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Abstract

Computational predictions of the intrinsic disorder and its functions are instrumental to facilitate annotation for
the millions of unannotated proteins. However, access to these predictors is fragmented and requires
substantial effort to find them and to collect and combine their results. The DEPICTER (DisorderEd Predictlon
CenTER) server provides first-of-its-kind centralized access to 10 popular disorder and disorder function
predictions that cover protein and nucleic acids binding, linkers, and moonlighting regions. It automates the
prediction process, runs user-selected methods on the server side, visualizes the results, and outputs all
predictions in a consistent and easy-to-parse format. DEPICTER also includes two accurate consensus
predictors of disorder and disordered protein binding. Empirical tests on an independent (low similarity)
benchmark dataset reveal that the computational tools included in DEPICTER generate accurate predictions
that are significantly better than the results secured using sequence alignment. The DEPICTER server is

freely available at http://biomine.cs.vcu.edu/servers/DEPICTER/.

© 2019 Elsevier Ltd. All rights reserved.

Introduction

Intrinsic disordered proteins (IDPs) and intrinsi-
cally disordered protein regions (IDRs) lack stable
tertiary structure and form dynamic conformational
ensembles under physiological conditions [1—3].
Recent computational studies estimate that they
are highly abundant in nature, with up to 17% of
eukaryotic proteins (depending on an organism) that
are entirely disordered [4] and between 30 and 50%
that have at least one long IDR (>30 consecutive
residues) [5,6]. IDPs and IDRs are instrumental for a
wide range of cellular functions that include signaling
and molecular recognition [7,8], translation [9—11],
regulation of transcription [12], cell death processes
[18—15], innate immune response [16], viral life
cycle [17—19], and many others. They are implicated
in the dark proteome [20,21], often found to
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contribute to human diseases [22,23], and are
being considered as attractive new class of targets
for drug discovery [24,25]. However, experimental
annotations of IDRs and their functions are limited to
only about 1600 proteins that are stored in the
DisProt database [26,27]. This gave rise to the
development of a large collection of over 70
computational methods that predict IDRs and IDPs
from the protein sequences [3,28—33]. Recent
empirical studies have shown that some of these
methods provide highly accurate predictions
[34—37]. Moreover, two dozen computational tools
that predict several functions of IDRs were published
and released over the last decade [32,38,39]. These
methods address sequence-based prediction of
molecular partners that interact with IDRs, including
proteins, DNA and RNAs, and a selected set of
cellular functions, such as flexible linkers and
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moonlighting regions. These computational predic-
tors can be used to accurately and in cost- and
runtime-efficient way predict and functionally anno-
tate IDPs and IDRs for the millions of proteins that
lack these annotations.

The predictions produced by these methods can
be collected either by the means of their webservers/
implementations provided and supported by the
authors and by using popular and large databases
of precomputed predictions: D2P? [40] and MobiDB
[41]. Both databases offer access to results gener-
ated by a large pool of disorder predictors for millions
of sequences proteins. More specifically, D?P?
covers 9 disorder predictions for about 10.5 million
proteins, while MobiDB provides 10 disorder predic-
tions for the contents of the October 2017 version of
the UniProt repository [42], which includes around
90 million proteins. While these two resources
provide unrivaled coverage of the disorder predic-
tions, they offer a rather limited selection of the
disorder function predictions that includes only the
protein-binding regions predicted by the ANCHOR
method [43]. Moreover, they are constrained to the
set of proteins that they currently include. This
means that the users must use the webservers or
implementations of the available predictors for the
huge number of proteins that are not currently
included in these databases. More specifically, the
current version of UniProt includes over 171 million
proteins compared to 90 million in MobiDB. Collec-
tion of these predictions is rather difficult since it
demands finding their websites/implementations,
running the predictions using multiple different
interfaces that require reformatting the input protein
data, and assembling the results that are provided in
a wide range of formats. The aforementioned issues
can be alleviated by the development of a predictive
resource that provides integrated access to a
comprehensive set of disorder and disorder function
predictors. While there are no such resources for the
disorder prediction, they are already available for the
prediction of various aspects of protein structure,
including PSIPRED workbench [44], SCRATCH
[45], PredictProtein [46], and MULTICOM [47].

To this end, we provide first-of-its-kind webserver
for the sequence-based prediction of intrinsic dis-
order and disorder functions. The DEPICTER (Dis-
orderEd Predictlon CenTER) server integrates
predictions of intrinsic disorder and several disorder
functions using several popular and runtime-efficient
methods. The server automates the entire process of
prediction across all these tools, visualizes the
results, and outputs an easy-to-parse text file that
provides all predictions in a consistent format.
DEPICTER is freely available at http://biomine.cs.
vcu.edu/servers/DEPICTER/.

Materials and Methods

Selection of predictors for inclusion into the DEPIC-
TER webserver

There are over 70 disorder predictors and another 25
predictors of disorder function [28,29,31—-33,38]. It would
be infeasible and unnecessary to develop a platform that
provides access to all these tools. We select a collection of
fast (needing short runtime to make predictions), recently
published and empirically shown to provide accurate
predictions tools that predict disorder and that provide a
comprehensive coverage of the currently predicted dis-
order functions. In total, the DEPICTER server includes 10
predictive tools: SPOT-Disorder-Single [48], two versions
of IUPred2 [49]: IUPred2,,y and IUPred2g,., DFLpred
[50], DMRpred [51], DisoRDPbindgrna [52,53],
DisoRDPbindpna [52,53], fMoRFpred [54], DisoRDPbind-
protein [52,53], and ANCHOR2 [49]. Each of these methods
was empirically shown to provide competitive levels of
predictive performance, outperforming or at least matching
the performance of other currently available approaches
that can be used to make the same predictions
[48—51,53,54]. Further discussion of the selection process
is available in the Supplement.

Interface and architecture of the DEPICTER server

The server is available at http:/biomine.cs.vcu.edu/
servers/DEPICTER/. Users submits a FASTA-formatted
sequence of the input protein using the interface shown in
Fig. 1A. The main page of the server offers a brief tutorial
that explains how to use the interface. We encourage the
users to provide an email address where the server will
send an email notification with links to the prediction
results upon completion of the prediction. Users have the
option to select a subset of predictors to run—by default
the server runs all available predictors. Once the sequence
is submitted by clicking the “RUN” button, the browser is
redirected to a status page that provides the current
position of this request in the server queue. We utilize the
first-come-first-serve queue where each user is limited to
submit up to five concurrent requests. This limit is imposed
to ensure a fair access across users. The status page is
automatically redirected to the results page when predic-
tions are completed. Closing the status webpage prevents
the users for advancing to the results page; however, links
to the predictions will still be sent through email. The entire
prediction takes less than 1 min for an average-size protein
sequence. The front end of the server is implemented in
HTML and Javascript, while the back end relies on PHP,
Java, Python, and MySQL database.

The programs required to produce predictions are run
automatically by scripts on the server side. The workflow
of the DEPICTER server is summarized in Fig. 2. The 10
predictors that are included in the DEPICTER server (left
side of Fig. 2) make six distinct color-coded types of
predictions of disordered regions (by SPOT-Disorder-
Single, IUPred2,,ng, and IUPred2g,,+ methods), protein-
binding IDRs, which include MoRFs (DisoRDPbindgotein,
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Please follow the four steps below to make predictions:

1. Upload a file with protein sequence, or paste it into text area

for details):

2. Provide your e-mail address (optional)

3. Compute results for the following methods

A. Disordered Residue Predictors

B. Di in-binding Residue

D. Disordered DNA-binding Residue Predictor
E. Disordered linker Residue Predictor

F. Disordered Multifunctional Residue Predictor

A DEPICTER : DisorderEd Predictlon CenTER

Tutorial | Materials | References | Acknowledgments | Disclaimer | Biomine

The server is designed for prediction of intrinsically disordered regions and thier selected molecular functions and partners.

Server accepts only 1 (FASTA formated) protein sequence. Either upload a file or enter the protein sequence in the following text field (see Help

Choose afile | No file chosen

Example | Reset sequence

Please enter your email address in the following text area. A link to results of assessment will be sent to your email address once they are
ready. The results will be also available in the browser window.

@ Select All (IUPred-L, IUPred-S, SPOT-Disorder)
@ Select All (fMoRFpred, DisoRDPbind, ANCHOR2)

“DisoRDPbind
@DFLpred
“DMRpred

Oorses

o RUABadg

0 N B

4. Predict
Click RUN to launch prediction

RUN

Fig. 1. Web interface of the DEPICTER server (panel A) and predictions produced by the DEPICTER server for the
silent information regulator Sir3p (DisProt id: DP00533; UniProt id: P06701). Panel B shows the short prediction profile that
includes the binary predictions of the disordered regions (in gray), disordered protein-binding regions (green), RNA-
binding regions (light blue), DNA-binding regions (dark blue), linkers (pink), and multifunctional regions (violet). Panel C
shows the complete prediction profile that includes the color-coded binary predictions (horizontal lines) and the
corresponding real-valued propensities (located above the binary prediction lines). The numeric line at the bottom shows

positions in the protein chain.

ANCHOR2, and fMoRFpred), DNA-binding IDRs
(DisoRDPbindpna), RNA-binding IDRs (DisoRDPbind-
rna), disordered linkers (DLFpred), and moonlighting
IDRs (DMRpred). Each predictor generates two types of
outputs for each residue in the input protein sequence:
real-valued propensity that quantifies likelihood that a
given residue is disordered or carries out a given function,
and a binary value where 1 means that a given residue is
disordered (or carries out a given function) and 0 denotes
that it is structured (or not associated with the function).
We designed consensus predictors for the prediction of
disordered regions and protein-binding IDRs for which
DEPICTER includes multiple methods. A consensus
predictor combines results produced by multiple predic-
tive tools to generate a new prediction with the premise
that the new result has higher accuracy compared to each
of the input predictions. The inclusion of the consensus is
motivated by two factors. First, predictions generated by
multiple methods could be conflicting with each other,
which would confuse the end users. The consensus offers
a single prediction that resolves these conflicts. Second,
previously developed consensus-based predictors of the
intrinsic disorder were empirically shown to provide
improvements in the predictive quality [55—57]. This
means that inclusion of the consensus is likely to
strengthen the quality of the outputs produced by the
DEPICTER server. Moreover, we use the accurate
disorder consensus prediction to improve the capability
of the disorder function predictors to differentiate func-
tional IDRs from structured protein sequences that carry

out similar functions. Namely, we multiply the propensities
generated by the fMoRFpred, DLFpred, DMRpred Dis-
oRDPbind, and ANCHOR2 by the propensities produced
by the disorder prediction consensus. This ensures that
the resulting values are going to be high for the
disordered regions predicted by the aforementioned
tools and low for the structured protein sequences. The
consensus predictor of the protein-binding IDRs uses
these adjusted propensities as the inputs. After the
predictions are completed, the users are presented with
the short prediction profile that is produced by the server
(right side of Fig. 2). This profile incorporates six putative
binary annotations of the disordered residues (based on
the consensus), disordered protein-binding residues
(based on the consensus), disordered protein—DNA and
protein—RNA binding residues, linker residues, and
multifunctional disordered residues. This profile provides
a concise and complete overview of the location and
function of the putative disordered regions in the input
protein chain. Users are also provided with the complete
prediction profile that includes the complete set of 12
propensities and the corresponding 12 binary predictions
produced by the 10 individual predictors and the two
consensuses. The predictions are color-coded and
visualized on the results page using the BioJS program
[58]. The server also provides an option to download the
results in a parsable comma-separated text file. We
archive user-generated predictions for at least 1 month.
They can be accessed directly via a unique link sent by
email.
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Fig. 2. The workflow of the predictions in the DEPICTER server.

Design and evaluation setup

We use training and test datasets to empirically design
the two consensus methods and to quantify the predictive
performance of the predictions generated by the DEPIC-
TER server. Supplementary Table S1 summarizes the
contents of the two datasets. The functionally annotated
test dataset is available at http:/biomine.cs.vcu.edu/
servers/DEPICTERY/. Details describing the process of
collection and annotations of these datasets are provided
in the Supplement.

We quantify the predictive quality with several popular
metrics that were used in the most recent Critical
Assessment of protein Structure Prediction (CASP)
experiments that included disorder predictions: CASP9
[59] and CASP10 [60] and in several recent empirical
assessments [37,61,62]. They include Matthews Correla-
tion Coefficient (MCC), sensitivity, specificity, area under
the Receiver Operating Curve (AUCRroc), and area under
the Precision Recall Curve (AUCpgc). We also sample the
test dataset to equalize the rates in functional and
disordered residues to allow for direct comparison of the
predictive performance across different predictive targets.
Definitions of these metrics and details of the sampling
process are given in the Supplement.

Consensus predictors for the disordered and the
disordered protein-binding residues

We design two consensus predictors that combine
results produced by the multiple methods that predict
disorder and disorder protein binding that are included in
DEPICTER. The aim of the consensuses is to provide
improved predictive performance when compared to their
input predictions and resolve potential conflicts between
multiple individual predictions. The design process, the
corresponding empirical results, and comparison of pre-
dictions between the consensus method and the corre-
sponding input predictors are included in the Supplement.

Results

Assessment of predictive quality

Table 1 summarizes the quality of the results
produced by the predictors included in the DEPIC-
TER server on the test dataset. This dataset shares
low (<30%) similarity to the proteins that were used
to develop these predictors. We compare the results
generated by the server against a sequence
alignment-based prediction. Details concerning the
calculation of the alignment-based predictor and the
experimental setup are described in the Supple-
ment. Table 1 reveals that each of the 10 predictors
included in the DEPICTER server and the two
consensuses provide accurate results. The AUC-
roc Vvalues span between 0.79 (IUPred240) and
0.85 (consensus method) for the disorder prediction
and between 0.74 (fMoRFpred) and 0.87 (consen-
sus method) for the prediction of the protein-binding
regions. The predictions of the RNA binding, DNA
binding, linker, and multifunctional regions secure
AUCRoc values equal 0.80, 0.83, 0.71, and 0.83,
respectively. The corresponding ROC and preci-
sion-recall curves are shown in the Supplementary
Figure S2. We note that these results are compar-
able to the previously published benchmarks. More
specifically, IlUPredsnor's, IUPrediong's, and SPOT-
Disorder-Single's AUCRroc values were reported to
range (depending on the test dataset used)
between 0.720 and 0.830 (we report 0.791),
between 0.706 and 0.838 (we report 0.804), and
between 0.792 and 0.905 (we report 0.845),
respectively [48]. For the prediction of the protein-
binding regions, fMORFpred and ANCHOR2 were
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Table 1. Predictive performance on the test dataset for the prediction of disordered residues, disordered protein-, DNA-,
and RNA-binding residues, disordered linker residues, and disordered moonlighting (multifunctional) residues.

Target of prediction Predictor AUCgroc  AUCpRc Sensitivity at Sensitivity ~ Specificity MCC
specificity = 0.9
Disordered residues IUPred2,ng 0.804* 0.525* 0.504 0.623 0.85 0.446"
IUPred2¢non 0.791* 0.485* 0.424 0.665 0.81 0.418"
SPOT-Disorder-Single  0.845* 0.585* 0.559 0.716 0.83 0.487*
Sequence alignment N/A N/A N/A 0.138 0.97 0.203
Consensus predictor  0.853 0.611 0.575 0.712 0.85 0.507"
Disordered protein- fMORFpred 0.738* 0.429* 0.238 0.615 0.76 0.323"*
binding/MoRF residues  DisoRDPbindyotein 0.863* 0.552* 0.577 0.760 0.84 0.515"
ANCHOR2 0.854* 0.510* 0.510 0.771 0.81 0.509%
Sequence alignment N/A N/A N/A 0.150 0.99 0.312
Consensus predictor  0.872 0.637 0.561 0.771 0.82 0.520"
Disordered RNA-binding Sequence alignment N/A N/A N/A 0.008 1.00 0.078
residues DisoRDPbindgna 0.799 0.555 0.543 0.470 0.93 0.455%
Disordered DNA-binding Sequence alignment N/A N/A N/A 0.000 1.00 0.000
residues DisoRDPbindpna 0.831 0.511 0.430 0.805 0.77 0.487"
Disordered linker Sequence alignment N/A N/A N/A 0.000 1.00 0.000
residues DFLpred 0.711 0.361 0.254 0.554 0.78 0.297*
Disordered multifunctional ~ Sequence alignment N/A N/A N/A 0.000 1.00 0.000
residues DMRpred 0.833 0.455 0.502 0.924 0.67 0.473"

The consensus predictors use the best-performing model that relies on the extreme gradient boosting tree (see Supplementary Table S4).
Results produced by the methods included in the DEPICTER webserver are compared against alignment-based predictions. The binary
predictions were generated from the propensity scores using a threshold such that residues with propensities > threshold are predicted
with the target label while the remaining residues are predicted not to have the label. The binary predictive performance measures
(sensitivity, specificity, and MCC) are based on the thresholds that were optimized to maximize the MCC value. We also provide the value
of sensitivity for the threshold that corresponds to a predefined specificity = 0.9; these sensitivities can be directly compared between
different predictors. N/A means that the corresponding score could not be computed since the alignment-based predictions produce only
the binary results, i.e., a given residue is aligned to a training residue with the target annotation or it lacks such alignment. The alignment-
based predictions could not be used to produce specificity = 0.9 due to the low number of target predictions that they produce. Statistical
significance of differences in the AUCgoc and AUCpgc values for IUPred2, SPOT-Disorder-Single, fMoRFpred, DisoRDPbind,otein, and
ANCHOR?2 against the corresponding consensus predictors was assessed using t-test (for normal measurement) or Wilcoxon rank test
(otherwise); normality was tested with the Anderson—Darling test at 0.05 significance. * denotes that the performance of a given predictor
is significantly worse than the corresponding consensus (p-value < 0.001). Using the same tests,” denotes that MCC of the alignment-

based prediction is significantly worse than the MCC of a given predictor (p-value < 0.001).

shown to secure AUCRoc 0f 0.671 (we report 0.738)
[54] and 0.865 (we report 0.854) [49], respectively.
Finally, the previously published AUCRroc for
DLFpred equals 0.715 (we report 0.711) [50] and
for DMRpred it equals 0.856 (we report 0.833) [51].
Table 1 shows that the sensitivity values of these
predictions range between 0.24 (for fMoRFpred)
and 0.58 (for the disorder consensus) when the
specificity is fixed at 0.9. This means that between
24% and 58% of the native disordered/functional
residues are predicted correctly when the false-
positive rate (rate of the nonfunctional/ordered
residues predicted as functional/disordered) is at
10%. The MCCs for the prediction of disorder
(consensus method), protein binding (consensus
method), RNA binding, DNA binding, linker, and
multifunctional regions are 0.51, 0.52, 0.46, 0.49,
0.30, and 0.47 respectively. This means that binary
predictions are correlated with the native annota-
tions. To compare, the corresponding MCCs
obtained via the alignment-based approach are
much lower and equal to 0.20, 0.31, 0.08, 0, 0, and
0, respectively. The right-most columns show that
the alignment-based results are significantly worse
than the predictions generated by the server (p-

value < 0.001). Moreover, we also compare the
predictive quality of the two consensus methods
that we designed for this server with the predictions
generated by the corresponding individual predic-
tors. Consistent with the results on the training
dataset, the consensuses generate consistently
higher values of AUCgroc, AUCpgrc, and MCC
when compared with the best individual predictors
for the same type of prediction. These differences
are modest in magnitude and statistically significant
(p-value < 0.001), meaning that the modest
improvements are robust across different proteins.
Moreover, Supplementary Figure S2 shows that
both consensuses offer comparable values of
precision for high values of recall and substantially
higher precision for lower values of recall, when
compared with the best individual disorder and
protein-binding predictors. This means that the
consensuses provide much better predictions for
the residues for which they generate high scores.
This figure also shows that the two consensuses
provide the end users with a high precision >0.8
when correctly predicting about 18% of the native
disordered residues and 22% of the native dis-
ordered protein-binding residues.
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To summarize, the 10 predictors included in the
DEPICTER server were previously shown to out-
perform or at least match the predictive performance
of other currently available approaches that make
the same predictions [48—51,53,54]. Here, we
empirically demonstrate that the two consensuses
that we designed for the prediction of the disorder
and the disordered protein-binding regions also
provide high-quality results. Moreover, our assess-
ment confirms that all 12 methods included in
DEPICTER provide accurate predictions, even for
the protein sequences that share low similarity with
the proteins that were used to develop the predictors
included in this server. This means that DEPICTER
is capable of providing high-quality predictions for
the proteins for which alignment cannot provide
accurate results.

Case study

We demonstrate results produced by the DEPIC-
TER server using one of the test proteins, silent
information regulator Sir38p (DisProt id: DP00533;
UniProt id: P06701). The silent information regulator
proteins in the budding yeast include Sir1p, Sir2p,
Sir3p, and Sirdp. They are responsible for silencing
of chromatin. Sir3p participates in the initiation,
propagation, and maintenance of the silenced
chromatin [63] and functions as chromatin architec-
tural protein being involved in the compaction of
chromatin fiber [64,65]. Sir3p is a multidomain
protein that has a long IDR located between
structured N- and C-terminal regions. The N-termi-
nus includes structured BAH domain (positions
1-215) [63]. The C-terminus comprises of a long
structured region (positions 550—980) that features
binding sites for RAP1p [66], histones H3 and H4
[67], and RAD7p [68]. The middle region of Sir3p
(positions 216—549) is intrinsically disordered [63].
This IDR interacts with RAP1p [66], RAD7p [68], and
Sirdp coiled-coil domain [69]. This implies that this
disordered region is multifunctional and interacts
with DNA and proteins.

Predictions generated by DEPICTER for the Sir3p
protein are shown in panels Band Cin Fig. 1. Fig. 1B
shows the short prediction profile that includes
binary predictions of the disordered regions (in
gray), disordered protein-binding regions (green),
RNA-binding regions (light blue), DNA-binding
regions (dark blue), linkers (pink), and multifunc-
tional regions (violet). The server predicts two IDRs
(positions 201—463, and 490—509). These predic-
tions are in good agreement with the location of the
native IDR and with the disorder predictions that are
available in the MobiDB resource [41]. More impor-
tantly, DEPICTER finds a long segment of DNA-
binding residues (blue line; positions 201—-515) and
several protein-binding regions (positions 1-53,
184—446, and 924—978). The putative protein-

binding regions (green line) at both termini should
be dismissed since they disagree with the prediction
of disorder (gray line). The location of the central
DNA-binding and protein-binding regions coincides
with the disorder predictions and is in line with the
native annotations for this IDR [66,68,69]. Moreover,
DEPICTER also predicts a long multifunctional IDR
(violet line; positions 212—458), providing further
support for the aforementioned predictions of inter-
actions with the two distinct partner types. Fig. 1C
shows the full prediction profile that includes the
color-coded binary predictions and real-valued
propensities that quantify likelihood of a given target
annotation (disorder and disorder function). The
propensity traces reveal that the predicted DNA-
binding, protein-binding and multifunctional regions
are associated with high likelihood values. Alto-
gether, DEPICTER suggests that Si3p has a multi-
functional IDR that interacts with DNA and proteins,
and the location of this prediction is in agreement
with the experimental data.

Summary

The access to the current methods that predict
disorder and disorder functions is currently fragmen-
ted and requires substantial amount of effort. Users
must find and visit multiple websites that require
inputs in different formats, collect their results, and
reformat and combine these results. The exception
are the two comfrehensive databases of disorder
predictions, D?P# and MobiDB. However, they offer
limited scope of the function predictions and are
constrained to a subset of proteins that they already
include, with no facilities to provide results for the
millions of other proteins. The DEPICTER server
addresses the need for a centralized resource that
offers access to a comprehensive set of disorder and
disorder function predictions. It automates the
prediction process using a single access point,
visualizes the results, and outputs predictions in a
consistent and easy-to-parse format. One limitation
of our server is that it processes one sequence at the
time. We do not allow batch predictions of multiple
proteins due to a high computational cost of running
the multiple predictors.

DEPICTER integrates predictions of intrinsic dis-
order generated by three popular tools (SPOT-
Disorder-Single, IUPred2gno, and IUPred2,,,4) and
prediction of disorder function produced by seven
methods (DisoRDPbindgna, ANCHOR2,
fMoRFpred, DisoRDPbindpna, DisoRDPbindprotein,
DLFpred, and DMRpred). We also design, imple-
ment and test two consensuses to resolve potential
conflicts in the results generated by the three
predictors of disorder and the three predictors of
protein binding that are included in DEPICTER.
We test the 12 predictors (including the two
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consensuses) on a benchmark dataset that was
constructed to share low similarity with the training
datasets of the included predictors. This test reveals
that the predictions produced by DEPICTER are
accurate; AUCRroc values range between 0.71 and
0.87 and MCCs range between 0.3 and 0.52,
depending on the target of the prediction. We
demonstrate that these results are significantly
better than the predictions obtained with a sequence
alignment-based solution. Moreover, our tests also
suggest that the two new consensuses provide
modest and statistically significant improvements in
the predictive performance when compared to the
corresponding three input disorder predictors and
the three protein-binding predictors.

The DEPICTER server is freely available at http:/
biomine.cs.vcu.edu/servers/DEPICTER/.
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