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Abstract

Intrinsically disordered proteins or regions (IDPs or IDRs) exist as ensembles of
conformations in the monomeric state and can adopt diverse binding modes, making
their experimental and computational characterization challenging. Here, we
developed Disobind, a deep-learning method that predicts inter-protein contact maps
and interface residues for an IDR and a partner protein, leveraging sequence
embeddings from a protein language model. Several current methods, in contrast,
provide partner-independent predictions, require the structure of either protein,
and/or are limited by the MSA quality. Disobind performs better than
AlphaFold-multimer and  AlphaFold3. Combining the Disobind and
AlphaFold-multimer predictions further improves the performance. However,
Disobind is limited to binary IDP-partner complexes, where the two proteins are
known to bind, and the input sequence fragments are less than one hundred
residues long. The predictions can be used to localize IDRs in integrative structures
of large assemblies, characterize protein-protein interactions involving IDRs, and

modulate IDR-mediated interactions.
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Introduction

Intrinsically disordered proteins or regions (IDPs or IDRs) lack a well-defined
three-dimensional structure in their monomeric state (Oldfield & Dunker, 2014;
Wright & Dyson, 1999). They exist as an ensemble of interconverting conformers in
equilibrium and hence are structurally heterogeneous (Lindorff-Larsen & Kragelund,
2021; Oldfield & Dunker, 2014; Uversky, 2013). Here, we use the term IDR for both
IDPs and IDRs. The heterogeneity of IDRs provides several functional advantages
including the ability to overcome steric restrictions, have a large capture radius,
undergo functional misfolding, and interact with multiple partners (Fonin et al., 2018).
They play critical roles in cellular processes including signaling, intracellular
transport, protein folding, and condensate formation (Fonin et al., 2018; Uversky,
2013).

IDRs are known to mediate a large number of protein-protein interactions (Tompa et
al., 2014). They exhibit considerable diversity in their binding modes within
complexes (Olsen et al., 2017). Upon binding to a partner protein, they may adopt an
ordered state (disorder-to-order or DOR) or may remain disordered
(disorder-to-disorder or DDR) (Miskei et al., 2017, 2020). Moreover, depending on
the binding partner, the same IDR may undergo DOR and DDR transitions (Miskei et
al., 2020). IDRs may also form multivalent interactions with their partners, where
they may bind to multiple sites on the same partner in different conformations (Olsen
et al., 2017; J. Zhang et al., 2024). This heterogeneity in binding makes their

structural characterization in complexes challenging.

Here, we develop a deep learning method to determine the binding sites of an IDR
and an interacting partner protein given their sequences. Several methods have
been developed for predicting interface residues, inter-protein contact maps, and
structures of complexes formed by two proteins. Some of them are limited by the
requirement of a structure of the input proteins (Christoffer & Kihara, 2020; Dai &
Bailey-Kellogg, 2021; Gainza et al., 2020; Guo et al., 2022; Lin et al., 2023; Pittala &
Bailey-Kellogg, 2020). Sequence-based methods that require a multiple sequence
alignment (MSA) are often limited by the low sequence conservation of IDRs
(Abramson et al., 2024; Bret et al., 2024; Jumper et al., 2021; Lee et al., 2024).
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Other sequence-based methods for IDRs use physicochemical features or
embeddings from protein language models (pLMs) but do not account for the partner
protein (Jahn et al., 2024; Mészaros et al., 2009; Singh et al., 2022; F. Zhang et al.,
2022). However, the knowledge of the partner protein is crucial in understanding IDR

interactions as these are context-dependent.

State-of-the-art methods like AlphaFold2 (AF2) and AlphaFold3 (AF3) tend to
provide low-confidence predictions for IDRs (Abramson et al., 2024; Evans et al.,
2022; Jumper et al., 2021). Even though the low-confidence regions predicted by
AF2 often correspond to the presence of IDRs, the predicted structure cannot be
considered a representative IDR structure (Alderson et al., 2023; Ruff & Pappu,
2021). Recent studies showed that AlphaFold-multimer (referred to as AF2 hereon)
could be successfully used to predict the structures of complexes where the IDR
undergoes a DOR transition, including protein-peptide complexes and domain-motif
complexes (Bret et al., 2024; Lee et al., 2024; Omidi et al., 2024). However, the
results may be sensitive to the inputs, such as the sequence fragment size, the
fragment delimitation, and the alignment mode for the MSA (Bret et al., 2024; Lee et
al., 2024). In general, predicting the binding interfaces for IDRs at high resolution

remains a challenge for current methods (Verburgt et al., 2022).

Our method, Disobind, predicts the inter-protein contact maps and interface residues
for an IDR and its partner from their sequences. Predicting inter-protein contact
maps for IDRs presents several challenges. There are fewer structures of IDRs in
complexes, the IDRs may retain their heterogeneity in complexes, and the
inter-protein contact maps can be sparse. Here, we leverage pLMs to train our model
with limited data. Predicting coarse-grained inter-protein contact maps and interface
residues reduces problems associated with sparsity and heterogeneity. Disobind
performs better than AF2 and AF3. Combining the Disobind and AF2 predictions
further improves the performance. This is one of the first methods for
sequence-based prediction of inter-protein contact maps and interface residues for
an IDR and its partner. We demonstrate the performance of Disobind+AF2 on a prion
protein dimer and a heterodimer of Interlukin-8 (IL-8)-chemokine receptor (CXCR1).
However, its applicability is currently limited to binary IDR-partner complexes, where

the two proteins are known to bind, and the input sequence fragments are less than
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one hundred residues long. Predictions from the method can be used to localize
IDRs in integrative structures of large assemblies. They can be used to characterize
protein-protein interactions involving IDRs, identify novel motifs, and modulate

IDR-mediated interactions.
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Figure 1: Disobind dataset creation pipeline. We compiled our dataset by
gathering structures of IDR-containing complexes from DIBS, MFIB, FuzDB, PDBtot,
PDBcdr, DisProt, IDEAL, and MobiDB. For each PDB chain, missing residues in the
structures are excluded, resulting in sequence fragments. Further, we restrict the
maximum length of a sequence fragment to 100 residues. We use annotations from
DisProt, IDEAL, and MobiDB to classify a sequence fragment as an IDR. Next, we
obtain inter-chain binary complexes comprising at least one IDR fragment. Contact
maps are obtained for all binary complexes which are subsequently grouped based
on the UniProt accessions of the sequence fragment pair. The contact maps of all
binary complexes in a group are merged, creating merged contact maps. A
sequence fragment pair and its corresponding merged contact map comprise a

merged binary complex. The merged binary complexes are redundancy reduced at a
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20% sequence identity cutoff to create an out-of-distribution (OOD) test set. The
remaining complexes comprise the Disobind training set which is split into train, dev,

and in-distribution (ID) test sets.

Disobind dataset creation

Given a pair of protein sequences, at least one of which is an IDR, Disobind predicts
binary inter-protein contact maps and interface residues for the pair (Fig 1). We
compile our dataset by gathering structures of IDR-containing complexes from an
array of existing IDR databases and datasets, including DIBS, MFIB, FuzDB,
PDBtot, PDBcdr, DisProt, IDEAL, and MobiDB, covering a range of IDR binding
modes (Fig 1) (See Methods). Missing residues in the structures are excluded from
the input sequences, resulting in sequence fragments for each PDB chain. Further,
we restrict the maximum length of a sequence fragment to 100 residues for

computational reasons.

We classify a sequence fragment as an IDR based on annotations supported by
experimental evidence and sequence-based homology obtained from DisProt,
IDEAL, and MobiDB; an IDR fragment has at least 20% residues annotated as
disordered (See Methods). Next, we obtain inter-chain binary complexes from each
PDB structure, in which at least one of the two fragments is an IDR (Fig 1). We
obtain contact maps for all binary complexes. The contact maps are grouped based
on the UniProt accessions of the corresponding sequence fragment pair. Next, we
merge all contact maps with overlapping sequences in a group using a logical OR
operation to obtain a merged contact map, ensuring that the length of each
sequence fragment is up to 100 residues. Together, the sequence fragments for the
pair and the corresponding merged contact map form a merged binary complex.
Disobind is trained on a dataset of merged binary complexes with the sequence
fragments as input and the merged contact map as output. The merged contact map
encompasses contacts formed across all available structures of the complex,
accounting for the multiple conformations of an IDR in a complex. This provides for a

less sparse output representation compared to an ensemble of contact maps, while
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also mitigating the bias caused by having an unequal number of structures for

different sequence fragment pairs.

We then create an out-of-distribution (OOD) test set comprising merged binary
complexes where the input sequence fragments share less than 20% identity with
the Disobind dataset and with the AlphaFold2 PDB70 dataset. The remaining
complexes are further split into a train, validation, and an in-distribution (ID) test set.
The ID and OOD test sets comprise 297 and 52 merged binary complexes
respectively. Adding more complexes to the OOD test set may be achieved by
increasing the sequence identity cutoff but would also increase similarity to the AF2

training dataset, which we attempted to avoid.
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Figure 2: Disobind architecture. The inputs to Disobind are the sequence
embeddings for the sequence pair obtained using a pLM. The sequence embeddings
are projected to a lower dimension using a projection block. Next, in the interaction
block, the projected embeddings are used to compute the outer product and outer
difference, which is subsequently concatenated along the feature dimension
resulting in an interaction tensor. For contact map prediction, this interaction tensor is
processed by a multi-layer perceptron (MLP). For interface residue prediction, the

interaction tensor is first reduced along the rows and columns using a linear layer for


https://doi.org/10.1101/2024.12.19.629373
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.19.629373; this version posted December 20, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-ND 4.0 International license.

both proteins and further processed by an MLP. Next, an output block provides
element-wise sigmoid scores, with a score greater than 0.5 representing a contact or

interface residue.

Model architecture

Disobind uses a shallow feedforward neural network architecture with the sequence
embeddings obtained from a protein language model as input (Fig 2). The input
embeddings are projected to a lower dimension using a projection block. Next, in the
interaction block, the projected embeddings are used to compute the outer product
and outer difference, which are subsequently concatenated along the feature
dimension. This allows the model to capture complementarity between the input
sequences and yields an interaction tensor. This interaction tensor is processed by a
multi-layer perceptron (MLP) for contact map prediction. For interface residue
prediction, the interaction tensor is first reduced along the rows and columns using a
linear layer for both proteins and further processed by an MLP. Finally, an output
block provides element-wise sigmoid scores, with a score greater than 0.5
representing a contact or interface residue. The outputs are binary contact maps or
binary interface residue predictions on the fragments. The model is trained with the
singularity-enhanced loss (SE loss) (Si & Yan, 2021) using the AdamW optimizer
with weight decay (Fig S1). This loss is a modified form of the binary cross-entropy
(BCE) loss used for class-imbalanced training. We varied the hyperparameters of the
network including the projection dimension, the number of layers in the MLP, and the
SE loss parameters (Table S1-S4, Fig S1). We use recall, precision, and F1-score to

evaluate model performance.

Evaluating Disobind

Inter-protein contact map prediction

First, we evaluate Disobind on predicting residue-wise inter-protein contact maps on
the ID and OOD test sets. Disobind achieves an F1-score of 0.57 and 0.33 on the ID
and OOD test sets respectively (Table 1 and Table S5, contact map prediction at
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coarse-grained (CG) resolution 1). It performs better than a random baseline (see
Methods) on the OOD test set (Table 1). However, predicting residue-wise
inter-protein contact maps is challenging due to their sparsity (Table S6). This leads
to a class imbalance, biasing the model to predict just the majority class, i.e., 0’s or
non-contacts. The heterogeneity of IDRs in complexes poses another challenge. For
example, the multivalency of IDRs may result in different sets of contacts in different
conformations with the same partner (J. Zhang et al., 2024).

1. Contact Map 2. Coarse-grained Contact Map
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Figure 3: Predicting coarse-grained contact maps and interface residues. As an
alternative to predicting inter-protein contact maps, we predict interface residues.
Further, we predict coarse-grained contact maps and coarse-grained interface

residues.

Interface residue prediction

As an alternative to predicting inter-protein residue-wise contact maps, next, we
predict interface residues for the IDR and its partner (Fig 3). For two input sequence

fragments of length L, and L,, this reduces the number of predicted elements from
L x L in the contact map prediction to L+ L, in the interface residue prediction

(Fig S3). This helps mitigate the class imbalance as the interface residue predictions
are less sparse (Fig 3, Fig S3, Table S6, interface residue prediction at
coarse-grained (CG) resolution 1). Interface residue prediction is also less affected

by the heterogeneity of IDRs in complexes. The prediction for each residue is
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simplified to determining whether it binds to the partner, rather than identifying the

specific residues within the partner it interacts with.

As expected, Disobind performs better in interface residue prediction than in contact
map prediction. It achieves an F1 score of 0.71 and 0.50 on the ID and OOD test
sets respectively (Fig S2, Table 1 and Table S5, interface residue prediction at
coarse-grained (CG) resolution 1). It performs better than a random baseline
evaluated on the OOD test set (Table 1).

CG Model Recall Precision F1-score
Contact map
1 Disobind 0.22 0.63 0.33
Random baseline 0.51 0.01 0.02
5 Disobind 0.38 0.61 0.47
Random baseline 0.52 0.08 0.13
10 Disobind 0.42 0.49 0.45
Random baseline 0.54 0.17 0.26
Interface residues

1 Disobind 0.50 0.50 0.50
Random baseline 0.50 0.26 0.34
5 Disobind 0.72 0.56 0.63
Random baseline 0.53 0.45 0.49
10 Disobind 0.83 0.61 0.70
Random baseline 0.48 0.52 0.50

Table 1: Evaluating Disobind performance on the OOD test sets. We compare
the performance of Disobind on the OOD test set for the contact map and interface
residue prediction tasks for different coarse-grained (CG) resolutions. We compare
the model performance to a random baseline generated by randomly sampling

contacts or interface residues based on their proportion in the training set.
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Coarse-graining improves the performance

To further improve the performance of our model, we predict coarse-grained contact
maps and interface residues (Fig 3, Fig S3). Coarse-graining has been widely used
for modeling biological systems (Arvindekar et al., 2024; Noid, 2013).
Coarse-graining over a set of residue pairs in a contact map or a set of residues in
the interfaces further reduces the sparsity and class imbalance, and mitigates the

problems posed by the multivalency of IDR interactions (Fig 3, Fig S3, Table S6).

We train Disobind to predict coarse-grained contact maps and coarse-grained
interface residues at resolutions of 5 and 10 contiguous residues along the
backbone. The coarse-grained embeddings are obtained by averaging the input
embeddings (Elnaggar et al., 2022). As expected, coarse-graining further improves
the performance of Disobind on the ID and OOD test sets for both the contact map
and interface residue prediction (Fig S2, Table 1, Table S5). For all cases, Disobind

performs better than a random baseline on the OOD test set.

Comparison to AlphaFold2 and AlphaFold3

We further compare the performance of Disobind with the state-of-the-art methods
AF2 and AF3 on the OOD test set. For evaluating AF2 and AF3 outputs, we mask
out interactions predicted at low confidence based on the interface-predicted
template matching (ipTM) score, predicted local distance difference test (pLDDT),

and predicted aligned error (PAE) metrics (see Methods).

Using different ipTM cutoffs for AF2 and AF3

The ipTM score is a metric provided by AF2 and AF3 to assess the confidence in the
predicted interfaces in a complex (Abramson et al., 2024; Evans et al., 2022). A
prediction with an ipTM score greater than 0.75 is considered highly confident, while
an ipTM lower than 0.6 indicates a likely failed prediction (O’Reilly et al., 2023; Yin et
al., 2022). We first evaluate the performance of AF2 and AF3 with an ipTM cutoff of
0.75. Disobind performs better than AF2 and AF3 for all tasks, i.e., contact map and
interface residue predictions across different coarse-grained resolutions (Table 2-3,

ipTM = 0.75). Disordered residues, however, are known to impact the pTM and ipTM
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metrics negatively (Abramson et al.,, 2024; Magana & Kovalevskiy, 2024).
Considering this, we relaxed the ipTM cutoff to 0.4 to assess the performance of AF2
and AF3, keeping the per-residue metric, i.e. pLDDT and PAE cutoffs as is, guided
by recent benchmarks and the AF3 guide (Abramson et al.,, 2024; Omidi et al.,
2024). Here also, Disobind performs better than both AF2 and AF3 for both contact
map and interface residue prediction (Table 2-3, ipTM = 0.4). AF3 performs worse
than both Disobind and AF2. Furthermore, this trend remains more or less the same

even when we do not apply an ipTM cutoff (Table 2-3, ipTM = 0).

Model Recall Precision F1-score
Coarse Graining 1
Disobind 0.22 0.63 0.33
AF2_0.75 0.12 0.58 0.20
AF3_0.75 0.02 0.41 0.04
AF2_0.4 0.21 0.45 0.29
AF3_0.4 0.10 0.31 0.15
AF2_0 0.22 0.45 0.30
AF3_0 0.12 0.31 0.17
Coarse Graining 5
Disobind 0.38 0.61 0.47
AF2_0.75 0.15 0.58 0.24
AF3_0.75 0.02 0.34 0.03
AF2_0.4 0.30 0.52 0.38
AF3_0.4 0.17 0.43 0.25
AF2_0 0.31 0.52 0.39
AF3_0 0.20 0.44 0.28
Coarse Graining 10
Disobind 0.42 0.49 0.45
AF2_0.75 0.16 0.62 0.25
AF3_0.75 0.02 0.4 0.04
AF2_0.4 0.33 0.56 0.41
AF3_0.4 0.2 0.49 0.28
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AF2_0 0.34 0.56 0.42
AF3_0 0.23 0.49 0.32

Table 2: Comparing Disobind, AF2, and AF3 performance for contact map
predictions. We compare the performances of Disobind, AF2, and AF3 on the OOD
set for contact map prediction for different coarse-grained (CG) resolutions. For AF2
and AF3 we only consider the confident predictions (pLDDT >= 70 and PAE <= 5) at
multiple ipTM cutoffs (0, 0.4, 0.75) for evaluation. The number after the *_’ represents
the ipTM cutoff used.

Model Recall Precision F1-score

Coarse Graining 1

Disobind 0.50 0.50 0.50
AF2_0.75 0.18 0.76 0.29
AF3_0.75 0.02 0.43 0.04
AF2_0.4 0.37 0.69 0.48
AF3_0.4 0.23 0.6 0.33
AF2_0 0.38 0.69 0.49
AF3_0 0.26 0.58 0.36
Coarse Graining 5
Disobind 0.72 0.56 0.63
AF2_0.75 0.20 0.79 0.32
AF3_0.75 0.02 0.50 0.04
AF2_0.4 0.44 0.74 0.55
AF3_0.4 0.31 0.73 0.43
AF2_0 0.45 0.73 0.56
AF3_0 0.35 0.71 0.47
Coarse Graining 10
Disobind 0.83 0.61 0.70
AF2_0.75 0.20 0.83 0.32

AF3_0.75 0.03 0.59 0.05
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AF2_0.4 0.45 0.80 0.58
AF3_0.4 0.32 0.80 0.46
AF2_0 0.47 0.79 0.59
AF3_0 0.38 0.77 0.51

Table 3: Comparing Disobind, AF2, and AF3 performance for interface residue
predictions. We compare the performances of Disobind, AF2, and AF3 on the OOD
test set for interface residue prediction for different coarse-grained (CG) resolutions.
For AF2 and AF3 we only consider the confident predictions (pLDDT >= 70 and PAE
<= 5) across multiple ipTM scores (0, 0.4, 0.75) for evaluation. The number after the

" represents the ipTM cutoff used.

AF2 performs better than AF3

Similar to Disobind, coarse-graining improves the performance of both AF2 and AF3
for both contact map and interface predictions (Table 2, Table 3). Across all tasks,
AF2 performs better than AF3. Moreover, AF3 predictions have lower confidence as
measured by their ipTM scores (Fig S3). For 35 of 52 OOD test set entries, the ipTM
score of the best AF2 model was greater than that of the best AF3 model. Overall,
only 8 of 52 predictions from AF2 and 2 of 52 predictions from AF3 had a high

confidence prediction, i.e., ipTM score higher than 0.75.

Disobind performs better in predicting interactions for disordered

residues

Next, we assess the Disobind and AF2 predictions specifically for residues
annotated as disordered. For this, we mask out interface residues (contacts) not
involving disordered residues (disordered residue pairs) (See Methods). For AF2
predictions, we do not apply the ipTM cutoff. Disobind performs better than AF2 in
predicting contacts and interface residues for disordered residues across different

coarse-grained resolutions (Table S7).
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Combining Disobind and AlphaFold2 predictions

Next, we sought to combine the predictions from Disobind and AF2, to see if we
could further improve over either method. We combine the predictions from Disobind
and AF2 using a logical OR operation and evaluate the performance on the OOD
test set. The combined model, “Disobind+AF2”, performs better than either of the
methods (Table 4-5). For disordered residues alone, Disobind+AF2 performs

comparably to Disobind and is much better than AF2 alone (Table S7).

Model Recall Precision F1-score

Coarse Graining 1

Disobind 0.22 0.63 0.33

AF2 0.22 0.45 0.30

Disobind+AF2 0.34 0.48 0.40
Coarse Graining 5

Disobind 0.38 0.61 0.47

AF2 0.31 0.52 0.39

Disobind+AF2 0.51 0.50 0.50
Coarse Graining 10

Disobind 0.42 0.49 0.45

AF2 0.34 0.56 0.42

Disobind+AF2 0.57 0.46 0.51

Table 4: Evaluating the performance of Disobind+AF2 for contact map
prediction on the OOD test set. We combine Disobind and AF2 predictions using a
logical OR operation and evaluate the performance on the OOD test set for contact
map prediction. For AF2 we consider the confident predictions (pLDDT >= 70 and
PAE <= 5) for evaluation. No ipTM cutoff is applied for AF2 and Disobind+AF2
predictions.

Model Recall Precision F1-score

Coarse Graining 1

Disobind 0.50 0.50 0.50
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AF2 0.38 0.69 0.49

Disobind+AF2 0.62 0.49 0.55
Coarse Graining 5

Disobind 0.72 0.56 0.63

AF2 0.45 0.73 0.56

Disobind+AF2 0.79 0.55 0.65
Coarse Graining 10

Disobind 0.83 0.61 0.70

AF2 0.47 0.79 0.59

Disobind+AF2 0.88 0.60 0.72

Table 5: Evaluating the performance of Disobind+AF2 for interface residue
prediction on the OOD test set. We combine Disobind and AF2 predictions using a
logical OR operation and evaluate the performance on the OOD test set for interface
residue prediction. For AF2 we consider the confident predictions (pLDDT >= 70 and
PAE <= 5) for evaluation. No ipTM cutoff is applied for AF2 and Disobind+AF2

predictions.

Input Embeddings

Next, we investigate the effect of using embeddings from various pLMs and the

different embedding types on the performance of Disobind.
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Figure 4: Global and local sequence embeddings. We obtain global and local
embeddings for the input protein sequence fragments. For global embedding, the
complete UniProt protein sequence corresponding to the sequence fragment
(dashed blue box) is used as input to the pLM from which the sequence fragment
embedding is extracted. For local embeddings, the sequence fragment (dashed blue

box) is used as input to the pLM to obtain the embedding.

Protein language models allow for a shallow architecture

Protein language models (pLMs) provide context-aware representations of protein
sequences that facilitate training models for downstream tasks like contact map
prediction via transfer learning. They allow using a shallow downstream architecture
when training with limited data (Bepler & Berger, 2021; Jahn et al., 2024). Several
pLMs have been developed including the ESM series of models (Rives et al., 2021),
ProstT5 (Heinzinger et al.,, 2024), ProtT5 (Elnaggar et al., 2022), ProtBERT
(Elnaggar et al., 2022), and ProSE (Bepler & Berger, 2019). Disobind was trained
using embeddings obtained from ProtT5 which achieves the best performance
among all the embeddings tested (Table S8). Due to limitations in memory, we could
not generate ESM2-650M-global embeddings for the entire training set. Hence, we

do not include ESM in our comparison.

Global embeddings perform better than local embeddings

We then evaluate whether models trained with global sequence embeddings perform
better than those with local embeddings. Local embeddings are obtained by
providing the sequence of the fragment as input to the pLM. Global embeddings, in
contrast, are obtained by providing the entire protein sequence corresponding to the
fragment as input to the pLM, followed by extracting the embeddings corresponding
to the fragment (Fig 4). Models with global embeddings perform better than those
with local embeddings across all the pLMs we tested (Table S8). Using the global
embeddings provides the context of the complete protein sequence corresponding to
the fragment, plausibly resulting in better performance. This context may contain
information relevant to binding: for example, the binding of IDRs is known to be

affected by the flanking regions (Olsen et al., 2017).
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Case studies

Here, we demonstrate the performance of our method on two biologically relevant
complexes. The cellular prion protein (PrP®) plays an important role in several
cellular processes including synapse formation, regulating circadian rhythm, and
maintaining ion homeostasis (Kraus et al., 2021; Sigurdson et al., 2019). PrP° has
an N-terminal disordered region and a primarily a-helical C-terminal region. The
conversion of the PrP® to the infectious PrPs¢ form involves significant structural
changes resulting in a B-sheet-rich protein. The PrP¢ form is known to form amyloid
fibrils associated with several diseases including Creutzfeldt-Jakob disease, and
bovine spongiform encephalopathy (Kraus et al., 2021; Sigurdson et al., 2019). We
used Disobind+AF2 to predict interface residues for the homodimer of the PrP° form
(P04273) residues 95-193 (Fig 5a). The Disobind+AF2 model achieves an F1 score
of 0.92 whereas Disobind and AF2 achieve an F1 score of 0.90 and 0.45

respectively.

Chemokines are small secretary molecules that play several important roles
including immune cell trafficking, wound healing, and lymphoid cell development
(Rossi & Zlotnik, 2000; Sepuru et al., 2020). They bind to chemokine receptors that
belong to the G-protein coupled receptor (GPCR) family. Dysregulation of chemokine
release is associated with several diseases including chronic pancreatitis,
inflammatory bowel disease, and psoriasis (Rossi & Zlotnik, 2000; Sepuru et al.,
2020). Chemokine receptors comprise an intrinsically disordered, extracellular
N-terminal domain, seven transmembrane helices, and an intracellular C-terminal
domain. The chemokine receptor CXCR1 forms a heterodimer with the chemokine
Interleukin-8, where the flexible N-terminus of the receptor becomes structured and
adopts an extended conformation upon binding (Sepuru et al., 2020). We used
Disobind+AF2 to predict interface residues for CXCR1 (P25024) residues 1-29 with
Interleukin-8 (P10145) residues 28-93 (Fig 5b). In this case, Disobind+AF2 achieves
an F1 score of 0.71 whereas Disobind and AF2 achieve an F1 score of 0.44 and

0.64 respectively.
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Disobind+AF2 predicted interfaces Disobind+AF2 pfedicted interfaces

Target interfaces Target interfaces
Prion protein chain A Prion protein chain B  Interleukin-8 interfaces CXCR1 interfaces
interfaces interfaces

Figure 5: Case studies visualizing Disobind+AF2 predictions. Visualizing the
Disobind+AF2 predicted and target interface residues for two OOD test set
examples. The interface residues for the two proteins are highlighted in “blue” and
‘red”. (a) Interface residues predicted for a homodimer of the prion protein (P04273)
residues 95-193. Chains A and B from the PDB entry 7LNA are shown. (b) Interface
residues predicted for heterodimer of the chemokine receptor CXCR1 (P25024)
residues 1-29 with Interlukin-8 (P10145) residues 28-93. Chains A and B for the 1%
model from the PDB entry 6XMN are shown.

Discussion

Here, we developed Disobind, a deep-learning method for sequence-based
prediction of partner-dependent contact maps and interface residues for an IDR and

its binding partner. Leveraging embeddings from pLMs, Disobind predicts contact
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maps and interface residues across various coarse-grained resolutions: 1, 5, and 10
residues. We further combine Disobind with AF2 and show that the combined
method outperforms Disobind, AF2, and AF3. Ours is one of the first methods to
predict inter-protein contact maps and interface residues for the IDR and its partner

from their sequences.

Uses and limitations

Predictions from Disobind+AF2 may be used to improve the localization of IDRs in
integrative models of large assemblies, our primary motivation for developing the
method. Macromolecular assemblies contain significant portions of IDRs, for
example, the Fg Nups in the nuclear pore complex, the MBD3-IDR in the
nucleosome remodeling and deacetylase complex, and the N-terminus of
Plakophilin1 in the desmosome (Akey et al., 2022; Arvindekar et al., 2022; Pasani et
al., 2024). These regions typically lack data for structural modeling, resulting in
integrative models of poor precision (Arvindekar et al., 2022; Pasani et al., 2024).
The predictions from Disobind+AF2 can be used in integrative modeling methods
such as IMP, HADDOCK, and Assembline as inter-protein distance restraints
(Dominguez et al., 2003; Rantos et al., 2022; Russel et al., 2012). Even the
coarse-grained contact map and interface residue predictions would be useful in
such cases to improve the precision of these regions in the integrative model.
Additionally, our method can be used to characterize interactions involving IDRs
across proteomes. This may aid in identifying new binding motifs for IDRs, potentially
linked to their sub-cellular localization or function. Finally, predictions from our
method may aid in modulating interactions involving IDRs, for example, by
suggesting plausible mutations.

However, our method also has several limitations. First, it is limited to binary
IDR-partner complexes. Second, it assumes that the IDR and its partner are known
to bind. Third, the input sequence fragments must be less than one hundred
residues long. Fourth, the accuracy of the predictions depends on the ability of the
pLM to provide accurate representations of the IDR and its partner. Finally, our
method cannot be used to assess the effects of post-translational modifications as

the pLM used does not distinguish post-translationally modified amino acids.
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Challenges

Predicting contact maps and interface residues for IDRs in a complex with a partner
is challenging. First, a limited number of experimental structures are available for
IDRs in complexes (Jahn et al., 2024; J. Zhang et al., 2024). Second, IDRs adopt an
ensemble of conformations, and the available structures may only partially capture
this conformational diversity. Third, inter-protein contact maps are typically sparse,
with only a few residues forming contacts. Although not sufficient, we gather all
available structures for IDRs in complexes. With these, we create a dataset of
merged binary complexes for training Disobind. Using merged binary complexes
helps overcome the issue of sparsity associated with training on an ensemble of
contact maps. Predicting interface residues instead of contacts and using
coarse-graining helps overcome the challenges associated with the multivalency of

IDRs and the sparsity of inter-protein contact maps (Fig S3).

Performance of AF2 and AF3

Several studies indicate that the low-confidence regions in AF2 predictions overlap
with the presence of disordered regions, although these low-confidence regions
cannot be considered as a representative conformation for IDRs (Alderson et al.,
2023; Escobedo et al., 2024; Ruff & Pappu, 2021). On our OOD test set, most of the
predictions from AF2 and AF3 had low confidence, with an ipTM score lower than
0.75. Interestingly, compared to AF2, AF3 predictions were less accurate and had
lower confidence. It is possible that the confidence cutoffs used for ordered proteins
do not apply to IDRs and predictions involving the latter might require different
cutoffs. A recent benchmark suggested a lower ipTM score of 0.4 for assessing
interfaces involving IDRs (Omidi et al., 2024). The per-residue metrics such as
pLDDT and PAE may be more relevant for assessing AF2 and AF3 predictions than
the global metrics such as the ipTM and pTM, as is also suggested by a recent
benchmark and the AF3 guide (Abramson et al., 2024; Omidi et al., 2024). However,
more benchmarking and assessments are required to evaluate AF2 and AF3

predictions for IDRs.
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AF2 has been shown to successfully predict the structures of protein-peptide
complexes and domain-motif complexes, although the results could be sensitive to
the sequence fragment size, fragment delimitation, and the MSA alignment mode
(Bret et al., 2024; Lee et al., 2024). Some studies show that MSA subsampling (del
Alamo et al., 2022), clustering the sequences in the MSA (Wayment-Steele et al.,
2024), and using sliding fragments as input to AF2 (Bret et al., 2024) result in better
predictions and can be used to predict multiple conformations. In our comparison, we

did not explore these strategies, though they may improve the model predictions.

More generally, AF2 can predict the structures of complexes where the IDR is
ordered upon binding (DOR cases), as shown in recent benchmarks (Alderson et al.,
2023; Omidi et al., 2024). In contrast, AF2 does not provide accurate predictions in
cases where the IDR is flexible in the complex (DDR cases), highlighting an open

direction for future research (Omidi et al., 2024).

Future Directions

One of the major roadblocks in training methods such as Disobind is the lack of data.
More experimental structures of IDRs in complexes would be valuable ((Jahn et al.,
2024; J. Zhang et al., 2024)). Whereas IDR ensembles derived from molecular
dynamics can be used, generating MD ensembles for IDR complexes is
computationally expensive and challenging, and the existing databases like PED
contain very few such ensembles for IDR complexes (Ghafouri et al., 2024; Majila et
al., 2024). Alternatively, deep generative models can be used to generate ensembles
for IDRs in complexes (Janson & Feig, 2024; Majila et al., 2024; Mansoor et al.,
2024). However, the current methods are limited to generating ensembles for

monomers.

Disobind and similar methods can be further enhanced by improving the existing
pLMs to provide better representations for IDRs plausibly by incorporating physical
priors and/or structural information (Maijila et al., 2024; Rogers et al., 2023; Wang et
al., 2024). Additionally, these methods could be extended to predict protein-protein
interactions (PPIs) involving IDRs, and aid in the design of IDR binders. The

behaviour of IDRs within cells remains largely unexplored. Methods like Disobind are
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expected to facilitate an improved understanding of the interactions, function, and

modulation of IDRs.

Methods

Creating the dataset for Disobind

Gathering PDB structures of IDRs in complexes

First, we gathered the available PDB entries for protein complexes containing IDRs
from databases on structures of disordered proteins: DIBS (Schad et al., 2018),
MFIB (Ficho et al., 2017), and FuzDB (Miskei et al., 2017) (Fig 1). We also included
PDB entries from the PDBtot and PDBcdr datasets (Miskei et al., 2020). PDBtot
consists of IDRs that either undergo a DOR or DDR transition, whereas PDBcdr
consists of IDRs that undergo both DOR and DDR transitions depending upon the
partner. We considered all PDB entries associated with each database. This resulted
in a set of 4252 PDB entries. PEDS is another source of conformational ensembles
of IDRs (Ghafouri et al., 2024). However, PEDS entries were not used: several PED
entries were already incorporated into our pipeline and the remaining entries

correspond to monomers.

We then supplemented this set by querying the PDB for additional complexes
containing IDRs. For this, we first obtained Uniprot identifiers (IDs) of proteins
containing IDRs from DisProt (Aspromonte et al., 2024), IDEAL (Fukuchi et al.,
2014), and MobiDB (Piovesan et al., 2024) (Fig 1). Specifically, from Disprot, we
obtained all UniProt IDs corresponding to each DisProt entry. From IDEAL, we
obtained UniProt IDs for entries annotated as "verified ProS". These sequences are
experimentally verified to be disordered in isolation and ordered upon binding. From
MobiDB, we obtained UniProt IDs for entries annotated "curated-disorder-priority",
"homology-disorder-priority", "curated-lip-priority", and "homology-lip-priority". These
correspond to sequences with curated experimental evidence for disorder
(“curated-disorder”), their homologs (“homology-disorder”), sequences with
experimental evidence for disorder with binding motifs such as SLIMs (“curated-lip”),

and their homologs (“homology-lip”), respectively. Homology-based annotations were
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incorporated due to the lack of sufficient experimentally curated data available for
IDRs. Importantly, the annotations were based on the source with the highest
confidence (“priority”), and annotations based on indirect sources of evidence or
predictions were not considered. Choosing the highest confidence annotation may
reduce false positive “disorder” or “lip” annotations that may arise from

homology-based evidence.

A total of 357734 unique Uniprot IDs across MobiDB, Disprot, and IDEAL were
obtained. The PDB REST API was queried to obtain all the PDB entries associated
with a given Uniprot ID, resulting in 48534 PDB entries (Table S1) (Rose et al.,
2021). Combining these with the PDB entries obtained in the previous step, we
obtained 50294 unique PDB entries. As an aside, we note that MobiDB now provides
the PDB IDs for IDR-containing complexes, however, this functionality was not

available when this project started.

Defining binary complexes containing IDRs

The above PDB entries were downloaded using the Python requests library and
mapped to the sequences in UniProt using the SIFTS (Structure Integration with
Function, Taxonomy, and Sequence) tool (Velankar et al., 2013). Entries with an
obsolete PDB ID and those lacking a SIFTS mapping were removed, and
deprecated PDB IDs were replaced with superseding PDB IDs. Further, entities
corresponding to chimeric proteins or non-protein molecules, those having an

obsolete UniProt ID, and those containing more than 10000 residues were removed.

Next, for each PDB entry, we obtained sequence fragments by removing missing
residues from the sequence of each chain. The length of these fragments was kept
to between 20 and 100 residues; fragments longer than 100 residues were further
divided. We then identified the disordered residues in these fragments (Fig 1). This
was achieved by cross-referencing the UniProt mapping of the fragment with the
disorder annotations from DisProt, IDEAL, and MobiDB as obtained above; a residue
was considered disordered if it was annotated as such in any of these three
databases. Fragments comprising at least 20% disordered residues were considered

as IDR fragments whereas the others were considered as non-IDR fragments.
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Subsequently, a set of binary complexes was constructed from each PDB entry.
Each binary complex consisted of an IDR fragment paired with another IDR or
non-IDR fragment. Binary complexes comprising solely of intra-chain fragments or
non-IDR fragments were excluded (Fig 1). This resulted in a total of 2369712 binary

complexes.

Creating merged binary complexes

We then created contact maps from these binary complexes. A contact map is a
binary matrix of zeros (non-contacts) and ones (contacts); two residues are in
contact if the distance between their Ca atoms is less than 8 A. We merged the
contact maps across different binary complexes of a sequence fragment pair, to
create “merged contact maps” (Fig 1). This allows us to account for contacts from all
available complexes. Further, a merged contact map is less sparse and therefore
easier to learn compared to an ensemble of contact maps. It also mitigates the bias
caused by having different numbers of structures for different sequence fragment

pairs.

We first grouped the binary complexes across all the PDB entries by the UniProt ID
of the constituent proteins in the sequence fragment pair, resulting in 14599 UniProt
ID pairs/groups. For computational efficiency, all binary complexes with no contacts
were eliminated. The remaining binary complexes in a group were sorted based on
the UniProt start residue positions of the protein fragments in the pair and further
partitioned into sets. Each set comprised binary complexes containing overlapping
sequences (more than one residue overlap) for both fragments such that the
sequence length for each fragment, merged across the overlapping sequences, does
not exceed the maximum fragment length (100 residues). Contact maps for all binary
complexes in a set were aggregated using a logical OR operation to form “merged
contact maps”. A sequence fragment pair with the corresponding merged contact
map comprises a merged binary complex. We obtained 24442 merged binary
complexes. Finally, we filtered merged binary complexes for which the contact
density was very high (>5%) or very low (<0.5%), resulting in 6018 merged binary

complexes (Fig 1).
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Creating the training set and OOD test set

We created an out-of-distribution (OOD) test set that is sequence non-redundant
with our training dataset and the PDB70 dataset used for training AlphaFold. We first
removed merged binary complexes whose sequence fragments were derived from a
PDB chain in PDB70. We then obtained a non-redundant set of sequences by
clustering our dataset of sequence fragments and the PDB70 cluster representatives
using MMSeqs2 (Steinegger & Sdding, 2017). MMSeqs2 was used at a 20%
sequence identity threshold and cluster mode 1. Since the PDB70 dataset is already
clustered at 40% sequence similarity, we consider only the representative cluster

members for sequence identity comparisons.

For the OOD test set, we selected clusters without any chain from PDB70 that are
singleton (only one cluster member i.e. self) or doublet (two member sequences,
both belonging to the same merged binary complex) clusters. This resulted in 53
merged binary complexes for the OOD test set. We removed a OOD tests et entry
for which AF2 predictions could not be obtained, resulting in 52 OOD test set
complexes. The remaining dataset was split into a training (train), development
(dev), and an in-distribution (ID) test set in the ratio 0.9:0.05:0.05, resulting in 5362

train, 298 dev, and 297 ID test set merged complexes.

Disobind Model Architecture and Training

Notations

Here, we define the notation used in this paper.

RYP*P. 4D tensor with the axes i,j, k,1 corresponding to the four dimensions of

size A, B, C, D respectively
N: batch size used for training.

L1’ LZ: lengths of protein sequence fragments 1 and 2 indicating the number of

residues in each protein.

C, C1’ Cz, C3: the sizes of embedding or feature dimensions.

E1’ Ez: embeddings for protein sequence fragments 1 and 2.
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0: interaction tensor obtained post-concatenation.

Ored: output from the multi-layer perceptron block, reduced from the interaction

tensor.

I, 1, interface tensors for proteins 1 and 2.
I: concatenated interface tensors.
Linear: applies a linear transformation, Linear(X) = xw' + b.

ELU: exponential linear unit, ELU(x) = max(x, af e — 1)).

Sigmoid(x) : —.

1+e
Dropout: regularization technique that randomly sets weights to 0.
LNorm: layer normalization.

Concat([A, B]l_): concatenate tensors A4, B along the axis i.

Aijkl_)ikﬂ: permute tensor A along the specified axes.

Inputs and outputs for training

We train six separate models, corresponding to six prediction tasks. These
correspond to two types of predictions: a) inter-protein contact map and b) interface
residue predictions at three coarse-grained (CG) resolutions (1, 5, and 10
sequence-contiguous residues). Coarse-graining at resolution 1 is equivalent to no
coarse-graining, i.e., residue-level predictions. The input to the model is the

embedding for the two sequence fragments from the ProtTS5 pLM

L xC L_xC
E €R 1X ,E,ER 2 (Elnaggar et al., 2022). The outputs for the two types of

. . . L /kxL,/[k
predictions respectively are a) a binary contact map, ContactMap € R" * and

L /k+L/k

b) a binary interface residue vector, Interface € R ' at a particular CG

resolution, where k € [1, 5, 10] represents the CG resolution.

For coarse-grained predictions, the input embeddings were coarse-grained using an
AvgPool1d whereas the corresponding contact maps were coarse-grained using a

MaxPool2d; the kernel size and stride were set to the CG resolution in both cases.
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The target vectors for interface residue predictions were obtained by reducing the
rows and columns of the corresponding contact maps by an OR operation. The input
embeddings, output contact maps, and interface residue vectors were zero-padded

to the maximum length (100 residues).

Model architecture

Disobind comprises a projection block, an interface block, a multi-layer perceptron
(MLP) block, and an output block (Fig 2). The models for contact map and interface

residue prediction employ a contact map block and interface block respectively.

Projection block

The input embeddings El, E2 are projected to a lower dimension, C1 using a linear

layer.
L xC

Nx
Z = Dropout( ELU(Linear(E ))); Z €R (1)

NXL
Z, = Dropout( ELU( Linear(E,))); Z, €R P 1—(2)

Interaction block
The model captures complementarity between the projected embeddings Z,Z, by

concatenating the outer product and the absolute value of the outer difference

between the projected embeddings along the feature dimension.

NXL XL _XC
0 = Concat( [OuterProduct(Z , Z,), |OuterDifference(Z , Z,)|]); 0 € R v

- (3)

Interface block

To capture the interface residues for both proteins I, we reduce 0 along its rows and

columns using linear layers followed by concatenating along the length.

[ = Li 0 T erR M4
, = Linear( ijkl—>iljk)' 1 € -(4)

CZ

NXC XL,
I. = Linear(O. ) I, eR - (5)

ijkl-ilkj
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NxC x(L,+L,)

I'= Concat([I,1]); I, €R — (6)

NX(L +L,)XC,

I=1 - (7)

ijk—ikj’

Multi-layer perceptron (MLP) block

The feature dimension of the interaction tensor O is progressively decreased using a
multilayer perceptron (MLP) to obtain Ored.

NXL XL XC
0, =mx {LNorm(ELU(Linear(x)))}; 0, €R Lr o (8)

red

We used a 3-layer (m = 3) MLP for contact map prediction whereas it was not used

for interface residue prediction (m = 0).

Output block

It comprises a Linear layer followed by a Sigmoid activation.

NXL XL
ContactMap = Sigmoid(Linear(OTed)); ContactMap € R ' *—(9)

(L1+L2)

Nx
Interface = Sigmoid(Linear(l)); Interface € R - (10)

Training

The models were trained using PyTorch version 2.0.1 and CUDA version 11.8, using
an NVIDIA A6000 GPU. The model was trained using the Singularity Enhanced (SE)
loss function (Si & Yan, 2021), a modified form of the binary cross-entropy (BCE)
loss used for class-imbalanced training, with a = 0.9, B = 3 and AdamW (amsgrad
variant) optimizer with a weight decay of 0.05. We used an exponential learning rate

scheduler for slowly decaying the base learning rate.

SELoss =3 (a - ylog(y) + (1 — @) - (1 — ¥)log((1 =) - (1 + ") = (10)
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A binary mask was used to exclude the padding from the loss calculation. The train

and dev set loss were monitored to check for over/under-fitting (Fig S1).

Evaluating predictions

The Disobind predicted score was converted to a binary output using a threshold of
0.5. The model performance was evaluated on the train, dev, and ID test set using

recall, precision, and F1-score. All metrics were calculated using the torchmetrics

library.

TP .. TP Precision - Recall
Recall = TP + FN Precision = TP + FP Flscore = 2 - Precision + Recall -
(11)

Hyperparameter tuning and ablations

Here, we explore the effect of select hyperparameters on the model performances in
the dev and ID test sets. Hyperparameters were tuned for the contact map and
interface prediction at CG 1 and minimally modified for the CG 5 and CG 10 models.
The final set of hyperparameters is provided (Table S1).

Projection dimension

We tuned the projection dimension C, for the projection block (Table S2).

Number of layers in the MLP
Linear layers in the MLP were used to either upsample (upsampling layers, US) or
downsample (downsampling layers, DS) the feature dimension by a factor of 2. We
tuned the number of US (DS) layers. Additionally, we removed the MLP for interface
residue prediction (Table S3).

a, B for SE loss
We tuned the a and B parameters for SE loss; these weigh the contribution of the

contact and non-contact elements to the loss (Table S4).

pLM embeddings
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We compared the model performance using embeddings from ProtT5 (C = 1024),
ProstT5 (C = 1024), ProSE (C = 6165), and ProtBERT (C = 1024) (Bepler &
Berger, 2021; Elnaggar et al., 2022; Heinzinger et al., 2024).

Further, we compared two types of embeddings: global and local embeddings (Fig 4,
Table S8). Local embeddings were obtained using the sequence of the fragment as
input to the pLM. In contrast, global embeddings were obtained by using the
complete UniProt sequence as input to the pLM and extracting fragment embedding

from it.

Random baseline

To compute random baseline predictions, we predicted random contacts and
interface residues based on their frequencies in the training set. For the prediction
tasks involving coarse-graining, these frequencies were determined from the
coarse-grained contact maps and coarse-grained interface residues in the training

set.

AlphaFold predictions on the OOD test set

We used a local AF2 installation and the AF3 webserver for obtaining OOD test set
predictions (Abramson et al., 2024; Evans et al., 2022, 2022). AF2 was run with the
default arguments as specified in their GitHub repository. Due to the failure of AF2 to
relax several of the OOD test set entries we switch off the Amber relaxation step and
consider the unrelaxed models for further evaluation. Additionally, we removed an
OOD test set entry for which we were unable to obtain the AF2 prediction. We
considered the best models from AF2 (based on the ipTM+pTM score) and AF3
(based on the ranking score) for comparison with Disobind. The ipTM score was
used to assess the overall model confidence and the pLDDT and PAE metrics
assessed the per-residue confidence. pLDDT scores higher than 70 and PAE values
lower than 5 are considered as confident (Edmunds et al., 2024). An ipTM score
higher than 0.8 represents a high-confidence prediction whereas an ipTM score
lower than 0.6 represents a likely incorrect prediction; predictions with ipTM scores
between 0.6-0.8 require further validation (Abramson et al., 2024; Evans et al., 2022;
O'Reilly et al., 2023; Yin et al., 2022). Given that only five AF2 predictions and none
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of the AF3 predictions in the OOD test set have an ipTM score greater than 0.8, we
initially applied an ipTM cutoff of 0.75 as recommended in benchmarks on
AlphaFold2 (O'Reilly et al., 2023; Yin et al., 2022). Later we relaxed the ipTM cutoffs
to 0.4 and O (i.e., no ipTM cutoff).

To compare the AlphaFold outputs to those from our models, we first derive the
binary contact maps from the best-predicted model. We then apply binary masks on
this output to ignore low-confidence interactions (pLDDT<70 and PAE>5). Both the
pLDDT and PAE masks are applied on the CG 1 contact map obtained from AF2 and
AF3 before proceeding further. To apply an ipTM cutoff, we zero the contact maps for
AlphaFold predictions with an ipTM lower than the cutoff. The binary contact map
was zero-padded to the maximum length (100 residues). The interface residues and
coarse-grained predictions were derived from the CG 1 contact map as mentioned

previously (See Inputs and Outputs for training).

Predictions on disordered residues alone
Disordered residues were identified based on DisProt, IDEAL, and MobiDB

annotations (See Creating dataset for Disobind). To evaluate the predictions on
these disordered residues alone, we obtain predictions from Disobind and AF2 as
before and apply a binary mask to ignore interface residues (contacts) not involving
disordered residues (disordered residue pairs). We only consider confident
predictions from AF2 having pLDDT scores higher than 70 and PAE values lower
than 5. No ipTM cutoff is used.

Disobind+AF2 predictions

The Disobind+AF2 predictions were obtained by combining the corresponding
predictions from Disobind and AF2 using a logical OR operation. We ignore
low-confidence AF2 predictions having a pLDDT less than 70 and a PAE greater
than 5. No ipTM cutoff is used.

Code availability
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The Disobind model and scripts to create datasets, train the model, use
Disobind/Disobind+AF2, and perform analysis are available at GitHub
https://github.com/isblab/disobind.

Data availability

Data is deposited to Zenodo at 10.5281/zenodo.14504763. The deposition contains
all datasets (train, dev, IDT, OOD) along with the input sequences and target contact
maps, AF2 and AF3 predictions for the OOD test set, and the PDB structures, SIFTS

mappings, PDB API files, and Uniprot Sequences used to create the datasets.
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