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BSTRACT 

ntrinsic disorder in proteins is relatively abundant in 

ature and essential for a broad spectrum of cellu- 
ar functions. While disorder can be accurately pre- 
icted fr om pr otein sequences, as it was empiri- 
ally demonstrated in recent community-organized 

ssessments, it is rather challenging to collect and 

ompile a comprehensive prediction that covers 

 ultiple disor der functions. To this end, we intr o- 
uce the DEPICTER2 (DisorderEd PredictIon Cen- 
ER) webserver that offers convenient access to a 

urated collection of fast and accurate disorder and 

isorder function predictors. This server includes a 

tate-of-the-art disorder predictor, flDPnn, and five 

odern methods that cover all currently predictable 

isor der functions: disor dered linkers and pr otein, 
eptide, DNA, RNA and lipid binding. DEPICTER2 al- 

ows selection of any combination of the six meth- 
ds, batch predictions of up to 25 proteins per re- 
uest and pr o vides interactive visualization of the re- 
ulting predictions. The webserver is freely available 

t http:// biomine.cs.vcu.edu/ servers/ DEPICTER2/ 
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RAPHICAL ABSTRACT 

NTRODUCTION 

ntrinsically disordered proteins (IDPs) have one or more 
ntrinsically disordered regions (IDRs) that lack stable ter- 
iary structure under physiological conditions ( 1–3 ). Bioin- 
ormatics studies estimate that IDPs and IDRs are relati v ely 

ommon in nature, with 30 to 50% of eukaryotic proteins, 
epending on the organism, that have at least one long IDR 

ith 30 or more consecuti v e disor dered amino acids ( 4 , 5 ).
DPs are involved in a variety of cellular functions ( 6–15 ), 
re located across se v eral cellular compartments ( 16 ), con- 
ribute to human diseases ( 17 , 18 ), and are considered to be
romising drug tar gets ( 19 , 20 ). Ho we v er, only se v eral hun-
red IDRs that are included in the DisProt database have 
xperimental annotations of their functions ( 21 , 22 ). Avail- 
bility of these annotations and the fact that IDRs have 
ntrinsic compositional bias that makes them predictable 
rom sequence ( 23 , 24 ) motivate development of computa- 
ional methods that predict disorder from the protein se- 
uences. Ther e ar e ov er 100 disor der predictors ( 25 , 26 ) and
ver three dozen predictors of disorder functions ( 27–29 ). 
ost of them rely on machine learning models that are 

ener ated using tr aining datasets composed of the experi- 
entally annotated IDRs ( 30 , 31 ). The function predictors 
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addr ess pr ediction of IDRs that interact with specific types
of molecular partners, such as proteins, peptides, DNA,
RNA and lipids, as well as disordered linker regions. Pre-
dicti v e performance of these tools was evaluated in a num-
ber of comparati v e assessments including the community-
dri v en Critical Assessment of techniques for protein Struc-
tur e Pr ediction (CASP) experiments between CASP5 and
CASP10 ( 32 , 33 ) and mor e r ecently the Critical Assessment
of Intrinsic disor der (CAID) e xperiment ( 34 ). The CAID’s
results and subsequent follow-up studies re v eal that modern
disorder predictors, particularly those that rely on deep neu-
ral networks, produce accurate results ( 31 , 34 , 35 ). Example
deep learning-based tools are flDPnn ( 36 ), SPOT-Disorder2
( 37 ), RawMSA ( 38 ), AUCpreD ( 39 ), IDP-Seq2Seq ( 40 ),
DeepIDP-2L ( 41 ) and DeepCLD ( 42 ). 

Computational methods offer an accurate and cost-
efficient way to predict and functionally annotate IDPs and
IDRs for the millions of protein sequences that lack anno-
tations. Predictions can be obtained with w e bservers and
implementa tions tha t are provided and supported by the
authors and by using popular and large databases of pre-
computed disorder predictions: D 

2 P 

2 ( 43 ) and MobiDB
( 44 ). W hile these da tabases conveniently provide predic-
tions for millions of proteins, they offer a rather narrow se-
lection of the disorder function predictions that covers only
protein and peptide binding. They are also limited to the
proteins that they currently include. Collecting predictions
using w e bservers and / or code is ra ther dif ficult. This re-
quires identifying suitable methods that cov er disor der pre-
diction and desired disorder function predictions, installing
code if this option was selected, converting between multi-
ple input / output formats, working with multiple interfaces,
and assembling different predictions. There is a prototype
solution that solves this problem by integrating disorder
and disorder function predictions, the DEPICTER (Dis-
orderEd PredictIon CenTER) w e bserver ( 45 ). DEPICTER
incorporates prediction of disorder using SPOT-Disorder-
Single ( 46 ) and IUPred2 ( 47 ), disordered linkers with DFL-
pred ( 48 ), nucleic acid binding with DisoRDPbind ( 49 , 50 ),
and protein and peptide binding with ANCHOR2 ( 47 ) and
fMoRFpred ( 51 ). Howe v er, this r esour ce utilizes a selec-
tion of methods that are now outperformed by more recent
solutions (SPOT-Disorder-Single, IUPred2 and fMoRF-
pr ed), pr edicts only one sequence at the time, and omits
disorder functions for which methods were de v eloped re-
cently. To this end, we provide a new and significantly im-
proved DEPICTER2 r esour ce. DEPICTER2 provides ac-
cess to a comprehensi v e selection of fast tools that in-
clude state-of-the-art disorder predictor, flDPnn ( 36 ), and
fiv e methods that cover the currently predictable disorder
functions: disordered linkers (DFLpred ( 48 )); protein and
peptide binding IDRs (ANCHOR2 ( 47 )); MoRFs ( 51 ),
which are short protein-binding segments that are typi-
cally located in IDRs and that undergo disor der-to-or der
transitions upon binding (MoRF CHiBi Light ( 52 )); DNA and
RNA binding IDRs (DisoRDPbind ( 49 , 50 , 53 )); and lipid-
binding IDRs (DisoLipPred ( 54 )). The DEPICTER2 w e b-
server allows for batch predictions of up to 25 proteins, au-
tomates the entire prediction pr ocess, pr ovides an interac-
ti v e visualization of the results, and deli v ers results in a con-
sistent format across the six tools using easy to parse files
in multiple format (comma-separable, xml and json). DE-
PICTER2 is freely available at http://biomine.cs.vcu.edu/
servers/DEPICTER2/ . 

MATERIALS AND METHODS 

Pr edictive perf ormance and selection of methods included in
DEPICTER2 

With nearly 150 disorder and disorder function predictors
( 25 , 27 ), it would be impractical to provide access to all these
tools. Thus, DEPICTER2 covers a curated collection of six
pr edictors, wher e each method targets prediction of a dif-
ferent aspect of intrinsic disorder. We select fast, recently
published and empirically shown to provide accurate pre-
dictions tools that include a predictor of disorder and fiv e
tools that comprehensi v ely cov er the fiv e curr ently pr edicted
disorder functions. These predictors generate two results for
each residue in the input sequence: real-values propensi-
ties and binary scores (disorder vs. structure; function vs.
no function). Correspondingly, we quantify predicti v e accu-
racy with two popular metrics: area under recei v er operat-
ing characteristic curve (ROC-AUC) tha t evalua tes propen-
sities and F1 for the binary predictions. 

A post-CAID commentary that analyzed CAID results
concludes that ‘SPOT-Disorder2 and fIDPnn, followed by
RawMSA and AUCpr eD, ar e consistently good. Howe v er,
fIDPnn is at least an order of magnitude faster than its com-
petitors, and it succeeded on all sequences, whereas SPOT-
Disorder2 skipped 5% of sequences as a result of a length
limitation’ ( 35 ). Mor e pr ecisely, ROC-AUC and F1 values
are 0.814 and 0.48 for flDPnn and 0.760 and 0.47 for SPOT-
Disor der2, respecti v el y ( 34 ). Consequentl y, DEPICTER2
applies flDPnn, the fastest among the most accurate dis-
order predictors in the CAID experiment, to generate the
disorder predictions. To compare, the ROC-AUC and F1 in
CAID for the two methods that were used in DEPICTER
are 0.757 and 0.43 (SPOT-Disorder-Single) and 0.740 and
0.42 (IUPred2), respecti v ely ( 34 ). 

The current disorder function predictors address predic-
tions of disordered linkers and IDRs that interact with sev-
eral types of molecular partners: proteins , peptides , DNA,
RNA and lipids ( 27 , 28 ). DEPICTER2 includes one predic-
tor for each of these functions, selected based on its favor-
ab le predicti v e performance from the CAID experiment if
multiple methods are available. In fact, CAID is the first
community-dri v en effort that evaluates predictions of bind-
ing IDRs. The top thr ee pr edictors in this category are
ANCHOR2 with ROC-AUC = 0.742 and F1 = 0.22, Dis-
oRDPbind with ROC-AUC = 0.729 and F1 = 0.21, and
MoRF CHiBi Light with AUC = 0.720 and F1 = 0.21 ( 34 ).
We include these three tools in DEPICTER2. They pre-
dict disordered residues that interact with proteins and pep-
tides (ANCHOR2), RNA and DNA (DisoRDPbind), as
well as MoRF regions (MoRF CHiBi Light ). MoRFs are short
regions that are embedded in longer IDRs that undergo
disor der-to-or der transition when interacting with proteins
and peptides ( 55 , 56 ). To compare, the MoRF predictor that
is included in the original DEPICTER, fMoRFpred, ob-
tains ROC-AUC = 0.55 and F1 = 0.07 in the CAID ex-
periment. Mor eover, we r e-use the predictor of disordered
linkers, DFLpred, from DEPICTER. This tool secures

http://biomine.cs.vcu.edu/servers/DEPICTER2/
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OC-AUC = 0.715 on a low-similarity test dataset in the 
riginal publication (linker prediction was not included in 

AID) ( 48 ). Finally, DEPICTER2 incorporates DisoLip- 
red, the sole predictor of the disordered lipid-binding 

esidues that was released after CAID experiment was 
ompleted. DisoLipPred obtains ROC-AUC = 0.781 and 

1 = 0.15 on a low-similarity test dataset, outperforming 

ther indirect ways to predict this functional type of disor- 
er ( 54 ). Altogether, the six selected methods (flDPnn, AN- 
HOR2, DisoRDPbind, MoRF CHiBi Light , DFLpred and 

isoLipPr ed) ar e r elati v ely accurate and most of them, ex-
ept for DisoLipPr ed, ar e also optimized for speed. Their 
redictions can be completed in a pproximatel y 15, 30 and 

0 seconds for sequences with length of 100, 300 and 1000 

mino acids, respecti v ely. 

ESULTS 

r chitectur e 

igure 1 summarizes workflow of the DEPICTER2 w e b- 
erver. We use the input sequence (step 1) to generate 
 comprehensi v e profile with se v eral thir d-party methods 
step 2). The profile quantifies sequence-deri v ed informa- 
ion that is useful for the disorder and disorder function 

rediction including sequence conserva tion, puta ti v e sec- 
ndary structure, solvent accessibility and other character- 

stics. This profile is shared between the six predictors that 
re run individually. Each predictor relies on its own fea- 
ur e engineering procedur e which converts a specific part 
f the profile into inputs that are utilized by the predic- 
i v e model (step 3); details are described in their pub- 
ications ( 36 , 47 , 48 , 50 , 52 , 54 ). We input the features into
he corr esponding pr edicti v e models (step 4) that produce 
redictions separately for each of the six predictors (step 

). This is a rather complex ar chitectur e, with nine third- 
arty programs, se v eral vastly different feature engineer- 

ng procedures, including the most sophisticated one for 
DPnn tha t genera tes fea tures a t amino acid, sequence 
indow and whole-chain le v els, and se v en di v erse predic-

i v e models. These models range from relati v ely simple re-
r essions (DFLpr ed and DisoRDPbind), scoring functions 
ANCHOR2) and Bayesian models (MoRF CHiBi Light ), to 

ore sophisticated deep feedforward and r ecurr ent neu- 
al networks (flDPnn and DisoLipPred). The results in- 
lude color-coded binary predictions (gra phicall y r epr e- 
ented as horizontal bars) and the corresponding real- 
alued propensities (Figure 1 ). The w e bserv er is availab le 
t http://biomine.cs.vcu.edu/servers/DEPICTER2/ . We fo- 
us on convenience. The programs and models are run au- 
omatically by scripts on the server side. Users do not need 

o install any additional software beside a w e b browser. The 
ront end is implemented in HTML and JavaScript while 
he back end is based on PHP, Java, Python and MySQL 

a tabase. We of fer a simple to naviga te input interface and 

arsab le te xt file and graphical outputs. 

nputs and interface 

e discuss the inputs and outputs of DEPICTER2 using 

esults for an example human protein, Ataxin-3 (Disprot 
D: DP00576; Uniprot ID: P54252). Ataxin-3 is a deubiq- 
itina ting enzyme tha t cleaves ubiquitin fr om pr oteins just 
efor e they ar e degraded. Ataxin-3 has a disordered C- 
erminal domain (positions 174–361) ( 57 , 58 ) which hosts 
ultiple ubiquitin interacting motifs (UIM) that are essen- 

ial for the deubiquitination ( 59 , 60 ). 
Figure 2 A shows the interface of DEPICTER2. A user 

s asked to provide either the FASTA-formatted protein 

equence(s) or the UniProt accession(s), and (optionally) 
n email addr ess. Figur e 2 A shows an example submission 

ith the sequence of Ataxin-3. We recommend providing 

he email since this is where links to the results are sent upon 

ompletion of the prediction process; otherwise, users must 
nsure that the browser window is open and acti v e as the 
r ediction progr esses. The input interface that allows se- 

ection of any combination of the six methods and by de- 
ault the faster fiv e pr edictors ar e selected (see ‘Runtime’ 
ection). We support batch predictions for up to 25 proteins 
hen fast tools are selected and limit the input to two pro- 

eins when the slow DisoLipPred is included. After select- 
ng the methods, predictions are launched by clicking the 
RUN’ button. The browser r edir ects to the status page that 
hows the current position in the server queue. To provide 
air access to users, first-come-first-serve queue is applied 

ith a limit of fiv e concurr ent r equests per user. We also
imit the time allocated to each submission to about 15 min- 
tes, which is why we constrain the number of input proteins 
o 25. Once the predictions are completed, the status page 
 edir ects to the results page. 

utputs 

he results page provides links to the graphical output of 
ach input sequence and to download raw formatted out- 
uts for each selected method that are available in se v eral 
asy to parse forma ts tha t include comma-separable text, 
son and xml. The files include explanations of the included 

ata, which comprise of raw propensity scores, propensity 

cores that are normalized to a unit interval using the min- 
ax normalization, and binary predictions. We store these 

esults on the server for at least 3 months. The graphical 
ormat is color-coded and interacti v e with zoom, selection, 
mage download, pan, and callouts features. The interac- 
i v e color-coded panels (Figures 1 and 2 B) are grouped 

nto three parts: (i) putati v e disor der (in pink); (ii) puta- 
i v e linkers (in yellow) and (iii) putati v e disor dered binding
egions (MoRF in light red, protein-binding in dark red, 
NA-binding in blue, RNA-binding in light blue and lipid- 

inding in green). Each panel displays protein-le v el data at 
he top, which includes percentage of predicted residues and 

umber of predicted regions (length ≥ 4 residues). Residue- 
e v el pr edictions ar e displayed as propensity scores plotted 

n a line graph. The binarized labels are shown above as hor- 
zontal bars. Threshold values that are used to deri v e binary 

r edictions (r esidues with propensities > threshold are clas- 
ified as disordered / functional) are marked as dashed hor- 
zontal line on the line-graphs. The threshold values were 
stablished by the authors of the methods and they are 
ypically calibrated to ensure near nati v e rate of the pre- 
icted disorder ed / functional r esidues ( 36 , 47 , 48 , 50 , 52 , 54 ).
he range of residues in the predicted region and their 

http://biomine.cs.vcu.edu/servers/DEPICTER2/
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Figure 1. Workflow of the DEPICTER2 w e bserver. 

Figure 2. Web interface of the DEPICTER2 server (panel A ) and pr ediction r esults (panel B ) for the human Ataxin-3 protein (Disprot ID: DP00576; 
Uniprot ID: P54252). Panel B shows the interacti v e color-coded panels for predictions of disordered residues (pink), MoRF residues (light-red) and 
protein-binding residues (red). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/nar/article/51/W

1/W
141/7151337 by Virginia C

om
m

onw
ealth U

niversity Libraries user on 15 July 2023
underlying propensity scores can be viewed on the mouse
hover. Each panel allows zooming into a section of the
plot, panning axes on both sides, r esetting ax es to original
view, and downloading it as an image in the PNG and SVG
formats. 

We explain how to read the outputs using the predic-
tions for Ataxin-3 (Figure 2 B). Our w e bserver predicts
that Ataxin-3 has 48% of disorder ed r esidues (top of the
pink panel in Figure 2 B), which comes close to the na-
ti v e disor der content of 52.1% reported in the r efer ence
database DisPr ot (Dispr ot ID: DP00576). DEPICTER2
predicts four IDRs at the C-terminus (positions 193–196,
199–202, 207–340 and 349–361; pink panel in Figure 2 B).
These regions coincide with the position of the nati v e IDR
(positions 174–361) ( 57 , 58 ). DEPICTER2 also predicts a
putati v e IDR at positions 49–66; howe v er, this region has
lower values of the underlying predicted propensity scores
when compared to the regions at the C-terminus. More
broadly, putati v e IDRs (binary predictions) that are asso-
ciated with higher propensities are more likely to corre-
spond to corr ect pr edictions. The w e bserver also predicts
two protein-binding regions (positions 215–291 and 307–
355; dark red panel at the bottom of Figur e 2 B) that ar e
in good agreement with the protein-binding UIM domains
of Ataxin-3 ( 58 , 61 ). MoRF pr edictions (light-r ed panel in
Figure 2 B) include fiv e regions, three of which coincide
with the protein-binding regions of Ataxin-3, while the
two short regions near the N-terminus are likely spurious
predictions. 

Runtime 

We include a runtime analysis for the six methods in
DEPICTER2 in the context of the size of the input

art/gkad330_f1.eps
art/gkad330_f2.eps
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Figure 3. Comparison of runtime for the six methods included in DEPICTER2. We measure runtime on 100 randomly selected proteins from the DisProt 
dataset from the CAID experiment. Sequences are sorted in the ascending order by their length and divided into 5 equally sized subsets. The y-axis reports 
median runtime for each protein subset measured in seconds using base 10 logarithmic scale. The x-axis shows the corresponding median sequence length. 
The error bars along both axes denote the 5th and 95th percentiles of the values for a gi v en protein set. 
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roteins. We collect and compare their runtime using ran- 
omly selected 100 pr oteins fr om the DisProt dataset that 
as used in CAID ( 34 ) utilizing the same hardware and op- 

rating system: Linux OS (Ubuntu v14.04.5) with 48 64-bit 
ntel processors and 128 GM RAM. To accommodate for 
erformance variation due to a background workload, we 
easure the runtime three times for each predictor with a 

reak in between each run, and recor d av erage of the three
eplica tes. To stud y the ef fect of sequence length on run- 
ime we sort the sequences in the ascending order by their 
ength into fiv e equally sized bins. Figure 3 plots the median 

untime measured in seconds ( y -axis in base 10 logarith- 
ic scale) against the median sequence length ( x -axis) for 

ach bin. Runtime of DisoLipPred is considerably higher 
han that of the other fiv e methods, by about 3 orders of 
agnitude compared to ANCHOR2 and DFLpred and 2 

rders of magnitude compared to MoRF CHiBi Light , DisoR- 
Pbind and flDPnn. Consequently, we categorize DisoLip- 
red as a slow method and limit the w e bserver input for that
ethod to two proteins. The fiv e fast predictors take < 30 

 to produce result for an average length protein, with AN- 
HOR2 and DFLpred completing predictions in under 1 s. 
igure 3 also re v eals that the runtime increases for longer 

equences. Howe v er, the degree of the increase varies be- 
ween tools. DFLpred and ANCHOR2 are the least af- 
ected by sequence length as their runtime increases 2 times 
etween the shortest and longest sequence bins, compared 

o the DisoRDPbind that suffers the worst increase by 

5 times. 
a
UMMARY 

espite the availability of nearly 150 intrinsic disorder and 

isorder function predictors, convenient options to obtain 

igh-quality predictions that comprehensi v ely cov er dis- 
rder and a broad selection of its functions are lacking. 
EPICTER2 w e bserv er substantially e xtends its prototype 
EPICTER and offers a one-stop solution that includes 

rediction of intrinsic disorder by the accurate and fast 
DPnn along with fiv e state-of-the-art methods that de- 

i v er complete cov erage of the currently availab le disor der 
unction pr edictions: disorder ed linkers , MoRFs , and disor- 
ered protein-, RN A-, DN A- and lipid-interacting regions. 
bility to predict interacting regions will facilitate down- 

tream efforts to utilize this knowledge for other applica- 
ions, such as drug design. Recent works point to an un- 
apped value of utilizing IDPs as drug targets ( 19 , 62 ), for in-
tance in the context of host-pathogen interactions and for- 
ation of protein assemblies and biomolecular condensates 

 63 , 64 ). This will r equir e the de v elopment of nov el disor der-
pecific scoring functions, following similar efforts for the 
tructured interactions ( 65 ), and access to a curated collec- 
ion of annotations of IDP-drug interactions, with the latter 
uffering a limited size. 

DEPICTER2 automatically runs the six methods on the 
erver-backend without the need to install any software. It 
rovides an easy to navigate input interface that supports 
election of any combination of methods and batch sub- 
ission. The w e bserver generates predictions in two ways, 

s a consistently formatted and easy to parse text files and 

art/gkad330_f3.eps
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color-coded graphical interface with interacti v e features
that include residue-le v el and protein-le v el results. In a nut-
shell, DEPICTER2 is an accurate and fast platform that
provides a holistic approach for disorder and disorder func-
tion predictions. The DEPICTER2 w e bserver is freely avail-
ab le at http://biomine.cs.vcu.edu/serv ers/DEPICTER2/ . We
are committed to maintaining this resource in the long term
and plan to update it periodically to incorporate newer ver-
sions of the predictors that it covers and to extend the scope
by inclusion of additional functions that will become pre-
dictable in the futur e. Mor eover, users inter ested in predic-
tions for large collections of proteins should consider the
DescribePROT database ( 66 ) at http://biomine.cs.vcu.edu/
servers/DESCRIBEPR OT/ . DescribePR OT provides access
to pr e-computed pr edictions from se v eral methods included
in DEPICTER2, such as DFLpred, DisoRDPbind and
MoRFchibi, for 2.3 million pr oteins fr om 273 complete
proteomes of popular / model organisms. We plan to incor-
porate predictions of the other three methods into this re-
source in a near future. 
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