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Abstract

Intrinsic disorder in proteins is manifested by regions that lack stable structure under
physiological conditions. Proteins with disordered regions are common across all kingdoms of
life, facilitate many essential cellular functions and contribute to dark proteomes. They are
associated with a wide spectrum of human diseases and consequently are considered as potent
drug targets. Disordered regions have unique sequence signatures, making them predictable
from protein sequences. Computational disorder prediction is a vibrant research area with
over 40 years of history, which heavily depends on machine learning (ML) algorithms and
innovations, such as meta learning and deep learning. We summarize a comprehensive
collection of 73 ML-based disorder predictors, detail several most successful methods and
survey related resources that predict disorder and disorder functions. We detail historical
trends in the development of disorder predictors, highlighting the shifting focus from
traditional ML methods, to meta-predictors, and most recently to the deep neural networks.
We introduce a wide range of useful resources that support disorder and disorder function
predictions including databases, webservers, and methods that provide quality assessment of
disorder predictions. The availability of these numerous high-quality methods and resources
ensures that the computational disorder predictions will continue to make substantial impact
in key areas of research including rational drug design, structural genomics, and medicine.

1 Introduction

Intrinsic disorder in proteins is manifested by presence of regions that lack stable structure
under physiological conditions [1-3]. These intrinsically disordered regions (IDRs) are
classified as native coils, native pre-molten globules and native molten globules, signifying
the fact that they be disordered to a different degree [4, 5]. More generally, IDRs can be seen
as ensembles of interchanging conformations, with some regions being more expanded
(native coils and native pre-molten globules) and other being more compact (native molten
globule). Recent bioinformatics studies suggest that intrinsically disordered proteins (IDPs),
i.e., proteins with IDRs, are common across all kingdoms of life, with particularly high levels
in eukaryotes [6-9], and are distributed across different cellular compartment [10, 11]. IDPs
are engaged in numerous essential cellular functions that include molecular assembly and
recognition, signal transduction, cell cycle regulation, chromosomal packing, transcription
and translation, to name but a few [8, 12-22]. They also contribute to the dark proteomes,
defined as the non-resolved parts of the protein structure space [23-25].



Dysfunction of IDPs is associated with a wide spectrum of human diseases [26-28]. Examples
include the Alzheimer's and Parkinson's diseases, Down's syndrome, prion diseases and
dementia [29]. Moreover, IDPs facilitate regulatory and signaling functions that frequently
rely on molecular interactions and consequently their misregulation and misinteractions are
linked to cancers, diabetes and cardiovascular diseases [30-33]. IDPs play also key roles in
viral genomes [34-38]. Given the prevalence and importance of IDPs in context of human
diseases, IDPs such as a-synuclein, tau, p53 and BRCA-1 are attractive drug targets [26].
Moreover, novel approaches towards drug rational discovery efforts that target IDPs are being
developed [39-43], further highlighting importance of this class of proteins.

Experimentally annotated IDRs can be collected from several databases, such as DisProt [44],
PDB [45], IDEAL [46], DIBS [47], and MFIB [48]. The DisProt resource also offers
functional annotations for the IDRs. While these resources provide access to very valuable
experimental data, their size is relatively small compared to the hundreds of millions of
protein sequences that are currently included the UniProt database [49]. For instance, the
recent version 8.3 of DisProt covers approximately 2 thousand proteins [44]. The substantial
and rapidly growing annotation gap has motivated development of computational predictors
of IDRs [50-60]. The ability of these methods to generate accurate predictions of intrinsic
disorder stems from the fact that IDRs have distinct sequence signatures compared to
structured/ordered regions [61]. For instance, disordered regions typically have high net
charge, low hydrophobicity and are depleted in aromatic residues when compared to their
structured counterparts [5, 62, 63]. Availability of these computational methods has made
substantial impact on the intrinsic disorder field, driving a rapid increase in the research on
IDPs and IDRs [64].

Figure 1A shows disorder annotations for the SIR3 protein from Saccharomyces cerevisiae
(UniProt ID: P06701) collected from DisProt (DisProt ID: DP00533) [44]. This
transcriptional repressor that facilitates modulation of chromatin structure includes one IDR
(positions 216 to 549) that was shown to interact with proteins and DNA [65]. We use this
protein to demonstrate disorder prediction generated fIDPnn [66], one of the currently best
methods that recently won the Critical Assessment of Intrinsic Protein Disorder (CAID) [67,
68]. The disorder predictions are done at the residue level, which means that they are
produced for each amino acid in the input protein sequence. The prediction consists of a
numeric propensity score (higher value denotes higher likelihood for disorder) and a binary
value (disordered vs. structured). The binary prediction is typically generated from the
putative propensities, where amino acids with propensities higher than a threshold are
categorized as disordered and the remaining residues are predicted as structured. Figure 1B
shows the putative propensity of disorder (black line) and binary annotation of disordered
residues (green horizontal bar) produced by fIDPnn; the corresponding threshold is denoted
by the dashed horizontal line. We note that the location of the predicted disordered residues is
in close agreement with the experimental data, demonstrating that disorder predictors can
produce very accurate results.
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Figure 1. Experimental and predicted disorder annotations for the SIR3 protein (UniProt ID: P06701, DisProt
ID: DP00533). Panel A shows the experimental annotation of the disordered regions (positions 216 to 549)
collected from DisProt (https://www.disprot.org/) [44, 65]. Panel B shows prediction of disorder generated by
the fIDPnn method (http://biomine.cs.vcu.edu/servers/fIDPnn/) [66] where black plot gives the putative
numerical propensity of disorder and horizonal green bar corresponds to putative disordered regions derived
from the propensity values. Panel C is the prediction of disorder and disorder functions produced by the
DEPICTER webserver (http://biomine.cs.vcu.edu/servers/DEPICTER/) [69] that include disorder predictions
using a consensus of the [UPred2A [70] and SPOT-Disorder-Single methods [71] (gray horizonal bar), putative
disordered protein binding (green horizonal bar) by consensus of DisoRDPbind [72, 73], ANCHOR?2 [70] and
fMoRFpred [74], RNA binding (light blue horizonal bar) and DNA binding (dark blue horizonal bar) regions by
DisoRDPbind [72, 73], disordered linkers (pink horizonal bar) by DFLpred [75], and putative
multifunctional/moonlighting disordered regions identified by DMRpred (violet horizonal bar) [76]. Panel D
gives the disorder prediction (black and gray horizontal bar) generated by the consensus of SPOT-DISORDER-
Single [71], DISOPRED3 [77] and IUPred-short [78] that is accompanied by the quality assessment (QA) scores
produced by QUARTERplus (http://biomine.cs.veu.edu/servers/ QUARTERplus/) [79]. The QA scores (color-
coded horizonal bar) quantify quality of the consensus disorder prediction, i.e., residues identified with green and
yellow colors are more likely to be accurately predicted compared to predictions colored in orange or red.

The fIDPnn predictor and significant majority of other disorder predictors were developed
using a machine learning (ML) approach [51, 54, 60]. This means that the developers of these
methods used the available experimental disorder data to train predictive models using ML
algorithms. Once trained and properly validated [68, 80], the resulting predictive models can
be used to produce accurate predictions of disordered residues and regions for the millions of
sequences that lack disorder annotations, like we illustrate in Figure 1B. This chapter



overviews disorder predictors that rely on the ML models. We produce a comprehensive list
of these predictors and discuss the underlying ML algorithms used. Moreover, we provide a
detailed description of several most successful methods. Finally, we briefly survey other
related resources, including webservers and databases, that facilitate prediction of disorder
and disorder functions.

2 Overview of disorder predictors

Over 100 disorder predictors have been developed to date [51, 54, 60]. They were reviewed in
a about a dozen surveys [50-60]. The most recent review defines four distinct periods in the
development of the disorder predictors [60]:

1. The first-generation predictors were developed between 1979 and 2001. The first ML-
based method was developed by Romero, Obradovic, and Dunker in 1997 [81]. It relies on
a shallow neural network that utilizes physical and chemical characteristics of the protein
sequence as its inputs. Relatively few first-generation methods were developed.

2. The second-generation predictors date between 2002 and 2006. A significant event
during this time period was the inclusion of disorder prediction assessment into the 5%
Critical Assessment of Structure Prediction (CASP5) in 2003 [82]. This resulted in rapid
popularization of this predictive area [50]. The second-generation predictors are typically
based on somewhat simple predictive models, frequently relying on sequence scoring
functions and shallow neural networks. The defining innovation was the use of
evolutionary profiles produced from the position specific score matrix (PSSM) that is
generated from the input protein sequences with the PSI-BLAST program [83, 84].
Representative second-generation methods include GlobPlot [85], [UPred [78, 86],
PONDR predictors [87-90], DISOPRED [91], DisEMBL [92], and RONN [93].

3. The third-generation predictors were published between 2007 and 2015. One of the
defining features of this time period was the introduction of meta-predictors, which
generate disorder prediction by combining results produced by several disorder predictors.
Popular third-generation meta-predictors include MFDp [94], CSpritz [95], PONDR-FIT
[96] and DisCoP [97, 98]. We also note that the assessment of the disorder predictions
continued biannually in the CASP7, CASP8, CASP9 and CASP10 experiments [80, 99-
101], resulting in a steady stream of new predictors.

4. The fourth-generation period has started in 2016. This new generation of disorder
predictors is defined by the introduction and development of deep learning models. Our
analysis reveals that about half of the fourth-generation disorder predictors, 11 out of 23,
rely on the deep neural networks [60]. Representative deep learning-based methods
include AUCpred [102], SPOT-Disorder [103], SPOT-Disorder-Single [71], SPOT-
Disorder2 [104], rawMSA [105] and fIDPnn[66]. The focus on designing novel deep
network-based predictors culminated in their convincing success in the most recent CAID
community assessment [67, 68].

As the above historical overview suggests, disorder predictors utilize a broad spectrum of
predictive models. They are typically divided into three categories based on their predictive
models [51, 52, 54, 55, 58]: (1) sequence scoring function-based methods; (2) machine



learning approaches; and (3) meta-predictors. The sequence scoring function-based predictors
use relatively simple additive and/or weighted functions, some of which are grounded in
physical principles governing protein folding processes, to process information extracted from
the input sequence and sequence-derived evolutionary information. Representative methods in
this category include FoldIndex [106], I[UPred [78, 86], [UPred2A [70] and IUPred3 [107].
The machine learning methods utilize sophisticated predictive models that are trained from
experimental data using a variety of ML algorithms, such as support vector machine,
conditional random field, random forest and a variety of neural networks. Well-known ML
methods include DisEMBL [92], DISOPRED [91], PONDR [90], PrDOS [108], DISOPRED3
[77], fIDPnn [66], SPOT-Disorder2 [104], RawMSA [105] and AUCpred [102]. The meta-
predictors utilize two or more disorder predictions as inputs to re-predict disorder to improve
predictive performance when compared to the input predictions. Several empirical studies
show that well-designed meta-predictors produce such improvements [97, 109-111].
Ilustrative meta-predictors include metaPrDOS [112], MFDp [94], Cspritz [95], MFDp2
[113, 114], disCoP [97, 98] and MobiDB-lite [109]. Moreover, some meta-predictors use ML
models to process inputs, which means that they belong to both categories. Corresponding
examples include metaPrDOS [112] and MFDp [94].

3 Disorder prediction using machine learning

We focus on the machine learning disorder predictors. We searched for these methods using
listing of methods that participated in community assessments [68, 80, 82, 99-101, 115] and a
comprehensive selection of 13 previously published surveys, which also include comparative
studies [50-55, 58, 60, 116-119]. This extensive search produced list of 73 ML-based disorder
predictors that are summarized in Table 1. This Tables identifies when and where these
methods were published and reviews ML models that they utilize.

Table 1. Summary of 73 predictors of intrinsic disorder that use machine learning models. The methods are
sorted in the chronological order of their publication.

Year

Disorder predictor published Ref. Machine learning algorithms used
Predictor by Dunker et al. 1997 [81]  Shallow neural network

PONDR CaN-XT 1997 [120]  Shallow neural network

PONDR XL1 1997 [120]  Shallow neural network

PONDR VL-XT 2001 [89]  Shallow neural network
DisEMBL-REM465 2003 [92] Shallow neural network
DisEMBL-HL 2003 [92] Shallow neural network
DisEMBL-COIL 2003 [92]  Shallow neural network
DISOPRED 2003 [91]  Shallow neural network
DISOPRED2 2004 [121]  Support vector machine + Shallow neural network
DISpro 2005 [122, 123] Shallow neural network

PONDR VL3 2005 [90] Shallow neural network

PONDR VL3H 2005 [90]  Shallow neural network

PONDR VL3E 2005 [90]  Shallow neural network

RONN (JRONN) 2005 [93] Shallow neural network

PONDR VSLI1 2005 [87] Regression

PROFbval 2006 [124] Shallow neural network

PONDR VSL2B 2006 [87, 88] Support vector machine




Year

Disorder predictor published Ref. Machine learning algorithms used

PONDR VSL2P 2006 [87,88] Support vector machine

Wiggle 2006 [125]  Support vector machine

Distill 2006 [126] Shallow neural network

Spritz (Spritz3) 2006 [127]  Support vector machine

DisPSSMP 2006 [128] Radial basis function networks

iPDA (DisPSSMP2) 2007 [129] Radial basis function networks

POODLE-L 2007 [130] Support vector machine

POODLE-S 2007 [131]  Support vector machine

POODLE-W 2007 [132] Nearest neighbor

NORSnet 2007 [133] Shallow neural network

PrDOS (PrDOS2) 2007 [108]  Support vector machine

Pdisorder 2007 N/A  Shallow neural network

UCON 2007 [133] Shallow neural network

OnD-CRF (OnD-CRF2) 2008 [134] Conditional random field

metaPrDOS (metaPrDOS2) 2008 [112]  Support vector machine

PreDisorder 2009 [135] Shallow neural network

NN-CDF 2009 [136] Shallow neural network

DRaai 2009 [137] Random forest

MD 2009 [138] Shallow neural network

UPforest-L 2009 [139] Random forest

POODLE-I 2010 [140]  Support vector machine

MFDp 2010 [94]  Support vector machine

PONDR FIT 2010 [96] Shallow neural network

Cspritz 2011 [95] Shallow neural network

Espritz-D 2012 [141] Shallow neural network

Espritz-N 2012 [141] Shallow neural network

Espritz-X 2012 [141] Shallow neural network

SPINE-D 2012 [142]  Shallow neural network

DNdisorder 2013 [143] Deep neural network (restricted Boltzmann machine)
MFDp2 2013  [113, 114] Support vector machine

disCoP 2014 [97,98] Regression

DynaMine 2014  [144, 145] Regression

PON-Diso 2014 [146] Random forest

s2D-1 2015 [147] Shallow neural network

s2D-2 2015 [147] Shallow neural network

DISOPRED3 2015 [77] ISl:i[;%%r(t)rvector machine + Shallow neural network + Nearest
DisoMCS 2015 [148] Conditional random field

DeepCNF-D 2015 [149] Deep neural network (convolutional) + Conditional random field
AUCpred 2016 [102] Deep neural network (convolutional) + Conditional random field
AUCpred-np 2016 [102] Deep neural network (convolutional) + Conditional random field
DisPredict (DisPredict2) 2016 [150]  Support vector machine

SPOT-Disorderl 2017 [103] Deep neural network (recurrent)

SPOT-Disorder-Single 2018 [71]  Deep neural network (hybrid: convolutional + recurrent)
Predictor by Zhao and Xue 2018 [151] Decision tree + Shallow neural network

IDP-CRF 2018 [152] Conditional random field

Spark-IDPP 2019 [153] Support vector machine + Shallow neural network
IDP-FSP 2019 [154] Conditional random field

rawMSA 2019 [105] Deep neural network (hybrid: convolutional + recurrent)
SPOT-Disorder2 2019 [104] Deep neural network (hybrid: convolutional + recurrent)
DisoMine 2020 N/A  Deep neural network (recurrent)

ODiNPred 2020 [155] Shallow neural network

IDP-Seq2Seq 2020 [156] Deep neural network (recurrent)




Year

Disorder predictor Ref. Machine learning algorithms used

published
fIDPnn 2021 [66] Deep neural network (feed-forward)
fIDPIr 2021 [66] Regression
RFPR-IDP 2021 [107] Deep neural network (hybrid: convolutional + recurrent)
Metapredict 2021 [157] Deep neural network (recurrent)

Table 1 reveals that the first ML predictor was developed in 1997. These methods were
developed at a relatively steady pace over the subsequent years. On average, close to 3
methods were developed annually, with 11 predictors published in the last 3 years. Figure 2
illustrates these trends. We observe a sharp spike in the development efforts between 2005
and 2007 when 21 methods were released. We speculate that this was fueled by the inclusion
of the disorder prediction into CASP5 and CASP6 experiments [82, 115], which
correspondingly grew from 6 participating methods in CASP5 to 20 in CASP6. Figure 2 also
highlight selected popular and/or well performing methods that were developed over the years
(in chronological order): PONDR XL1 [120] (1997), DisEMBL [92] and DISOPRED [91]
(2003), PONDR VSL2B [87, 88] (2006), PrDOS [108] (2007), MFDp [94] (2010), Espritz
[141] (2012), DISOPRED3 [77] (2015), AUCpred [102] (2016), SPOT-Disorder-Single [71]
(2018), SPOT-Disorder2 [104] and RawMSA [105] (2019), and fIDPnn [66] (2021).
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Figure 2. Timeline of the development of the machine learning-based predictors of intrinsic disorder. The green
bars show the number of predictors developed in a given year. Selected popular and/or well-performing
predictors are named inside the bars. The red line is the cumulative number of the predictors.

Table 1 shows that the 73 disorder predictors rely on a variety of different ML algorithms.
Some of these predictors use an ensemble of models that were produced by multiple different
ML algorithms. A case in point is DISOPRED?3 that combines support vector machine,
shallow neural network and nearest neighbor models [77]. We break down these algorithms in
Figure 3. By far the most popular choices are shallow neural networks and support vector
machines, which when combined account for 60% of all ML algorithms used. The shallow
neural networks were particularly popular in early years, with nearly all predictors between
1997 and 2005 utilizing these models (Table 1). The support vector machines were commonly



used between 2006 and 2010, when 10 out of 25 predictors applied these models.
Interestingly, the most popular ML models in recent years are deep neural networks, which
were used by 6 out of 11 disorder predictors that were published since 2019. Deep neural
networks differ from the shallow networks by inclusion of multiple hidden layers. The deep
networks also often apply more advanced neuron types and more sophisticated architectures
and connection patterns. The deep learning-based disorder predictors utilize a diverse
collection of architecture types that cover feed-forward, recurrent, convolutional and hybrid
topologies (Figure 3). The latter typically combine convolutional and recurrent topologies
(Table 1).

The drive to use the deep networks partly stems from their popularity in related areas of
protein bioinformatics [158, 159]. Some examples include prediction of protein function [160,
161], residue contacts [162-166], residue distances [167], binding residues [168-171],
crystallization success [172], solvent accessibility [173, 174], secondary structure [174-176],
posttranslational modification sites [177], and substrates and cleavage sites [178]. Another
key factor contributing to the popularity of the deep learners is their success in recent
assessments of disorder predictions [58, 68, 116]. For example, all of the best-performing
methods that participated in the most recent CAID competition [67, 68], which include
fIDPnn [66], SPOT-Disorder2 [104], RawMSA [105] and AUCpred [102], rely on the deep
networks. Interestingly, these methods use diverse network architectures including
convolutional topology by AUCpred, a hybrid of convolutional and recurrent by SPOT-
Disorder2 and RawMSA, and the feed-forward topology by fIDPnn.
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Figure 3. The breakdown of different types of machine learning models used by the disorder predictors. The
smaller, gray-scale pie chart shows various types of the deep neural networks.



4 Selected machine learning-based disorder predictors

Several large-scale comparative studies that assessed predictive performance of the intrinsic
disorder predictors were published in the past [68, 80, 82, 99-101, 115-119]. Among them, we
highlight the community assessments where disorder predictors were evaluated on blind test
datasets (i.e., datasets that were not available to the authors of predictors) by an independent
group of assessors who do not take part in the competitions. This arguably ensures that the
evaluation is fair across the participating predictors. The community assessments include (in
chronological order) CASPS [82], CASP6 [115], CASP7 [99], CASP8 [100], CASP9 [101],
CASP10 [80] and CAID [68]. The largest and most recent assessments reported results for 28
disorder predictors in CASP10 [80] and 32 in CAID [68]. The top three methods in these two
assessments utilize ML-based models. They include PrDOS [108], DISOPRED3 [77] and
MFDp [94] from CASP10 [80]; and fIDPnn [66]; SPOT-Disorder2 [104] and AUCpred [102]
from CAID [66, 68]. Following, we provide detailed description of these six best-performing
ML-based disorder predictors.

4.1 PrDOS

PrDOS was developed by Dr. Ishida at the University of Tokyo and Dr. Kinoshita at the
Tohoku University. This method integrates two predictors: one based on an evolutionary
profile of the protein sequence and the other based on the protein structure templates. The
result is computed as a weighted average of the outputs from the two predictors. Comparative
analysis reveals that this method outperformed all other disorder predictors in the CASP10
experiment [80].

Predictive model: Combination of SVM and the sequence alignments of sequences from PDB
structures.

Citation data: 676 citations according to Google Scholar (January 2022); published in 2007
[108].

Availability: Webserver at https://prdos.hgc.jp/cgi-bin/top.cgi.
4.2 MFDp

The MFDp predictor was designed by Dr. Kurgan’s team, which currently resides at the
Virginia Commonwealth University. This is a meta-predictor that combines putative disorder
predicted by four complementary methods: IUPred-long [78], IUPred-short [78],
DISOPRED?2 [121] and DISOclust [179]. The main innovation behind MFDp is the design of
the consensus that relies on three SVM models that predict different sizes of IDRs (long,
short, and all-size). The subsequently version of this predictor, MFDp2 [113], calibrates the
outputs from the original MFDp using disorder content predictions generated by DisCon
[180]. MFDp was ranked third in CASP10 [80], and did not participate in CAID.

Predictive model: Ensemble of three SVMs.

Citation data: 183 citations according to Google Scholar (January 2022); published in 2010
[94].



Availability: MFDp webserver at http://biomine.cs.vcu.edu/servers/MFDp/; MFDp2
webserver at http://biomine.cs.vcu.edu/servers/MFDp2/.

4.3 DISOPRED3

DISOPRED?3 was released by Dr. Jones’s lab at the University College London. The two
prior versions of this popular disorder predictor were released in 2003 (DISOPRED) and 2004
(DISOPRED2) [91, 121]. DISOPRED?3 integrates its own disorder predictor with outputs
generated by DISOPRED?2 and two ML-based predictions trained using long IDRs. This
method also identifies protein binding sites in the putative IDRs using an additional SVM-
based model. DISOPRED3 is a part of the PSIPRED workbench [181]. DISOPRED3 was
ranked second in CASP10 and among top ten predictors in CAID [68, 80].

Predictive model: SVM, shallow neural network and nearest neighbor for disorder prediction.
SVM for prediction of the disordered protein binding.

Citation data: 565 citations according to Google Scholar (January 2022); published in 2015
[77].

Availability: Webserver at http://bioinf.cs.ucl.ac.uk/psipred/; standalone code at
http://bioinfadmin.cs.ucl.ac.uk/downloads/DISOPRED/.

4.4 AUCpred

AUCpred was created by Dr. Xu’s group at the Toyota Technological Institute in Chicago in
collaboration with researchers from the University of Chicago. One of the innovations was
that the underlying predictive model that relies on deep convolutional network was trained to
maximize area under the ROC curve (AUC). This method offers two options: prediction with
or without the use of the evolutionary profile. The latter prediction is much faster (10 seconds
for an average length protein chain) and slightly less accurate than the outputs of the former
design. AUCpred was ranked among the top three methods in the CAID experiment [66, 68].

Predictive model: Deep convolutional neural network combined with conditional random
fields.

Citation data: 66 citations according to Google Scholar (January 2022); published in 2016
[102].

Availability: Webserver at http://raptorx.uchicago.edu/StructurePropertyPred/predict/.
4.5 SPOT-Disorder2

The SPOT-Disorder2 method was released by Prof. Zhou’s lab, which is now located at the
Shenzhen Bay Laboratory. The earlier SPOT-Disorder version of this method was published
in 2017 [103]. SPOT-Disorder2 improves over SPOT-Disorder by integrating several network
topologies rather than using one long short-term memory bidirectional recurrent neural
network (LSTM-BRNN). The second version utilizes evolutionary profile and predictions
from SPOT-1D method [182] as inputs. Besides predicting disorder, SPOT-Disorder2 outputs
putative semi-disordered regions which can be used to identify molecular recognition features
(MoRFs) [74, 183]. CAID results place this method among the top three predictors, however,
SPOT-Disorder2 suffers long runtime when compared to its close challengers [66, 68].
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Predictive model: Hybrid deep neural network that combines convolutional and recurrent
topologies.

Citation data: 42 citations according to Google Scholar (January 2022); published in 2019
[104].

Availability: Webserver at https://sparks-lab.org/server/spot-disorder?/; standalone code at
https://sparks-lab.org/downloads/.

4.6 fIDPnn

The fIDPnn predictor was developed in Prof. Kurgan’s lab, which is currently located at the
Virginia Commonwealth University, in collaboration with researchers from the Nankai
University. The defining features of this method include innovative predictive inputs that
incorporate extended sequences profile and protein-level feature encoding, ability to predict
selected functions for the putative IDRs that it predicts, and low runtime. The functions
covered by fIDPnn include disordered linkers and interaction with proteins, DNA and RNA.
FIDPnn produces the disorder and disorder function predictions very quickly, in about 5
seconds for an average size protein. Comparative analysis in CAID reveals that fIDPnn ranks
among the top three predictors in that experiment and that it is at least an order of magnitude
faster than these competitors [66, 68].

Predictive model: Deep feed-forward neural network for the disorder prediction. Ensemble of
four random forest models for the prediction of disorder functions.

Citation data: 6 citations according to Google Scholar (January 2022); published in 2021
[66].

Availability: Webserver at http://biomine.cs.vcu.edu/servers/flIDPnn/; standalone code at
https://gitlab.com/sina.ghadermarzi/fldpnn.

5 Related resources

Nowadays, users are provided with access to webservers and implementations for many
disorder predictors. However, making these predictions could be inconvenient, particularly in
scenarios where users would like to secure multiple disorder predictions for the same protein
or predictions for a large number of proteins. A convenient alternative to making prediction
using individual methods is to collect pre-computed predictions from one of the currently
available databases: D?P? (Database of Disorder Protein Predictions; https://d2p2.pro/) [184],
MobiDB (https://mobidb.bio.unipd.it/) [185, 186], and DescribePROT
(http://biomine.cs.vcu.edu/servers/ DESCRIBEPROT/) [187]. Each of these three databases
provides instantaneous access to results generated by several disorder predictors for large
datasets of proteins ranging from 1.35 million proteins from 83 genomes in DescribePROT,
10.43 million proteins from 1,765 genomes in D?P?, to 219.74 million proteins in MobiDB.
One of the key features of the MobiDB resource is the inclusion of the consensus disorder
prediction produced by MobiDB-lite method [109] as well as curated experimental
annotations of disorder that are collected from several source including DisProt [44], IDEAL
[46], ELM [188], MFIB [48], DIBS [47], FuzDB [189] and PhasePro [190]. While D*P? and
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MobiDB primarily focus on the disorder predictions, DescribePROT also provides predictions
of other structural and functional characteristics of proteins. These include putative solvent
accessibility predicted by ASAquick [191], putative disordered linked by DFLpred [75],
putative protein-binding residues by DisoRDPbind [72, 73, 192], MoRFChibi [193] and
SCRIBER [194, 195], putative DNA-binding and RNA-binding residues by DisoRDPbind
and DRNApred [196], secondary structure by PSIPRED [197], signal peptides by SignalP
[198, 199], disorder by PONDR VSL2B [87, 88], and alignment profiles produced by
MMseqs2 [200, 201]. In total, the most recent release 1.4 of DescribePROT provides access
to over 7.8 billion residue-level predictions.

However, we note that users must still rely on disorder predictors when they want to predict
sequences that are not included in a given database. A very useful resource in that case is
DEPICTER (DisorderEd Predictlon CenTER; http://biomine.cs.vcu.edu/servers/DEPICTER/)
[69]. This unique webserver generates a comprehensive collection of disorder and disorder
function predictions. It provides consensus disorder predictions using results produced by the
fast [UPred-short [78], IUPred-long [78] and SPOT-Disorder-Single [71] methods. These
predictions are accompanied by the disordered linker predictions made by DFLpred [75],
putative disordered regions that interact with proteins and nucleic acids that are predicted by
combining results of fMoRFpred [74], DisoRDPbind [72] and ANCHOR?2 [70], and putative
disordered multifunctional (moonlighting) regions generated by DMRpred [76]. Figure 1C
shows results computed by DEPICTER for the SIR3 protein (UniProt ID: P06701; DisProt
ID: DP00533). DEPICTER suggests that the putative IDRs (grey horizontal bar) is
multifunctional (violet horizontal bar) and that it binds DNA (dark blue horizontal bar) and
proteins (green horizontal bar). These predictions are in good agreement with the
experimental disorder annotations shown in Figure 1A.

Another recent advance is the development of methods that provide interpretable residue-level
quality assessment scores [202]: QUARTER (http://biomine.cs.vcu.edu/servers/ QUARTER/)
[203, 204] and QUARTERplus (http://biomine.cs.vcu.edu/servers/ QUARTERplus/) [79]. The
scores produced by these tools can be used to identify regions where the quality of the
disorder predictions generated by several popular methods, such as DISOPRED3, IUPred,
PONDR VSL2B and disEMBL, is high. QUARTERplus relies on a deep convolutional neural
network to make accurate, consensus-based disorder predictions accompanied by the quality
assessment scores, which allow the users to easily pinpoint which disorder predictions are
more trustworthy. We illustrate this in Figure 1D where the disorder predictions shown using
the black and gray horizontal bar are annotated with the quality assessment scores, i.¢., color-
coded horizontal bar where residues identified with green and yellow colors are more likely to
be accurately predicted compared to predictions colored in orange or red. We note that the
short putative IDRs that were identified at both sequence termini are marked in red/orange,
which suggests that these predictions are likely incorrect. In contrast, the long putative IDRs
in the middle of the sequence is marked in yellow/green, suggesting that this disorder
prediction is likely accurate. These color-coded annotations concur with the experimental
disorder annotations from Figure 1A, signifying the usefulness of the quality assessment
scores that QUARTERplus produces.
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We also briefly overview computational predictors of disorder functions. There are well over
a dozen predictors of disordered protein-binding regions [205], including recent methods,
such as OPAL+ [206], MoRFPred en [207], FLIPPER [208] and SPOT-MoRF [209].
Moreover, users can utilize DisoRDPbind [72, 73, 192] and DeepDISOBind [169] to identify
putative IDRs that interact with DNA, RNA and proteins, as well as DisoLipPred [170] that
predicts IDRs that bind lipids. There are also two methods that predict disordered linker
regions, DFLpred [75] and IPOD [210]. We stress the fact that prediction of binding IDRs
(i.e, IDRs that bind proteins, DNA, RNA and small ligands) was recently assessed in the
CAID experiment [68]. CAID found that ANCHOR?2 [70], DisoRDPbind [72, 73, 192] and
MoRFCHiBi [193] are the most accurate predictors of binding IDRs. However, this
assessment concluded that “disordered binding regions remain hard to predict”, suggesting
that disorder function predictors should be further improved [68]. Interested readers can find
more details in several recent surveys on this topic [51, 205, 211].

6 Summary

Disorder prediction is a vibrant and very active research area that heavily relies on ML
models and innovations, including meta learning and deep learning. We identified 73 ML-
based disorder predictors that were developed in the last four decades. We found that the
original focus on traditional ML methods, such as shallow neural networks and support vector
machines, which dominated this field until mid-2000s has shifted towards the meta-predictors
in late 2010s. This was subsequently followed by a transition to the deep neural networks in
around 2015. Given the success of deep learners in the recent CAID experiment [66, 68] and
their popularity in the broader protein bioinformatics area [158, 159], we anticipate that the
development of deep neural network-based disorder predictors will continue in a near future.
We also stress the availability of many useful resources that support disorder and disorder
function predictions including databases, such as D?P?[184], MobiDB [185, 186], and
DescribePROT [187], comprehensive webservers, such as DEPICTER [69], and methods that
provide quality assessment of disorder predictions, such as QUARTERplus [79]. The easy
access to these numerous methods and resources ensures that the computational disorder
predictions will continue to make substantial impact in other key areas of research, such as
rational drug design [42, 43, 212-214], structural genomics [24, 92, 215], study of human
diseases [216], and systems medicine [59].
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