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Evaluation metrics 

Disorder predictors generate two types of outputs for each amino acid in a given protein sequence: a numeric 
propensity that quantifies likelihood that a given residue is disordered, and binary value that categorizes this 
residue as either disordered or structured. The predictive quality of propensities is typically evaluated with the 
Area Under receiver operating characteristic Curve (AUC) while the binary predictions are usually assessed 
with the Matthews Correlation Coefficient (MCC). For example, these metrics were utilized in the most recent 
community assessments1,2. MCC is defined as: ܥܥܯ = ܶܲ ∗ ܶܰ − ܲܨ ∗ ඥሺܶܲܰܨ + ሻܲܨ ∗ ሺܶܲ + ሻܰܨ ∗ ሺܶܰ + ሻܲܨ ∗ (ܶܰ +  (ܰܨ
where TP (true positive) and TN (true negative) represent the number of correctly predicted disordered and 
structured amino acids, respectively, while FP (false positive) and FN (false negative) quantify the number of 
misclassified structured and disordered amino acids, respectively. MCC values range between -1 and 0, with -1 
denoting inverted prediction (positives are predicted as negatives and vice versa), 0 for an inaccurate prediction, 
and 1 for highly accurate/perfect prediction. 

The receiver operating characteristic (ROC)3 curve is computed by thresholding the propensity values (i.e., 
thresholds are set to all distinct values of putative propensities) to obtain the corresponding binary predictions 
and computing TPR = TP/(TP+FN) and FPR = FP/(TN+FP) values for each threshold. The curve is composed 
of lines that connect consecutive (TPR, FPR) points and represents a relation between the true positive and false 
positive rates. AUC is the area under the ROC curve where higher values suggest that the predicted propensities 
are more accurate. AUC values range between 0.5 (equivalent to a random predictor where true positive and 
false positive rates are equal) and 1 (highly accurate/perfect prediction).



Supplementary Table S1. Intrinsic disorder predictors that are available to the end users. The methods are sorted in the chronological order of their year of publications. 
“Applies DNN” column identifies tools that use deep neural network (DNN) models. “Fast” column shows methods that predict disorder for a single protein in under 1 
second; the runtime data was extracted from the CAID experiment1 and a subsequent study4. “Availability” column explains how the predictors are distributed to the end 
user: as “SP” (standalone program) and/or “WS” (webserver). 

Predictor name Reference Method number  
from Figure 1 Applies DNN Fast Availability URL 

DisEMBL-465 5 1 No Yes SP+WS http://dis.embl.de/ 
DisEMBL-HL 5 2 No Yes SP+WS http://dis.embl.de/ 
FoldUnfold 6 3 No Yes WS http://bioinfo.protres.ru/ogu/ 
PONDR VSL2B 7 4 No  WS http://www.pondr.com/ 
IsUnstruct 8 5 No Yes WS http://bioinfo.protres.ru/IsUnstruct/ 
Espritz-DisProt 9 6 No  SP+WS http://old.protein.bio.unipd.it/espritz/ 
Espritz-NMR 9 7 No  SP+WS http://old.protein.bio.unipd.it/espritz/ 
Espritz-Xray 9 8 No  SP+WS http://old.protein.bio.unipd.it/espritz/ 
DISOPRED3 10 9 No  SP+WS http://bioinf.cs.ucl.ac.uk/psipred/ 
DisPredict 11 10 No  SP https://github.com/tamjidul/DisPredict2_PSEE 
MobiDB-lite 12 11 No  WS http://mobidb.bio.unipd.it/ 
SPOT-Disorder 13 12 Yes  SP+WS https://sparks-lab.org/server/spot-disorder/ 
IUpred2A-long 14 13 No Yes SP+WS https://iupred2a.elte.hu/ 
IUpred2A-short 14 14 No Yes SP+WS https://iupred2a.elte.hu/ 
pyHCA Unpublished (released in 2018) 15 No  SP https://github.com/T-B-F/pyHCA 
SPOT-Disorder-Single 15 16 Yes  SP+WS https://sparks-lab.org/server/spot-disorder-single/ 
rawMSA 16 17 Yes  SP https://bitbucket.org/clami66/rawmsa/src/master/ 
SPOT-Disorder2 17 18 Yes  SP+WS https://sparks-lab.org/server/spot-disorder2/ 
IDP-Seq2Seq 18 19 Yes  WS http://bliulab.net/IDP-Seq2Seq/ 
flDPnn 19 20 Yes  SP+WS http://biomine.cs.vcu.edu/servers/flDPnn/ 
Metapredict 20 21 Yes  SP+WS https://github.com/idptools/metapredict 
RFPR-IDP 21 22 Yes  WS http://bliulab.net/RFPR-IDP/server 
DisoMine 22 23 Yes  SP+WS https://www.bio2byte.be/b2btools/disomine/ 
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