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ABSTRACT: Intrinsically disordered proteins and regions carry out varied and vital cellular functions.
Proteins with disordered regions are especially common in eukaryotic cells, with a subset of these proteins
being mostly disordered, e.g., with more disordered than ordered residues. Two distinct methods have
been previously described for using amino acid sequences to predict which proteins are likely to be mostly
disordered. These methods are based on the net charge-hydropathy distribution and disorder prediction
score distribution. Each of these methods is reexamined, and the prediction results are compared herein.
A new prediction method based on consensus is described. Application of the consensus method to whole
genomes reveals that approximately 4.5% ofYersinia pestis, 5% of Escherichia coliK12, 6% of
Archaeoglobus fulgidus, 8% of Methanobacterium thermoautotrophicum, 23% ofArabidopsis thaliana,
and 28% ofMus musculusproteins are mostly disordered. The unexpectedly high frequency of mostly
disordered proteins in eukaryotes has important implications both for large-scale, high-throughput projects
and also for focused experiments aimed at determination of protein structure and function.

Intrinsically disordered proteins do not adopt a stable three-
dimensional structure, instead they exist as an ensemble of
interchanging conformations in solution. Many examples of
these proteins have been described in the literature [see refs
1-3 for reviews], that range from wholly disordered to
partially structured-partially disordered. In contrast to struc-
tured (i.e., ordered) proteins, intrinsically disordered proteins
or regions perform their various functions without the
prerequisite of a folded conformation (1-3). Often, disor-
dered proteins are involved in protein-protein (4-7) or
protein-nucleic acid (8) interactions, which typically involve
coupled binding and folding (9). Disorder in these proteins
may play a general role by reducing affinity without a
corresponding loss of specificity, which may be a particularly
important feature for interaction-mediated signal transduction
(10, 11). In agreement with this idea, signal transduction
proteins are indicated to be highly enriched in disorder (12).
Also, their conformational heterogeneity may allow disor-
dered proteins to bind to a wide variety of protein or nucleic

acid partners. Notably, this low specificity model can explain
the function of some chaperones (13, 14). Conversely, the
functions of some disordered proteins, such as entropic
bristles (15), entropic clocks (16), or flexible linkers (17),
rely on the maintenance of a high degree of conformational
freedom. Despite a broad range of sequence and functional
diversity, disordered proteins have been shown to share
common sequence features.

The encoding of intrinsic disorder by amino acid sequences
was first investigated by Romero et al. (18), who showed
that disordered and ordered regions of proteins could be
reliably distinguished based solely on local sequence. Since
then, several groups have developed sequence-based predic-
tors of intrinsic disorder (18-23, 53, 54). Two of these
groups have applied these predictors to make conservative
estimates of the proportion of disordered proteins in various
genomes (23, 24). Though useful for establishing the
relevance of disorder to the study of naturally occurring
proteins, all estimates based on per-residue predictions share
a few shortcomings. First, they use somewhat arbitrary
thresholds for intrinsically disordered proteins. That is, the
choice of significance thresholds are highly influenced by
the rate of false disorder prediction, rather than the content
of disordered residues that is biologically relevant. Second,
they indicate an approximate lower bound to the proportion
of intrinsically disordered proteins in a given genome by
minimization of the rate of false predictions of disordered
residues. As a consequence, conservative estimates based on
per-residue prediction have a high rate of false prediction
of ordered proteins. Third, they summarize per-residue
predictions based only on the predicted disordered regions,
which overlooks the character of other, possibly ordered,
regions of a protein.
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An alternative approach for estimating the content of
intrinsically disordered proteins in genomes is binary clas-
sification of whole proteins as either mostly disordered or
mostly ordered, where mostly ordered indicates proteins that
contain more ordered residues than disordered residues and
mostly disordered indicates proteins that contain more
disordered residues than ordered residues. Of course, the
extent to which a sequence is ordered or disordered and the
nature of disorder vary widely among proteins (3, 11).
However, such a classification scheme would avoid the short-
comings discussed above by implicitly considering protein
context and prediction threshold and allowing false prediction
rates to be balanced as desired. Therefore, although the binary
classification of proteins as ordered or disordered is a gross
approximation of the actual biological situation, its potential
usefulness in terms of simplified interpretation and broad
applicability suggests that such tools would be useful to the
biological community.

Two distinct classification methods that use this simpli-
fication have been reported previously (20, 25-27). One is
based on the predictor of natural disordered regions (PON-
DR) VL-XT1 (18, 19, 28), which predicts the order-disorder
class for every residue in a protein. Cumulative distribution
function (CDF) analysis (25) summarizes these per-residue
predictions by plotting PONDR scores against their cumula-
tive frequency, which allows ordered and disordered proteins
to be distinguished based on the distribution of prediction
scores. The other established method of order-disorder
classification is charge-hydropathy plots (20). Ordered and
disordered proteins plotted in charge-hydropathy space can
be separated to a significant degree by a linear boundary.

Here we reexamine and compare the CDF and charge-
hydropathy methods. These methods are also compared to
the proportion of residues predicted to be disordered, which
was developed for whole protein classification elsewhere (26,
27). Keeping with the binary order-disorder generalization,
proteins used to derive the prediction algorithms are extreme
examples, where each is, in fact, wholly ordered or wholly
disordered. The assumption is that classification of novel
proteins, which will commonly be mixtures of order and
disorder, can then be made based on whether the protein
more closely resembles wholly ordered proteins or wholly
disordered proteins. This generalization is partially validated
by the use of a third distinct data set that is neither wholly
ordered nor wholly disordered. Estimations of the intrinsic
disorder content of various protein sequence databases were
made and used to illustrate the meaning and significance of
predictions of intrinsic disorder to proteome-scale projects.

MATERIALS AND METHODS

Data Sets. Two sets of proteins were used for binary
classifier construction. The set of wholly disordered proteins
contains only proteins that were shown to be disordered in
solution. The set of wholly ordered proteins contains only
monomeric proteins whose structures have been well defined
by X-ray crystallography. A third set of proteins was used

for predictor validation. Denoted partially ordered proteins,
this set includes proteins that contain both structured and
unstructured regions.

A set of wholly disordered proteins was derived from two
previously published data sets (2, 20). These data sets were
merged, and all proteins with>25% identity were clustered
using the programblastclustfrom NCBI.2 This program uses
single linkage clustering, where the linkages are determined
by an all-against-all standard protein BLAST (29) search of
the data set. The protein in each cluster with the greatest
amount of characterized disorder was chosen as the repre-
sentative of that cluster, which gave a set of 159 sequence-
unique proteins. Of these, proteins annotated as disordered
over their entire length were selected, which gave a set of
54 proteins containing 10 782 residues.

The set of wholly ordered proteins was derived from the
Protein Data Bank (PDB) (30) as of November 10, 2002.
This set included X-ray crystallography structures that
contained a single chain and a unit cell with a primitive space
group, which is a subset of the monomers in the database.
Monomers were desired for this analysis because monomers
preclude the possibility that some chains might in fact be
intrinsically disordered but become ordered during complex
formation. From this set of monomers, all structures that
contained ligands and disulfide bonds were eliminated. Then,
to ensure that the chains were wholly ordered, all proteins
with missing density were removed. The remaining chains
were clustered by sequence identity as described above, and
the longest protein of each cluster was chosen as the
representative of that cluster. This gave a set of 105 unique,
wholly ordered monomers without ligands or disulfide bonds.
These 105 proteins contained 22 829 residues.

The set of partially ordered proteins was derived from PDB
structures that contained a single chain and a unit cell with
a primitive space group. All proteins from this set with a
region of missing density of 30 or longer were clustered.
The structure with the highest proportion of disorder was
chosen as the representative from each cluster, resulting in
a set of 64 unique proteins. This set contained 23 785
residues, of which 4074 are disordered. The percentage of
disordered residues in these proteins ranged from 4 to 50%.

Predictors were applied to the Swiss-Prot database (31)
release as of May 2003 with 124 425 sequences, with 9379
human sequences. Genomic annotation data sets were from
the National Center for Biotechnology Information (NCBI)2

and the Ensembl database (32).
CumulatiVe Distribution Function for PONDR Predictions.

The CDF, as applied to PONDR VL-XT predictions, is a
cumulative histogram of the PONDR scores for a given
protein (25). At any given point on the CDF curve, the
ordinate gives the proportion of residues with a PONDR
score less than or equal to the abscissa. CDF curves for
PONDR VL-XT predictions always begin at the point (0, 0)
and end at the point (1, 1) because PONDR VL-XT
predictions are defined only in the range [0, 1] with values
less than 0.5 indicating a propensity for order and values
greater than or equal to 0.5 indicating a propensity for
disorder. Proteins with high PONDR scores will have CDF
curves that have low cumulative values over most of the

1 Abbreviations: CDF, cumulative distribution function; PONDR,
predictor of natural disordered regions (PONDR is a registered
trademark of Molecular Kinetics, Inc.); VL-XT, variously characterized
long disordered regions-X-ray characterized terminal disordered; ROC,
receiver operator curves. 2 http://www.ncbi.nlm.nih.gov.
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CDF curve, and proteins with low PONDR scores will have
CDF curves that have high cumulative values over most of
the CDF curve. Therefore, a boundary may be determined
that separates the CDF curves of disordered proteins from
the CDF curves of ordered proteins.

For derivation of the order-disorder boundary and sub-
sequent analysis, calculated PONDR scores were divided in
20 evenly spaced bins as an approximation of the CDF
curves. The binned CDF curves of the ordered and disordered
protein sets were then treated as separate populations with
normally distributed cumulative PONDR scores. The optimal
boundary point for each bin was determined using the
univariate normal probability density function (33). This
equation is solved to give the point between the means where
the probability density was equal. This point is given by

where the means of the PONDR scores of ordered and
disorder proteins are taken as estimates ofµo,n and µd,n,
respectively, and the standard deviations of the PONDR
scores of ordered and disordered proteins are used as
estimates ofσo,n andσd,n. The subscriptn denotes the index
of each bin of PONDR scores and takes on discrete values
from 1 to 20.

The combination of boundary points that provided the most
accurate classification was determined by examining all
possible, multipoint boundaries made up of consecutive
boundary points. Jack-knifing was used to assess the accuracy
of each boundary. In this assessment, each example protein
was left out of the set once, the boundary points were
calculated from the remaining examples, and the ability of
all combinations of boundary points to correctly classify the
left out example was determined. The accuracy of a
combination of boundary points was then estimated by the
average performance over all the left out examples. Jack-
knifing gives a relatively unbiased estimation of classifier
accuracy (33).

Charge-Hydropathy Plots.The mean net charge and the
mean normalized Kyte-Doolittle hydropathy (34) were
calculated for each protein in all three sets. The boundary
between the ordered and disordered proteins on a charge-
hydropathy plot was determined using a linear discriminant
function, assuming normal distributions and equal covariance
matrices. The equation for the discriminant line (33) is

whereµd andµo are the two-dimensional charge-hydropathy
vectors of ordered and disordered proteins, respectively, and
Σ is the pooled charge-hydropathy covariance matrix.
Positive values from this equation indicate that a protein is
disordered and negative values indicate order. The solution
of this equation for the net charge component ofx as a
function of the hydropathy component ofx yields an equation
for the order-disorder boundary. Jack-knifing was used to
assess the accuracy of the order-disorder boundary.

Note that the assumptions of normally distributed data used
in this analysis were not necessarily justified. However, trial
studies with methods that do not require normally distributed
data (e.g., neural networks) and methods that do not require
equal covariance matrices (e.g., quadratic discrimination)
yielded results nearly equivalent to those obtained using
linear discrimination (data not shown).

Proportion of Predicted Disorder Threshold.A previous
analysis used the proportion of PONDR VL-XT predictions
for the classification of ordered and disordered proteins (27).
Proteins with>35% of residues predicted to be disordered
were classified as disordered, and otherwise were classified
as ordered. These classifications are compared to CDF and
charge-hydropathy plot analyses.

RelatiVe Composition Plots. From a set of human proteins
from the SwissProt database, the compositions for proteins
predicted to be disordered by CDF by the entire boundary
or charge-hydropathy by a boundary margin of 0.045 were
calculated relative to the compositions of proteins that were
predicted to be ordered by both algorithms. The relative
composition were calculated as describe by Romero et al.
(28), with the modification that 10 000 bootstrap resampling
iterations were used to estimate the relative compositions
and 99% confidence intervals.

Entropy Distributions.Shannon’s entropy (35) was cal-
culated for all windows of 45 residues for the three groups
of proteins discussed above. The distribution of minimum
entropy windows was calculated by kernel density estimation
using a biweight kernel and a sample-based bandwidth.

RESULTS

Data Set Characterization.Two histograms were calcu-
lated to give an overview of the three data sets (Figure 1).
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FIGURE 1: Histograms characterizing the length and the disorder
content of the three data sets. The wholly disordered protein set
(black bars), the wholly ordered protein set (white bars), and the
partially ordered proteins (grey bars) are shown. (A) Histogram of
the lengths of proteins in each set in bins of 50 residues. Tick labels
indicate the boundary between every other bin. (B) Histogram of
proportion of disorder in each protein of the three data sets.
Proportions of disorder are split into bins of 5%, where the extreme
bin boundaries, 0 and 100% are inclusive.
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The first histogram (Figure 1A) illustrates the distribution
of the length of the proteins in the wholly ordered set, wholly
disordered set, and the partially ordered set. Wholly ordered
and wholly disordered proteins had mean lengths of 217
residues and 200 residues, respectively. The partially ordered
proteins were significantly longer on average than the other
two sets, with a mean length of 372 residues. Considering
that the partially ordered proteins were only selected if they
contained a region of missing density of 30 residues or longer
and wholly ordered proteins were only selected if they
contained no disordered residues, the longer mean length of
partially ordered proteins suggests that a large proportion of
long monomers contain a disordered region of significant
size.

The second histogram (Figure 1B) shows the percent of
disordered residues for each of the three sets. The wholly
ordered proteins and wholly disordered proteins were selected
for no disorder and total disorder, respectively, and neces-
sarily fall completely in the two extreme bins. On the basis
of the current partially ordered proteins set, 50% may
approximate the upper limit for the amount of intrinsic
disorder in a crystallizable protein, although most of the
proteins with disorder have less than half this amount.

PONDR CumulatiVe Distribution Function Analysis.The
optimum boundary was calculated as described in Materials
and Methods. Examination of all possible combinations of
consecutive boundary points showed that seven boundary
points located in the 12th through 18th bin provided the
optimal separation of the ordered and disordered protein sets.
For clarity, the boundary is shown in Figure 2 along with
PONDR CDF curves for representative examples from the
ordered and the disordered sets. The estimated classification
accuracy of this boundary was 88% overall with 87 and 90%
of wholly disordered and wholly ordered proteins correctly
classified, respectively, where classification was based on
whether a CDF curve was above or below a majority of
boundary points. As expected, disordered proteins generally
fall below this boundary and ordered proteins generally fall
above this boundary.

The set of partially ordered proteins were mostly structured
but contained short regions of disorder. Because these
proteins are crystallizable andg50% of their residues are
resolved, these proteins are mostly ordered and the order/
disorder classification scheme should identify the proteins
in this set as ordered proteins. The CDF boundary classified
70% of these proteins as ordered based on having a majority
of values above the boundary. This is much lower than the

estimated accuracies for the wholly ordered and wholly
disordered proteins. It is expected that the higher the
disordered residue content of a given protein, the more likely
it will be classified as disordered. As expected, the mean
fraction of experimentally disordered residues in proteins
classified as disordered (0.23) is higher than the fraction of
experimentally disordered residues in proteins classified as
ordered (0.18). This suggests the classification of some of
these proteins as disordered is due to their relatively large
disordered residue content.

The CDF curves of many of the example proteins do not
fall completely on one side of the boundary or the other.
This suggests that the number of boundary points in
agreement could be used as an indication of prediction
confidence. Calculation of prediction accuracy as a function
of the minimum number of boundary points in agreement
(Table 1) demonstrates that this is a valid approach. All
curves have a minimal boundary majority of four points,
which has an average classification accuracy of 88%. For
CDF curves that fall completely above or below the boundary
(i.e., all seven points), the average accuracy increases to 92%.
However the highest accuracy of classification (80%) for
the partially ordered protein set is achieved by setting the
boundary point criteria to five points in the majority, but
then decreases as points are added or removed. This analysis
shows that the number of boundary points in the majority is
correlated with prediction accuracy, but also that increasing
the number of points leads to a reduced proportion of
correctly classified proteins. Alternatively, the accuracy can
be examined over a range of thresholds, rather than excluding
predictions, using receiver operator characteristics (ROC)
curves. This assessment, which agrees qualitatively with
Table 1, is given in Figure S1 (see Supporting Information).

Charge-Hydropathy Plots.The optimal boundary between
the ordered and disordered proteins in charge-hydropathy
space was determined (Figure 3) to be

by the procedure described. The classification accuracy based
on a jack-knife estimate was 83% overall, 76% for disordered
proteins, and 91% for ordered proteins. The boundary was
calculated from the complete sets of the wholly disordered
and wholly ordered proteins. This boundary is similar to the
equation found previously for other data sets (20), with the
slope and intercept of this line being just 2% less and 4%
less, respectively, than those of the previous line.

FIGURE 2: Cumulative Distribution Function curves. Seven wholly
ordered proteins (- - -), seven wholly disordered proteins (-), and
the order-disorder boundary (-O-) are plotted.

Table 1: Accuracy of CDF Boundary Classification versus the
Number of Boundary Points in Majoritya

no. of
majority
points

percent of
proteins

(%)

disorder
accuracy

(%)

order
accuracy

(%)

partially
ordered

accuracy (%)

4 100 87 90 70
5 92 88 91 80
6 85 88 93 78
7 81 90 94 78

a The percent of proteins column gives the proportion of ordered
and disordered proteins that have CDF curves that are above or below
the boundary by the given number of points. Disorder accuracy, order
accuracy, and partially ordered accuracy columns give the percentage
of each set predicted correctly.

〈charge〉 ) 2.743〈hydropathy〉 - 1.109
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As for the CDF analysis, an indication of prediction
accuracy can be derived from the charge-hydropathy plots.
The width of the boundary line can be expanded to both
sides by applying a fixed Euclidean distance normal to the
line, where the distance is obtained by normalizing the
boundary equation by the root-sum-square of the〈charge〉
and 〈hydropathy〉 coefficients. The margins of this new
boundary can then be used to classify the proteins that fall
outside of it (Table 2). These results indicate that the more
extreme values of hydropathy and net charge that a protein
has, the more confidently it can be classified. At a boundary
margin of(0.045, the accuracy reached 95% for disordered
proteins and 97% for ordered proteins. However, only 50%
of the proteins fall outside these boundary margins. We have
also generated ROC curves for charge-hydropathy predic-
tions (Figure S1, Supporting Information) for an alternative
view of prediction accuracy.

The accuracy of classification for disordered proteins rose
substantially for increasing margin widths, but the accuracy
for wholly ordered proteins and partially ordered proteins
increased relatively little, and actually decreased slightly for
the partially ordered proteins at the largest margin width.
However, the overall accuracy for the wholly ordered
proteins and partially ordered proteins was much greater than
that for the CDF analysis.

As argued in the previous section, the set of partially
ordered proteins is expected to be classified as ordered
proteins by these predictors. The accuracy of charge-
hydropathy plots in the classification of partially ordered
proteins as ordered proteins was 94% and increased slightly
to 97% at a boundary margin of 0.045, which is a large
improvement over the CDF analysis. As for the CDF
analysis, the partially ordered proteins that were predicted

to be disordered had a higher mean fraction of experimentally
disordered residues (0.26) than the proteins that were
predicted to be ordered (0.19).

With this analysis, it was apparent that the two approaches
examined had relative strengths. CDF analysis was better
able to identify all disordered proteins, and charge-hydr-
opathy plots were better at distinguishing partially ordered
proteins from wholly disordered proteins. Both analyses had
similar accuracy for ordered proteins. These results prompted
us to examine predictors based upon a combination of both
methods.

Cross Method Accuracy Analysis.PONDR CDF analysis,
charge-hydropathy plots, and PONDR VL-XT proportion
threshold prediction can all be used to classify proteins as
ordered or disordered. A comparison of these three ap-
proaches was carried out to investigate whether combining
the methods improved the accuracy of two state predictions.
For comparison purposes, PONDR VL-XT proportion thresh-
old predictions were made on these data sets using previously
derived parameters, which gave accuracies of 83% for wholly
disordered proteins and 80% for wholly ordered proteins.

Of the 54 wholly disordered proteins, 51 were predicted
to be disordered by at least one of the three methods. The
relationships of correct predictions for each method were
visualized with a Venn diagram (Figure 4A). The three
methods agree well; most of the disordered proteins were
predicted correctly by all methods. In addition, charge-
hydropathy analysis and CDF contribute unique predictions
of disorder. The relatively large overlap of PONDR VL-XT
and CDF analysis was expected because they share the same
base prediction method.

Of the 105 wholly ordered proteins, 27 were predicted to
be disordered by at least one of these methods (Figure 4B).
Classification based upon the proportion of predicted dis-
ordered residues using 35% as the boundary leads to the
highest number of errors (21), while the CDF analysis and
charge-hydropathy plots make about half as many misclas-
sifications. As observed above for true positives, VL-XT
prediction and CDF analysis exhibit the largest number of
common mistakes because both methods are based on the
same underlying calculations. VL-XT prediction, charge-
hydropathy plots, and CDF analysis make 10, 5, and 0 unique
mistakes, respectively.

Examination of the true positive and false positive predic-
tions suggests that classification of proteins as wholly
disordered or wholly ordered should be made using only the
charge-hydropathy plots and the CDF analysis. When
considering intersection prediction (i.e., the center regions
of Figure 4A,B), there was little improvement in prediction
accuracy if VL-XT was used in conjunction with the other

FIGURE 3: Charge-hydropathy plot. The wholly ordered set of
proteins (O), wholly disorder set of proteins ([), the order-disorder
boundary (-), and the extents of the 0.045 boundary (- - -) are
shown.

Table 2: Accuracy of Charge-Hydropathy Plot Boundary
Classification versus the Width of the Boundary Margina

boundary
width

percent of
proteins

(%)

disorder
accuracy

(%)

order
accuracy

(%)
partially order
accuracy (%)

0.000 100 76 92 94
0.015 88 84 97 98
0.030 70 88 97 98
0.045 50 95 97 97
a The boundary margin is the boundary line( the boundary width

as illustrated in Figure 3. The percent of proteins column gives the
proportion of proteins that charge and hydropathy place outside the
boundary margin. The accuracy estimates are calculated for the proteins
that fall outside the margins.

FIGURE 4: Venn diagrams comparing true positives and false
positives for three prediction methods. PONDR CDF analysis
(CDF), charge-hydropathy plots (C-H) and PONDR VL-XT (VL-
XT) classifications are shown. (A) Comparison of the 51 true
positive predictions. (B) Comparison of the 27 false positive
predictions.

Protein Order/Disorder Classification Biochemistry, Vol. 44, No. 6, 20051993



two predictors. When considering the union of prediction
methods, PONDR VL-XT degraded the classification ac-
curacy by contributing false positives without contributing
any true positives. On the basis of these results, charge-
hydropathy plots and the CDF analysis were combined into
a single classification method. Two straightforward combina-
tions of these predictions were examined first.

The unanimous prediction combination method predicts
disorder when both CDF analysis and charge-hydropathy
plots predict disorder or otherwise predicts order. The voting
prediction combination method predicts disorder when either
CDF analysis or charge-hydropathy plots predict disorder
and predicts order when neither predicts disorder. Both of
these simple predictor combinations perform very well for
two of the data sets, but both are relatively poor on one data
set (Table 3). Unanimous prediction performs well for
ordered proteins and partially ordered proteins but is poor
on disordered proteins. Voting prediction performs well for
disordered proteins and performs adequately for ordered
proteins but is poor on partially ordered proteins. Neither of
these straightforward combinations captures the relative
strengths of both CDF analysis and charge-hydropathy plots.
To improve performance of the combination prediction, a
weighted scoring scheme, consensus scoring, was defined.

Consensus Scoring.Consensus scoring focuses on correct
classification of proteins for which prediction methods
disagree by using a weighted combination of the reliability
measures. Here predictions are divided into two types:
extreme and mild. CDF curves give extreme predictions
when they fall completely above or completely below the
boundary but otherwise give mild predictions. Charge-
hydropathy plots give extreme predictions when the absolute
distance to the boundary is greater than 0.045 but otherwise

give mild predictions. These discrete prediction levels reflect
the increase in classification confidence as a function of
prediction strength.

The consensus score method assigns proteins one of five
classifications with numerical equivalents, referred to as the
consensus score. The classifications of “confidently disor-
dered” (value of 100) and “confidently ordered” (value of
0) are assigned when both CDF analysis and charge-
hydropathy plots are in agreement as to the class of the
protein. The classifications of “likely disordered” (value of
75) and “likely ordered” (value of 25) are assigned when
one predictor gives an extreme prediction and the other
disagrees with a mild prediction. When both prediction
methods give mild predictions for opposite classifications
or both prediction methods give extreme predictions for
opposite classifications, the proteins is classified as “ambigu-
ous” (value of 50). Binary predictions of order-disorder can
be obtained from the consensus score in several ways. The
accuracy of two classification systems are given in Table 3.
One assigns order for values< 50, disorder for values>
50, and does not predicted for values equal to 50. The other
(in parentheses) assigns order for valuese 50 and disorder
for values > 50. As for other predictors, the prediction
threshold can be selected as desired (Figure S1, Supporting
Information).

Although the consensus method is not the most accurate
method on any single data set, the overall performance of
the method compares favorably to the overall performance
of other prediction methods. For example, the highest average
accuracies for the order and disorder sets, 89%, can be
achieved by consensus scoring and the voting combination
methods. However, the accuracy of the consensus score
method for the ordered with disordered regions set is much
higher than that of the voting combination method. Thus,
the overall accuracy of the consensus score is highest of any
of the prediction methods examined.

Predictions of Disorder oVer Sequence Databases.Large
differences in native environment, extent of intercellular
coordination, and evolutionary background make compari-
sons of disorder predictions across genomes inherently
interesting. Also, structural and functional genomics projects
span a wide range of diverse organisms, so genome-scale
prediction is a practical measure to indicate for which
organisms disorder predictions will be most relevant. For
an initial study, CDF analysis, charge-hydropathy discrimi-
nation, and consensus prediction were applied to six ge-
nomes, two from each kingdom (Table 4).

The prediction methods vary greatly in their estimates of
the number of fully disordered proteins in complete genomes.

Table 3: Comparison of the Accuracies of Single and Combination
Prediction Methodsa

single predictions combination predictions

data set

CDF
analysis

(%)

charge-
hydropathy

plots
(%)

unanimous
predictions

(%)

voting
predictions

(%)

consensus
score
(%)

ordered 90 91 98 84 95 (95%)
disordered 87 76 69 94 90 (83%)
partially

ordered
70 94 95 69 85 (88%)

a The first value in the consensus score column does not include
proteins that have ambiguous predictions of disorder, while the numbers
in parentheses include ambiguous predictions as order. Ambiguous
predictions were obtained for 6% of the order set, 7% of the disorder
set, and 14% of the partially ordered set.

Table 4: Summary of Disorder Predictions on Model Genomes from Archaea, Bacteria, and Eukaryotesa

kingdom species
no. of

sequences mean length CDF (%) charge-hydropathy (%) consensus score (%)

Bacteria Yersinia pestisCO92 4078 316 6.0 4.8 4.5
Bacteria Escherichia coliK12 4269 319 5.7 3.3 4.6
Archaea Archaeoglobus fulgidus 2415 277 7.9 4.2 6.3
Archaea Methanobacterium thermoautotrophicum 1873 281 10.8 5.0 8.0
Eukaryota Arabidopsis thaliana 28564 424 25.3 13.1 23.6
Eukaryota Mus musculus 25368 457 31.3 15.5 28.2

a The proportions given are the number of proteins predicted to be disordered by each method, relative to the number of sequences predicted.
CDF predictions were made conservatively, with only proteins with curves falling completely below the discrimination boundary taken as predictions
of disorder. Proteins with consensus score values> 50 were classified as disordered.
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CDF analysis predicts from 1.2- to 2.2-fold more sequences
to be disordered than charge-hydropathy discrimination.
This more permissive prediction seems to be independent
of kingdom from this limited set. This result is not
unexpected, since CDF analysis was shown to be more
accurate on characterized disorder (Figure 4), although the
magnitude of the difference in frequency is greater than
expected. Also as expected, in all but one case consensus
prediction provides an intermediate prediction of disorder.
That the consensus predicted less disorder inYersinia pestis
than either of its component methods indicates that the
methods have proportionally fewer classifications in common
for Y. pestisthan for the other organisms.

Despite differing magnitudes of disorder predicted between
methods, there was a common trend among genomes.
Archaea and bacteria show a similar frequency of predicted
disorder by charge-hydropathy discrimination. CDF analysis
predicts that Archaea have a somewhat higher frequency of
disorder than Bacteria. However, all methods predict Eu-
karyotes to contain a much higher proportion of disordered
proteins than either of the Prokaryotes. These prediction
results show kingdom trends similar to other published
estimates (23-25).

To provide illustrative examples of novel predictions of
disordered proteins, predictions were made on the Swiss Prot
database. This database provides a source of validated
proteins compared to proteins predicted by genome annota-
tion that can fluctuate between annotation versions. CDF,
charge-hydopathy, and consensus analyses predict 22.2, 9.6,
and 14.0% of SwissProt sequences to be disordered. From
these predictions, all proteins with CDF curves falling
completely below the discrimination boundary were selected
and ranked by their distance from the charge-hydropathy
boundary. The 20 highest ranked proteins were then selected
from a single organism,Homo sapiens, to avoid redundant
orthologs (Table 5).

As a consequence of ranking proteins by distance from
the charge-hydropathy boundary, these proteins represent
extremes of high net charge and low hydropathy. For
reference, the 9379 human proteins in Swiss-Prot have an
average hydropathy of 0.463( 0.045 and an average
absolute net charge of 0.028( 0.032. At least half of the

proteins predicted to be highly disordered interact with
nucleic acids: seven are involved in chromosome packing

Table 5: Top 20 Predictions of Disordered Human Proteins in Swiss-Prot

SwissProt ID name length net charge hydropathy distance to CH boundary

hsp1•human sperm protamine P1 50 0.48 0.24 0.32
thya•human prothymosin alpha 110 0.40 0.28 0.26
stp1•human spermatid nuclear transition protein 1 54 0.35 0.27 0.24
thyp•human parathymosin 101 0.30 0.28 0.22
hsp2•human sperm protamine P2 102 0.25 0.27 0.22
rl39•human 60S ribosomal protein L39 50 0.36 0.33 0.19
sef2•human gastric cancer-related protein VRG107 59 0.17 0.27 0.18
trhy•human trichohyalin 1898 0.03 0.23 0.18
hp20•human Protein HSPC020 121 0.33 0.34 0.18
nsb1•human nucleosomal binding protein 1 282 0.15 0.28 0.17
sfr4•human splicing factor, arginine/serine-rich 4 494 0.19 0.30 0.17
r39l•human 60S ribosomal protein L39-like 50 0.32 0.35 0.16
srch•human sarcoplasmic reticulum histidine-rich calcium-binding protein 699 0.22 0.31 0.16
rs30•human 40S ribosomal protein S30 59 0.32 0.35 0.16
h173•human nonhistone chromosomal protein HMG-17-like 3 89 0.19 0.30 0.16
dss1•human split hand/foot deleted protein 1 70 0.31 0.35 0.16
sfr2•human splicing factor, arginine/serine-rich 2 221 0.20 0.32 0.15
prpe•human basic proline-rich peptide P-E 61 0.10 0.28 0.15
dspp•human dentin sialophosphoprotein 1253 0.20 0.32 0.15
prpm•human salivary proline-rich protein PO, fragment 234 0.07 0.27 0.15

FIGURE 5: Comparison of human SwissProt sequences predicted to
be disordered by charge-hydropathy and CDF algorithms. (A) The
compositions of proteins predicted to be disordered by CDF by
seven boundary points (white bars) and proteins predicted to be
disordered by charge-hydropathy by a boundary margin of
0.045 (grey bars) are shown relative to proteins predicted to be
ordered by both algorithms. Error bars are the 99% bootstrap
confidence intervals. Amino acids are arranged from left to right
in the order of increasing flexibility according to Vihenen et al.
(52) (B) The distribution of the minimum entropy windows from
proteins predicted to be ordered by both algorithms (dashed line),
predicted to be disordered by a CDF boundary of seven points (solid
line), proteins predicted to be disordered by charge-hydropathy
by a boundary margin of 0.045 (dotted line).

Protein Order/Disorder Classification Biochemistry, Vol. 44, No. 6, 20051995



and maintenance and another three are ribosomal proteins.
Other functions of highly disordered proteins include struc-
tural scaffolding and ion binding proteins. While some of
these proteins have biological functions that are not well
understood, at least three have been identified as playing a
central role in disease states as diverse as developmental and
degenerative disorders.

Comparison of Predictions of Disorder.Comparison of
the properties of sequences predicted to be disordered by
CDF or charge-hydropathy gave some insight into the rela-
tive behaviors of the two algorithms. Specifically, the com-
positions and sequence entropy were examined for three
groups of human sequences from SwissProt: those predicted to
be ordered by both algorithms (5673 sequences), those pre-
dicted to be disordered by CDF by the entire boundary mar-
gin (3434 sequences), and those predicted by charge-hydro-
pathy by a boundary margin of 0.045 (264 sequences). Of
the sequences in the charge-hydropathy set, 87% are also in
the CDF set. As before, human proteins were selected to
avoid redundant related sequences, but the results are
qualitatively similar for all SwissProt sequences (data not
shown).

Compositions of ordered and disordered sequences have
previously been shown to be significantly biased (24).
Relative to ordered proteins, disordered proteins have
decreased compositions of most hydrophobic amino acids
and increased compositions of most hydrophilic amino acids.
The compositions of predicted ordered sequences and
predicted disordered sequences were compared to examine

to what extent predictions differ with respect to this finding
(Figure 5A). Qualitatively, proteins predicted to be disordered
by either algorithm have compositional biases that are
consistent with the biases of experimentally verified disor-
dered proteins (24). Generally, charge-hydropathy predicted
disorder has more extreme compositional biases than CDF
predicted disorder, particularly for charged residues.

Globular proteins have been shown to have a minimal
requirement for sequence entropy over a window of 45 amino
acids, estimated to be approximately 3.10 (28). However,
high sequence entropy is not a good predictor of order since
many disordered proteins have a sequence entropy above
this limit. The sequence entropy of predicted disordered
proteins was compared to investigate whether prediction
methods were biased toward high or low entropy sequences.
The entropy of each sequence was calculated over a window
of 45 residues, and the distribution was generated by kernel
density estimation for each group of proteins (Figure 5B).
Proteins predicted to be ordered by both CDF and charge-
hydropathy have generally high entropy windows, the vast
majority of which are above the minimum for globular
protein. CDF predicted disorder is shifted and broadened
toward lower entropy windows and charge-hydropathy
predicted disorder is shifted and broadened even farther
toward low complexity windows.

Comparison of Disorder Predictions to PDB.To illustrate
the relationship between disorder predictions on the whole
protein level and local structural propensity, proteins pre-
dicted to be highly disordered were compared to chains from

FIGURE 6: The top 10 predictions of wholly disordered human proteins in Swiss Prot that have significant similarity to structures in the
PDB. Criteria for similarity was>35% identity for a high scoring pair over at least two-thirds of the PDB chain. Two rows of color-coded
bars are shown for each sequence. PONDR VL-XT prediction scores are given by the color gradient of the upper bar. The positions of
structure relative to the full-length sequence are given in the lower bars and are color coded according to structural context (blue, monomeric
structure; yellow, nucleic acid-protein complex; green, protein-protein complex). PDB IDs are given in each bar.
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the PDB. This comparison is intended to approximate the
regions of disorder proteins that may be amenable to structure
determination and the conditions that may be necessary to
obtain a stable structure. Ten human proteins predicted to
be disordered with the furthest distance to the charge-
hydropathy boundary, with a CDF curve falling completely
below the boundary, and with significant hits to at least one
chain in the PDB were selected for illustration (Figure 6).
These proteins have charge-hydropathy boundary distances
between 0.192 and 0.068, and the percent identity to PDB
chains ranged between 43 and 100% over the aligned regions.
The only identical hits were observed for human hetero-
chromatin protein p25, for which two domain structures of
a closely related murine homologue have been determined.

For the set of proteins that were globally predicted to be
disordered, PONDR VL-XT disorder predictions were used
to represent their local order-disorder tendency. Comparison
of regions of sequences with similarity to known structures
and local order-disorder tendency suggest that these proteins
fall into two general groups.

One group of proteins has local regions of predicted order
that have similarity to regions of known structure. One
exceptional case of this is the similarity of hematopoietic
system regulatory peptide to thymosinâ9 (indicated by an
asterisk in Figure 6). Thymosinâ9 has no secondary structure
in aqueous solvent and requires a 40% 1,1,1,3,3,3-hexafluoro
2-propanol/water solvent for determination of its conforma-
tion in solution (36). So while this protein has some intrinsic
structural propensity indicated by PONDR, it seems unlikely
that it will form a stable structure in aqueous solution.

The other group of proteins has no or weak intrinsic
structural propensity in regions that have similarity to known
structure. However, the similar, structured proteins are
involved in protein-protein or nucleic acid complexes. In
many cases, disordered proteins have been observed to
undergo a disorder-to-order transition when binding to
protein or nucleic acid partners (9). This suggests that, while
these proteins may have regions that can form stable
structure, structure determination would first require the
identification and inclusion of the appropriate binding partner.

DISCUSSION

Comparison of Disorder Prediction Methods.CDF analy-
sis predicts a much higher frequency of disorder in sequence
databases than charge-hydropathy discrimination, particu-
larly for eukaryotes. A large majority of disordered proteins
predicted by charge-hydropathy discrimination are also
predicted by CDF analysis. Therefore, the latter’s higher
estimated accuracy for disordered proteins and lower esti-
mated accuracy for ordered proteins account for some of the
difference in prediction frequency. However, the details of
the algorithms are very different.

Charge-hydropathy discrimination was derived here using
linear discrimination based on the distributions of ordered
and disordered proteins in charge-hydropathy space. PON-
DR VL-XT is a neural network, which is a nonlinear
classifier, trained to distinguish order and disorder based on
a relatively large feature space. Specifically, PONDR VL-
XT considers average coordination number (37), amino acid
compositions (aromatic and charged residues), and net charge
(28). To a first approximation, one may consider charge-

hydropathy feature space to be a subset of PONDR VL-XT
feature space, although PONDR VL-XT attributes are more
fine-grained in the similar features. This is not to say that
charge-hydropathy predictions are equivalent to CDF
predictions, but only that PONDR considers the similar
attributes as charge-hydropathy prediction in addition to
other parameters.

This suggests that differences in predictions by these two
classifiers may be physically interpretable, in terms of the
protein trinity model (11) or the related protein quartet model
(3). Under the protein trinity model, all soluble proteins fall
into one of three classes: one, extended disorder- confor-
mationally dynamic proteins that lack stable secondary and
tertiary structure and also lack defined hydrophobic core;
two, collapsed disorder- collapsed proteins with defined
secondary structure but dynamic tertiary contacts; or three,
well-structured- proteins that contain qualities sufficient
to fold in isolation. These classes can be characterized by
various methods, for example, by examination of the
hydrodynamic radius in relation to the protein’s molecular
weight, which shows clearly that the radius decreases in the
order: extended disorder> collapsed disorder> well-
structured (3). In addition, the related protein quartet model
takes into consideration a premolten globule-like state, a
distinct conformation with a hydrodynamic radius intermedi-
ate to those of extended and collapsed disorder (3). These
models also postulate that function can arise within each state
or from transitions between states.

Under these models, the charge-hydropathy classification
is predisposed to discriminate proteins with the extended
disorder (coils or premolten globules) from a set of globular
conformations (molten globule-like or rigid well-structured
proteins). The compositions and entropies of proteins pre-
dicted by charge-hydropathy are consistent with this idea.
Relative to ordered proteins (Figure 5A), these sequences
are highly enriched in charged residues, with twice as much
for positively charge residues, and have around half as many
of most hydrophobic residues. These polypeptide chains will
not be able to fold into a compact globular structure due to
weak hydrophobic stabilization and strong electrostatic
repulsion (3, 20). The relatively low sequence entropy of
these sequences (Figure 5B) also suggests that they will not
be able to fold, since it has been shown that there is a
minimum required sequence entropy for globular proteins
(28). In other words, proteins predicted to be disordered by
the charge-hydrophobicity approach are likely to belong to
the extended disorder class. On the other hand, PONDR-
based approaches can discriminate all disordered conforma-
tions (coil-like, premolten globules and molten globules)
from rigid well-folded proteins, suggesting that charge-
hydropathy classification is roughly a subset of PONDR VL-
XT, in both predictions of disorder and feature space.

On the basis of the observed behavior of these predictions,
we make the following conjectures: (a) Proteins predicted
to be disordered by both charge-hydropathy and PONDR
(i.e., high net charge and low hydrophobicity) are likely to
be in the extended disorder class. (b) Proteins predicted to
be disordered by PONDR but predicted to be ordered by
charge-hydropathy should have properties consistent with
a dynamic, collapsed chain and are likely to be in the
collapsed disorder class (i.e., molten globules). (c) Finally,
proteins predicted to be ordered by both algorithms are of
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course likely to be in the well-structured class. In fact, there
is a fourth group of proteins that are predicted to be
disordered by charge-hydropathy and predicted to be
ordered by PONDR, but this group is small compared to
the other three so it is neglected in this interpretation.
Importantly, the fact that CDF analysis predicts about 2-fold
higher frequency of disorder in sequence databases than
charge-hydropathy classification suggests that approxi-
mately half of disordered proteins in different proteomes
possess extended disorder, whereas another half represents
proteins with the collapsed disorder. Currently, work is
underway to test this hypothesis, which may lead to a more
complete description of the determinants of protein disorder
than that provided by charge-hydropathy or PONDR alone.

Potential Data Set Bias.Identification of ordered and
disordered regions from crystal structures has the potential
to bias the data sets, which is an important consideration
here since two of the data sets, wholly ordered proteins and
partially ordered proteins, were derived exclusively from
crystal structures. It is conceivable that a crystal structure-
derived data set may be biased against proteins with
characteristics that are unsuitable to crystallization. However,
the characteristics that distinguish ordered proteins that
crystallize from ordered proteins that do not crystallize are
fairly subtle, as evident from the lack of any adequate model
that distinguishes these two classes biased on amino acid
sequence. While this bias may be an issue for a more detailed
sequence-structure analysis, here only gross sequence
properties are examined, and so these biases are not likely
to have an observable effect on these results. Also, previous
results have indicated that sequence determinants of order/
disorder are very similar between crystal structures and
solution structures (38), which further supports the use of
crystal structure-based data sets.

Crystallization can cause artificial ordered regions and
disordered regions, relative to the solution state of the protein.
Large regions of disorder in X-ray structures, as used for
this set, can be either true disorder or wobbly domains (38).
Independent verification of the disorder would be useful for
each of these proteins, but such verification would be
especially useful for those proteins with>30% disordered
residues. As such proteins were not used for classifier
development, this distinction is not crucial. However, the
presence of wobbly domains rather than disorder will give
an overestimation of the usefulness of the classifiers on
proteins that contain a mixture of ordered and disordered
residues. Conversely, it has been observed that crystallization
can induce disorder-to-order transitions thorough crystal
contacts (e.g., nucleosome tails, PDB 1EQZ (39)). As for
disordered regions, this is a fundamental limitation of
sampling ordered regions from crystal structures and char-
acterization of ordered and disordered regions by multiple
methods (40) would be useful to improve the quality of the
data set.

The third set of proteins, wholly disordered proteins,
differed from the other two sets in that it includes proteins
characterized by NMR and CD and not crystallography. The
necessity of this is obvious since these techniques are capable
of characterizing wholly disordered proteins while crystal-
lography relies on the presence of a unique 3D structure.
However, these techniques, as well as structural characteriza-
tions in general, are not without caveats. For example,

proteins without regular secondary structure, termed NORs
by Liu et al. (41), may have stable structure but will give a
CD spectra similar to disordered proteins. For another
example, excluded volume effects, as present in the cellular
milieu, have been shown to stabilize protein structure (42),
and the lack of these effects in vitro may result in false
characterization of a protein as wholly disordered (e.g., FlgM
(43)). However, excluded volume effects are not universal
(44). The characterization of wholly disordered proteins
suffers from as many, if not more, caveats as the character-
ization of protein order/disorder from crystal structures, so
care must be taken in interpreting these results. However,
given the parametric nature of the methods used here, some
amount of noise in the data set is not likely to significantly
bias these results but will reduce the estimated accuracy of
these algorithms.

Comparison to Other Studies of Disorder Prediction
Methods.At least two groups have also reported use of the
distance to the charge-hydropathy boundary as an indication
of protein disorder. The FoldIndex3 measure is similar to
the distance value used here, with the caveat that the
FoldIndex is not the formal distance to the charge-
hydropathy boundary (45). Scaling the FoldIndex by 0.338
will give a value equivalent to the present method but will
vary somewhat due to the different boundary equations.

Pandey et al. (46) compared charge-hydropathy boundary
distance to the percent of disordered residues predicted by
PONDR. The authors report that charge-hydropathy bound-
ary distance gives predictions equivalent to the fraction of
PONDR-predicted disorder. It is apparent from that study
and the present study that there is a relationship between
these two prediction methods. However, the poor linear fit
between PONDR and charge-hydropathy (R2 ) 0.34)
reported by the authors is more consistent with the comple-
mentarity of the prediction methods than with the equiva-
lency of the prediction methods.

Predictions of Ordered and Disordered Proteins.The
approach to order-disorder classification used here, as either
wholly ordered or wholly disordered, is clearly an ap-
proximation of the real physical situation. While some
proteins have been characterized as wholly disordered and
many wholly ordered proteins are known, many more
proteins contain both ordered regions and disordered regions.
For practical reasons, however, it is often necessary to
summarize local properties across entire proteins. Use of
prediction methods intended for prediction of whole protein
disorder is therefore useful in this context. Use of whole
protein prediction methods prevents the necessity of selecting
arbitrary classification criteria based on per-residue disorder
prediction methods.

The gray area of classification is of central importance in
developing whole protein classification methods. Ideally,
structured proteins with disordered loops or termini would
be predicted to be structured proteins. Likewise, highly
disordered proteins with limited regions of structural pro-
pensity would be predicted to be disordered. To test the
former, a set of partially ordered proteins was used for
predictor validation. Although prediction algorithms differed
in performance on this set, the level of performance indicates

3 http://bioportal.weizmann.ac.il/fldbin/findex.
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that the algorithms are not overly biased by a small content
of disorder. To investigate the opposite question, proteins
predicted to be disordered were compared to structured
proteins from PDB (Figure 6). This analysis demonstrates
that a strong, but limited, local propensity for order will not
cause a highly disordered protein to be classified as ordered.

Intrinsic Protein Disorder in Structural Genomics.Predic-
tion of disorder across genomes suggests that intrinsically
disordered proteins will play a significant role in genome-
scale projects, particularly those focused on eukaryotic
organisms. The high rate of attrition of proteins in high
throughput structure determination projects (47) may be
partially attributable to the failure to adequately account for
disordered proteins, particularly in the final stages of structure
determination (48).

Nonglobular sequences (49) are commonly accounted for
by filtering low complexity sequences (50). Although a
minimal sequence complexity is required for the formation
of globular structure and many disordered regions have low
sequence complexity, this is not an exclusive relationship
(28, 51). In fact, only 8% of disordered sequence windows
in one study have a complexity lower than that observed for
globular proteins (28), which means that target prioritization
methods that utilize only low complexity filters detect only
a small fraction of the disordered proteins in their target lists.

Use of disorder prediction would therefore aid in excluding
intrinsically disordered proteins from traditional high through-
put structure determination pipelines. This is particularly
important because disordered proteins can be the most costly,
in time and resources, of all failed structure targets. That is,
many disordered proteins may behave reasonably well in
solution, but will fail in the final stages of structure
determination, which require relatively large quantities of
labeled protein. These final stages are the most resource
intensive, and therefore greatly increased efficiency could
be obtained by avoiding disordered proteins altogether.
Indeed, recent experimental results demonstrate that predic-
tions of intrinsic disorder can help improve the yield of
structured proteins in structural genomics projects, as as-
sessed by heteronuclear single quantum coherence spectra
(48).

The high frequency of disordered protein in eukaryotes
can be attributable to the increased need for inter- and
intracellular signaling and coordination in these organisms.
In particular, proteins involved in cellular regulation and
related to cancer are highly enriched in disordered residue
content (12). Since these proteins are among the most
biologically interesting targets, in terms of relevance to
human health, they are also among the high priority proteins
in genome-scale projects. Therefore, disregarding disordered
proteins does not contribute to the ultimate goal of under-
standing cellular processes. Methods for the study of disorder
can be integrated with standard structure determination
methods (27). Disorder prediction can aid the creation of
such a system by forming a central fork in the target pipeline
that would direct ordered proteins to the conventional
pipeline and disordered proteins to an alternative pipeline.
The alternative pipeline could include binding partner screens
to induce structure in otherwise disordered proteins and
empirical domain segmentation to excise ordered domains
from disordered domains.

SUPPORTING INFORMATION AVAILABLE

Lists of wholly ordered and partially folded proteins (with
corresponding PDB identifications), a list of wholly disor-
dered proteins (with corresponding references), a description
of the receiver operator characteristics (ROC) curves, and a
figure representing illustrative ROC curves for CDF predic-
tions, charge-hydropathy prediction, and the consensus score.
This material is available free of charge via the Internet at
http://pubs.acs.org.
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