtual Cb 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 by the iterative algor-
ithm proposed by Thomas & Dill,20 but on 785 proteins
(Glob_list) instead of the original 37. The resulting matrix
M is given in Table 1.
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