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Supplementary Tables

Supplementary Table 1. The p-values for Figures 2B and 2E generated on the test dataset. Inspired by CASP, we
evaluated statistical significance of differences in predictive performance by resampling half the test dataset 10 times
and comparing results for each pair of the five disorder predictors. This assesses whether the improvements offered by
the better of the two compared methods are robust to different datasets. We used two-sided paired t-test if the measured
values were normal (we assessed normality with the Anderson-Darling test at 0.05 significance); otherwise we applied
the Wilcoxon test. Bold font identifies p-values > 0.05.
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Supplementary Table 2. Definition of predictive models for the ablation analysis based on the schematic shown in Figure 1.
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Supplementary Table 3. The p-values for Figure 3 generated on the test dataset. Inspired by CASP, we evaluated
statistical significance of differences in predictive performance by resampling half the test dataset 10 times and
comparing results between fIDPnn and each of the six ablation variants defined in Suppl. Table S2. This assesses
whether the improvements offered by the full version of fIDPnn are robust to different datasets. We used two-sided
paired t-test if the measured values were normal (we assessed normality with the Anderson-Darling test at 0.05
significance); otherwise we applied the Wilcoxon test. Bold font identifies p-values > 0.05.

. . p-values when compared to fIDPnn using:
Ablation variants of fIDPnn
AUC F1 MCC

Residue-level features excluded 3.82E-06 1.18E-02 1.10E-02
Window-based features excluded 6.11E-06 1.96E-04 7.10E-05
Disorder function predictions excluded 7.42E-03 5.49E-04 8.10E-04
Protein-level features excluded 7.66E-07 7.48E-04 4.11E-04
PSSM features excluded 8.74E-04 1.42E-03 2.20E-03
IUPred features excluded 1.12E-03 1.37E-01 9.41E-02

Supplementary Table 4. The p-values for Figure 4 generated on the test dataset. Inspired by CASP, we evaluated
statistical significance of differences in predictive performance by resampling half the test dataset 10 times and
comparing results for each pair of the disorder function predictors that target the same function. This assesses whether
the improvements offered by the better of the two compared methods are robust to different datasets. We used two-sided
paired t-test if the measured values were normal (we assessed normality with the Anderson-Darling test at 0.05
significance); otherwise we applied the Wilcoxon test. Bold font identifies p-values > 0.05.
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Supplementary Table 5. Definition of the evaluation metrics.

Short

Full name Formula
name
TP «*TN — FP xFN
MCC Matthews correlation coefficient MCC =
J(TP + FP) « (TP + FN) * (TN + FP) * (TN + FN)
Fl F1-measure 2*PPR +«TPR 2xTP
(harmonic mean of precision and sensitivity) ~ PPR+TPR  2+TP+FP+FN
TP
TPR  True positive rate (sensitivit TPR = ——
positive rate (sensitivity) TP + FN
FPR  False positive rate FPR = ———
P TN + FP
PPR  Predicted positi te (precision) PPR TP
redicted positive rate (precision =—
P P TP + FP
TP True positive Number of correctly predicted disordered/functional residues
N True negative Number of correctly predicted non-disordered/non-functional
residues
Fp False positive Number of non-disorder/non-functional residues incorrectly
P predicted as disordered/functional
FN False negative Number of disorder/functional residues incorrectly predicted as

non-disordered/non-functional
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Supplementary Figure 1. ROC curves and AUC values for the assessment of the quality of the disorder function
predictions for the IDRs predicted by fIDPnn on the test dataset. Disorder functions are color-coded. Solid lines
represent results for fIDPnn. Dashed lines represent results produced by the second-best (according to the AUC scores

in Figure 4) function predictor.
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Supplementary Figure 2. Results of the grid search-based parametrization of the random forest models for the
prediction of the four disorder functions. We considered two key hyperparameters: number of trees (dubbed number
of estimators) = {10,20,30,40,50,60,70,80,90,100} and maximal tree depth = {2,4,6,8,10,12,14,16,18,20}. We
implemented the grid search based on the 3-fold cross validation on the training dataset.



