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Abstract

A long-standing goal in biology is the complete annotation of function and structure on all protein—protein
interactions, a large fraction of which is mediated by intrinsically disordered protein regions (IDRs). However,
knowledge derived from experimental structures of such protein complexes is disproportionately small due, in
part, to challenges in studying interactions of IDRs. Here, we introduce IDRBIind, a computational method that
by combining gradient boosted trees and conditional random field models predicts binding sites of IDRs with
performance approaching state-of-the-art globular interface predictions, making it suitable for proteome-wide
applications. Although designed and trained with a focus on molecular recognition features, which are long
interaction-mediating-elements in IDRs, IDRBind also predicts the binding sites of short peptides more
accurately than existing specialized predictors. Consistent with IDRBind's specificity, a comparison of protein
interface categories uncovered uniform trends in multiple physicochemical properties, positioning molecular

recognition feature interfaces between peptide and globular interfaces.

© 2019 Elsevier Ltd. All rights reserved.

Introduction

Protein—protein interactions have a fundamental
role in most biological processes and exhibit a
remarkable diversity in structure. They enable the
assembly of large cellular machines or transient
complexes that mediate the transmission of cellular
signals. Disruption of protein interactions by muta-
tions can change cellular phenotypes and even lead
to disease in multicellular organisms [1]. Therefore,
significant effort has been made to map and
characterize the molecular aspects of all protein
interactions present in cellular systems [2].

Protein—protein interaction interfaces share com-
mon characteristics that make them differentiable
from non-interface surfaces [3,4]. The most consis-
tently discernable property is stronger evolutionary
conservation of residues at the interface. Residue
composition also differs between interface and non-
interface surfaces, particularly when dividing the
interface into core and rim regions [5]. Rim is the
outer region that remains partially solvent accessible
upon binding and typically consists of polar and
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charged residues. Core is the central region of the
interface that is occluded from solvent upon binding
and is generally hydrophobic, which is important
since hydrophobic interactions are often the domi-
nant contributors to binding affinity [6]. Concordantly,
the core is enriched in hotspots, which are interface
residues that contribute to a large fraction of the total
interaction energy. Strong conservation of residues
and enrichment in disease-causing mutations further
highlight the importance of the core region in
protein—protein interactions [7].

Properties that distinguish interface from non-
interface residues are exploited in numerous com-
putational methods that predict protein interaction
sites on their given structures [8]. The property most
commonly used by these protein interface predictors
is evolutionary conservation, which is generally
derived from multiple sequence alignments or,
more rarely, the conservation of interface residues
among structural neighbors [9]. Prediction methods
can also exploit the physicochemical properties that
distinguish interface from non-interface residues.
These properties include hydrophobicity and solvent

Journal of Molecular Biology (2019) 431, 3157-3178



3158

Predicting Protein—Protein Interfaces

accessibility [10-17]. Taking advantage of the
plethora of available approaches, meta-predictors
combine multiple predictors to increase prediction
accuracy [18]. Protein—protein interface prediction is
a challenging task, but the cumulation of advances in
this field has led to predictors that are highly effective
for protein characterization.

The majority of available protein interface predic-
tors have been trained and tested on classical
protein complexes in which all interaction partners
are globular [10,12,16], generalizing the term glob-
ular to include all independently folding domains.
However, this mode of interaction represents only a
part of the currently recognized spectrum of
interactions. Research over the last two decades
has revealed that a large fraction of eukaryotic
proteins contain intrinsically disordered protein re-
gions (IDRs) and that these regions can also be
involved in protein interactions. A steadily growing
number of identified interactions are mediated by
peptide motifs, which are also referred to as short
linear motifs (SLiMs) [19]. Peptide motifs are typically
segments up to 10 residues long that often bind to
specific binding domains through conserved consen-
sus sequence motifs [20,21]. A prolific example is
certain proline-rich motifs that bind to SH3 domains
[22]. Some peptide motifs occur in repeats or
combinations, resulting in competitive or cooperative
interactions [20].

In addition to the peptide motifs, much longer
interaction-prone regions have been identified in
IDRs [23]. Molecular recognition feature (MoRF) is a
broad term encompassing interaction-mediating
segments in IDRs at 10 to 70 residues in length
that often fold upon binding [24—26]. They typically
lack full-length consensus sequences, although they
may contain shorter motifs. MoRFs form a diverse
group with heterogeneous structures and interaction
mechanisms. Unlike many peptide motifs, MoRFs
can gain intricate folds upon binding, including
substantial secondary structures and extended
conformations that wrap around their binding part-
ners [27]. Furthermore, MoRFs often contain regions
that transiently sample secondary structures prior to
binding, namely, preformed structural elements
[28,29], and their interactions can involve anchoring,
flanking, and linker subsegments [30]. For example,
the 69-residue MoRF of p27, which contains a
hydrophobic anchoring region as well as a patrtially
preformed helix, folds up and binds to a heterodimer
of globular proteins Cdk2 and cyclin A [31,32].

Interactions mediated by peptide motifs and
MoRFs were initially assumed to result in complexes
with well-defined quaternary structures, akin to
quaternary structures of obligate complexes consist-
ing of folded domains. However, this assumption
was recently proven specious by the increasing
evidence of IDRs exhibiting conformational hetero-
geneity in both their unbound and bound states,

which was termed fuzziness in protein interactions
[33,35]. Although MoRFs are classically characterized
as regions that fold upon binding, they often exhibit
multiple binding conformations [34]. A growing body of
research recognizes fuzzy interaction modes and the
contribution of both folded elements and transient
contacts to IDR-mediated interactions [36]. The
dynamic nature of MoRFs and broad energy land-
scapes of their bound and unbound states are
proposed to favor their interactions with multiple
partners [37,38]; a trait exploited by hub proteins that
are central to signaling networks [39]. In essence, the
emerging picture illustrates a continuum in the degree
of conformational heterogeneity not only of individual
protein structures, ranging from independently folding
domain to IDRs [40], but also of protein interaction
complexes, ranging from well-defined quaternary
structures to highly heterogeneous complexes with
no dominant binding mode [41,42].

While a comprehensive protein interaction inter-
face predictor would be ideal, predictors have
always targeted subsections of the interaction
spectrum due to the diversity in attributes and the
biases in our protein structure knowledgebase. The
performance of predictors trained on globular protein
complexes is suboptimal for IDR-mediated interac-
tions because of the differences between the two
classes of interactions. Chief among the features
that distinguish interfaces between globular domains
(globular interfaces for short) from interfaces be-
tween globular domains and peptides (peptide
interfaces) is the deep pockets and grooves that
are prominent in the latter [13,43]. Because peptides
are intrinsically flexible, the conformational entropy
cost in binding is a crucial component determining
binding affinity. This energetic cost is counteracted
by hotspots that mainly consist of hydrophobic and
aromatic residues, often constituting the conserved
motifs of the binding peptides. A key component of
these hydrophobic interactions is the favorable
solvent entropy change resulting from the desolva-
tion of hydrophobic surfaces. Another strategy for
mitigating the entropic cost of peptide binding was
proposed based on the observation of bridging water
molecules in unbound peptide interfaces [43].
Increasing awareness of differences between glob-
ular and peptide interfaces led to the development of
specific predictors such as PeptiMap [13,43]. Similar
to peptides, MoRFs tend to bind grooves on partner
surfaces. However, protein interactions mediated by
MoRFs are depleted in hydrogen bonds but further
enriched in hydrophobic and electrostatics pairings
when compared to interactions mediated by pep-
tides [27,44]. Given the success of available
interface predictors for binding sites of globular
proteins and peptides, we aimed to develop a
predictor for MoRF-binding sites (MoRF interface),
which is a section of the interaction spectrum that
has remained underserved.
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To achieve our objective of developing a MoRF
interface predictor, we combined two different
machine learning approaches. The gradient boosted
trees method was used first to train two prediction
modules to identify core and rim residues. Prediction
scores from these modules were then integrated
through a conditional random field (CRF) to generate
the final classification labels (Fig. S1). On a non-
redundant test dataset of complexes between MoRF
and globular proteins, the final predictor achieves a
Matthews correlation coefficient (MCC) of 0.31 at a
sensitivity of 51% for the separation of MoRF interface
and non-interface residues. Surprisingly, our predictor
also achieves an MCC of 0.36 at a sensitivity of 56%
on peptide interfaces. In contrast, the predictor has an
MCC of only 0.2 at a sensitivity of 33% on globular
interfaces. Thus, our predictor, IDRBInd, identifies
protein interfaces that preferentially bind both peptide
motifs and MoRFs, collectively the binding sites of
IDRs. In agreement with IDRBind's performance on
globular, peptide, and MoRF interfaces, a detailed
analysis of multiple physicochemical measures
places MoRF interfaces in the midst of a spectrum
ranging between peptide to globular interfaces.

Results

MoRF complex datasets for predictor training
and evaluation

Creating a computational tool that identifies MoRF
interfaces on protein domains requires the assembly
of training and testing datasets that consist exclusively
of protein complexes that contain MoRFs and have
minimal redundancy (see Methods). We first collected
complexes for which at least one partner has
experimental evidence for being intrinsically disor-
dered prior to binding. Complexes were identified by
using the IDEAL database in conjunction with a
literature search [45]. Removal of redundant se-
quences resulted in 84 complexes. Although interface
predictors can be trained on bound structures [16,17],
meaning protein conformations found in the com-
plexed form are used in training, performance
evaluation requires a more stringent and realistic
dataset that consists of protein structures in their
unbound state. For 57 of the 84 complexes, we found
unbound structures of the MoRF binding partners
(MoRF partners). Thirty of these unbound structures
were randomly allocated to the test set, which we
named MoRF-test, and the rest were put in MoRF-
train (i.e., 54 mixed bound and unbound structures of
the MoRF partners). MoRF-test contains 4107 surface
residues in total, including 186 core and 532 rim
residues, as defined in the methods section. MoRF-
train consists of 8863 residues, of which 427 and 1071
are core and rim, respectively. Although the resulting

datasets are small, the stringent selection process
allowed us to provide better estimates of the prediction
performance and to form conclusions that are specific
to MoRF interfaces.

While this work is focused mainly on the MoRF
partners, the MoRFs were characterized to clarify
the types of interaction elements contained in our
datasets. The MoRFs range in lengths from 10 to 72
residues and have a mean of 25 residues. While they
all have evidence of intrinsic disorder, some MoRFs
in the two datasets transiently sample secondary
structures in their unbound states (Table S1).
Furthermore, MoRFs contain helices in 62% of the
cases in their partner-bound form [46]. To assess the
conformational diversity (i.e., fuzziness) of individual
MoRFs, we calculated the mean RMSDs between
NMR models of MoRFs after alignment of the MoRF
partner structures. MoRFs in our datasets display a
wide distribution of mean Ca RMSDs ranging
between 0.6 and 17.0 A (Fig. S2A). However, the
primary interface residues, which we defined as
MoRF residues that participate in the interaction in at
least 50% of the NMR models, are not as structurally
diverse as the remaining flanking residues. Notably,
the segments containing primary interface residues
of MoRFs in 18 out of 33 structures have mean Ca
RMSDs below 3 A. An example with relatively rigid
primary interface residues is provided by the
complex between XPC and p62, which is a subunit
of transcription factor Il H complex (TFIIH) that is
recruited by XPC in the nucleotide excision repair
pathway (PDB ID 2RVB [47]; Fig. S2B). In contrast,
the structures of the complex between the activation
domain of the herpes simplex virus protein VP16 and
the human transcription initiation factor TFIIB [48]
provide an example of a MoRF where models differ
substantially in structure, thus resulting in high mean
RMSD for the primary interface residues (Fig. S2B).
Notably, while the MoRFs themselves display a wide
conformational range, the residues on the partner
surface to which they associate remain largely
preserved across the models, providing a firm
basis for the definition of MoRF interfaces that we
aim to predict.

Several features are associated with core and
rim interface residues

Separating MoRF interface residues from non-
interface residues is a binary classification task.
Therefore, we decided to use receiver operating
characteristic curves (ROC curves) to evaluate
whether features that are classically used in the
identification of interface residues are also useful in
the prediction of MoRF interfaces. Moreover, we
used ROC curves to gauge whether these features
are better at predicting all interface residues or
segregated core and rim residues. We utilized
structure and sequence-based features that are
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Fig. 1. ROC curves for interface versus non-interface classification using different individual feature scores. Non-

interface residues are classified against all interface residues (A), core residues (B), and rim residues (C). Selected feature
scores are shown from left to right: residue conservation score, groove score, rASA score, and B-factor estimate score.
The dotted diagonal lines represent random classification, which has an AUC of 0.5. See Methods and Table S2 for

detailed descriptions of the features.

either incorporated in existing interface prediction
methods or deemed relevant to the prediction of
MoRF interfaces. These features can be grouped
broadly into six categories: residue composition,
residue evolutionary conservation, residue relative
accessible surface area (rASA), protein surface
geometry, estimated B-factors and electrostatics of
surface residues or their local environment. The
scores of these features were calculated for the
surface residues of each protein in the MoRF-train
set, some of which using existing methods (see
Methods and Table S2 for details).

The ROC curves and their corresponding area
under curves (AUCs) of a selection of features tested
are shown in Fig. 1A. We found that conservation
feature scores decently separate interface and non-
interface surface residues (AUC: 0.65). However,
other feature scores lack the discriminative power to
separate all interface from non-interface residues.
Next, we segregated interface residues into core and
rim (see Methods) and assessed the predictive
power of the same features on discriminating non-
interface residues from core and rim, respectively.
Consistent with the literature, conservation scores
are better at separating core residues and non-
interface residues than all interface and non-
interface residues (Fig. 1B). Most importantly, the
other features selected are also able to separate
core from non-interface residues. Two feature

scores worth noting are a surface geometry feature
designed to identify grooves and pockets (groove
score) and rASA, a solvent-accessible surface area
(SASA) score normalized per residue. Core residues
tend to have higher groove scores than non-
interface residues, suggesting that they are situated
at the center of grooves in the protein surface.
Correspondingly, core residues are likely to be less
accessible than the bulk of surface residues. Some
of the features have differently signed correlation
with core and rim residues, which is reflected in
AUCs above and below 0.5 for core and rim (Fig. 1B,
C). For instance, rASA has a distinctive ability for
differentiating core and rim residues because of the
tendencies for core residues to be in grooves and rim
residues to be more solvent exposed. Similarly, the
B-factor estimates show that core residues are more
rigid compared to both rim and non-interface
residues. Overall, this analysis reveals that the
predictive power of many features is amplified by
separating the interface into core and rim regions.

Modules that predict core and rim residues

Based on these findings, we developed two
distinct prediction modules that separate core and
rim residues, respectively, from non-interface resi-
dues. To do so, we used gradient boosted trees
models. The XGBoost software library [49] in R was
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Fig. 2. ROC curves for core, rim and interface residue predictions. Left, ROC curves for the classification of core (A) and
rim (B) residues versus non-interface residues made by CorePred and RimPred. Right, ROC curves for the classification of
core (A) and rim (B) residues versus non-interface residues made by a single model trained to classify interface versus

non-interface residues.

employed to train the two classification models.
Thus, one gradient boosted trees model was trained
to classify core and non-interface residues, while the
other was trained to classify rim and non-interface
residues. All features mentioned before as well as
others (full list, see Table S2) were calculated for
residues in the MoRF-train set and used in training.

(a)

In addition, aggregated feature scores were created
using surface residue patches. Surface residue
patches are defined by combining each surface
residue with its neighbors within a distance threshold
(see Methods). For all residues in each surface
patch, feature scores are aggregated (e.g., by taking
averages or maximum scores) and added to the
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Fig. 3. Schematic of IDRBind CRF (A) and the quadrilateral mesh protein surface representation (B) used in it. (A)
Variables used in the CRF are represented by ovals and factors by rectangles. There are feature variables (i.e., observed
variables) in gray and labeled variables (i.e., unobserved variables) in white, which are the residue nodes for which we are
predicting class labels. Each labeled variable is a face in the quadrilateral mesh surface. Factors connect the variables,
describing their compatibility using weights and feature functions. The scoring component of the graph model is on top,
while the adjacency component is highlighted with a yellow background below. (B) Quadrilateral mesh protein surface
representation used to construct the graph model. Top, triangulated surface representation of a protein. Bottom, the same
surface in quadrilateral representation. Quadrilateral faces identically colored in red, magenta, green and tan identify
groups of faces that are mapped to the same protein residue.
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Table 1. Performance evaluation of interface predictors on MoRF-test dataset

TPR FPR  Precision Specificity = Accuracy F1 MCC meanMCC  SD error NA count n
IDRBind 0.51 017 0.39 0.83 0.77 0.44 0.31 0.31 0.04 0 30
ACCLUSTER3* 058 023 0.34 0.77 0.73 042 0.28 0.24 0.04 0 30
PeptiMap 0.32 0.13 0.34 0.87 0.78 0.33 0.20 0.18 0.05 0 30
ISMBLab 048 026 0.28 0.74 0.70 0.35 0.18 0.22 0.04 1 30
VORFFIP 0.78 051 024 0.49 0.54 0.36 0.20 0.15 0.03 1 30
CPORT 0.35 0.18 0.28 0.82 0.74 0.31 0.15 0.14 0.03 0 30
cons-PPISP 024 012 0.29 0.88 0.77 0.26 0.12 0.11 0.04 0 30
PredUs2-SVM 041 0.18 0.32 0.82 0.75 0.36 0.21 0.20 0.04 1 28
PrISE 045 031 0.23 0.69 0.65 0.30 0.11 0.07 0.03 0 30
ISPRED4 046 028 0.25 0.72 0.67 0.32 0.14 0.05 0.03 0 30
BindML 0.70 055 0.21 0.45 0.49 0.32 0.12 0.12 0.04 1 27
GHECOM 0.30 0.17 0.26 0.83 0.74 028 0.12 0.13 0.06 2 30
Fpocket 0.37 021 027 0.79 0.72 0.31 0.14 0.16 0.05 0 30

TPR, true-positive rate (i.e., sensitivity); FPR, false-positive rate; MCC, Matthews correlation coefficient; meanMCC, mean of MCC
calculated per-structure; SD error, standard error of meanMCC; NA count, structures with absence of either any positive or negative
predictions such that MCC cannot be calculated; n: number of structures processed.

2 Number following ACCLUSTER denotes the number of top prediction clusters evaluated.

feature set of the central residue. Such aggregated
features have been shown to be able to boost
predictor performance [50]. From 2182 original
features, 30 were chosen via feature selection.
Feature selection and hyperparameters used by
XGBoost were optimized for the two models
separately through 20-fold cross-validation, measur-
ing improvements in terms of AUC (see Methods).
Using the optimized features and hyperparameters,
the final models were retrained on the entire MoRF-
train set. The resulting core and rim predictors,
named CorePred and RimPred, achieved AUCs of
0.84 and 0.75 on the independent MoRF test set
(Fig. 2, left). For comparison, we employed the same
optimizations used for RimPred to train a gradient
boosted trees model that separates all interface from
non-interface residues. CorePred and RimPred
show an advantage in performance compared to
this model trained with all interface residues (Fig. 2,
right). This result suggests the gains observed in the
individual features upon separating the interface into
two regions translate to the CorePred and RimPred
models.

CorePred and RimPred scores are combined in
the final predictions using CRFs

Next, we combined CorePred and RimPred
outputs with a CRF model to create the final output
of our new predictor that we call IDRBind. CRFs are
discriminative undirected probabilistic graph models
that take “neighborhood” context into account, in
contrast to more common classifiers like CorePred
and RimPred that evaluate each residue individually.
Our CRF can be interpreted as having two compo-
nents: a scoring and an adjacency component
(Fig. 3A). The scoring component is trained to
integrate residue-level CorePred and RimPred

scores. In addition to these residue-level scores, the
scoring component also uses the protein-average of
CorePred and RimPred scores. The incorporation of
these average scores enabled better handling of small
proteins, for which predictions are known to be
affected by a size bias [51] (discussed below and in
Methods). The adjacency component of our CRF
incorporates information from neighboring residues. It
enforces penalties for spatially isolated core or rim
residue predictions and enhances clusters of the
same class, thereby smoothing the prediction results
and removing outliers. While CRFs have been applied
in this field, other predictors have used the protein
sequence or distance thresholds to define adjacent
residues [15,52,53]. Instead, we chose to use a
network mesh generated from the molecular surface
of proteins. Specifically, a quadrilateral surface mesh
was generated (Fig. 3B and Methods). Each face in
the quadrilateral surface was mapped to the closest
residue. Because there are many more faces than
residues, each residue of the protein can be mapped
to multiple faces. Adjacent faces were defined as
those sharing the same edge in the mesh, so each
face has a maximum of four neighbors.

Faces of the protein mesh surface are represented
by labeled variables (nodes) in the CRF that we
generated through the software library FACTORIE
[54]. Core, rim or non-interface labels of these
variables are the prediction outputs of the CRF (Fig.
3A) and thus of IDRBIind. Each labeled variable is
connected to other variables through factors. Factors
contain weights that describe the labels' compatibility
with other variables. The scoring component of the
CRF has the observed (input) feature variables
CorePred, RimPred, CorePred average, and RimPred
average. The adjacency component consists of pair-
factors that connect adjacent labeled variables (i.e.,
faces sharing an edge). The prediction output of core,
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rim, and non-interface labels is attained through
approximate inference, for which we use a belief
propagation algorithm for maximum a posteriori
estimation (see Methods).

As IDRBind predictions are categorical, we calcu-
lated well-established performance metrics instead
of ROC curves to evaluate IDRBind's performance
on MoRF-test (Table 1). In separating non-interface
from interface residues, the union of rim and core
classes, IDRBind achieves a MCC [55] of 0.31 at a
sensitivity (true-positive rate, or TPR) of 51%. While
MCC is a general indicator of predictive power,
sensitivity measures the fraction of true interface the
predictor identifies. To assess whether the CRF
improved predictions, we compared IDRBind's pre-
dictions with the combined predictions of CorePred
and RimPred. A naive but effective way to combine
CorePred and RimPred is to take the larger of the
two scores for each residue. Table S3 shows the
performance of this naive model at varying thresh-
olds. It reveals that for any threshold and associated
TPR, the MCC of this naive model is well below that
of IDRBind on MoRF-test. Next, we analyzed the
effect of protein size on predictions made by
IDRBIind and the naive model. As mentioned before,
size biases can negatively affect predictions. This
issue is particularly important for small proteins that
get over-scored by many interface predictors,
meaning interfaces are predicted to be too large.
This size bias can be eliminated by ranking scores
for each protein individually [51], but IDRBind's
categorical output cannot be ranked. Consequently,
we calculated MCCs for each MoRF-test protein
individually and then averaged over the full set.
While the mean MCC of IDRBInd of 0.31 is identical
to the MCC calculated using all interface and non-
interface residues in MoRF-test (Tables 1 and S4 for
IDRBind performance on individual structures), the
mean MCC of the naive model drops for the majority
of the thresholds tested (Table S3). In comparison,
the scoring component of the CRF in isolation offers
little improvement over the naive model at compara-
ble decision thresholds, that is, thresholds where the
naive model achieves sensitivity around 0.5 t0 0.6, but
the higher mean MCC provided by the scoring
component relative to the naive model is notable
(Table S5). These observations suggest that the
scoring component contributes to mitigating the size
bias, while the adjacency component provides most of
the performance gain over the CorePred and RimPred
models.

IDRBind outcompetes existing predictors in the
identification of MoRF-binding sites

We compared the performance of IDRBind on
MoRF-test with that of various predictors of protein
interfaces. Many more predictors have been devel-
oped than we can benchmark, so we selected

representatives that allow for informative comparisons.
The general interface predictors are trained predomi-
nately on complexes between globular proteins (glob-
ular interface). Of this group, ISPRED4 [15] cons-
PPISP [16], BindML [17], and CPORT [18] represent a
state-of-the-art as well as popular predictors that are
often used for performance comparisons. PredUs [12]
and PrISE [56] were chosen because they are a
special class of predictors that uses structural homol-
ogy. We also tested predictors of peptide-binding sites
on globular proteins (peptide interface), and they are
ACCLUSTER [11], PeptiMap [13], ISMBLab (peptide
version) [10], and VORFFIP (i.e., peptide prediction
from Multi-VORFFIP [14]). Lastly, because binding
pockets are a distinctive feature of peptide binding
sites, pocket-finding methods GHECOM [57] and
Fpocket [58] were also included.

The performance measures used here are thresh-
old dependent. Therefore, the threshold for each
predictor was selected to maximize their MCC on
MoRF-test. IDRBind's MCC of 0.31 is the highest of
all predictors tested on the classification of interface
versus non-interface residues in MoRF-test
(Table 1). Predictors with the closest performance
to IDRBInd are peptide interface predictors. IDRBind
also ranks the highest in terms of precision, followed
by ACCLUSTER and PeptiMap. High precision is
significant because it indicates the fraction of
predicted interface residues that genuinely belongs
to an interface, which can be interpreted as the
usefulness of the predicted interface. Comparison of
the mean MCCs gives IDRBind an even greater
lead. Most importantly, the highest precision of the
compared tools in conjunction with a sensitivity of
51% indicates that IDRBind produces conservative
predictions with adequate coverage of the true
interfaces, which makes it practical for MoRF
interface predictions.

IDRBind accurately predicts the interface of
well-known MoRF interaction partners

Several MoRF-test proteins are well-known pro-
teins that play key roles in regulatory pathways of
eukaryotic cells. We highlight some individual
examples here to make the discussion on IDRBind's
output more tangible. MRG15 is a transcription factor
with various roles, including regulating the cell cycle.
It associates with an intrinsically disordered region
(IDR) of the protein Pf1, forming part of the Rpd3S/
Sin3S corepressor complex [59,60]. The interaction
involves two distinct hydrophobic sites on MRG15
that are both predicted accurately by IDRBind (Fig.
4A).

Importin-B is another protein found in MoRF-test.
Critical to the transport of macromolecules between
nucleus and cytoplasm, it interacts with cargo as well
as adaptor proteins, including both MoRFs and
globular proteins. In this case, the MoRF complex
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Fig. 4. Prediction results of select proteins mapped on their structures. Molecular surfaces of MRG15 (A), importin-beta
(B), Pin1 (C), and Bcl-2 (D) are colored by IDRBind prediction labels for core, rim and non-interface in red, blue and gray,
respectively. In panels E and F, Bcl-2's surface is colored by the core and rim scores provided by CorePred (E) and
RimPred (F). The prediction labels (IDRBind), scores (CorePred or RimPred) and the protein surface are from the unbound
structure. To visualize consistency between predictions and actual MoRF interfaces, MoRFs were placed on the unbound
structures by aligning only the globular domains of the bound and unbound structures. The PDB IDs of the unbound and bound
structures, respectively, are 2F5J and 2LKM (A), 1GCJ and 1M5N (B), 116C and 1I18H (C), and 1GJH and 5VAY (D-F).

is between the human importin-§ and the parathyroid
hormone-related protein (PTHrP) it transports
[61,62]. The prediction was made using the unbound
structure of mouse importin-g, which shares 98%
sequence identity with the aligned region of the
human protein. The concaved surface on importin-
N-terminal that associates with various binding
partners was also correctly identified by IDRBind
(Fig. 4B).

An example of a small MoRF partner protein that
could be detrimentally affected by over-scoring due
to size bias is the WW domain of Pin1, which
interacts with tau as well as Cdc25 in
phosphorylation-dependent interactions that act as
regulatory switches [63]. The WW domain consists
of only 39 residues and has a flat binding site,
increasing the prediction difficulty. However, IDR-
Bind can correctly identify some of the non-interface
residues despite their scarcity (Fig. 4C).

Taking an example from outside our MoRF-test,
we tested IDRBind on Bcl-2, a key regulator in
apoptotic processes and the dysfunction of which is
associated with multiple diseases, including cancer.
IDRBInd prediction correctly identifies the interface
on of Bcl-2 that binds to the MoRF BH3 domain of
Beclin-1 (PDB ID: 1GJH [64]; Fig. 4D). Figure 4E
demonstrates CorePred's high specificity for

grooves, practically excluding all protruding sur-
faces. RimPred prefers convex and solvent-exposed
residues but produces more false positives than
CorePred (Fig. 4F; for comparison of core and rim
residue curvature scores, see also Fig. S3). How-
ever, the CRF integrates CorePred and RimPred
scores and reduces false positives by suppressing
residues that have relatively high RimPred scores
but are isolated from the main interface patch (Fig.
4D).

Since MoRFs can exhibit significant structural
diversity in their bound states, we specifically
selected a MoRF that has diverse bound structures.
The transcription activator—coactivator interaction
between MED15-ABD1 and the MoRF of Gcn4—
cAD constitutes a fuzzy complex [65]. Figure S4
shows the successful IDRBind prediction made on
the bound structure of MED15-ABD1. While predic-
tion on the bound structure may not reflect true
performance, there are reasons to expect positive
results. The interaction involves prominent electro-
statics, a shallow groove, and hydrophobic patches,
all of which are typical of MoRF interactions.

Due to the use of structural information, accurate
predictions could be hindered by large conforma-
tional changes that occur in the partner upon
binding, and calmodulin is a particularly challenging
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Table 2. Performance measures on PEP

TPR FPR  Precision Specificity = Accuracy F1 MCC meanMCC  SD error  NA count n
IDRBind 056 0.13 0.38 0.87 0.83 045 0.36 0.38 0.05 0 25
ACCLUSTER1 042 0.10 0.38 0.90 0.84 040 0.31 0.31 0.09 0 25
ACCLUSTER3 0.63 0.26 0.26 0.74 0.73 0.37 0.26 0.26 0.05 0 25
ISMBLab 0.61 022 0.29 0.78 0.76 0.39 0.30 0.30 0.05 0 25
VORFFIP 0.57 0.09 048 0.91 0.87 0.52 0.44 0.45 0.07 1 25
VORFFIP-NR 0.32 0.06 0.39 0.94 0.87 0.35 0.28 0.23 0.08 0 11
CPORT 048 020 0.26 0.80 0.76 0.33 0.22 0.19 0.04 0 25

VORFFIP-NR reports the performance of VORFFIP on a subset of PEP that excludes peptide partners with greater than 95% sequence
identity and 90% aligned length with their training data (see Methods).

example demonstrating this problem. Calmodulin is
a calcium-binding protein that is involved in many
regulatory processes. The interaction between the
calcium-loaded calmodulin and GAD leads to
substantial conformational changes in calmodulin.
IDRBInd identifies the part of the interface on the C-
terminal domain of calmodulin but misses the region
on the N-terminal domain (PDB ID 1DMO, 1NWD;
Fig. S5) [66,67]. As illustrated by this example, large
conformational changes can distort the interface
region, leaving some interface residues spatially
isolated or buried in the unbound structure, thus
making predictions more difficult. Calmodulin is
certainly an extreme case compared to the other
MoRF-test and MoRF-train structures. While cal-
modulin interface residues have a Ca RMSD of 14 A
between the bound and unbound state, 67% of the
interfaces on MoRF partners in our sets have an
RMSD of less than 3 A between their bound and
unbound states (Fig. S2C). Certain conformational
changes are acceptable for IDRBind prediction as
evidenced by the calmodulin example and the
evaluation of MoRF-test partners that show sub-
stantial conformational changes (Tables S1 and S4).

IDRBind identifies peptide but not globular
interfaces, concordant with features differentiat-
ing IDR interfaces

Our finding that predictors developed for peptide
interfaces come closest in their performance to
IDRBind on MoRF-test motivated us to test IDRBind
on peptide interfaces, specifically, the peptide

Table 3. Performance measures on DB5

interface dataset (PEP) used in the development of
the peptide interface predictor PeptiMap [13]. IDR-
Bind achieves an MCC and mean MCC of 0.36 and
0.38, respectively, on this peptide interface dataset
(Table 2). These MCCs are the highest of the tested
predictors, except for the peptide-binding model of
VORFFIP, which was trained on some complexes
included in the PEP. When VORFFIP was evaluated
on the subset of PEP that it was not trained on, its
performance was estimated to be substantially lower
(VORFFIP-NR in Table 2).

To complete the comparison, we also evaluated
IDRBind on globular interfaces. Docking Benchmark
5 [68] is a popular benchmark for docking and is
dominated by complexes between globular proteins,
so we used it as our globular interface dataset,
named DB5 (we customized DB5 for our needs; see
Methods). IDRBind achieves an MCC of 0.20 on
DB5 (Table 3). Cons-PPISP and PrISE, globular
interface predictors that were chosen for their
facilities for processing large datasets, achieve
higher MCCs than IDRBind on DB5. Notably,
IDRBind's sensitivity of 0.33 is especially low when
compared to its performance on MoRF-test and
PEP. However, this sensitivity does mean that a
small portion of globular interface residues is
positively predicted by IDRBind, which is well
illustrated by the interface prediction made for the
cytokine interleukin-2. Interleukin-2's interfaces with
its globular receptor proteins coincide with IDRBind's
two relatively small predicted interface patches, one
of which contains a hotspot that is known to be
susceptible to small-molecule binding (Fig. S6; PDB

TPR FPR  Precision  Specificity = Accuracy F1 MCC meanMCC  SD error NA count n
IDRBind 0.33 0.13 0.31 0.87 0.79 0.32 0.20 0.19 0.013 3 339
cons-PPISP 028 0.07 0.39 0.93 0.83 0.33 0.24 0.20 0.016 5 337
PriSE 048 020 0.28 0.80 0.76 0.36 0.23 0.26 0.012 0 331

See Table 1 for more details.
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Fig. 5. Feature comparison for globular (blue), MoRF (yellow), and peptide (brown) interfaces. Compared are interface
curvature (A), potential (B), conservation (C), rASA (D), B-factor estimate (E), negative hydrophobicity score (F), and size
(G). Wilcoxon rank sum tests are used to calculate p-values, and significance is denoted by asterisks: *p < 0.05,

*p < 0.01, **p < 0.001.

ID 1M4C, 2B5I, 1PY2 [69-71]). Overall, this analysis
demonstrates that IDRBind performs well not only on
MoRF but also peptide interfaces while having a
much lower MCC on globular interfaces.

Given the performance on these three interface
classes, we analyzed the interface properties of
MoRF, DB5, and PEP complexes to reveal common-
alities and differences between them. Figure 5 shows
the averaged Zscores (see Methods) for several
distinguishing features of residues found in the
interfaces of the three types of complexes. As a
reference, we also provide the interface size for each
(Fig. 5G). Z-scores are chosen because they are more
informative for features such as conservation and B-
factor estimates that vary between individual proteins
and thus needed to be normalized. Both MoRF and
peptide interfaces have significantly higher averaged
feature scores than globular interfaces for the curva-
ture, electrostatic surface potential, and conservation.
The feature that best distinguishes MoRF and peptide
from globular interfaces is curvature, suggesting that
the former have more concaved surfaces than the
latter. Consistent with this interpretation, MoRF and
even more so peptide interfaces have significantly
lower rASA and estimated B-factor values compared
to globular interfaces, indicating that residues in MoRF
and peptide interfaces tend to be more removed from
the solvent in those concave surface regions and are
generally less dynamic. While these feature score
distributions appear to place MoRF and peptide

interfaces closer together, the overlap in all three
classes is substantial. Furthermore, the un-normalized
values of the same features (Figs. S7 and S8) place
MoRF in the middle of the three interface types or even
closer to globular interfaces. More importantly, MoRFs
are consistently placed between peptide and globular
interfaces in the spectrum of features characterizing
protein interfaces, mirroring IDRBind's performance on
the three major classes.

Discussion

The accurate prediction of protein interface residues
is a key challenge in computational biology that
pushes the boundaries of our understanding of
protein—protein interactions and machine learning.
Numerous methods have been developed that predict
interaction interfaces, and the majority are intended
for general interface prediction, which is dominated by
globular interfaces [3,16—18,52,56,72—74]. More re-
cently, the need for more specialized prediction was
recognized, leading to peptide interface predictors
[10,11,13,14]. Here, we introduced IDRBind, a
structure-based prediction method designed for iden-
tifying protein surface residues with the potential to
interact with IDRs, with an emphasis on MoRFs, filling
the gap between peptide and globular interface
prediction. A differentiating factor of IDRBind is its
architecture. In the first step, the two prediction
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modules CorePred and RimPred predict core and rim
interface residues based on their distinct characteris-
tics. In the second step, the CorePred and RimPred
scores are combined by a unique grid-structured CRF
that considers the compatibility of neighboring residue
predictions and favors the output of interface patches.
This architecture solves several challenges we
identified for predicting interface residues.

One of the challenges is in fully utilizing the
distinctiveness of core and rim residues despite the
overlap between the two regions. The core region is
enriched in conserved residues critical for the
interaction and is distinct in multiple features, most
notable are surface geometries such as grooves and
curvatures that are specific to binding sites of IDRs,
including both MoRFs and peptides. Furthermore,
core residues are fewer in number and clustered in a
narrow region. Accordingly, CorePred predicts fewer
residues but identifies core residues with higher
accuracy measured at performance-optimizing
thresholds. Analogous to a gasket that keeps water
out, rim residues surround the core and are more
often polar or charged. Rim residues are spatially
close to non-interface, and many of its residues are
likely not functionally critical, which is reflected in
their weak correlation with conservation scores. The
weakly discernable characteristics of individual rim
residues lead RimPred to rely more on the surface
patch feature scores and produce noisier predictions
compared to CorePred. Despite the differences, the
two regions overlap since they are defined based on
artificial rASA thresholds that do not directly corre-
spond to the other physicochemical differences
between the residue classes (see Methods). The
goal is to use the characteristics of core and rim to
predict interface and not to classify core versus rim.
To that end, the usage of two models allows explicit
optimization on core and rim independently while
forgoing penalties for misclassification between
them during training.

In the subsequent step, the CRF handles the
challenge of integrating CorePred and RimPred
while adjusting for large scale dependencies be-
tween residues. First, because there is a dispropor-
tionately large ratio of interface over non-interface
residues in small proteins, protein interface predic-
tors tend to over-score smaller proteins, leading to
the size bias. This problem could be exacerbated by
the graph model during inference (prediction) as the
long-distance coupling between labeled variables in
these over-scored proteins drives all labels to the
interface classes [75]. By applying a penalty to
proteins with high average CorePred and RimPred
scores, we increased the mean MCC value on
MoRF-test, which suggests improved handling of the
size bias. Second, gradient boosted trees, support-
vector machines and random forest are more
commonly used and well-proven methods, but they
weakly account for spatial relationships through

features that include local neighborhood properties
and do not generate the interface clusters that are
desired. CRFs can better handle the spatial depen-
dencies of protein residue classification, and there is
precedence for this use case for CRFs [15,52,53].
ISPRED4 uses CRF for this purpose, and the
authors noted an increase in precision, which is
consistent with our observations for IDRBind. This
increase in precision likely comes from removing
outlying residues that score relatively high on
CorePred or RimPred but do not have adjacent
interface residues. The use of CRF leads to a
noticeable improvement in performance. Notably,
the improvement is achieved despite the fact that
some neighborhood properties are already integrat-
ed into CorePred and RimPred, demonstrating the
high effectiveness of the CRF.

Thanks to this architecture, IDRBind achieves a
high MCC of 0.31 on the MoRF-test set, which is
comparable to the MCCs of general predictors on
globular interfaces. Specifically, compared with two
routinely benchmarked predictor, IDRBind's MCC
surpasses or is comparable to the MCC cons-PPISP
and PredUs achieve on globular datasets [15,76].
For more perspective, PredUs's performance always
closely follows the top predictor in benchmarks
showcasing state-of-the-art general predictors
[10,56]. This implies that the usability of MoRF
interface predictions approaches that of predictions
made for globular interfaces. This is also true
regarding peptide interfaces. However, benchmark-
ing results should always be interpreted with care.
Comparing between predictors is inherently hard
due to differences in evaluation methodology as well
as unknown overlaps between training and testing
datasets [9]. A striking example of the effect of
overlapping datasets is presented in Table 2 where
the exclusion of PEP peptide interfaces that
VORFFIP was exposed to during training reduces
its estimated performance by a large margin. Further
complicating the matter is the incomplete annotation
of interfaces due to either the criteria used in defining
interfaces or incomplete structural data. Inadequa-
cies aside, IDRBind outcompetes existing predictors
on the MoRF-test. Specifically, IDRBind achieves
the highest MCC on this set.

Comparison of MCCs reveals that peptide inter-
face predictors such as ACCLUSTER and PeptiMap
are the most comparable to IDRBind. Just like how
IDRBInd is created for MoRFs yet performs well on
peptide interfaces, these peptide interface predictors
show the same is true in reverse. IDRBind performs
not only well but even better on peptide interfaces
than MoRF interfaces that it was designed for
because key feature scores that CorePred and
RimPred rely on favor the prediction of peptide
interfaces even more than MoRF interfaces. Prom-
inent among key features that show this trend are
surface geometry scores and rASA. Conversely,
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these scores are not as effective for the prediction of
globular interfaces, resulting in a lower performance
of IDRBind on the DB5 set. The distinct feature
distribution present in peptide, MoRF, and globular
interfaces may be, in part, explained by the distinct
thermodynamic and kinetic aspects of binding of
these protein regions. Being intrinsically disordered,
both MoRFs and peptides incur a larger average
cost in entropy for binding than globular domains.
Likely compensating for the entropy cost, MoRF and
peptide interfaces show tendencies to consist of
residues that are more hydrophobic, buried, and
rigid, which are properties that thermodynamically
favor binding. MoRFs are also noted for their central
role in many signaling pathways. Notably, strong
electrostatic interactions are associated with regula-
tory proteins [77]. The electrostatic potential is
marginally stronger at MoRF and peptide interfaces
of the unbound partner structures as measured by
the electrostatic potential feature score (Fig. 5B).
Strikingly, the electrostatic contributions to binding
depend on the complementarity between the binding
proteins, yet the electrostatic potential on the partner
surface alone was strong enough to play an
important role in our prediction model (Fig. S9).
Regarding IDRs, this long-range force is proposed to
promote fast on and off kinetics beneficial to
signaling and regulatory switches [78].

While the characteristics above are shared be-
tween all IDR interfaces, there is one distinguishing
aspect between MoRFs and peptides. MoRFs are
longer than peptides, allowing MoRFs to adopt more
complex folded conformations and resulting in more
variation in interface size and morphology. MoRF
interfaces span a broad range in sizes, and the
larger interaction surfaces bring the characteristics
of MoRF interfaces closer to globular interfaces. An
attribute that correlates with interface size is the
magnitude of binding-induced conformational
change in globular complexes [26,79]. Concordant-
ly, the relatively small peptide interfaces have been
demonstrated to be essentially unchanged upon
binding [43], in contrast with the range in RMSDs
between the bound and unbound structures of MoRF
partner that we found. Conformational changes most
directly affect geometry-based features such as the
surface groove score. These factors dilute the
feature scores that are key indicators of IDR
interfaces, increasing the difficulty of predicting
MoRF interfaces compared to peptides and requiring
IDRBind to have a higher sensitivity to these
features. The result is a predictor that can handle a
broader range of IDR lengths compared to peptide
interface predictors.

Given the prevalence of IDR-mediated interac-
tions in complex biological pathways, IDRBind could
be useful for high throughput analysis. With the
accumulating protein sequence and structural data,
computational analysis is fast becoming a key

method for understanding biological pathways. For
example, Interactome INSIDER is a tool that
integrates protein—protein interactions, genetic var-
iation, and structural information from both experi-
ments and prediction [50]. However, given an
estimated 122,000 MoRFs in the human proteome
[20], a specialized method like IDRBind could be
useful for filling in the gaps from experiments and
other prediction methods. There is eagerness in the
community for mapping protein—protein interaction
interfaces as well as modeling their structures, and
for IDR-mediated interactions even more so due to
their potential as interesting drug targets. Protein—
protein interfaces are considered more difficult to
target than traditional small-molecule binding sites
because protein interfaces are relatively flat and
much larger [80]. It is likely easier to design drugs to
disrupt MoRF and peptide interfaces, which have
grooves and pockets. In fact, the MoRF-binding site
of Bcl-2 is the target of drugs under development
(Fig. S10) [81].

In summary, IDRBInd is a structure-based predic-
tion method designed for identifying protein surface
residues with the potential to interact with MoRFs.
MoRFs-mediated interactions are ultimately a sub-
class of protein—protein interactions that cannot be
precisely discriminated based on binding interface
properties alone. Because MoRF and peptide
interfaces share characteristic features that our
predictor exploits, IDRBind is a leading predictor of
IDR interfaces spanning both MoRFs and peptides.
To facilitate the usage of the new method, IDRBind
predictions are available through a web server at
https://idrbind.msl.ubc.ca/.

Methods

Construction of protein complex datasets

MoRF complex datasets were built using the
IDEAL database and a literature search [45]. MoRF
complexes comprise a MoRF interacting with one or
more folded domains (i.e., globular proteins), except
for interactions between two MoRFs. A folded
protein segment mediating an interaction can be
classified as a MoRF if there is experimental
evidence that it is intrinsically disordered, meaning
it does not have one well-defined tertiary structure in
its unbound state. The 2016 July release of IDEAL
database was used, which provided 183 MoRFs
complex structures. When combined with our litera-
ture search, this resulted in 229 MoRF complexes.
Complexes with redundant MoRF partners were
removed using a length-dependent sequence iden-
tity threshold defined by Rost with parameter n of
zero [82]. We identified unbound structures of MoRF
partners through a BLAST search of the PDB
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database, excluding structures with DNA and RNA
molecules. We used NCBI's blast2 program to
search for proteins with 95% or higher identity and
90% or higher aligned length [83]. The quality of the
structures was checked manually, excluding anti-
bodies and some unbound structures with small
molecules blocking the MoRF interface, resulting in
84 non-redundant MoRF partners, 57 of which have
unbound structures. Thirty unbound structures were
selected randomly for MoRF-test, and the remainder
were placed into MoRF-train.

Globular (DB5) and peptide (PEP) protein data-
sets are based on established datasets of bound and
unbound structures that have already been used to
benchmark the performance of multiple existing
predictors [43,68]. Docking Benchmark 5 was
modified by removing antibody complexes, com-
plexes where the bound and unbound protein
sequences were not well-aligned, and complexes
where the interface in the unbound structure was
obstructed. The resulting DB5 has 360 interacting
domains, with some domains appearing more than
once but with unique interactions. These repeated
domains are included in the feature score compar-
isons between interface classes, but they are
excluded in performance measures for which we
selected only one interface per domain (Table 3).
Importantly, because our pipeline for benchmarking
MoRF and peptide interface focuses on one specific
interface for each complex, as opposed to account-
ing for all general interfaces given a multimeric
complex, benchmarks on DB5 will underestimate the
performance with regard to general interface predic-
tions. Extensive assessments of general interface
predictors on globular interfaces were done in other
studies and were not repeated here [56,76]. For
instance, ISPRED4's performance evaluation on
Docking Benchmark 5 represents a more accurate
assessment for predictors on general interfaces [15].
The PEP dataset was derived from the 30-peptide-
complex test dataset of ACCLUSTER, which was
sourced from the database peptiDB [11,43]. Be-
cause peptide and MoRF complexes are similar,
peptide binding partners (i.e., peptide partners) in
PEP that are also in the MoRF datasets had to be
removed. CD-HIT-2D from the CD-HIT package was
employed, using the parameters “word_length” of
five, sequence identity of 0.6, and length difference
of 0.5 to remove redundant peptide partners [84].
Five out of the original 30 PEP structures were
removed. All the peptide interface predictors evalu-
ated on MoRF-test were also benchmarked with
PEP, excluding PeptiMap because it was optimized
on PEP.

Surface, core, and rim residue definition

Surface, core, and rim residue classes were
defined using SASA calculations. Areaimol from

the CCP4 suite was used to calculate SASA [85].
The segregation of core and rim residues has been
shown to be effective in analyzing protein interfaces
[86]. A modified set of criteria for core, rim, and
surface residues was devised to increase the
number of surface residues and maximize the
effectiveness of core and rim predictions. For each
complex structure (i.e., MoRF bound to a MoRF
partner), Areaimol was used to calculate the SASA
of both the protein complex and the MoRF partner
protein in isolation, where the isolated MoRF partner
is simply the complex structure with the MoRF atoms
removed. The SASA of each residue was then
normalized by its SASA in a Gly-X-Gly peptide in an
extended conformation to generate rASAs [86].
Surface residues were then defined as those with
an rASA >5% in the isolated MoRF partner. Of these
surface residues, those with a change in rASA when
going from the isolated MoRF partner to the complex
structure were identified as interface residues. The
core contains interface residues with less than 7%
rASA in the complex, while the remaining interface is
part of the rim. Lastly, the residue class labels were
mapped to an unbound structure if available. The
same definitions were used for globular-globular and
peptide-globular complexes.

Prediction evaluation comparisons with existing
predictors

There are differences between predictors, so our
evaluation method aims to convert the different
prediction outputs to a consistent format while
making the assessments as fair as possible. For
instance, IDRBind predicts core and rim class
labels, which must be merged into a single
interface class for evaluation (see the
Quantification and statistical analysis section for
details on scoring metrics). Some predictors,
including IDRBind and ISPRED4 [15], only make
predictions on surface residues, so only surface
residues were evaluated across all predictors.
Individual residues without prediction scores were
ignored and not held against the predictor. This
could occur because of differences in definitions of
surface residues or issues with interpreting the
input structure.

Some predictors output multiple interface clusters,
as opposed to scores for individual residues. These
clusters must be converted to interface and non-
interface residue labels to conform to our evaluation
scheme. This is more common among predictors of
ligand binding pockets, that is, GHECOM [57] and
Fpocket [58], but ACCLUSTER [11] and PeptiMap
[13] also do this. Their prediction outputs are in the
form of multiple binding sites. While each site could
denote a separate interaction, we chose to combine
them because the IDR interfaces are large in
comparison, especially those of MoRFs. Each site
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is composed of either a cluster of partner residues or
a cluster of probes mimicking the predicted ligand
positions. In the latter case, we used a distance
threshold of 4.5 A to label the probes' adjacent
protein residues as interface for evaluation. Further-
more, the individual clusters are often ranked based
on prediction confidence. Thus, we tried to select
and merge the optimum number of the top-ranking
clusters that provided the best performance for the
predictor. The number of clusters selected for
ACCLUSTER is indicated by the number following
its name in Tables 1 and 2. Using three top clusters
from PeptiMap prediction resulted in its highest
performance in MoRF-test. Whereas the top two
pockets from the Fpocket predictions were utilized.
Lastly, only the top pocket was evaluated from the
GHECOM predictions.

Similarly, other predictors were also evaluated
such that their reported performance is reasonably
optimized for the respective benchmark datasets.
Predictors that output individual residue scores were
evaluated at multiple thresholds that were selected
to give reasonable estimates of maximum MCC on
each testing dataset. The performance at the
threshold resulting in the highest MCC is reported
for each predictor in Tables 1 to 3. In addition, some
servers provide multiple models. ISMBLab [10]
consists of a family of predictors, including one for
peptide interfaces, which we evaluated in Tables 1
and 2. Multi-VORFFIP also provides multiple
models. We evaluated the peptide interface model
(i.e., PDB file output labeled as EBS) from Multi-
VORFFIP [14]. Analogously, the PredUs2 model
combines two separate components. The SVM
component of PredUs2 provided better results in
MoRF-test, so we chose to report that instead of the
performance of the full predictor [12].

There are two exceptional cases where we altered
the datasets to evaluate the predictors better. One
such case is in the evaluation of Multi-VORFFIP on
the PEP dataset where there is a substantial overlap
between their training set and PEP. The dataset
used by Multi-VORFFIP was sourced from Petsalaki
etal. [87]. We ran CD-HIT-2D with the word length of
4 and the thresholds 95% identity and 80%
alignment length. CD-HIT-2D clusters the se-
quences and returns a subset of the PEP with the
redundant sequences removed. The result is report-
ed in Table 2. Another case is in the evaluation of
ACCLUSTER, which allows the option to input
peptide sequences up to 30 residues in length.
Thus, we reported the evaluation on a subset of
MoRF-test that have MoRF sequences satisfying
this length restriction in Table S6 for completeness.

Having outlined the general criteria used in the
evaluation process, we will list some of the param-
eters and options we selected for individual predic-
tors for the interested readers. Most often, we used
default parameters because we assumed them to be

the suggested settings. However, we did try some
parameters that seemed better suited to our use
case. ISMBLab outputs numeric scores as well as
clustered binary predictions, and we chose the latter
due to the higher performance. On the other hand,
we chose the numeric predictions over the binary
predictions for cons-PPISP. Similarly, the probability
output of PrISE at the threshold chosen based on
MCC provided higher performance than its binary
output for both MoRF-test and DB5 [56]. PrISE
server predictions were calculated with the inclusion
of highly homologous proteins to increase its
performance. CPORT predictions were carried out
with the threshold set to sensitive to provide
sensitivity comparable to the rest of the predictors
[18]. BindML predictions were obtained through their
web server instead of their downloadable software.
The parameters used for the two pocket detection
methods were set in an effort to obtain larger
interface pockets compared to the default options.
GHECOM predictions were calculated using multi-
scale pocket detection with parameters “-rs” of 2.5, “-
rli” of 4, “-rIx” of 13, and “-br” of 1. Fpocket predictions
were calculated using parameters “-M” of 13, “I” of
45, “-r” of 5, and “-D” of 2.

As mentioned above, there are differences be-
tween the subset of residues that are processed by
each predictor, so we present a corrected MoRF-test
benchmark for completeness. IDRBind does not
return residues that are largely buried because they
lack some feature scores, such as the groove scores
that are only calculated for residues close to the
surface. Tables S7 and S8 provide the performance
measures of predictors assessed on only the subset
of residues with IDRBind predictions.

Calculating feature scores

Conservation

Conservation scores were calculated using
methods and software from Capra and Singh [88].
The calculation of these conservation scores re-
quired multiple sequence alignments (MSA), which
we generated using a procedure we optimized for
protein interfaces. Specifically, sequence homologs
from the NCBI nr table (ftp:/ftp.ncbi.nlm.nih.gov/
mmdb/nrtable/) [89] were identified using BLAST
(blastp version 2.2.28+) with the E-value threshold
0.000001. Homologous sequences were only used
when the sequence identity was greater than 60% by
default, but a lower threshold of 40% was used if
fewer than 50 sequences were initially returned.
MSAs were built from the homologous sequences
using MAFFT (version 7.407) with the fftns option
[90,91]. Sequences that were aligned to less than
80% of the reference sequence length were
removed. Subsequently, alignment gaps were re-
moved from the reference sequence, and a new
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MSA was built with MAFFT. Conservation was
calculated using this MSA. Two Z-scores were
calculated for the conservation scores over individ-
ual proteins, with one based on all residues and the
other only on surface residues (see Table S2).

Electrostatics and groove

Electrostatics-derived features and groove
scores were both measured from a 3D grid built
around the protein. The grid points were spaced
1.2 A apart and extended five grid points beyond
the X, Y, and Z coordinate extremities of the
protein. To determine whether each grid point is
solvent exposed, we used EDTSurf to calculate
the triangulated solvent accessible surface and
used Inpolyhedron, a Matlab module by contributor
Sven in File Exchange (https://www.mathworks.
com/matlabcentral/fileexchange), to identify the
grid points outside the triangulated surface (i.e.,
solvent-exposed) [92]. To calculate groove scores,
we then used an approach very similar to the one
employed by pocket-finding method LIGSITE [93].
In short, binding pockets are large indentations on
the protein surface that can be identified by
searching for void spaces that are surrounded by
the protein on multiple sides. In detail, at each
solvent-exposed grid point, we scanned along
several evenly spaced lines (e.g., the axes) that
intersect the target point, searching for the protein
surface. Lines that intersect the protein on both
ends were counted for the calculation of groove
scores. Thus, if we scan along six lines, the score
will range from 0 to 6, where a score of 6 suggests
that the grid point is surrounded by protein in 12
directions. We can determine whether each line
intersects the protein because the lines were
placed along the 3D grid where each point was
labeled as inside or outside of the protein. Each
line was extended from the target point by 12 grid
points in both directions. Two groove score
variants were calculated with 6 and 13 lines per
grid, respectively, and the feature scores were
mapped onto protein residues using a 4.5-A
threshold to define adjacent atoms. The score
was then averaged over each residue.

The electrostatic potential was calculated using
DelPhi, and the related feature scores were derived
from the potential and electrostatic field measured at
the solvent-exposed grid points [94]. To prepare the
protein structure for DelPhi, Profix from the JACKAL
package was used to fill in missing atoms and
Reduce to replace or add hydrogens [95-97]. The
processed PDB file was then formatted with
CHARMM param22 atom names using the MMTSB
Tool Set [98,99]. The parameters used for DelPhi are
similar to those used previously (see Supplementary
Methods for details) [27,100]. Electrostatic potential

and electrostatic field gradients were mapped to the
residue atoms within a 4.5-A threshold and then
averaged over each residue, resulting in feature
scores for potential and field. The electrostatic
potential scale has both positive and negative
values, so we also calculated the absolute value of
the potential, which could better reflect the strength
of the potential. For additional variants of field
scores, see Supplementary Methods.

Residue composition

Residue composition scores were calculated
using principal components of amino acid indices
generated from the protr package in R [101]. This
package provided 531 complete indices from the
AAindex database [102] for the 20 canonical
amino acids, and principal component analysis
(PCA) was used to obtain orthogonal indices. The
first five principal components were used, which
accounts for 95% of the variance of the original indices.
Each residue was assigned its indexed scores for
principal components 1 to 5 to obtain residue
composition scores 1 to 5, and we also calculated
surface patch averaged scores for each residue
together with its neighboring residues within a 13-A
radius (see list in Table S2). Notably, residue
composition score 1 has a strong inverse correlation
with hydrophobicity, with lower values for hydrophobic
residues [Pearson correlation with hydrophobicity
index 0.93 (AAindex ID: FASG890101); p=1.6*107°].

B-factor

B-factor estimate scores were based on the
thermal fluctuation estimates from Gaussian network
modeling (GNM) provided by the ProDy Python
package [103]. GNM calculations for proteins were
carried out with a 7.3-A cutoff for pairwise interac-
tions between a-carbons.

Curvature and roughness

Besides groove scores, we also used the surface
geometry features curvature and roughness. The
curvature scores were calculated with the help of
Surface Racer [104]. Surface Racer is set to
calculate molecular surface using a probe radius of
approximately 1.4 A, adjusting the radius at 0.01-A
increments if the program fails on a protein. The
roughness score of protein surfaces was calculated
using rufness from the HotPatch package [105,106].

Feature patterns 1 to 5

To capture the unique elongated profile of MoRF
interfaces, we devised the additional feature scores
pattern 1to 5. MoRF interfaces have core residues in
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the center with rim residues surrounding them,
creating elongated donut shapes. Core residues
have higher groove and conservation scores that
contrast with those of the rim. Therefore, we
combined the groove and conservation scores and
searched the protein surface for such patterns. More
details on the feature pattern 1 to 5 can be found in
the Supplementary Methods.

Aggregated feature scores

Additional feature scores were derived by aggre-
gating neighboring residue scores. Surface patches
were defined using 6-, 9-, and 12-A thresholds
between a-carbons. The individual feature scores of
the residues in each surface patch were then
aggregated. The aggregation functions we used
are taking average, average of absolute values,
maximum value, minimum value, average of top
50% of values, and average of bottom 50% of
values. In addition, Z-scores were calculated based
on the original feature scores and the aggregated
feature scores. The Z-scores of each residue were
calculated with respect to the surface residue scores
of the protein to which it belongs.

Constructing CorePred, RimPred, and
IDRBind CRF

CorePred and RimPred were both trained on the
MoRF-train set using the XGBoost library in R [49].
They are both gradient boosted trees models built
using the binary logistic objective. These two models
were optimized through feature selection and hyper-
parameter optimization, and 20-fold cross-validation
was used for evaluation in both processes. Residues
from the same protein were grouped together during
cross-validation since adjacent residues may have
very similar feature scores. For feature selection,
features were grouped into conservation, groove,
curvature, roughness, field, potential, B-factor esti-
mate, rASA, residue composition 1 (i.e., hydropho-
bicity), residue composition 2, residue composition 3,
residue composition 4, residue composition 5, Pat-
tern1/2/3, and Pattern4/5. Grouping of features into
categories was inspired by Meyer et al. [50]. This
reduces the search space of feature selection in an
expert-guided manner. The initial set of 30 features
was selected based on the highest Pearson correla-
tion to the core or rim residues within each feature
group, selecting two from each group. The R package
rBayesianOptimization was used to optimize
XGBoost hyperparameters based on AUC perfor-
mance. Sampling points of the hyperparameter space
were determined by rBayesianOptimization's
“ucb” function at kappa of 1 and epsilon of O.
Unfortunately, optimization of more than five param-
eters at once is time intensive with this method.

Therefore, we chose to optimize two sets of XGBoost
hyperparameters separately. Parameters1 consists of
nrounds, max_delta_step, and gamma, while Param-
eters2 consists of max_depth, eta, colsample_bytree,
min_child_weight, and subsample. Starting with a
rough set of manually selected parameters, we first
optimized Paramter1 with 80 random initial points and
20 iterations of Bayesian optimization. This was
followed by optimization of Paramters2 with 100
random initial points and 30 iterations of Bayesian
optimization. The resulting set of hyperparameters
was used during feature selection, which involved
iterations through the 30 features and replacing each
with features of the same category and selecting the
feature resulting in the highest AUC in cross-
validation. For CorePred, the aggregated feature
scores were removed, except for residue composition
features averaged over 13-A surface patches. Fol-
lowing feature selection, fine adjustments were made
to Parameters2 with 100 initial points and 30 iterations
of Bayesian optimization.

To generate the CRFs, a network representation
of the protein surface was created for each protein
using the EDTSurf and Instant Meshes programs.
EDTSurf was used to calculate a triangulated
molecular surface of the protein using a 1.42-A
probe [92]. Instant Meshes takes the triangulated
surface and converts it to a quadrilateral mesh (Fig.
3B) [107], which we used to define the graph nodes
and edges. The desired scale of the edges was set
to 3.5 A along with the following settings: two
smoothing steps, deterministic algorithms, intrinsic
mode, and align to boundaries. The scaling of the
mesh was selected with the goal of representing
each low rASA residue through at least one
quadrilateral face while limiting the number of faces
associated with each highly solvent-exposed resi-
due. The averaged coordinate of the four vertices of
each face was mapped to the closest residue with an
upper limit distance of 6 A. Faces that share an edge
were considered neighbors, defining the edges of
the adjacency component of our CRF.

The CRF model combines the output scores from
CorePred and RimPred while accounting for the
compatibility between neighboring residue labels
(Fig. 3A). FACTORIE, a software library for creating
factor graph models, was used to generate CRFs
[54]. Factor graphs are bipartite graphs with factors
and variables. Factors contain the functions describ-
ing the compatibility between variables with weights
that are optimized during training. The factors we
used are template factors, meaning that factors of
the same type share the same weights across the
whole graph and all graphs. The variables include
the feature variables (observed) and the labeled
variables (unobserved), where the labeled variables
are defined by the faces on the mesh surface
described above and each one has a discrete label
core, rim, or non-interface. The feature variables
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were generated as a vector of four continuous
values: CorePred score, RimPred score, and the
protein averages of the two scores. The protein-
averaged scores were introduced to counteract a
protein size bias in prediction scores [51]. Thus, our
model applies a penalty to core and rim labels for
proteins with high averaged CorePred and RimPred
scores.

Our CRF consists of the scoring component and
adjacency component. For each labeled variable,
the scoring component is composed of a feature
variable vector, a factor describing the feature
variables' compatibility with the labeled variable, as
well as a factor associated with class bias (Fig. 3A).
The class bias factor provides one weight value per
label class, allowing adjustments to the weight of
each class during training. The adjacency compo-
nent consists of the paired-factors defined using the
surface mesh, connecting neighboring labeled var-
iables. Using a quadrilateral mesh to define connec-
tions of the adjacency component of our graph
model ensures that each labeled variable is limited to
a maximum of four neighbors. Thus, the paired
factors making the connections will exert constraints
evenly across all labeled variables. In summary, the
scoring component combines CorePred and
RimPred by applying weights to both and adjusting
for size bias, while the adjacency component
accounts for the compatibility of neighboring labeled
variables.

The two components of our graph model were
optimized sequentially. First, the scoring component
was trained on the CorePred and RimPred scores
from MoRF-train that were calculated using the
leave-one-out method, calculating prediction scores
on one protein by using XGBoost models built on the
rest. For training, we adjusted the representation of
each class label by oversampling. We did this for
each protein individually by starting with the initial set
of labeled variables and added to it by sampling with
replacement the under-represented label classes
until we had 33% core, 33% rim, and 34% non-
interface. Thus, the three classes of labeled vari-
ables were roughly equally represented during
training. In FACTORIE, a likelihood Example is a
data structure encapsulating a training example and
calculates gradients using maximum likelihood
during training. Each labeled variable provided two
training examples: one that treats the interface as a
single class, and one that also evaluates core versus
rim classification. This encouraged the model to
learn interface detection instead of putting excessive
weights on core and rim segregation. The weight
parameters were optimized through batch training
60 iterations on the Examples with the AdaGrad
optimizer and parameter averaging [54,108].

Subsequently, the adjacency component was
optimized on top of the fully trained scoring
component based on the same MoRF-train set.

The adjacency component consists of just one type
of factor, which is a paired factor touching two
labeled variables. The weight parameters for these
paired factors were decided upon with the intent to
favor clustering of nodes with the same class label,
counting core and rim as one class. The idealized
model of the interface regions also places the rim
around the core, so the case of core being adjacent
to non-interface was made to be the most unfavor-
able. More specifically, the weight tensor of the
paired factors between labeled variables was set
manually to 1 for matching classes, 1 between core
and rim, —1 between core and non-interface,
and -0.5 for the rim and non-interface. This weight
tensor was modified by multiplying a coupling
strength parameter c. For the optimization of this
parameter ¢, the MCC was evaluated for predictions
made on MoRF-train while varying c. The resulting
MCC was plotted with ¢, and a polynomial of degree
two was fitted in order to select the ¢ that maximizes
the MCC. For the final prediction, maximum a
posteriori (MAP) estimation on the combined two-
component model is accomplished through loopy
belief propagation [109]. Ten steps of loopy belief
propagation are enough for convergence.

Finally, the predicted graph labels are mapped
back to the protein residues. This is done hierarchi-
cally with core taking precedence over rim and rim
taking precedence over non-interface. For example,
if at least one labeled variable associated with a
residue is predicted to have a core label, the whole
residue takes on the core prediction.

Figure generation

Figures of protein structures were generated using
VMD with the molecular surfaces calculated from
MSMS [110,111]. Figure 3B is the exception where
the molecular surface was calculated with EDTSurf
and the figures are screenshots from Instant Meshes
[92,107]. The placement of MoRFs onto the un-
bound structures of MoRF partners was done
through aligning the bound and unbound MoRF
partner structures only using the MultiSeq alignment
tool in VMD [112]. Figures of protein structures were
edited using GIMP (https://www.gimp.org/). The R
package ggplot2 was used for the violin plots [113].
The p-value labels were calculated using the
Wilcoxon rank sum test in R.

Quantification and statistical analysis

To evaluate the full range of values for the feature
scores as well as prediction modules such as
CorePred and RimPred, the ROC curves and
AUCs were generated using the ROCR package
[114] in R (https://www.r-project.org/). For the
evaluation of predictions with binary values, or with
thresholds applied to continuous values, we use the
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following measures. True positive (TP) and false
positive (FP) are the numbers of residues correctly
and incorrectly classified as interface, respectively.
True negative (TN) and false negative (FN) are
the numbers of residues correctly and incorrectly
classified as non-interface, respectively. TPR,
also referred to as sensitivity, is defined as TP/
(TP + FN). False-positive rate (FPR) is defined as
FP/(FP + TN). Precisionis TP/(TP + FP). Specificity
is 1-FPR. Accuracy is:

Accuracy = TP+ TN
Y= TP TN+ FP + FN

F1 score is defined as:

. 2TP
- 2TP+FP+FN
MCC is:
MCC — TP x TN-FP x FN

/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

Structure RMSD calculations

Structure alignment and RMSD calculations pre-
sented in Fig. S2 and Table S1 were performed
using the McLachlan algorithm implemented in the
program ProFit (http://www.bioinf.org.uk/software/
profit/) [115]. All alignments and calculations were
carried out on Ca atoms. For each NMR MoRF
complex structure, the MoRF's primary interface
residues were defined as residues classified as part
of the interface in at least 50% of the models using
the rASA definition of interface residues described
above. The flanking residues consist of the residues
that are not part of the primary interface. The RMSDs
of the MoRFs were calculated by aligning the
structure of the MoRF partner before calculating
the RMSD of the specified MoRF residues (i.e., all
residues, primary interface, flanking). The mean
RMSDs were calculated by taking the quadratic
mean of pairwise RMSDs between all NMR models
[116]. Five out of 38 MoRFs were omitted from the
analysis because they were missing flanking re-
gions. The interface RMSD between the bound and
unbound states of MoRF partners was calculated by
aligning the non-interface residues and subsequent-
ly calculating RMSD of the interface residues. The
RMSD of the whole MoRF partner structure was also
calculated for comparison. Whenever multiple NMR
models exist for the MoRF partner structure, the first
model was used.

Prediction server

A web server was developed to allow users to
utilize our prediction method. Using protein structure

and sequence submitted in the PDB and FASTA
format, respectively, the IDRBind server returns
results in a modified PDB file with the class label in
the B-factor column for viewing in programs such as
VMD [110]. In addition, the user can download a text
file containing the IDRBInd class labels, CorePred
scores, and RimPred scores. By default, prediction
jobs are placed in a queue displayed in the queue
page where links to the result page of each job are
shown. Users can also opt to have their jobs remain
private, which hides them from the queue page.

Data and software availability

The IDRBind method is available on the web
server at https://idrbind.msl.ubc.ca/. The MoRF-train
and MoRF-test datasets used in training and
benchmarking are available in Table S1.

Supplementary data to this article can be found
online at https://doi.org/10.1016/j.jmb.2019.06.010.
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