DISOselect: disorder predictor selection at the protein level
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Abstract

The intense interest in the intrinsically disordered proteins in the life science community, together with
the remarkable advancements in predictive technologies, have given rise to the development of a large
number of computational predictors of intrinsic disorder from protein sequence. While the growing
number of predictors is a positive trend, we have observed a considerable difference in predictive
quality among predictors for individual proteins. Further, variable predictor performance is often
inconsistent between predictors for different proteins and the predictor that shows best predictive
performance depends on the unique properties of each protein sequence.

We propose a computational approach, DISOselect, to estimate the predictive performance of 12
selected predictors for individual proteins based on their unique sequence-derived properties. This
estimation informs the users about the expected predictive quality for a selected disorder predictor and
can be used to recommend methods that are likely to provide the best quality predictions. Our solution
does not depend on the results of any disorder predictor; the estimations are made based solely on the
protein sequence. Our solution significantly improves predictive performance, as judged with a test set
of 1000 proteins, when compared to other alternatives. We have empirically shown that by using the
recommended methods the overall predictive performance for a given set of proteins can improved by a
statistically significant margin. DISOselect is freely available for non-commercial users through the
webserver at http://biomine.cs.vcu.edu/servers/DISOselect/.

Keywords: Intrinsic disorder; intrinsically disordered proteins; intrinsically disordered regions;
Prediction; Protein properties; Recommendation; Predictive performance.

1 Introduction

Biologically functional proteins without stable structures, known as intrinsically disordered proteins
(IDPs), have been a reported phenomenon for the past few decades. IDPs have challenged the long held
fundamental paradigm of the necessity of structure for protein function (1). IDPs and intrinsically
disordered regions (IDRs) are defined as proteins or regions of protein that lack of stable tertiary
structure in isolation and that form an ensemble of confirmations (2; 3). IDPs associate with a number of
essential biochemical activities regardless of their inability to exist in stabilized secondary or tertiary
structures under conventional physiochemical conditions (4-6; 3). They contribute to signalling and
regulation (7; 8) and are particularly prevalent among the proteins that interact with nucleic acids (9-
15). Computational studies suggest that IDPs and proteins with IDRs are widespread not only over the



proteomes of all three kingdoms of life but also in viral proteomes (16-26). At the same time it has been
discovered that length and abundance for IDRs and IDRs increase with complexity of the given
organisms (27; 19).

Experimental characterizations of IDPs (2) are collected as annotations in several community databases,
such as DisProt (28), MobiDB (29), and IDEAL (30). Unfortunately, the rate of accumulation of
experimental data of IDPs lags far behind the rate at which new sequences are discovered; DisProt and
IDEAL account for 803 (28) and 913 (30) proteins, respectively. The lack of intrinsic disorder annotations
is compounded by the lack of effective homology-based techniques analogous to those used for the
structured proteins, which prevents directly leveraging existing annotations. One solution to this dearth
of IDP data is use of existing annotations to build predictors that can distinguish ordered/structured
from disordered regions based on a protein sequence and apply these models to unannotated proteins.
This solution has been extremely successful; more than 60 predictors have been developed last few
decades (31-37) and many show high accuracy in blind, community assessments (38; 39). Intrinsic
disorder predictors have a wide range of applications: from focused application for structural
characterization of a few proteins, e.g. (40-42), to broad association studies, e.g. (27; 43; 19; 44, 45; 15).
These research activities depend strongly on the reliability and accuracy of prediction methods, which
has encouraged the continual development of improved predictors.

Intrinsic disorder predictors have been created from a wide variety of architectures and datasets and
many of them display exceptional performance on benchmark datasets (46; 47; 33; 39; 48; 49; 37). They
can be categorized into three broad categories based on their underlying model for prediction (50; 36):
1) ab initio methods, such as Globplot (51), IUPred (52) and NORSp (53), are based on the
physiochemical characteristics of proteins; 2) machine learning methods, such as DISOPRED (54; 55),
DisEMBL (56), VSL2B (57), SPOT-Disorder(58), and others (59-64), are trained on experimental
annotations using a variety of machine learning algorithms; and 3) meta methods, such as ESpritz (65),
MFDp (66-68), DISOPRED3 (69), and others (70-76), combine multiple individual predictors and balance
their strengths and weaknesses. The relative performance of intrinsic disorder predictors has been
compared many times in surveys and community assessments, e.g. (77; 78; 46; 47; 33; 39; 79; 48; 49;
37; 80). These comparisons are based on independently constructed datasets from which benchmark
statistics are calculated. A common metric for predictor performance is the AUC value, which ranges
from 1.0 for perfect prediction and 0.5 for random prediction. Top preforming methods in some recent
assessments achieve AUCs of 0.81 (79), 0.89 (80), and 0.91 (39).

A common feature of surveys and benchmark assessments is the aggregation of results across a dataset
with many protein. This practice provides a single metric for each predictor that can unambiguously
compare performance of several predictors. However, this contrasts with the mode in which predictors
are used in practice, where predictions are used to study individual proteins or regions of proteins (81).
In preliminary studies presented here, we have found that per-protein performance varies widely from
protein to protein for all predictors tested. This observation suggests that dataset-level benchmark
performance evaluations are not an appropriate basis for selecting a prediction method for a specific
protein. This practical problem has led us to design a novel tool, DISOselect, which estimates per-protein
performance for a range of different intrinsic disorder predictors.

DISOselect is designed to estimate AUC performance for 12 disorder predictors when applied to a
specific protein sequence. The selected 12 disorder predictors uniformly cover the three categories of
methods and were selected based on their computational efficiency, availability in the biggest disorder
databases, MobiDB (29), and favourable predictive performance (69; 79; 58); details are provided in



Section 4.2. DISOselect does not require the output of individual predictors, instead it considers only the
protein sequence and properties of the protein sequence to estimate the AUC performance of a given
disorder predictor. With estimates of AUC values for each of the 12 predictors, DISOselect suggests the
predictor that is likely to have the highest performance for a given input protein. DISOselect is freely
available online as a user-friendly web application, at http://biomine.cs.vcu.edu/servers/DISOselect/.
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Figure 1. Distribution of per-protein AUC values 12 disorder predictors. The computation was performed for the proteins in the
training dataset.

2 Results and discussion

2.1 \Variability in per-protein disorder predictor performance

We used the AUC (area under the receiver operating characteristic curves) measure, the most often
used measure of the predictive quality of disorder predictors (82; 77; 78; 46; 33; 83; 84; 48; 85; 37), to
qguantify performance. We calculated the AUC values for each of the 12 predictors and for each protein
in our training dataset with at least 4 ordered and disordered residues. The minimum was imposed for a
valid AUC calculation. Performance of predictors varies widely from protein to protein in our dataset
(Figure 1). All predictors, except GlobPlot, have a peak of highly accurately predicted proteins and a long
tail of proteins predicted with poorer accuracy. The weight of this tail generally correlates with the
benchmark (dataset-level) performance accuracy of the predictor; better benchmark accuracy implies



fewer poorly predicted proteins. For instance, DISOPRED3 that has high dataset-level AUC (reported to
equal 0.90 in (83)) has a smaller tail than the VSL2B that has lower dataset-level AUC (reported to be
0.82in (48)). However, we note that AUC values for individual proteins vary widely from the dataset-
level values. For instance, for VSL2B that has the dataset-level AUC=0.82, Figure 1 reveals that 59.2%
proteins have AUCs > 0.9 while 9.3% of proteins are predicted with AUCs < 0.6. Similarly, for DISOPRED3
that has the dataset-level AUC=0.90, 9.5% of proteins are predicted with AUCs < 0.8 while 68.5% have
AUCs > 0.95. This analysis is in agreement with the recent study on the quality of the protein-level
disorder predictions (81), and contrasts with a direct view of dataset-level predictor performance, which
leads users to believe that any given protein prediction will match the benchmark accuracy. This also
demonstrates the usefulness of a tool that can estimate per-protein accuracy for an individual protein,
and, if errors between prediction methods are not correlated, suggests that an optimal predictor can be
selected on a per-protein basis.

2.2 Predictive performance of the DISOselect model

To estimate performance of each of the selected 12 disorder predictors for arbitrary proteins, we
designed DISOselect using a three layered architecture (see Materials and Methods for details): (1)
feature extraction, (2) extra-tree regressor model, and (3) empirical mapping from model output to AUC
values. This architecture was applied to each of the 12 disorder predictors separately, using our set of
experimentally annotated proteins from the training dataset. Features were selected from 130 possible
features generated from the input protein sequences to tailor the models for specific disorder
predictors. Considered features are divided into five distinct categories: amino acid composition,
secondary structure predicted from sequence, solvent accessibility predicted from sequence, sequence
complexity calculated from sequence, and physicochemical properties (Supplementary Table S1). The 12
sets of empirically selected features were used to train 12 different extra-tree regressor models using
cross validation over the training dataset. Extra-tree regressor models were selected based on empirical
cross validation tests on the training dataset over several other model types (Supplementary Table S2).
The outputs of the extra-tree regressor models were mapped to AUC values using an empirical lookup
table based on predicted and target AUC values in the training dataset.

The performance of DISOselect was evaluated on the independent test dataset (Table 1) by comparison
to two controls: (1) random control, where the AUC values are taken from a randomly chosen protein in
the training dataset, (2) similarity-based control, which uses AUC values taken from the most sequence
similar protein in the training dataset. The similarity was computed using the BLAST algorithm using its
default parameters (86; 87). The random control represents the base prediction accuracy and similarity-
based control represent a homology-based prediction of the predictor performance. We note that the
test dataset was designed to share low, <25%, similarity with the proteins in the training dataset. These
three sets of predictions — model, random control, and similarity-based control — were evaluated by two
measures (Table 1): (1) mean squared error (MSE) of estimated AUCs and (2) correlation between
estimated AUCs and actual AUCs. The best performing of the two control methods, random or similarity-
based, was used to calculate the ratio of improvement between our architecture’s performance and
controls.

For all 12 selected predictors, the estimated AUCs generated by DISOselect are found to perform well
(Table 1). Paired comparison of DISOselect’s AUCs to controls shows that our tool significantly
outperforms both controls for MSE-based comparison (p-value < 0.05) and correlation-based
comparison (p-value < 0.05). While the raw MSE values and correlation values show modest
performance, their ratios of improvement to control values show large magnitudes of the



improvements. MSE evaluations of the predictions are between 4-folds and 12.5-folds better than the
best control, while correlation values are between 1.6-folds and 7.7-folds better than the controls.
Overall, these results demonstrate that our extra-tree regressors provide an accurate estimation of the
protein-level AUC for the 12 disorder predictors.

Table 1. Performance of DISOselect for each of the 12 selected disorder predictors. MSE and Pearson correlation coefficients
(PCC) values are calculated between the estimated AUC and the actual AUC of each proteins. Control estimates of AUCs were
taken from randomly picked proteins and proteins selected based on sequence similarity. Paired significance tests were
performed between the DISOselect estimated AUCs and the control AUCs: [+] denotes that our model is significantly better
with p-value < 0.05. We used the paired t-test for normal measurements and the Wilcoxon test otherwise; normality was tested
with the Anderson-Darling test at the 0.05 significance.

MSE (mean squared error) PCC (Pearson correlation coefficient)
Disorder Similarity- Similarity-
predictor DISOselect Random based Improve_- DISOselect Random based Improve_-

control ment ratio control ment ratio
control control

disEMBL-HL 0.009 0.05[+] 0.05 [+] 5.6 0.36 0.01[+] 0.13[+] 2.8
IUPred-long 0.011  0.05[+] 0.04 [+] 3.6 0.32  -0.01[+ 0.18[+] 1.8
IUPred-short 0.011  0.05[+] 0.05 [+] 4.6 0.32  0.03[+] 0.07 [+] 4.6
VSL2B 0.008 0.05[+] 0.05 [+] 6.3 0.31 0.03[+] 0.14 [+] 2.2
disEMBL-465 0.008 0.05[+] 0.05 [+] 6.3 0.30 -0.03 [+] 0.14 [+] 2.1
GlobPlot 0.011  0.05[+] 0.05 [+] 4.6 0.28  -0.13[+] 0.09 [+] 3.1
ESpritz-NMR 0.009 0.05 [+] 0.05 [+] 5.6 0.28 0.02 [+] 0.08 [+] 3.5
SPOT-Disorder 0.010 0.05[+] 0.04 [+] 4.0 0.24 0.00[+] 0.00 [+] 48.0
DISOPRED3 0.004 0.04 [+] 0.05 [+] 12.5 0.24 -0.11[+] 0.15[+] 1.6
ESpritz-Xray 0.007 0.05[+] 0.05 [+] 7.1 0.23 -0.08 [+] 0.03 [+] 7.7
JRONN 0.008 0.05 [+] 0.06 [+] 7.5 0.19 -0.01[+] 0.00 [+] 190.0
ESpritz-DisProt 0.007 0.05[+] 0.04 [+] 5.7 0.12 0.00 [+] 0.05 [+] 2.4

2.3 Analysis of the DISOselect model

We next investigated which protein features contribute to the estimation of AUCs by the DISOselect
predictor. The contribution of protein features to AUC estimation was interrogated in two different
ways: (1) by quantifying importance for the five categories of features (amino acid composition,
predicted secondary structure, predicted solvent accessibility, sequence complexity, and
physicochemical properties) in the extra-tree regression models; and (2) by examining the highest
ranking selected features. This two-part analysis dissects architecture at both the first layer, feature
selection, and the second layer, extra-tree regression. It also gives two levels of feature granularity; at a
coarse level, over the five feature categories, and at a fine level, over the individual features.

The feature importance was quantified with information gain, which measures decrease in the
classification entropy due to the use of a given feature (88) and is used to compute and optimize the
extra-tree regressor models. Examination of the contribution across the five feature categories shows a
largely consistent role for each of the 12 models (Figure 2). Our analysis shows that each of the five
feature categories contributes to AUC estimates; however, the degree of these contributions varies
substantially. Putative secondary structure is consistently (across all 12 models) the largest contributor
to our models. It is not surprising to see a close relationship between predicted local structural
propensities and accuracy of disorder prediction. Disorder in the proteins with high content of the



secondary structures (i.e., helices and strands) is likely harder to predict, while disorder in the proteins
largely or entirely composed of coils should be easier to predict. The strong contribution of the putative
secondary structure echoes its use as predictive input for many disorder predictors, such as MFDp (89)
MFDp2 (90; 68), CSpritz (91), and Spritz (92), to name a few. The next two most important feature
categories are physicochemical properties and amino acid composition, which are the second and third
most important, depending on the predictor. These two categories are closely linked; as
physicochemical properties are calculated from amino acid scales, they are functionally linear
combinations of the composition. This reveals some bias in predictive performance in predictors for
proteins with certain properties, likely related to the details of their training sets. The least contributing
features are sequence complexity and solvent accessibility. While these parameters are correlated with
intrinsic disorder (93; 94), they do not have a large contribution to differential predictor performance in
general.
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Figure 2. Importance the five feature categories for the DISOselect’s models designed for the 12 disorder predictors. We used a
three-step process to derive the scores for each model. First, the information gain of individual features was calculated from
the extra-tree regressors. Second, features were divided into the five classes and the information gain of the features in the
same category was summed up. Third, the summed values were dived by the sum of the information gain values of all features
in the same model. The last step allow for directly comparison of relative contributions of each feature category.

To examine specific features that contribute to the DISOselect’s models, the top two features during
feature selection were compiled along with their correlations to the actual AUC for each disorder
predictor (Figure 3); we used this correlation to select features. The resulting feature list has 18 features,
rather than 2 x 12 = 24, indicating that only a few top features are shared between multiple disorder
predictors. The Figure 3 reveals that the predominant features that govern the prediction for individual
models are virtually exclusive to the corresponding model (dark green shading), although multiple other
features contribute to the prediction in a less substantial way (light green and white shading). As
expected, the predominant features primarily focus on the most important feature categories
summarized in Figure 2, including putative secondary structure and physicochemical properties of amino
acids. A notable exception is the average accessible surface (ASA) area, which is relatively highly
correlated with three disorder predictors. However, ASA is positively correlated with SPOT-Disorder and
DISOPRED3 performance, but negatively correlated with ESpritz-DisProt performance. This reflects the
general trend that no single property is consistently positively or negatively correlated with performance
across multiple disorder predictors, suggesting that each disorder predictor has its own predictive bias.
Individual performance biases likely reflect the makeup of the training sets and the selection of the
sequence-derived predictive inputs utilized by individual predictors.



To sum up, our analysis reveals that the estimates of the protein-level predictive performance
generated by DISOselect are primarily driven by the information extracted from the putative secondary
structure, physicochemical properties and amino acid composition of the input protein chain. Moreover,
models for individual disorder predictors are very different as they rely on largely exclusive sets of
dominant predictive features. This result suggests that a particular protein, with a particular set of
features, may be better predicted by some disorder predictors than others in a systematic way.
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Figure 3. Key features used in the 12 models. The performance of individual features is quantified with the Pearson correlation
coefficients (PCC) between feature values (rows) and the actual AUC for each model (columns) that were quantified on the
training dataset. Detailed explanation of features is available in the Supplementary Table S1. PCC values are color-coded where
dark green is for |PCC| = 0.3, light green for |PCC| between 0.15 and 0.30, white for |PCC| < 0.15, and grey with ‘x’ symbol
indicate the a given feature is not included in the model for that predictor. The direction of arrows reveals the sign of PCC
where upwards arrows denote positive correlation while downward arrows denote negative correlation.

2.4 Selection of accurately predicted proteins using DISOselect

We evaluated whether the AUC values estimated by DISOselect for a specific disorder predictor can be
used to accurately identify proteins that are poorly vs. well predicted by that particular method. We
compared the actual AUCs of the test proteins with progressively higher values of the estimated AUCs
for each of the 12 disorder predictors (Figure 4). First, we sorted all proteins by their estimated AUC
values for a given disorder predictor in the ascending order. Next, we removed 5% of the test proteins
with the lowest putative AUCs and evaluated the actual AUC for the remaining 95% of the test proteins
for that disorder predictor. We incrementally reduced this dataset by the next 5% of the sorted proteins
(all the way until we ended up with the 5% of the proteins with the highest putative AUCs) to assess
whether the proteins with higher estimated AUCs in fact secure higher actual AUCs. The upward trends
shown in Figure 4 demonstrate that the proteins with higher estimated AUC values in fact obtain higher
dataset-level AUCs. This result is consistent across all 12 disorder predictors. The differences in the
actual AUC values between the results on the test dataset (left-most points in Figure 4) and the smallest



set of the 5% of proteins with the highest estimated AUCs are very substantial. For instance, for
DISOPRED3, the 5% of proteins with the best estimated AUCs secure AUC = 0.950 when compared to
AUC = 0.918 on the test datasets, which translates to (0.950 — 0.918)/(1 — 0.918) = 39% error reduction.
The largest absolute increase in AUC is for disEMBL-HL where the 5% of the best predicted proteins
secure AUC = 0.896 compared to the AUC = 0.761 on the whole test dataset, which corresponds to
(0.896 —0.761)/(1 — 0.761) = 56% error reduction.
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Figure 4. The dataset-level actual AUC values for subsets of the test proteins that are sorted based on their AUCs values
estimated by DISOselect. Individual panels correspond to different disorder predictors. Points in each panel correspond to AUCs
of the subsets of test proteins for which the estimated AUCs are above a given percentile of all estimated AUCs, i.e., the 20
mark on the x-axis corresponds to the 80% of the test proteins that have estimated AUCs that are above the 20" percentile of
estimated AUCs generated by DISOselect. The left-most point corresponds to the result on the complete test dataset while the
right-most point corresponds to the 5% of test proteins with the highest estimated AUCs. The line is the third-degree
polynomial fit into the measured data.



Figure 5. Improvements in the actual AUC values computed as the difference between the AUC for
subsets of the top 25% (in green), 50% (in orange) and 75% (in blue) of the test proteins selected
based on their AUCs values estimated by DISOselect and the dataset-level AUC. Positive values of
the improvement indicate that AUC for the subsets of the test proteins are higher than for the
complete test dataset. The box plots represent the distribution of the improvements across the 12
disorder predictors where whiskers corresponding to the minimal and maximal improvements and
boxes denote the first, second and third quartiles.
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Figure 5 summarizes the above results by comparing AUCs between the complete test dataset and the
top 25% (in green), top 50% (in orange) and top 75% (in blue) of the proteins selected based on the
AUCs predicted by DISOselect. The box plots represent the distribution of these differences across the
12 disorder predictors, where whiskers correspond to the minimal and maximal improvements and the
boxes delineate the first, second and third quartiles. The positive values of the differences indicate that
AUCs for given subsets of the test proteins are higher than for the complete test dataset. The
corresponding numeric values together with the results of the significance tests that compare the AUCs
on the whole test datasets against the AUCs for each of the three subsets are provided in the
Supplementary Table S3. Figure 5 reveals that the proteins selected based on the favourable estimates
from DISOselect secure AUCs that are consistently higher (over each of the 12 disorder predictors) when
compared to the results on the whole test dataset; this can be deduced from the fact that the minimal
improvements in Figure 5 are always positive (lower whiskers point to values > 0). On average (across
the 12 disorder predictors) the 25% of proteins with the highest putative AUCs generated by DISOselect
secure AUCs that are over 0.05 higher than the corresponding AUCs on the complete test dataset.
Supplementary Table S3 demonstrates that the improvements in the AUCs values for the proteins
selected with assistance of DISOselect are statistically significant (p-value < 0.01) for each of the 12
disorder predictors. In the nutshell, our analysis provides compelling support for the claim that
DISOselect accurately estimates AUCs that allow for the selection of proteins that are well-predicted by
a wide range of different disorder predictors.
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Figure 6. Comparison of the per-protein AUC values on the test proteins between the 12 disorder predictors (dashed lines), the
selection of the best disorder predictor using the highest estimated AUCs generated by DISOselect (solid black line), the oracle
method (solid red line), and the best two consensus-based disorder predictors constructed using a simple logistic regression



(LR) and a more sophisticated support vector regression (SVR) (solid blue and yellow lines, respectively). The oracle method
selects the disorder predictor with the highest AUC among the 12 disorder predictors. Lines show the per-protein AUCs that are
sorted in the ascending order for each of the 17 methods.

Table 2. Comparison of the per-protein AUC values for the test proteins produced by the 12 disorder predictors, the oracle
method that selects the predictor with the highest AUC, the selection based on the highest estimated AUC produced by
DISOselect, and four different residue-level consensus-based disorder predictors that use logistic regression (LR) and support
vector regression (SVR) models. We compared the mean per-protein AUCs computed over the test proteins and the AUCs for
the worst (the least accurately predicted) quartile of the test proteins (i.e., the 25% point in Figure 6). Methods are sorted by
their mean per-protein AUCs. Significance of the differences in the per-protein AUCs of the predictions selected by DISOselect
and the predictions generated by the other methods (including the oracle) was assessed with the t-test for normal
measurements and the Wilcoxon test otherwise; normality was tested with the Anderson-Darling test at 0.05 significance; we
sampled 50% of proteins in the test dataset ten times at random and compared the corresponding 10 pairs of AUCs; the
resulting p-values are listed in the last column.

Per-protein
Mean AUC at the
per- worst
protein quartile of Significance of differences
Category Predictor AUC proteins compared to DISOselect
Hypothetical Oracle 0.983 0.984 p-value<0.01 (significantly better)
Method
Proposed DISOselect 0.974 0.971
Model
Consensus Top Two Predictor SVR 0.947 0.938 p-value<0.01 (significantly worse)
Models Top Two Predictor LR 0.947 0.936 p-value<0.01 (significantly worse)
Twelve Predictor SVR 0.942 0.929 p-value<0.01 (significantly worse)
Twelve Predictor LR 0.940 0.921 p-value<0.01 (significantly worse)
Individual SPOT-Disorder 0.940 0.927 p-value<0.01 (significantly worse)
Predictors DISOPRED3 0.935 0.921 p-value<0.01 (significantly worse)
ESpritz-Xray 0.880 0.832 p-value<0.01 (significantly worse)
ESpritz-NMR 0.865 0.809 p-value<0.01 (significantly worse)
VSL2B 0.864 0.816 p-value<0.01 (significantly worse)
disEMBL-465 0.853 0.768 p-value<0.01 (significantly worse)
IUPred-short 0.843 0.768 p-value<0.01 (significantly worse)
disEMBL-HL 0.816 0.719 p-value<0.01 (significantly worse)
ESpritz-DisProt 0.772 0.649 p-value<0.01 (significantly worse)
JRONN 0.733 0.603 p-value<0.01 (significantly worse)
IUPred-long 0.718 0.584 p-value<0.01 (significantly worse)
GlobPlot 0.646 0.537 p-value<0.01 (significantly worse)

2.5 Application of DISOselect to recommend accurate disorder predictor

Section 2.4 shows that DISOselect accurately identifies well-predicted proteins for each of the 12
disorder predictors. Here we investigated whether these 12 results can be used jointly to recommend a
disorder predictor that produces accurate results for a given protein sequence. In other words, whether



DISOselect can be used to accurately recommend a well-performing disorder predictor. To explore that
we used the disorder prediction from the method that has the highest AUC estimated by DISOselect and
we compared these per-protein estimates on the test proteins with the results of the 12 disorder
predictors (Figure 6). For additional comparison, several meta-predictors were built — based on the 12
individual predictors — that combine predictions at the residue level to provide a single prediction.
Details of the design of these meta-predictions are explains in Section 4.4. The two best meta-predictors
are shown for comparison (Figure 6). We also considered an oracle approach that selects the prediction
from the disorder predictor with the highest actual AUC for each test protein. Table 2 provides the
corresponding numerical results and evaluates statistical significance of differences between the results
of DISOselect and the other 17 methods including the 12 disorder predictors, 4 meta-prediction
methods, and the oracle approach. Our empirical analysis that is summarized in Table 2 reveals that the
predictions selected with the help of DISOselect are significantly better than the results produced by any
of the 12 disorder predictors and meta-predictors based on these 12 predictions (p-value<0.01). More
specifically, the mean per-protein AUC of the predictions recommended by DISOselect is 0.97, compared
to the 0.94 by the best disorder predictor (SPOT-Disorder) or 0.95 by the best meta-prediction method.
Figure 6 reaffirms that DISOselect recommends predictions that are much better than the results of the
12 methods, i.e., the thick black line that represents results from DISOselect is separated from the
dashed and colored lines that correspond to the 12 disorder predictors by a wide margin. Further, while
meta-prediction methods perform better than any individual method, they perform substantially worse
than DISOselect. Moreover, the oracle method, which is denoted with thick red line in Figure 6, is
relatively close to the results of DISOselect, particularly when compared against the margin of
improvement between DISOselect and the best of the 12 disorder predictors, SPOT-Disorder. Numerical
comparison in Table 2 shows that the oracle approach secures the mean per-protein AUC = 0.98 vs. 0.97
obtained by DISOselect. While this difference is statistically significant (p-value<0.01), the magnitude of
the difference is arguably small showing that DISOselect performs high-quality selection of disorder
predictors.
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Figure 7. Evaluation of the differences in the protein-level AUCs for the same test proteins between the predictions selected
with DISOselect and the average AUC of the 12 disorder predictors (blue line), between the predictions selected with
DISOselect and the predictions generated by the most accurate disorder predictor at the dataset level, SPOT-Disorder (red line),
and between the predictions selected with DISOselect and the best consensus-based method that relies on the support vector
regression (SVR) (green line). Points indicate where the difference between protein AUCs crosses zero. The proteins are sorted
by the value of the difference in the descending order.



The analysis in Figure 6 is aggregated at the test dataset level for clarity, i.e., we compared re-sorted
per-protein AUCs across different methods. Figure 7 offers a direct comparison of predictive
performance of the results selected with DISOselect against the most accurate disorder predictor (SPOT-
Disorder), the best performing meta-prediction method (Top Two Predictor SVR), and an average
disorder predictor. When compared against SPOT-Disorder, DISOselect selects a better disorder
prediction for 64% of proteins, the same prediction for 5% of proteins, and worse prediction for 31% of
proteins, and the average improvement in AUC equals 0.035 (red line in Figure 7). In other words,
DISOselect improves over SPOT-Disorder for two out of three proteins. Similar results are obtained
when comparing DISOselect with the best meta-predictor (green line in Figure 7). DISOselect is better,
the same and worse for 62%, 4% and 34% of proteins, respectively, with the average improvement in
AUC of 0.028. When compared against an average disorder prediction, DISOselect secures a better
result for 95% of proteins with the average improvement in AUC of 0.152 (blue line in Figure 7). Overall,
we conclude that DISOselect is an accurate approach for the selection of disorder predictors that
provide high-quality predictions for a given protein of interest.

3 Conclusions

Our empirical analysis shows that the per-protein predictive quality of popular disorder predictors varies
widely between different proteins. The users cannot expect that the disorder predictor with the best
benchmark-dataset level results will provide favourable results across all proteins. These results suggest
that a computational tool that can accurately estimate per-protein predictive performance for a given
disorder predictor and a given protein is needed. This tool would inform the users about the expected
predictive quality of a given disorder predictor and could be also used to recommend an “optimal”
predictor that provides the best results for a given protein of interest.

To this end, we proposed the DISOselect method that predicts predictive performance (quantified with
the AUC scores) for a representative set of 12 popular disorder predictors and which utilizes these
results to recommend the predictor that provides the best predictive quality. The DISOselect’s models
rely on the information extracted from the putative secondary structure, physicochemical properties of
residues and amino acid composition of the input protein chain, which can be efficiently computed from
the protein sequence. Models for individual disorder predictors are very different, rely on largely
exclusive sets of dominant features, and reveal that each disorder predictor has a different predictive
bias.

Empirical assessment on a large test dataset shows that DISOselect provides accurate estimates of the
protein-level AUC for each of the considered disorder predictors. The disorder predictions selected using
DISOselect are significantly more accurate than the results produced by any of the 12 disorder
predictors, including the top-performing methods such as SPOT-Disorder and DISOPRED3, and a
selection of four disorder consensus predictors. The mean per-protein AUC for the predictions selected
with DISOselect is 0.97, compared to an average AUC of 0.82 generated by the 12 methods, and an
average AUC of 0.94 for the consensus methods. We conclude that DISOselect can be used to effectively
estimate predictive performance of disorder predictors and to select predictors that offer high-quality
prediction for a given input protein sequence.

A webserver that implements DISOselect is freely available for non-commercial users at
http://biomine.cs.vcu.edu/servers/DISOselect/. DISOselect requires only the FASTA-formatted protein
sequences as input. Up to 1000 proteins can be predicted in a single run. All computations are




performed on the webserver side. The webserver outputs the putative AUC and the qualitative
performance (including the percentile of predicted AUC value) for each of the 12 disorder predictors,
which are sorted in the descending order of the predicted AUC. The predictor at the top of the list,
which has the highest estimated AUC, is recommended to the user as the best option to collect the
disorder predictions. For the user’s convenience, the main page of the webserver provides links to the
websites of these disorder predictors under the “Help” section. The results are available via an HTML
page, which can be accessed via a direct link, and a parsable text file. We will archive these results for at
least one month.

4 Materials and Methods

4.1 Datasets

The source dataset with 25,717 proteins with the native intrinsic disorder annotations was originally
collected from the MobiDB resource (95) and recently published as a basis of a large-scale disorder
prediction assessment (79). In our recent work (96; 97) we amended the original dataset by excluding
sequences with unknown/undetermined amino acid (AA) types, which is necessary to obtain some of
the disorder predictions, and by reducing within-dataset redundancy. The latter was accomplished by
clustering proteins at 25% pairwise similarity with BLASTCLUST (98). This similarity reduction ensures
that the dataset uniformly samples the sequence space and that training and test datasets extracted
from these data share low, <25%, sequence similarity. Empirical analysis in (97) demonstrates that the
predictive quality of the disorder predictors on the reduced and improved dataset with 6,271 proteins is
similar to the quality that was evaluated on the original dataset of 25 thousand proteins (48). The 6,271
proteins include 105,709 disordered and 1,672,907 structured residues. We divided these proteins at
random into a training dataset with 5,272 proteins and test dataset with 999 proteins. The two datasets
are available at http://biomine.cs.vcu.edu/servers/DISOselect/. We used the training dataset to design
and optimize models that predict the protein-level performance for the specific disorder predictors. We
applied the test dataset to assess performance of these models on an independent (i.e., sharing low
sequence similarity) dataset, to compare them to alternative predictive methods, and to evaluate
effectiveness of the DISOselect system that recommends a well-performing disorder predictor for a
given protein sequence.

4.2 Selection of the disorder predictors

We cover a diverse set of 12 widely used disorder predictors. We selected 10 predictors from the list of
13 methods that were assessed in a recent large-scale benchmark (79). We excluded three of the 13
predictors (SEG(99), Pfilt(100) and FoldIindex(101)) since these older methods were ranked near the
bottom in that study (79). The 10 remaining predictors include two versions of DisEMBL (DisEMBL-465:
trained using X-ray structures, and DisEMBL-HL: trained to predict propensity for loop conformations)
(56); three flavours of ESpritz (ESpritz-Xray: trained on the disorder annotations from X-ray structures,
ESpritz-NMR: trained on annotations from NMR structures, and ESpritz-DisProt: trained on the
annotations from the DisProt database) (65); two versions of I[UPred (IUPred-short: for short disordered
regions and IUPred-long: for long disordered regions) (52); GlobPlot (51); RONN (60); and VSL2B (57).
We supplemented these 10 methods with two popular and accurate predictors: DISOPRED3 (69) and
SPOT-Disorder (58). DISOPRED was ranked at the top in the CASP10 experiment, the last CASP that
evaluated disorder predictions (83). SPOT-Disorder represents a new class of predictors that rely on the
deep learning models. The 12 methods uniformly sample the three categories of the predictive models



including the ab-initio methods (I[UPred-short, IUPred-long and GlobPlot), the machine learning methods
(RONN, DisEMBL-HL, DisEMBL-465, VSL2B, and SPOT-Disorder), and the meta-methods (DISOPREDS3,
ESpritz-Xray, ESpritz-NMR and ESpritz-DisProt). These predictors were developed using all main sources
of the disorder annotations, such as crystal structures, NMR structures and other experimental methods
that are covered in the DisProt database (102).

We collected the disorder predictions for the training and test datasets for the set of the 10 predictors
that were included in the recent benchmark study (79) from the MobiDB resource (103). We generated
predictions for DISOPRED3 and SPOT-Disorder by running the author-provided code.

4.3 Predictive model

Selection of a well-performing disorder predictor is a two-step process. First, predictive quality that is
guantified with AUC is estimated for each of the 12 disorder predictors. Second, the 12 estimated AUCs
are compared and the method with the highest estimated AUC is recommended to the user. The first
step provides the user with an estimate of the predictive quality for a given disorder predictor. This
result is useful in scenarios when the user is committed to using a specific predictive tool. The second
step suggests a particular, best-performing method and this option should be utilized when the user is
willing to collect prediction for any of the 12 tools. We note that the predictions of these tools can be
easily collected from MobiDB at http://mobidb.bio.unipd.it/ (103) (for the 10 methods) and via the
webservers for DISOPRED3 (http://bioinf.cs.ucl.ac.uk/psipred/) and SPOT-Disorder (http://sparks-
lab.org/server/SPOT-disorder/).
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Figure 8. Architecture of the DISOselect method (A) and pseudo code of the DISOselect implementation (B).

The architecture of DISOselect method is visualized in Figure 8A. The corresponding pseudo-code in
shown in Figure 8B. The input protein sequence is used to generate an information-rich profile. The
profile includes sequence-derived structural and physiochemical properties such as putative solvent
accessibility, putative secondary structure, sequence complexity and several selection physiochemical
properties of the input amino acid residues. In the first layer, the sequence profile is encoded into sets
of numeric features that are optimized for each of the 12 disorder predictors. The second layer uses 12
machine learning models to predict AUC values from the input features for the 12 disorder predictors.
These predictions are mapped into the distribution of AUCs values from the training datasets for the
corresponding 12 disorder predictors in the third layer. This ensures that the predicted AUCs are



calibrated to cover the entire spectrum of AUC values that are covered by a specific disorder predictor.
Finally, the 12 predicted AUCs are compared and the method with the highest putative AUCs is
recommended back to the user. The outputs generated by DISOselect also include the AUC values for
each of the 12 methods.

4.3.1 Disorder prediction evaluation measure

Disorder predictors output putative propensity for intrinsic disorder for every amino acid residue in the
input sequence. Propensities are expressed as numeric scores where a high value denotes larger
likelihood for the disordered state. The binary prediction classifies each residue as either structured or
disordered, and is derived from the propensities, i.e., residues with propensity scores > predictor-
specific threshold are classified as disordered while the remaining residues are classified as structured.
The measure that the most commonly used to assess the predictive quality of the disorder predictors is
the Area Under the receiver operating characteristic Curve (AUC) (78; 46; 33; 83; 84; 48; 85; 37). AUC is
a threshold-agnostic measure of the putative propensities which makes it arguably more informative
than the threshold-specific measures such as sensitivity and specificity. The threshold-specific measures
depend on the threshold values and in practice their values correlate with the AUC values. In other
words, methods with higher AUC values typically secure higher values of the binary measures as long as
the thresholds across the different disorder predictors are adjusted to generate the same prediction
rate (the same number of predicted disordered residues). AUC is computed as the area under the curve
composed of the true positive rates (on the y-axis) and false positive rates (on the x-axis) computed for
thresholds that equal to the set of all unique propensities generated by a given disorder predictor. The
true positive rate is defined as the number of true positives (correctly predicted disordered residues)
divided by the number of the native disordered residues. The false positive rate is defined as the
number of false positives (structured residues predicted as disordered) divided by the number of all
structured residues. The AUC values range between 0.5 (for random predictions) and 1 (for perfect
predictions.

4.3.2 Sequence Profile

The sequence profile includes a comprehensive set of structural and physiochemical protein properties
which are widely recognized as influential to disorderness (104-111). They include the sequence itself,
solvent accessibility predicted from the input protein sequence with ASAquick (112; 113), secondary
structure predicted with the single-sequence (fast) version of PSIPRED (114; 115), sequence complexity
computed using the SEG algorithm (116), and selected physiochemical properties of the input amino
acid residues including hydrophobicity, hydropathy, charge, structural entropy, polarity, volume, size,
flexibility, refractivity, transfer and solvation energies, and propensity for coil, turn, strands, helix and
disordered conformations. These properties were quantified using the amino acid indices collected from
the AAindex resource (117) and the disorder propensity index from (118). The selection of the solvent
accessibility and secondary structure predictors was motivated by their computational efficiently,
stemming from the fact that they make predictions from a single sequence, i.e., without the
computationally expensive calculation of the multiple sequence alignments. The sequence profile was
used to generate 130 features that aggregate the structural and physiochemical protein properties at
the whole-protein level. These features are detailed in the Supplementary Table S1. They include 21
features computed directly from the input sequence (amino acid composition and sequence length), 3
features computed from the putative solvent accessibility, 2 features from the sequence complexity, 8
features from the putative secondary structure, and 96 features based on the physiochemical
properties.



4.3.3 Empirical design of predictive models

The layers 1 and 2 of the DISOselect’s architecture (Figure 8A) were designed using empirical selection
of features and machine learning models to maximize quality of predictions of the per-protein AUC
scores for individual disorder predictors. The design process had two steps, where we first removed
similar features (i.e., we reduced mutual similarity between features) and then we selected the best
combination of models and selected predictive features. This two-step design was done separately for
each of the 12 disorder predictors, resulting in predictive models that are sensitive to the disorder
predictor-specific biases in the predictive performance. All design activities were performed exclusively
on the training dataset. In the first step, we quantified the mutual similarity for all pairs of the 130
features based on the Pearson correlation coefficients (PCCs). For each pair of highly correlated features
(|PCC]| > 0.65), we removed one of them that has lower predictive performance, i.e., which has lower
value of PCC with the per-protein AUC scores of a specific disorder predictor. This step results in the
removal of between 21 and 40 features, depending on the disorder predictor.

The second step relied on a wrapper-based approach to select the best machine learning models in
combination with selection of predictive feature sets. First, we quantified the predictive performance of
each feature that was retained in the first step based on its PCC with windowed per-protein AUC values
of a specific disorder predictor. Second, we select a subset of features with |PCC| > threshold where the
value of the threshold is selected to provide the highest predictive quality for a predictive model that
relies on the corresponding feature set. Three types of regression algorithms were tested for use in our
predictive model: linear regression (119), nearest neighbour regression (120), and extra tree regression
(121). We did not explore deep learning regression methods because our dataset that includes 5,272
proteins (data points) and 130 input features (that are used to represent the input protein sequences)
would not provide enough data for this approach. The predictive quality was measured based on the 3-
fold cross validation on the training dataset and was quantified with PCC between outputs of a given
machine learning model and the per-protein AUC scores of the given disorder predictor. We started with
threshold = 0 (we used all features retained in the first step) and we incremented it by 0.01 until the
cross validated PCC of the given model type starts to decrease. The selected feature sets ranged in size
between 24 and 38 for the extra tree regression, 29 to 46 for the nearest neighbour regression, and 51
to 64 for the linear regression, depending on the considered disorder predictor. After the feature
selection was completed, we optimized parameters of the machine learning algorithms via a grid search
for each of the 12 disorder predictors, with the aim to maximize the PCC for the 3-fold cross validation
on the training dataset. For instance, for the extra tree regression we parametrized the maximum depth
of the trees (using 0 to 20 range), number of trees in the forest (100 to 180 range), minimum number of
samples required for a split (0 to 30 range), and the number of features to consider when calculating
best split (0 to 50 range). Supplementary Table S2 summarizes the results secured by the three
parametrized machine learning models for the selected feature sets. The average (over the 12 disorder
predictors) PCC for the nearest neighbour regression, linear regression, and extra tree regression models
are 0.15, 0.13, and 0.31, respectively. The corresponding mean squared errors between the predicted
and actual AUC values equal 0.018, 0.011, and 0.007, respectively.

Our empirical results on the training dataset show a clear advantage for the extra tree regression model,
which we selected to implement the DISOselect methods. The extra tree regression is a supervised
algorithm inspired by the decision forest algorithm. It is a version of the extremely randomized random
forests where the computation of the optimal features that are used to grow the tree is done randomly
(122), with the underlying aim to minimize overfitting (123). This is particularly useful in the context of
our prediction task given the low (<25%) similarity between the proteins in our datasets. Moreover, the



training of the extra trees regression is computationally efficient given the random nature of the tree-
building procedure, which contrasts with a more exhaustive search performed by the traditional random
forests (121).

4.4 Meta-prediction models

A conventional approach to combining predictions from several different methods is meta-prediction,
where several prediction methods are combined to give a single prediction, usually at the residue level.
For comparison with our predictor selection method, we developed several residue-level meta-
prediction methods based on the 12 individual predictors examined in this study. We used several
variations on meta-predictor construction: two-different architectures — logistic regression (LR) and
support-vector regression (SVR), and different input predictors — either all 12 predictors or only the best
of the predictors. The best predictors were selected based on the dataset level performance on our
training set (Supplementary Table 4). Based on these assessments, we selected two prediction methods
— SPOT Disorder and Disopred3 — as significantly better than the other individual methods. This gave
four meta-predictors: Twelve Predictor LR, Twelve Predictor SVR, Top Two Predictor LR, and Top Two
Predictor SVR.

Prediction scores from the individual predictors were initially rescaled to be in the same range of 0-1.
The rescaling was based on the default thresholds of respective predictors as values from minimum to
threshold to be in the range of 0-0.5 and values from threshold to maximum to be in the range of 0.5-1
The logistic regression model was trained with the 3-fold cross validation on the training dataset with
default L2 regularization penalty by balanced class weights according to the proportions of training set
using the L-BFSG optimization algorithm. The SVR models were trained with the 3-fold cross validation
on the training dataset after subsampling 10% of each fold randomly to minimize the training time. We
used the radial basis function kernel and performed a grid search for the penalty parameter C (2°to 2°),
kernel coefficient gamma (0 to 1), and tolerance for stopping criteria (103 to 10%).

Supplementary material

The supplementary material file includes Supplementary Tables S1, S2, S3, S4.

Acknowledgments

This research was supported in part by the National Science Foundation (grant 1617369) and the Robert
J. Mattauch Endowment funds.

Conflict of Interest: none declared.

References

1. Dunker AK, Babu MM, Barbar E, Blackledge M, Bondos SE, Dosztanyi Z, Dyson HJ, Forman-Kay J,
Fuxreiter M, Gsponer J, Han K-H, Jones DT, Longhi S, Metallo SJ, Nishikawa K, Nussinov R,
Obradovic Z, Pappu RV, Rost B, Selenko P, Subramaniam V, Sussman JL, Tompa P, Uversky VN
(2013) What's in a name? Why these proteins are intrinsically disordered: Why these proteins
are intrinsically disordered. Intrinsically Disord Proteins 1:e24157-e24157. PMID: 28516007
{Medline}



9.

10

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

. Uversky VN (2014) Introduction to intrinsically disordered proteins (IDPs). Chem Rev 114:6557-6560.

PMID: 25004990 {Medline}

. Lieutaud P, Ferron F, Uversky AV, Kurgan L, Uversky VN, Longhi S (2016) How disordered is my protein

and what is its disorder for? A guide through the "dark side" of the protein universe. Intrinsically
Disord Proteins 4:€1259708-e1259708. PMID: 28232901 {Medline}

. Dunker AK, Brown CJ, Lawson D, lakoucheva LM, Obradovic Z (2002) Intrinsic disorder and protein

function. Biochemistry 41:6573-6582. PMID: 12022860 {Medline}

. Xie H, Vucetic S, lakoucheva LM, Oldfield CJ, Dunker AK, Uversky VN, Obradovic Z (2007) Functional

anthology of intrinsic disorder. 1. Biological processes and functions of proteins with long
disordered regions. J Proteome Res 6:1882-1898. PMID: 17391014 {Medline}

. Babu MM (2016) The contribution of intrinsically disordered regions to protein function, cellular

complexity, and human disease. Biochem Soc Trans 44:1185-1200. PMID: 27911701 {Medline}

. Uversky VN, Oldfield CJ, Dunker AK (2005) Showing your ID: intrinsic disorder as an ID for recognition,

regulation and cell signaling. ] Mol Recognit 18:343-384. PMID: 16094605 {Medline}

. Zhou JH, Zhao SW, Dunker AK (2018) Intrinsically Disordered Proteins Link Alternative Splicing and

Post-translational Modifications to Complex Cell Signaling and Regulation. Journal of Molecular
Biology 430:2342-2359. PMID: W0S:000439402200007 {Medline}

Dyson HJ (2012) Roles of intrinsic disorder in protein-nucleic acid interactions. Mol Biosyst 8:97-104.
PMID: 21874205 {Medline}

. Peng Z, Mizianty MJ, Xue B, Kurgan L, Uversky VN (2012) More than just tails: intrinsic disorder in
histone proteins. Mol Biosyst 8:1886-1901. PMID: 22543956 {Medline}

Peng Z, Oldfield CJ, Xue B, Mizianty MJ, Dunker AK, Kurgan L, Uversky VN (2014) A creature with a
hundred waggly tails: intrinsically disordered proteins in the ribosome. Cell Mol Life Sci 71:1477-
1504. PMID: 23942625 {Medline}

. Varadi M, Zsolyomi F, Guharoy M, Tompa P (2015) Functional Advantages of Conserved Intrinsic
Disorder in RNA-Binding Proteins. PLoS One 10:e0139731. PMID: 26439842 {Medline}

Wu Z, Hu G, Yang J, Peng Z, Uversky VN, Kurgan L (2015) In various protein complexes, disordered
protomers have large per-residue surface areas and area of protein-, DNA- and RNA-binding
interfaces. FEBS Lett 589:2561-2569. PMID: 26297830 {Medline}

Basu S, Bahadur RP (2016) A structural perspective of RNA recognition by intrinsically disordered
proteins. Cell Mol Life Sci 73:4075-4084. PMID: 27229125 {Medline}

Wang C, Uversky VN, Kurgan L (2016) Disordered nucleiome: Abundance of intrinsic disorder in the
DNA- and RNA-binding proteins in 1121 species from Eukaryota, Bacteria and Archaea.
Proteomics 16:1486-1498. PMID: 27037624 {Medline}

Dunker AK, Obradovic Z, Romero P, Garner EC, Brown CJ (2000) Intrinsic protein disorder in
complete genomes. Genome Inform Ser Workshop Genome Inform 11:161-171. PMID:
11700597 {Medline}

Ward JJ, Sodhi JS, McGuffin LJ, Buxton BF, Jones DT (2004) Prediction and functional analysis of
native disorder in proteins from the three kingdoms of life. ] Mol Biol 337:635-645. PMID:
15019783 {Medline}

Uversky VN (2010) The mysterious unfoldome: structureless, underappreciated, yet vital part of any
given proteome. J Biomed Biotechnol 2010:568068-568068. PMID: 20011072 {Medline}

Xue B, Dunker AK, Uversky VN (2012) Orderly order in protein intrinsic disorder distribution: disorder
in 3500 proteomes from viruses and the three domains of life. ) Biomol Struct Dyn 30:137-149.
PMID: 22702725 {Medline}

Xue B, Mizianty MJ, Kurgan L, Uversky VN (2012) Protein intrinsic disorder as a flexible armor and a
weapon of HIV-1. Cell Mol Life Sci 69:1211-1259. PMID: 22033837 {Medline}



21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Oates ME, Romero P, Ishida T, Ghalwash M, Mizianty MJ, Xue B, Dosztanyi Z, Uversky VN, Obradovic
Z, Kurgan L, Dunker AK, Gough J (2013) D(2)P(2): database of disordered protein predictions.
Nucleic Acids Res 41:D508-516. PMID: 23203878 {Medline}

Fan X, Xue B, Dolan PT, LaCount DJ, Kurgan L, Uversky VN (2014) The intrinsic disorder status of the
human hepatitis C virus proteome. Mol Biosyst 10:1345-1363. PMID: 24752801 {Medline}

Peng Z, Mizianty MJ, Kurgan L (2014) Genome-scale prediction of proteins with long intrinsically
disordered regions. Proteins 82:145-158. PMID: 23798504 {Medline}

Xue B, Blocquel D, Habchi J, Uversky AV, Kurgan L, Uversky VN, Longhi S (2014) Structural disorder in
viral proteins. Chem Rev 114:6880-6911. PMID: 24823319 {Medline}

Peng Z, Yan J, Fan X, Mizianty MJ, Xue B, Wang K, Hu G, Uversky VN, Kurgan L (2015) Exceptionally
abundant exceptions: comprehensive characterization of intrinsic disorder in all domains of life.
Cell Mol Life Sci 72:137-151. PMID: 24939692 {Medline}

Hu G, Wang K, Song J, Uversky VN, Kurgan L (2018) Taxonomic Landscape of the Dark Proteomes:
Whole-Proteome Scale Interplay Between Structural Darkness, Intrinsic Disorder, and
Crystallization Propensity. Proteomics:e1800243. PMID: 30198635 {Medline}

Ward JJ, Sodhi JS, McGuffin LJ, Buxton BF, Jones DT (2004) Prediction and Functional Analysis of
Native Disorder in Proteins from the Three Kingdoms of Life. Journal of Molecular Biology
337:635-645.

Piovesan D, Tabaro F, Miceti¢ I, Necci M, Quaglia F, Oldfield CJ, Aspromonte MC, Davey NE,
Davidovi¢ R, Dosztanyi Z, Elofsson A, Gasparini A, Hatos A, Kajava AV, Kalmar L, Leonardi E, Lazar
T, Macedo-Ribeiro S, Macossay-Castillo M, Meszaros A, Minervini G, Murvai N, Pujols J, Roche
DB, Salladini E, Schad E, Schramm A, Szabo B, Tantos A, Tonello F, Tsirigos KD, Veljkovi¢ N,
Ventura S, Vranken W, Warholm P, Uversky VN, Dunker AK, Longhi S, Tompa P, Tosatto SCE
(2016) DisProt 7.0: a major update of the database of disordered proteins. Nucleic Acids
Research 45:D219-D227.

Piovesan D, Tabaro F, Paladin L, Necci M, Miceti¢ |, Camilloni C, Davey N, Dosztanyi Z, Mészaros B,
Monzon AM, Parisi G, Schad E, Sormanni P, Tompa P, Vendruscolo M, Vranken WF, Tosatto SCE
(2017) MobiDB 3.0: more annotations for intrinsic disorder, conformational diversity and
interactions in proteins. Nucleic Acids Research 46:D471-D476.

Fukuchi S, Amemiya T, Sakamoto S, Nobe Y, Hosoda K, Kado Y, Murakami SD, Koike R, Hiroaki H, Ota
M (2014) IDEAL in 2014 illustrates interaction networks composed of intrinsically disordered
proteins and their binding partners. Nucleic acids research 42:D0320-D325. PMID: 24178034
{Medline}

He B, Wang K, Liu Y, Xue B, Uversky VN, Dunker AK (2009) Predicting intrinsic disorder in proteins: an
overview. Cell Research 19:929.

Dosztanyi Z, Meszaros B, Simon | (2010) Bioinformatical approaches to characterize intrinsically
disordered/unstructured proteins. Briefings in Bioinformatics 11:225-243. PMID:
W0S:000275565500004 {Medline}

Peng ZL, Kurgan L (2012) Comprehensive comparative assessment of in-silico predictors of
disordered regions. Curr Protein Pept Sci 13:6-18. PMID: 22044149 {Medline}

Fan X, Kurgan L (2014) Accurate prediction of disorder in protein chains with a comprehensive and
empirically designed consensus. J Biomol Struct Dyn 32:448-464. PMID: 23534882 {Medline}

Meng F, Uversky V, Kurgan L (2017) Computational Prediction of Intrinsic Disorder in Proteins. Curr
Protoc Protein Sci 88:2 16 11-12 16 14. PMID: 28369666 {Medline}

Meng F, Uversky VN, Kurgan L (2017) Comprehensive review of methods for prediction of intrinsic
disorder and its molecular functions. Cell Mol Life Sci 74:3069-3090. PMID: 28589442 {Medline}



37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Liu Y, Wang X, Liu B (2019) A comprehensive review and comparison of existing computational
methods for intrinsically disordered protein and region prediction. Brief Bioinform 20:330-346.
PMID: 30657889 {Medline}

Moult J (2005) A decade of CASP: progress, bottlenecks and prognosis in protein structure
prediction. Current Opinion in Structural Biology 15:285-289.

Monastyrskyy B, Kryshtafovych A, Moult J, Tramontano A, Fidelis K (2014) Assessment of protein
disorder region predictions in CASP10. Proteins: Structure, Function, and Bioinformatics 82:127-
137.

lakoucheva LM, Kimzey AL, Masselon CD, Bruce JE, Garner EC, Brown CJ, Dunker AK, Smith RD,
Ackerman EJ (2001) Identification of intrinsic order and disorder in the DNA repair protein XPA.
Protein Sci 10:560-571. PMID: 11344324 {Medline}

Longhi S, Receveur-Brechot V, Karlin D, Johansson K, Darbon H, Bhella D, Yeo R, Finet S, Canard B
(2003) The C-terminal domain of the measles virus nucleoprotein is intrinsically disordered and
folds upon binding to the C-terminal moiety of the phosphoprotein. The Journal of biological
chemistry 278:18638-18648. PMID: 12621042 {Medline}

Rosenbaum JC, Gardner RG (2011) How a disordered ubiquitin ligase maintains order in nuclear
protein homeostasis. Nucleus 2:264-270. PMID: 21941105 {Medline}

Xie H, Vucetic S, lakoucheva LM, Oldfield CJ, Dunker AK, Uversky VN, Obradovic Z (2007) Functional
anthology of intrinsic disorder. 1. Biological processes and functions of proteins with long
disordered regions. Journal of proteome research 6:1882-1898. PMID: 17391014 {Medline}

Peng Z, Xue B, Kurgan L, Uversky VN (2013) Resilience of death: intrinsic disorder in proteins involved
in the programmed cell death. Cell Death Differ 20:1257-1267. PMID: 23764774 {Medline}

Na I, Meng F, Kurgan L, Uversky VN (2016) Autophagy-related intrinsically disordered proteins in
intra-nuclear compartments. Mol Biosyst 12:2798-2817. PMID: 27377881 {Medline}

Deng X, Eickholt J, Cheng J (2012) A comprehensive overview of computational protein disorder
prediction methods. Mol Biosyst 8:114-121. PMID: 21874190 {Medline}

Peng Z, Kurgan L (2012) On the complementarity of the consensus-based disorder prediction. Pac
Symp Biocomput:176-187. PMID: 22174273 {Medline}

Walsh I, Giollo M, Di Domenico T, Ferrari C, Zimmermann O, Tosatto SC (2015) Comprehensive large-
scale assessment of intrinsic protein disorder. Bioinformatics 31:201-208. PMID: 25246432
{Medline}

Necci M, Piovesan D, Dosztanyi Z, Tompa P, Tosatto SCE (2017) A comprehensive assessment of long
intrinsic protein disorder from the DisProt database. Bioinformatics. PMID: 28968848 {Medline}

Varadi M, Vranken W, Guharoy M, Tompa P (2015) Computational approaches for inferring the
functions of intrinsically disordered proteins. Front Mol Biosci 2:45-45. PMID: 26301226
{Medline}

Linding R, Russell RB, Neduva V, Gibson TJ (2003) GlobPlot: exploring protein sequences for
globularity and disorder. Nucleic Acids Research 31:3701-3708.

Dosztanyi Z, Csizmok V, Tompa P, Simon | (2005) IUPred: web server for the prediction of intrinsically
unstructured regions of proteins based on estimated energy content. Bioinformatics 21:3433-
3434,

Liu J, Rost B (2003) NORSp: predictions of long regions without regular secondary structure. Nucleic
Acids Research 31:3833-3835.

Jones DT, Ward JJ (2003) Prediction of disordered regions in proteins from position specific score
matrices. Proteins: Structure, Function, and Bioinformatics 53:573-578.

Ward JJ, McGuffin LJ, Bryson K, Buxton BF, Jones DT (2004) The DISOPRED server for the prediction
of protein disorder. Bioinformatics 20:2138-2139.



56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

Linding R, Jensen LJ, Diella F, Bork P, Gibson TJ, Russell RB (2003) Protein Disorder Prediction:
Implications for Structural Proteomics. Structure 11:1453-1459.

Peng K, Radivojac P, Vucetic S, Dunker AK, Obradovic Z (2006) Length-dependent prediction of
protein intrinsic disorder. BMC Bioinformatics 7:208.

Hanson J, Yang Y, Paliwal K, Zhou Y (2016) Improving protein disorder prediction by deep
bidirectional long short-term memory recurrent neural networks. Bioinformatics 33:685-692.

Cheng J, Sweredoski MJ, Baldi P (2005) Accurate Prediction of Protein Disordered Regions by Mining
Protein Structure Data. Data Mining and Knowledge Discovery 11:213-222.

Yang ZR, Thomson R, McNeil P, Esnouf RM (2005) RONN: the bio-basis function neural network
technique applied to the detection of natively disordered regions in proteins. Bioinformatics
21:3369-3376.

Ishida T, Kinoshita K (2007) PrDOS: prediction of disordered protein regions from amino acid
sequence. Nucleic acids research 35:W460-W464. PMID: 17567614 {Medline}

Zhang T, Faraggi E, Xue B, Dunker AK, Uversky VN, Zhou Y (2012) SPINE-D: accurate prediction of
short and long disordered regions by a single neural-network based method. J Biomol Struct Dyn
29:799-813. PMID: 22208280 {Medline}

Wang S, Weng S, Ma J, Tang Q (2015) DeepCNF-D: Predicting Protein Order/Disorder Regions by
Weighted Deep Convolutional Neural Fields. Int J Mol Sci 16:17315-17330. PMID: 26230689
{Medline}

Hanson J, Paliwal K, Zhou Y (2018) Accurate Single-Sequence Prediction of Protein Intrinsic Disorder
by an Ensemble of Deep Recurrent and Convolutional Architectures. Journal of Chemical
Information and Modeling 58:2369-2376.

Walsh I, Martin AJM, Di Domenico T, Tosatto SCE (2011) ESpritz: accurate and fast prediction of
protein disorder. Bioinformatics 28:503-509.

Mizianty MJ, Stach W, Chen K, Kedarisetti KD, Disfani FM, Kurgan L (2010) Improved sequence-based
prediction of disordered regions with multilayer fusion of multiple information sources.
Bioinformatics 26:i489-i496.

Mizianty MJ, Peng ZL, Kurgan L (2013) MFDp2: Accurate predictor of disorder in proteins by fusion of
disorder probabilities, content and profiles. Intrinsically Disordered Proteins 1:e24428.

Mizianty MJ, Uversky V, Kurgan L (2014) Prediction of intrinsic disorder in proteins using MFDp2.
Methods Mol Biol 1137:147-162. PMID: 24573480 {Medline}

Jones DT, Cozzetto D (2014) DISOPRED3: precise disordered region predictions with annotated
protein-binding activity. Bioinformatics 31:857-863.

Ishida T, Kinoshita K (2008) Prediction of disordered regions in proteins based on the meta approach.
Bioinformatics 24:1344-1348.

Schlessinger A, Punta M, Yachdav G, Kajan L, Rost B (2009) Improved Disorder Prediction by
Combination of Orthogonal Approaches. PLOS ONE 4:e4433.

Walsh I, Martin AJM, Di Domenico T, Vullo A, Pollastri G, Tosatto SCE (2011) CSpritz: accurate
prediction of protein disorder segments with annotation for homology, secondary structure and
linear motifs. Nucleic acids research 39:W190-W196. PMID: 21646342 {Medline}

Kozlowski LP, Bujnicki JM (2012) MetaDisorder: a meta-server for the prediction of intrinsic disorder
in proteins. BMC Bioinformatics 13:111.

Fan X, Kurgan L. 2013. Accurate prediction of disorder in protein chains with a comprehensive and
empirically designed consensus.

Huang YJ, Acton TB, Montelione GT (2014) DisMeta: a meta server for construct design and
optimization. Methods Mol Biol 1091:3-16. PMID: 24203321 {Medline}

Necci M, Piovesan D, Dosztanyi Z, Tosatto SCE (2017) MobiDB-lite: fast and highly specific consensus
prediction of intrinsic disorder in proteins. Bioinformatics 33:1402-1404.



77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

Noivirt-Brik O, Prilusky J, Sussman JL (2009) Assessment of disorder predictions in CASP8. Proteins 77
Suppl 9:210-216. PMID: 19774619 {Medline}

Monastyrskyy B, Fidelis K, Moult J, Tramontano A, Kryshtafovych A (2011) Evaluation of disorder
predictions in CASP9. Proteins 79 Suppl 10:107-118. PMID: 21928402 {Medline}

Walsh |, Giollo M, Di Domenico T, Ferrari C, Zimmermann O, Tosatto SCE (2014) Comprehensive
large-scale assessment of intrinsic protein disorder. Bioinformatics 31:201-208.

Nielsen JT, Mulder FAA (2019) Quality and bias of protein disorder predictors. Sci Rep 9:5137-5137.
PMID: 30914747 {Medline}

Katuwawala A, Oldfield CJ, Kurgan L (2019) Accuracy of protein-level disorder predictions. Briefings
in Bioinformatics.

Bordoli L, Kiefer F, Schwede T (2007) Assessment of disorder predictions in CASP7. Proteins 69 Suppl
8:129-136. PMID: 17680688 {Medline}

Monastyrskyy B, Kryshtafovych A, Moult J, Tramontano A, Fidelis K (2014) Assessment of protein
disorder region predictions in CASP10. Proteins 82 Suppl 2:127-137. PMID: 23946100 {Medline}

Pryor EE, Jr., Wiener MC (2014) A critical evaluation of in silico methods for detection of membrane
protein intrinsic disorder. Biophys J 106:1638-1649. PMID: 24739163 {Medline}

Necci M, Piovesan D, Dosztanyi Z, Tompa P, Tosatto SCE (2018) A comprehensive assessment of long
intrinsic protein disorder from the DisProt database. Bioinformatics 34:445-452. PMID:
28968848 {Medline}

Altschul SF, Madden TL, Schaffer AA, Zhang J, Zhang Z, Miller W, Lipman DJ (1997) Gapped BLAST
and PSI-BLAST: a new generation of protein database search programs. Nucleic Acids Res
25:3389-3402. PMID: 9254694 {Medline}

McGinnis S, Madden TL (2004) BLAST: at the core of a powerful and diverse set of sequence analysis
tools. Nucleic Acids Research 32:W20-W25. PMID: W0S:000222273100004 {Medline}

Quinlan JR. DECISION TREES AS PROBABILISTIC CLASSIFIERS. In: Langley P, Ed. (1987) Proceedings of
the Fourth International Workshop on MACHINE LEARNING. Morgan Kaufmann, pp. 31-37.

Mizianty MJ, Stach W, Chen K, Kedarisetti KD, Disfani FM, Kurgan L (2010) Improved sequence-based
prediction of disordered regions with multilayer fusion of multiple information sources.
Bioinformatics 26:i489-496. PMID: 20823312 {Medline}

Mizianty MJ, Peng Z, Kurgan L (2013) MFDp2: Accurate predictor of disorder in proteins by fusion of
disorder probabilities, content and profiles. Intrinsically Disord Proteins 1:€24428. PMID:
28516009 {Medline}

Walsh I, Martin AJ, Di Domenico T, Vullo A, Pollastri G, Tosatto SC (2011) CSpritz: accurate prediction
of protein disorder segments with annotation for homology, secondary structure and linear
motifs. Nucleic Acids Res 39:W190-196. PMID: 21646342 {Medline}

Vullo A, Bortolami O, Pollastri G, Tosatto SC (2006) Spritz: a server for the prediction of intrinsically
disordered regions in protein sequences using kernel machines. Nucleic Acids Res 34:W164-168.
PMID: 16844983 {Medline}

Romero P, Obradovic Z, Li X, Garner EC, Brown CJ, Dunker AK (2001) Sequence complexity of
disordered protein. Proteins 42:38-48. PMID: 11093259 {Medline}

Mizianty MJ, Zhang T, Xue B, Zhou Y, Dunker AK, Uversky VN, Kurgan L (2011) In-silico prediction of
disorder content using hybrid sequence representation. BMC Bioinformatics 12:245. PMID:
21682902 {Medline}

Piovesan D, Tabaro F, Paladin L, Necci M, Micetic |, Camilloni C, Davey N, Dosztanyi Z, Meszaros B,
Monzon AM, Parisi G, Schad E, Sormanni P, Tompa P, Vendruscolo M, Vranken WF, Tosatto SCE
(2018) MobiDB 3.0: more annotations for intrinsic disorder, conformational diversity and
interactions in proteins. Nucleic Acids Res 46:D471-D476. PMID: 29136219 {Medline}



96. Wu Z, Hu G, Wang K, Kurgan L. Exploratory Analysis of Quality Assessment of Putative Intrinsic

Disorder in Proteins. (2017) 6th International Conference on Artificial Intelligence and Soft
Computing. Zakopane, Poland, pp. 722-732.

97. Hu G, Wu Z, Oldfield C, Wang C, Kurgan L (2018) Quality Assessment for the Putative Intrinsic

Disorder in Proteins. Bioinformatics. PMID: 30329008 {Medline}

98. Camacho C, Coulouris G, Avagyan V, Ma N, Papadopoulos J, Bealer K, Madden TL (2009) BLAST+:

architecture and applications. BMC Bioinformatics 10:421-421. PMID: 20003500 {Medline}

99. Wootton JC (1994) Non-globular domains in protein sequences: Automated segmentation using

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

complexity measures. Computers & Chemistry 18:269-285.

Jones DT, Swindells MB (2002) Getting the most from PSI-BLAST. Trends in Biochemical Sciences
27:161-164.

Prilusky J, Felder CE, Zeev-Ben-Mordehai T, Rydberg EH, Man O, Beckmann JS, Silman |, Sussman JL
(2005) FoldIndex®©: a simple tool to predict whether a given protein sequence is intrinsically
unfolded. Bioinformatics 21:3435-3438.

Piovesan D, Tabaro F, Micetic I, Necci M, Quaglia F, Oldfield CJ, Aspromonte MC, Davey NE,
Davidovic R, Dosztanyi Z, Elofsson A, Gasparini A, Hatos A, Kajava AV, Kalmar L, Leonardi E, Lazar
T, Macedo-Ribeiro S, Macossay-Castillo M, Meszaros A, Minervini G, Murvai N, Pujols J, Roche
DB, Salladini E, Schad E, Schramm A, Szabo B, Tantos A, Tonello F, Tsirigos KD, Veljkovic N,
Ventura S, Vranken W, Warholm P, Uversky VN, Dunker AK, Longhi S, Tompa P, Tosatto SC
(2016) DisProt 7.0: a major update of the database of disordered proteins. Nucleic Acids Res
D1:D219-D227. PMID: 27899601 {Medline}

Piovesan D, Tabaro F, Paladin L, Necci M, Micetic |, Camilloni C, Davey N, Dosztanyi Z, Mészéros B,
Monzon AM, Parisi G, Schad E, Sormanni P, Tompa P, Vendruscolo M, Vranken WF, Tosatto SCE
(2018) MobiDB 3.0: more annotations for intrinsic disorder, conformational diversity and
interactions in proteins. Nucleic acids research 46:D471-D476. PMID: 29136219 {Medline}

Uversky VN, Gillespie JR, Fink AL (2000) Why are “natively unfolded” proteins unstructured under
physiologic conditions? Proteins: Structure, Function, and Bioinformatics 41:415-427.

Tompa P (2002) Intrinsically unstructured proteins. Trends in Biochemical Sciences 27:527-533.
PMID: pub.1025432372 {Medline}

Uversky VN (2002) Natively unfolded proteins: a point where biology waits for physics. Protein
science : a publication of the Protein Society 11:739-756. PMID: 11910019 {Medline}

- (2002) What does it mean to be natively unfolded? European Journal of Biochemistry 269:2-12.

Campen A, Williams RM, Brown CJ, Meng J, Uversky VN, Dunker AK (2008) TOP-IDP-scale: a new
amino acid scale measuring propensity for intrinsic disorder. Protein Pept Lett 15:956-963.
PMID: 18991772 {Medline}

Szilagyi A, Gyorffy D, Zavodszky P (2008) The Twilight Zone between Protein Order and Disorder.
Biophysical Journal 95:1612-1626.

Uversky VN, Dunker AK (2010) Understanding protein non-folding. Biochimica et Biophysica Acta
(BBA) - Proteins and Proteomics 1804:1231-1264.

Uversky VN (2011) Intrinsically disordered proteins from A to Z. The International Journal of
Biochemistry & Cell Biology 43:1090-1103.

Faraggi E, Zhou YQ, Kloczkowski A (2014) Accurate single-sequence prediction of solvent accessible
surface area using local and global features. Proteins 82:3170-3176. PMID:
W0S:000344378300026 {Medline}

Faraggi E, Kouza M, Zhou YQ, Kloczkowski A (2017) Fast and Accurate Accessible Surface Area
Prediction Without a Sequence Profile. Prediction of Protein Secondary Structure 1484:127-136.
PMID: W0S:000400734600011 {Medline}



114.

115.

116.

117.

118.

119.

120.

121.
122.

123.

McGuffin LJ, Bryson K, Jones DT (2000) The PSIPRED protein structure prediction server.
Bioinformatics 16:404-405. PMID: 10869041 {Medline}

Buchan DW, Minneci F, Nugent TC, Bryson K, Jones DT (2013) Scalable web services for the PSIPRED
Protein Analysis Workbench. Nucleic Acids Res 41:W349-357. PMID: 23748958 {Medline}

Wootton JC (1994) Nonglobular Domains in Protein Sequences - Automated Segmentation Using
Complexity-Measures. Comput Chem 18:269-285. PMID: W0S:A1994PJ45800011 {Medline}

Kawashima S, Pokarowski P, Pokarowska M, Kolinski A, Katayama T, Kanehisa M (2008) AAindex:
amino acid index database, progress report 2008. Nucleic Acids Res 36:0202-205. PMID:
17998252 {Medline}

Campen A, Williams RM, Brown CJ, Meng J, Uversky VN, Dunker AK (2008) TOP-IDP-scale: a new
amino acid scale measuring propensity for intrinsic disorder. Protein Pept Lett 15:956-963.
PMID: 18991772 {Medline}

The Regression Line. In: Freedman DA, Ed. (2009) Statistical Models: Theory and Practice.
Cambridge University Press, Cambridge, pp. 18-28.

Altman NS (1992) An Introduction to Kernel and Nearest-Neighbor Nonparametric Regression. The
American Statistician 46:175-185.

Geurts P, Ernst D, Wehenkel L (2006) Extremely randomized trees. Machine Learning 63:3-42.

Breiman L (2000) Randomizing Outputs to Increase Prediction Accuracy. Machine Learning 40:229-
242,

Kamath C, Cantu-Paz E, Littau D. Approximate Splitting for Ensembles of Trees using Histograms.
Proceedings of the 2002 SIAM International Conference on Data Mining. pp. 370-383.



