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Abstract

Accurate prediction of contacting residue pairs between interacting proteins is very useful
for structural characterization of protein-protein interactions (PPIs). Although significant
improvement has been made in inter-protein contact prediction recently, there is still large
room for improving the prediction accuracy. Here we present a new deep learning method
referred to as PLMGraph-Inter for inter-protein contact prediction. Specifically, we employ
rotationally and translationally invariant geometric graphs obtained from structures of
interacting proteins to integrate multiple protein language models, which are successively
transformed by graph encoders formed by geometric vector perceptrons and residual
networks formed by dimensional hybrid residual blocks to predict inter-protein contacts.
Extensive evaluation on multiple test sets illustrates that PLMGraph-Inter outperforms five
top inter-protein contact prediction methods, including DeepHomo, GLINTER, CDPred,
DeepHomo2 and DRN-1D2D_Inter by large margins. In addition, we also show that the
prediction of PLMGraph-Inter can complement the result of AlphaFold-Multimer. Finally, we
show leveraging the contacts predicted by PLMGraph-Inter as constraints for protein-protein
docking can dramatically improve its performance for protein complex structure prediction.

eLife assessment

This study presents a useful deep learning-based inter-protein contact prediction
method named PLMGraph-Inter which combines protein language models and
geometric graphs. The evidence supporting the claims of the authors is solid. The
authors show that their approach may be useful in some cases where AlphaFold-
Multimer performs poorly. This work will be of interest to researchers working on
protein complex structure prediction, particularly when accurate experimental
structures are available for one or both of the monomers in isolation.

Introduction

Protein-protein interactions(PPIs) are essential activities of most cellular processes(Alberts,

1998 % ; Spirin & Mirny, 2003 ). Structure characterization of PPIs is important for mechanistic
investigation of these cellular processes and therapeutic development(Goodsell & Olson, 2000 (2).
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However, currently experimental structures of many important PPIs are still missing as
experimental methods to resolve complex structures such as X-ray crystallography, nuclear
magnetic resonance, cryo-electron microscopy are costly and time-consuming(Berman et al.,

20143 ; Ovchinnikov et al., 2014 %), as the predicted contacts can be integrated into protein-
protein docking algorithms to assist protein complex structure prediction(Dominguez et al.,

2003 3; H. Li & Huang, 2021 3; Sun et al., 2020 ). Besides, the predicted contacts can also be very
useful to guide protein interfacial design(Martino et al., 2021 2 ) and the inter-protein contact
prediction methods can be further extended to predict novel PPIs (Cong et al., 20197 ; Green et al.,

202132).

Based on the fact that contacting residue pairs often vary co-operatively during evolution,
coevolutionary analysis methods(Weigt et al., 2009(% ) have been used in previous studies to
predict inter-protein contacts(Hopf et al., 2014 ; Ovchinnikov et al., 2014 3). However,
coevolutionary analysis methods do have certain limitations. For examples, effective
coevolutionary analysis requires a large number of interolog sequences, which are often difficult
to obtain, especially for heteromeric PPIs(R. M. Rao et al., 2021a(@); and it is difficult to distinguish

inter-protein and intra-protein coevolutionary signals for homomeric PPIs(Uguzzoni et al.,

etal., 2021; Y. Li et al., 2019(%; Si & Yan, 20217 ; Wang et al., 2017 @), deep learning has also
been applied to predict inter-protein contacts(Guo et al., 2022 (%; Roy et al., 2022 (%3 ; Xie & Xu,
2022 3; Yan & Huang, 2021 (4; Zeng et al., 2018 @). ComplexContact(Zeng et al., 2018(%), to the
best of our knowledge, the first deep learning method for inter-protein contact prediction, has
significantly improved the prediction accuracy over coevolutionary analysis methods. However,
its performance on eukaryotic PPIs is still quite limited, partly due to the difficulty to accurately
infer interologs for eukaryotic PPIs. In a later study, coming from the same group as
ComplexContact, Xie et al. developed GLINTER(Xie & Xu, 2022 (5), another deep learning method
for inter-protein contact prediction. Comparing with ComplexContact, GLINTER leverages
structures of interacting monomers, from which their rotational invariant graph representations
are used as additional input features. GLINTER outperforms ComplexContact in the prediction
accuracy, although there is still large room for improvement, especially for heteromeric PPIs. It is
worth mentioning that CDPred(Guo et al., 2022 @), a recently developed method, further surpasses
GLINTER in prediction accuracy with 2D attention-based neural networks. Apart from these
methods developed to predict inter-protein contacts for both homomeric and heteromeric PPIs,
inter-protein contact prediction methods specifically for homomeric PPIs were also developed(Roy
etal.,, 2022 (@; T. Wu et al., 2022 (3; Yan & Huang, 2021 @), as predicting the inter-protein contacts
for homomeric PPIs is generally much easier due to the symmetric restriction, relatively larger
interfaces and the trivialness of interologs identification. For example, Yan et al. developed
DeepHomo(Yan & Huang, 2021 ), a deep learning method specifically to predict inter-protein
contacts of homomeric PPIs, which also significantly outperforms coevolutionary analysis-based
methods. However, DeepHomo requires docking maps calculated from structures of interacting
monomers, which is computationally expensive and is also sensitive to the quality of monomeric
structures. Besides, coming from the same group, Lin et al. further developed DeepHomo2(Lin et

al., 2023 (3) for inter-protein contact prediction for homomeric PPIs by including the MSA
(multiple sequence alignment) embeddings and attentions from an MSA-based protein language
model (MSA transformer)(R. M. Rao et al., 2021b @) in their prediction model, which further
improved the prediction performance. In almost the same time with DeepHomo2, we proved that
embeddings from protein language models(R. Rao et al., 2021 & ; Rives et al., 2021 2) (PLMs) are
very effective features to predict inter-protein contacts for both homomeric and heteromeric PPIs,
and we further show the sequence embeddings (ESM-1b(Rives et al., 2021 2)), MSA embeddings
(ESM-MSA-1b(R. M. Rao et al., 2021b @) & Position-Specific Scoring Matrix (PSSM)) and the inter-
protein coevolutionary information complement each other in the prediction, with which we

Yunda Si et al., 2024 eLife. https://doi.org/10.7554/eLife.92184.2 2 of 51


https://doi.org/10.7554/eLife.92184.2

7 eLife

1D2D_Inter significantly outperforms DeepHomo and GLINTER in inter-protein contact prediction,
although DRN-1D2D_Inter makes the prediction purely from sequences.

In this study, we developed a structure-informed method to predict inter-protein contacts. Given
the structures of two interacting proteins, we first build rotationally and translationally (SE(3))
invariant geometric graphs from the two monomeric structures, which encode both the inter-
residue distance and orientation information of the monomeric structures. We further embedded
the single sequence embeddings (ESM-1b), MSA embeddings (ESM-MSA-1b & PSSM) and structure
embeddings (ESM-IF(Hsu et al., 2022a &)) from PLMs in the graph nodes of the corresponding
residues to build the PLM embedded geometric graphs, which are then transformed by graph
encoders formed by geometric vector perceptrons to generate graph embeddings for interacting
monomers. The graph embeddings are further combined with inter-protein pairwise features and
transformed by residual networks formed by dimensional hybrid residual blocks (residual block
hybridizing 1D and 2D convolutions) to predict inter-protein contacts. The developed method
referred to as PLMGraph-Inter was extensive benchmarked on multiple tests with application of
either experimental or predicted structures of interacting monomers as the input. The result
shows that in both cases, PLMGraph-Inter outperforms other top prediction methods including
DeepHomo, GLINTER, CDPred, DeepHomo2 and DRN-1D2D_Inter by large margins. In addition, we
also compared the prediction results of PLMGraph-Inter with the protein complex structures
generated by AlphaFold-Multimer(Evans et al., 2022a 2). The result shows that for many targets
which AlphaFold-Multimer made poor predictions, PLMGraph-Inter yielded better results. Finally,
we show leveraging the contacts predicted by PLMGraph-Inter as constraints for protein-protein
docking can dramatically improve its performance for protein complex structure prediction.

Results

Overview of PLMGraph-Inter

The method of PLMGraph-Inter is summarized in Figure 1a . PLMGraph-Inter consists of three
modules: the graph representation module (Figure 1b @), the graph encoder module (Figure
1c@) and the residual network module (Figure 1d @). Each interacting monomer is first
transformed into a PLM-embedded graph by the graph representation module, then the graph is
passed through the graph encoder module to obtain a 1D representation of each protein. The two
protein representations are transformed into 2D pairwise features through outer concatenation
(horizontal & vertical tiling followed by concatenation) and further concatenated with other 2D
pairwise features including the inter-protein attention maps and the inter-protein co-evolution
matrices, which are then transformed by the residual network module to obtain the predicted
inter-protein contact map.

The graph representation module

The first step of the graph representation module is to represent the protein 3D structure as a
geometric graph, where each residue is represented as a node, and an edge is defined if the C,
atom distance between two residues is less than 18A. For each node and edge, we use scalars and
vectors extracted from the 3D structures as their geometric features. To make the geometric graph
SE(3) invariant, we use a set of local coordinate systems to extract the geometric vectors. The SE(3)
invariance of representation of each interacting monomer is important, as in principle, the inter-
protein contact prediction result should not depend on the initial positions and orientations of
protein structures. A detailed description can be found in the Methods section. The second step is
to integrate the single sequence embedding from ESM-1b(Rives et al., 2021 @), the MSA embedding
from ESM-MSA-1b(R. Rao et al., 2021 @), the Position-Specific Scoring Matrix (PSSM) calculated

from the MSA and structure embedding from ESM-IF(Hsu et al., 2022b @) for each interacting
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monomer using its corresponding geometric graph. Where ESM-1b and ESM-MSA-1b are
pretrained PLMs learned from large datasets of sequences and MSAs respectively with masked
language modeling tasks, and ESM-IF is a supervised PLM trained from 12 million protein
structures predicted by AlphaFold2(Jumper et al., 2021 @) for fixed backbone design. The
embeddings from these models contain high dimensional representations of each residue in the
protein, which are concatenated and further combined with the PSSM to form additional features
of each node in the geometric graph. Since the sequence embeddings, the MSA embeddings, the
PSSM and the structure embeddings are all SE(3) invariant, the PLM-embedded geometric graph of
each protein is also SE(3) invariant.

The graph encoder module

The graph encoder module is formed by geometric vector perceptron (GVP) and GVP convolutional
layer (GVPConv)(Jing, Eismann, Soni, et al., 2021; Jing, Eismann, Suriana, et al., 2021). Where GVP is
a graph neural network module consisting of a scalar track and a vector track, which can perform
rotationally invariant transformations on scalar features and rotationally equivariant on vector
features of nodes and edges; GVPConv follows the message passing paradigm of graph neural
network and mainly consists of GVP, which updates the embedding of each node by passing
information from its neighboring nodes and edges. A detailed description of GVP and GVPConv
can be found in the Methods section and also in the work of GVP(Jing, Eismann, Soni, et al., 2021;
Jing, Eismann, Suriana, et al., 2021). For each protein graph, we first use a GVP module to reduce
the dimension of the scalar features of each node from 2586 to 256, which is then transformed
successively by three GVPConv layers. Finally, we stitch the scalar features and the vector features
of each node to form the 1D representation of the protein. Since the input protein graph is SE(3)
invariant and the GVP and GVPConv transformations are rotationally equivariant, the 1D
representation of each interacting monomer is also SE(3) invariant.

The residual network module

The residual network module is mainly formed by 9 dimensional hybrid residual blocks to
transform the 2D feature maps to obtain the predicted inter-protein contact map. Our previous
study illustrated the effective receptive field can be enlarged with the application of the

A more detailed description of the transforming procedure can be found in the Methods section.

Evaluation of PLMGraph-Inter on
HomoPDB and HeteroPDB test sets

We first evaluated PLMGraph-Inter on two self-built test sets which are non-redundant to the
training dataset of PLMGraph-Inter: HomoPDB and HeteroPDB. Where HomoPDB is the test set for
homomeric PPIs containing 400 homodimers and HeteroPDB is the test set for heteromeric PPIs
containing 200 heterodimers. For comparison, we also evaluated DeepHomo, GLINTER,
DeepHomo2, CDPred and DRN-1D2D_Inter on the same datasets. Since DeepHomo and
DeepHomo2 was developed to predict inter-protein contacts only for homomeric PPIs, its
evaluation was only performed on HomoPDB. It should be noted that since HomoPDB and
HeteroPDB are not de-redundant with the training sets of DeepHomo, DeepHomo2, CDPred and
GLINTER, the performances of the four methods may be overestimated.

In all the evaluations, the structural related features were drawn from experimental structures of
interacting monomers separated from complex structures of PPIs after randomizing their initial
positions and orientations (DRN-1D2D_Inter does not use structural information). Besides, we also
used the AlphaFold2 predicted monomeric structures as the input, considering experimental
structures of interacting monomers often do not exist. Since the interacting monomers in
HomoPDB and HeteroPDB are not de-redundant with the training set of AlphaFold2, using default
settings of AlphaFold2 may overestimate its performance. To mimic the performance of
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AlphaFold2 in real practice and produce predicted monomeric structures with more diverse
qualities, we only used the MSA searched from Uniref100(Suzek et al., 2015) protein sequence
database as the input of AlphaFold2 and set to not use the template. The predicted structures
yielded a mean TM-score 0.88, which is close to the performance of AlphaFold2 for CASP14 targets

Table 1@ shows the mean precision of each method on the HomoPDB and HeteroPDB when top
(5, 10, 50, L/10, L/5) predicted inter-protein contacts are considered, where L denotes the sequence
length of the shorter protein in the PPI and (Note: GLINTER encountered errors for 81 (5 when
using the predicted monomeric structures) targets in HomoPDB and 15 (3 when using the
predicted monomeric structures) targets in HeteroPDB at run time and did not produce
predictions, thus we removed these targets in the evaluation of the performance of GLINTER. The
performances on HomoPDB and HeteroPDB for these methods after the removal of these targets
which GLINTER failed in any case are shown in Table S1(#). As can be seen from the table,
whenever the experimental or the predicted monomeric structures were used as the input, the
mean precision of PLMGraph-Inter far exceeds those of other algorithms in each metric for both
datasets. Particularly, the mean precision of PLMGraph-Inter is substantially improved in each
metric on each dataset compared to our previous method DRN-1D2D_Inter which used most
features of PLMGraph-Inter except these drawn from structures of the interacting monomers,
illustrating the importance of the inclusion of structural information. Besides, GLINTER, CDPred
and DeepHomo?2 also use structural information and PLMs, but have much lower performance
than PLMGraph-Inter, illustrating the efficacy of our deep learning framework.

It can also be seen from the result that all the methods tend to have better performances on
HomoPDB than those on HeteroPDB. One possible reason is that the complex structures of
homodimers are generally C2 symmetric, which largely restricts the configurational spaces of PPIs,
making the inter-protein contact prediction a relatively easier task (e.g., the inter-protein contact
maps for homodimers are also symmetric). Besides, comparing with heteromeric PPIs, we may
more likely to successfully infer the inter-protein coevolutionary information for homomeric PPIs
to assist the contact prediction for two reasons: First, it is straightforward to pair sequences in the
MSAs for homomeric PPIs, thus the paired MSA for homomeric PPIs may have higher qualities;
second, homomeric PPIs may undergo stronger evolutionary constraints, as homomeric PPIs are
generally permanent interactions, but many heteromeric PPIs are transient interactions.

In addition to using the mean precision on each test set to evaluate the performance of each
method, the performance comparisons between PLMGraph-Inter and other models on the top 50
predicted contacts for each individual target in HomoPDB and HeteroPDB are shown in Figure
2% (Separate comparisons are shown in Figure S1% and S2(%). Specifically, when the
experimental (predicted) structures were used as the input, PLMGraph-Inter achieved the best
performance for 60% (53%) of the targets in HomoPDB and 58% (51%) of the targets in HeteroPDB.
We further group targets in each dataset according to their inter-protein contact densities defined

#of contacts ) ) )
as W and the normalized number of the effective sequences (Neffnorm) of paired
MSAs. We found that all the methods tend to have lowers performances for targets with lower
contact densities (Figure S3(@), which is reasonable, since obviously it is more challenging to
identify the true contacts when their ratio is lower. We also found when the Ng"™ is low
(log(Ngs*°"™)<3), the prediction performances of all methods tend to improve with Nog'°"™, but
when N, reaches to certain thresholds (og(N,4'*"™)>4), the performances of all the methods
tends to fluctuate with N5/ (Figure S42). However, PLMGraph-Inter consistently achieved

the best performances in most categories.
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HomoPDB (precision %) HeteroPDB (precision %)
Methods
L5 | Lo | 50 10 5 L5 | Lo | 50 10 5
Fecoll 432 | 467 | 424 | 485 | 49.9
CepHomo 1 393y | 42.7) | (38.8) | (44.8) | (46.2)
429 | 45.0 | 422 | 46.4 | 485 | 239 | 247 | 209 | 255 | 267
GLINTER | 473) | s0.1) | 52.1) | 51.9) | 53.6) | @25.1) | 27.0) | 21.9) | 25.8) | 26.2)
lD]ZDII)U\II;lter 525 | 552 | 513 | 566 | 57.6 | 349 | 37.1 | 32.6 | 38.1 | 385
556 | 58.1 | 550 | 594 | 61.3
DeepHomo2 | 5,4y | (53.9) | (51.7) | (55.7) | (56.7)
CDPred 594 | 613 | 584 | 624 | 629 | 300 | 31.0 | 27.6 | 320 | 32.1
IE (54.7) | (56.2) | (34.1) | (57.1) | 37.7) | (30.2) | 31.7) | 27.3) | (32.2) | (32.7)
PLMGraph- | 68.6 | 704 | 67.3 | 71.6 | 72.1 | 459 | 48.6 | 414 | 49.1 | 5L6
Trtet (61.8) | (63.6) | (60.9) | (65.0) | (65.25) | (41.9) | (43.6) | (37.8) | (44.1) | (45.0)

Note: The highest mean precision (%) in each column is highlighted in bold.

Table 1.

The performances of DeepHomo, GLINTER, DRN-1D2D_Inter, CDPred, DeepHomo2 and PLMGraph-Inter on the HomoPDB
and HeteroPDB test sets using experimental structures (AlphaFold2 predicted structures)

HomoPDB HeteroPDB
Count Precision Count Precision
(Top 50 (%)) (Top 50 (%))
Sequence identity | Original 400 67.3 (60.9) 200 41.4 (37.8)
(MMSeqs2) 40% 341 68.7 (62.5) 160 38.6 (35.6)
30% 257 64.7 (58.7) 144 38.1(35.1)
20% 211 63.2 (56.3) 138 38.5(35.3)
10% 211 63.2 (56.3) 138 38.5 (35.3)
Fold similarity 0.9 370 65.2 (58.3) 185 39.7 (35.7)
(TM-align) 0.8 281 61.8(53.4) 153 38.1(34.1)
0.7 179 56.5 (45.8) 126 38.8 (34.6)
0.6 124 50.4 (39.9) 102 37.4 (34.1)
0.5 70 49.6 (41.3) 83 36.5 (34.5)

*The results using experimental structures are shown outside the parentheses, and the
results using the AlphaFold2 predicted structures are shown in the parentheses.

Table 2.

The performance of PLMGraph-Inter when using different sequence identity and fold similarity thresholds to further remove

potential redundancies in HomoPDB and HeteroPDB.
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PLMGraph-Inter (using predicted structures)

Figure 2.

The performances of PLMGraph-Inter and other methods on the HomoPDB and HeteroPDB test sets. (a)~(b): The head-to-
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precisions (%) of the top 50 contacts predicted by PLMGraph-Inter and other methods for each target in (c) HomoPDB and (d)

HeteroPDB using AlphaFold2 predicted structures.
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Impact of the monomeric structure quality on contact prediction

We further analyzed performance difference of PLMGraph-Inter when using the AlphaFold2
predicted structures and using the experimental structures as the inputs. As it can be seen from
Figures 3a-b @, when the predicted structures were used by PLMGraph-Inter for inter-protein
contact prediction, mean precisions of the predicted inter-protein contacts in each metric on both
HomoPDB and HeteroPDB test sets decrease by about 5% (also see Table 1 @), indicating qualities
of the input structures do have certain impact on the prediction performance.

We further explored the impact of the monomeric structure quality on the inter-protein contact

monomer, and the TM-score of the predicted structure with lower quality was used to evaluate the
overall monomeric structure prediction quality for the PPI, denoted as “DTM-score”. In Figure
3c@, we show the performance gaps (using the mean precisions of the top 50 predicted contacts
as the metric) between applying the predicted structures and applying the experimental structures
in the inter-protein contact prediction, in which we grouped targets according to DTM-scores of
their monomeric structure prediction, and in Figure 3d @, we show the performance comparison
for each specific target. From Figure 3c@-d @, we can clearly see that when the DTM-score is
lower, the prediction using the prediction structure tends to have lower accuracy. However, when
the DTM-score is greater than or equal to 0.8, there is almost no difference between the applying
the predicted structures and applying the experimental structure, which shows the robustness of
PLMGraph-Inter to the structure quality.

Ablation study

To explore the contribution of each input component to the performance of PLMGraph-Inter, we
conducted ablation study on PLMGraph-Inter. The graph representation from the structure of each
interacting proteins is the base feature of PLMGraph-Inter, so we first trained the baseline model
using only the geometric graphs as the input feature, denoted as model a. Our previous study in
DRN-1D2D_Inter has shown that the single sequence embeddings, the MSA 1D features (including
the MSA embeddings and PSSMs) and the 2D pairwise features from the paired MSA play
important roles in the model performance. To further explore the importance of these features
when integrated with the geometric graphs, we trained model b-d separately (model b: geometric
graphs + sequence embeddings, model c: geometric graphs + sequence embeddings + MSA 1D
features, model d: geometric graphs + sequence embeddings + MSA 1D features + 2D features).
Finally, we included the structure embeddings as additional features to train the model e (model e
uses all the input features of PLMGraph-Inter). All the five models were trained using the same
protocol as PLMGraph-Inter on the same training and validation partition without cross
validation. We further evaluated performances of models a-e models together with PLMGraph-
Inter (i.e., model f: model e + cross validation) on HomoPDB and HeteroPDB using experimental
structures of interacting monomers respective.

In Figure 4a 3, we show the mean precisions of the top 50 predicted contacts by model a-f on
HomoPDB and HeteroPDB respectively. It can be seen from Figure 4a @ that including the
sequence embeddings in the geometric graphs has a very good boost to the model performance
(model b versus model a), while the additional introduction of MSA 1D features and 2D pairwise
features can further improve the model performance (model d versus model c versus model b).
DRN-1D2D_Inter also uses the same set of sequence embeddings, MSA 1D features and 2D pairwise
features as the input, and our model d shows a significant performance improvement over DRN-
1D2D_Inter (single model) (the model trained on the same training and validation partition
without cross validation) on both HomoPDB and HeteroPDB (the mean precision improvement:
HomoPDB:14%, HeteroPDB:5.6%), indicating that the introduced graph representation is
important for the model performance. The head-to-head comparison of model d and DRN-
1D2D_Inter (single model) on each specific target in Figure 4b (2 further demonstrates the value of
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the graph representation. Besides, the additional introduced structure embeddings from ESM-IF
can further improve the mean precisions of the predicted contacts by 3~4% on both HomoPDB
and HeteroPDB (model e versus model d) and the application of the cross validation can also
improve the precisions by 1.0 % on HomoPDB and 2.7% on HeteroPDB (model f versus model d)
(see Table S3(@).

To demonstrate the efficacy of our proposed graph representation of protein structures, we also
trained a model using the structural representation proposed in the work of GVP(Jing, Eismann,
Soni, et al., 2021; Jing, Eismann, Suriana, et al., 2021) (denoted as “GVP Graph”), as a control. Our
structural representation differs significantly from GVP Graph. For example, we extracted inter-
residue distances and orientations between five atoms (C,0,Ca,N and a virtual CB) from the
structure as the geometric scalar and vector features, in which the vector features are calculated
in a local coordinate system. However, GVP Graph only uses the distances and orientations
between Ca atoms as the geometric scalar and vector features and the vector features are
calculated in a global coordinate system. In addition, after the geometric graph is transformed by
the graph encoder module, GVP Graph only uses the scalar features of each node as the node
representation, while we concatenate the scalar and vector features of the node as the node
representation. In Figure 4c @, we show the performance comparison between this model and
our base model (model a). From Figure 4cZ, we can clear see that our base model significantly
outperforms the GVP Graph-based model on both HomoPDB and HeteroPDB, illustrating the high
efficacy of our proposed graph representation.

We also explored the performance of PLMGraph-Inter on the HomoPDB and HeteroPDB test sets
when using different protocols to further remove potential redundancies between the training
and the test sets. Specifically, although the “40% sequence identity” used in our study is a widely
used threshold to remove redundancy when evaluating deep learning-based protein-protein
interaction and protein complex structure prediction methods(Evans et al., 2022b 3 ; Sledzieski et
al., 20212), it is worth testing whether PLMGraph-Inter can keep its performance when more
stringent threshold is applied. Besides, it is also worth evaluating whether PLMGraph-Inter can
keep its performance on targets for which the folds of their interacting monomers are different
from the targets in the training set (i.e. non-redundant in main chain structures of interacting
monomers). To the best of our knowledge, all the previous studies failed to remove potential
redundancies in folds of the interacting monomers when evaluating their methods.

In Table2, we show mean precisions of the contacts (top 50) predicted by PLMGraph-Inter on the
HomoPDB and HeteroPDB when various sequence identity thresholds (with MMseq2(Steinegger &

further used in the de-redundancy (see “Further potential redundancies removal between the
training and the test” in the Methods section). It can be seen from that table that when using more
stringent sequence identity thresholds for de-redundancy, the performance of PLMGraph-Inter on
both the HomoPDB and HeteroPDB datasets decreases very little. For example, even when using
“10% sequence identity” for de-redundancy, mean precisions of the predicted contacts only
decreases by 2~4%. Whereas when using fold similarities of the interacting monomers for de-
redundancy, although the performance of PLMGraph-Inter on HeteroPDB decreases very little
(only 3%~4% when TM-Score 0.5 is used as the threshold), the performance of PLMGraph-Inter on
HomoPDB decreases significantly (17%~19% when TM-Score 0.5 is used as the threshold). One
possible reason for the performance decrease on HomoPDB is that the binding mode of the
homomeric PPI is largely determined by the fold of its monomer, thus the model does not
generalize well on targets whose folds have never been seen during the training.

Evaluation of PLMGraph-Inter on DHTest and DB5.5 test sets

We further evaluated PLMGraph-Inter on DHTest and DB5.5. The DHTest test set was formed by
removing PPIs redundant to our training set from the original test set of DeepHomo, which
contains 130 homomeric PPIs. The DB5.5 test set was formed by removing PPIs redundant to our
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training dataset from the heterodimers in Protein-protein Docking Benchmark 5.5, which contains
59 heteromeric PPIs. Still, both the experimental structures and the predicted structures
(generated using the same protocol as in HomoPDB and HeteroPDB) of the interacting monomers
were used respectively in the inter-protein contact prediction. It should be noted that since DHTest
and DB5.5 are not de-redundant with the training sets of CDPred and GLINTER, particularly, all
PPIs in the DHTest test set are included in the training set of CDPred, thus the performances of the
two methods may be overestimated.

As shown in Figure 5a-b ™, when using the experimental structures in the prediction, the mean
precisions of the top 50 contacts predicted by PLMGraph-Inter are 71.9% on DHTest and 29.5% on
DB5.5 (also see Table S3), which are dramatically higher than DeepHomo, GLINTER,
DeepHomo2 and DRN-1D2D_Inter (Note: GLINTER encountered errors for 47 targets in DHTest and
3 targets in DB5.5 at run time and did not produce predictions, thus we removed these targets in
the evaluation of the performance of GLINTER. The performances of other methods on DHTest and
DB5.5 after the removal of these targets are shown in Table S4 (7). We can also see that although
PLMGraph-Inter achieved significantly better performance than CDPred on DB5.5, its performance
on DHTest is quite close to CDPred. However, it should be noted that the performance of CDPred
on DHTest might be grossly overestimated since PPIs in DHTest are fully included in the training
set of CDPred. The distributions of the precisions of top 50 predicted contacts by different methods
on DHTest and DB5.5 are shown in Figure 5d & -e @, from which we can clearly see that
PLMGraph-Inter can make high-quality predictions for more targets on both DHTest and DB5.5.

When using the predicted structures in the prediction, the mean precisions of top 50 contacts
predicted by PLMGraph-Inter show reasonable decrease to 61.1% on DHTest and 23.8% on DB5.5
respectively (see Figure 5a-b @ and Table S3 ). We also analyzed the impact of the monomeric
structure quality on the inter-protein contact prediction performance of PLMGraph-Inter. As
shown in Figure 5c @, when the DTM-score is greater than or equal to 0.8, there is almost no
difference between applying the predicted structures and the experimental structures, which is
consistent with our analysis in HomoPDB and HeteroPDB.

We noticed that the performance of PLMGraph-Inter on the DB5.5 is significantly lower than that
on HeteroPDB, and so are the performances of other methods. That the targets in DB5.5 have
relatively lower mean contact densities (1.01% versus 1.29%) may partly explain this
phenomenon. In Figure 5f 2, we show the variations of the precisions of predicted contacts with
the variation of contact density. As can be seen from Figure 5f (7, as the contact density increases,
precisions of predicted contacts tend to increase regardless of whether the experimental
structures or predicted structures are used in the prediction. 37.29% targets in DB5.5 are with
inter-protein contact densities lower than 0.5%, for which precisions of predicted contacts are
generally very low, making the overall inter-protein contact prediction performance on DB5.5
relatively low.

Comparison of PLMGraph-Inter with AlphaFold-Multimer

After the development of AlphaFold2, DeepMind also released AlphaFold-Multimer, as an
extension of AlphaFold2 for protein complex structure prediction. The inter-protein contacts can
also be extracted from the complex structures generated by AlphaFold-Multimer. It is worth
making a comparison between the performances of AlphaFold-Multimer and PLMGraph-Inter on
inter-protein contact prediction. Therefore, we also employed AlphaFold-Multimer (version 2.2)
with its default settings to generate complex structures for all the PPIs in the four datasets which
we used to evaluate PLMGraph-Inter. We then selected the 50 inter-protein residue pairs with the
shortest heavy atom distances in each generated protein complex structures as the predicted inter-
protein contacts. It should be noted that AlphaFold-Multimer used all protein complex structures
in Protein Data Bank deposited before 2018-04-30 in the model training, thus these PPIs may have
a large overlap with the training set of AlphaFold-Multimer. Therefore, there is no doubt that the
performance of AlphaFold-Multimer would be overestimated here. It should also be noted that
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although AlphaFold-Multimer makes the prediction from sequences, it automatically searches
templates of the interacting monomers. When we checked our AlphaFold-Multimer runs, we
noticed for 99% of the targets (including all the targets in the four datasets: HomoPDB, HeteroPDB,
DHTest and DB5.5), at least 20 templates were identified (AlphaFold-Multimer only employed the
top 20 templates), and AlphaFold-Multimer employed the native template (i.e. the template which
has the same PDB id with the target) for 87.8% of the targets. Besides, AlphaFold-Multimer employs
multiple sequence databases including huge metagenomics database(Jumper et al., 2021 &), but
PLMGraph-Inter only employs the UniRef100, thus the comparison is not on the same footing.

In Figure 6a 2, we show the relationship between the quality of the generated protein complex
structure (evaluated with DockQ) and the precision of the top 50 inter-protein contacts extracted
from the protein complex structure predicted by AlphaFold-Multimer for each PPI in the
homomeric PPI (DHTest + HomoPDB) and heteromeric PPI (DB5.5 + HeteroPDB) datasets. As it can
be seen from the figure that the precision of the predicted contacts is highly correlated with the
quality of the generated structure. Especially when the precision of the contacts is higher than
50%, most of the generated complex structures have at least acceptable qualities (DockQ> 0.23), in
contrast, almost all the generated complex structures are incorrect (DockQ<0.23) when the
precision of the contacts is below 50%. Therefore, 50% can be considered as a critical precision
threshold for inter-protein contact prediction (the top 50 contacts).

In Figure 6b 2, we show the comparison of the precisions of top 50 contacts predicted by
AlphaFold-Multimer and PLMGraph-Inter for each target when using the experimental
monomeric structures as the input for PLMGraph-Inter respectively (also see Table S5(%, and the
comparison when using the AlphaFold2 predicted structures is shown in Figure S5b2-d ). It can
be seen from the figure that although for most of the targets, AlphaFold-Multimer yielded better
results, but for a significant number of the targets that AlphaFold-Multimer made poor predictions
(precision<50%), the results of PLMGraph-Inter can have certain improvement over the
AlphaFold-Multimer predictions.

We further explored the performance of PLMGraph-Inter on the PPIs which AlphaFold-Multimer
failed to make correct predictions. Specifically, we denoted a PPI for which the precision of top 50
inter-protein contacts predicted by AlphaFold-Multimer is lower than 50% or the DockQ of protein
complex structure predicted by AlphaFold-Multimer is less than 0.23 as “precision-Failed”, “DockQ-
Failed”. The “iptm+ptm” metrics output by AlphaFold-Multimer for each target also has certain
ability to characterize the quality of the predicted complexes. Our DockQ versus “iptm+ptm”
analysis shows that 0.5 can be reasonably chosen as the cutoff of “iptm+ptm” to evaluate whether
the prediction of AlphaFold-Multimer is successful or not (see Figure S5a (@), so we denoted a
prediction for which the “iptm + ptm” of the prediction is lower than 0.5 as “pTM-Failed”. Then the
mean precisions of top 50 contacts predicted by PLMGraph-Inter and AlphaFold-Multimer on the
“precision-Failed”, “pTM-Failed” and “DockQ-Failed” sub-test sets from “DHTest+HomoPDB” and
“DB5.5+HeteroPDB” are shown in Figure 6c-d @3. From Figure 6¢c-d @ we can see that the mean
precisions of contacts predicted by PLMGraph-Inter are higher than the mean precisions of
contacts predicted by AlphaFold-Multimer, further demonstrating that PLMGraph-Inter can
complement AlphaFold-Multimer in certain cases.

PLMGraph-Inter can significantly improve

protein-protein docking performance

Prior to AlphaFold-Multimer, protein-protein docking is generally used for protein complex
structure prediction. HADDOCK(Honorato et al., 2021 %; van Zundert et al., 2016 @) is a widely
used information-driven protein-protein docking approach to model complex structures of PPIs,
which allows us to encode predicted inter-protein contacts as constraints to drive the docking. In
this study, we used HADDOCK (version 2.4) to explore the contribution of PLMGraph-Inter to
protein complex structure prediction.
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We prepared the test set of homomeric PPIs by merging HomoPDB and DHTest and the test set of
heteromeric PPIs by merging HeteroPDB and DB5.5, where the monomeric structures generated
previously by AlphaFold2 were used as the input to HADDOCK for protein-protein docking, in
which the top 50 contacts predicted by PLMGraph-Inter with the application of the predicted
monomeric structures were used as the constraints. Since HADDOCK generally cannot model large
conformational changes in protein-protein docking, we filtered PPIs in which either of the
AlphaFold2 generated interacting monomeric structure has a TM-score lower than 0.8. Finally, the
homomeric PPI test set contains 462 targets, denoted as Homodimer, and the heteromeric PPI test
set contains 174 targets, denoted as Heterodimer.

For each PPI, we used the top 50 contacts predicted by PLMGraph-Inter and other methods as
ambiguous distance restraints between the alpha carbons (CAs) of residues (distance=8A, lower
bound correction=84, upper-bound correction=44) to drive the protein-protein docking. All other
parameters of HADDOCK were set as the default parameters. In each protein-protein docking,
HADDOCK output 200 predicted complex structures ranked by the HADDOCK scores. As a control,
we also performed protein-protein docking with HADDOCK in ab initio docking mode (center of
mass restraints and random ambiguous interaction restraints definition). Besides, for homomeric
PPIs, we additionally added the C2 symmetry constraint in both cases.

As shown in Figure 7a-c 2, the success rate of docking on Homodimer and Heterodimer test sets
can be significantly improved when using the PLMGraph-Inter predicted inter-protein contacts as
restraints. Where on the Homodimer test set, the success rate (DockQ > 0.23) of the top 1 (top 10)
prediction of HADDOCK in ab initio docking mode are 15.37% (39.18%), and when predicted by
HADDOCK with PLMGraph-Inter predicted contacts, the success rate of the top 1 (top 10)
prediction 57.58% (61.04%). On the Heterodimer test set, the success rate of top 1 (top 10)
predictions of HADDOCK in ab initio docking mode is only 1.72% (6.32%), and when predicted by
HADDOCK with PLMGraph-Inter predicted contacts, the success rate of top 1 (top 10) prediction is
29.89% (37.93%). From Figure 7aZ-7b 2 we can also see that integrating PLMGraph-Inter
predicted contacts with HADDOCK not only allows for a higher success rate, but also more high-
quality models in the docking results.

We further explored the relationship between the precision of top 50 contacts predicted by
PLMGraph-Inter and the success rate of the top prediction of HADDOCK with PLMGraph-Inter
predicted contacts. It can be clearly seen from Figure 7d 7 that the success rate of protein-protein
docking increases with the precision of contact prediction. Especially, when the precision of the
predicted contacts reaches 50%, the docking success rate of both homologous and heterologous
complexes can reach 80%, which is consistent with our finding in AlphaFold-Multimer. Therefore,
we think this threshold can be used as a critical criterion for inter-protein contact prediction. It is
important to emphasize that for some targets, although precisions of predicted contacts are very
high, HADDOCK still failed to produce acceptable models. We manually checked these targets and
found many of these targets have at least one chain totally entangled by another chain (e.g., PDB
3DFU in Figure S6 (7). We think large structural rearrangements may exist in forming the complex
structures, which is difficult to model by traditional protein-protein docking approach.

Finally, we compared the qualities of the complex structures predicted by HADDOCK (with
PLMGraph-Inter predicted contacts) and AlphaFold-Multimer. Although for some targets (e.g., PDB
S5HPS in Figure S7a(?), the qualities of the structures predicted by HADDOCK were higher than
those by AlphaFold-Multimer, for most targets, AlphaFold-Multimer generated higher quality
structures (Figure S7 ). Several reasons can account for the performance gap. First, precisions of
the PLMGraph-Inter predicted contacts are still not enough, especially for heteromeric PPIs;
second, HADDOCK cannot model large structural rearrangements in protein-protein docking, as
we can see that for some targets, HADDOCK made poor predictions with high precisions of contact
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Figure 7.

Protein-protein docking performances on the Homodimer and Heterodimer test sets. (a)~(b) The protein-protein docking

HADDOCK (ab-initio)

Top 50 contacts precision (%)

performance comparison between HADDOCK with and without (ab-initio) using PLMGraph-Inter predicted contacts as
restraints on (a) Homodimer and (b) Heterodimer. The left side of each column shows the performance when the top 1

predicted model for each PPI is considered, and the right side shows the performance when the top 10 predicted models for
each PPI are considered. (c) The head-to-head comparison of qualities of the top 1 model predicted by HADDOCK with and
without using PLMGraph-Inter predicted contacts as restraints for each target PPI. The red lines represent the threshold
(DockQ=0.23) to determine whether the complex structure prediction is successful or not. (d) The success rates (the top 1
model) for protein complex structure prediction when only including targets for which precisions of the predicted contacts
are higher than certain thresholds.
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constraints (Figure 7d @); third, it is difficult to provide an objective evaluation of the true
performance of AlphaFold-Multimer, since many targets have already been included in the
training set of AlphaFold-Multimer.

Discussion

In this study, we proposed a new method to predict inter-protein contacts, denoted as PLMGraph-
Inter. PLMGraph-Inter is based on the SE(3) invariant geometric graphs obtained from structures
of interacting proteins which are embedded with multiple PLMs. The predicted inter-protein
contacts are obtained by successively transforming the PLM embedded geometric graphs with
graph encoders and residual networks. Benchmarking results on four test datasets show that
PLMGraph-Inter outperforms five state-of-the-art inter-protein contact prediction methods
including GLINTER, DeepHomo, CDPred, DeepHomo2 and DRN-1D2D_Inter by large margins,
regardless of whether the experimental or predicted monomeric structures are used in building
the geometric graphs. The ablation study further shows that the integration of the PLMs with the
protein geometric graphs can dramatically improve the model performance, illustrating the
efficacy of the PLM embedded geometric graphs in protein representations. The protein
representation framework proposed in this work can also be used to develop models for other
tasks like protein function prediction, PPI prediction, etc. Very recently, Fang et al. have also
shown in their work that the incorporation of protein language models in geometric networks can
significantly improve the model performances on a variety of protein-related tasks including
protein-protein interface prediction, model quality assessment, protein-protein rigid docking and
show PLMGraph-Inter can complement the result of AlphaFold-Multimer and leveraging the inter-
protein contacts predicted by PLMGraph-Inter as constraints in protein-protein docking
implemented with HADDOCK can dramatically improve its performance for protein complex
structure prediction.

We noticed that although PLMGraph-Inter has achieved remarkable progress in inter-protein
contact prediction, there is still room for further improvement, especially for heteromeric PPIs.
Using more advanced PLMs, larger training datasets and explicitly integrating physicochemical
features of interacting proteins are directions worthy of exploration. Besides, since protein-protein
docking approach generally have difficulties in modelling large conformational changes in PPIs,
developing new approaches to integrate the predicted inter-protein contacts in the more advanced
folding-and-docking framework like AlphaFold-Multimer or directly incorporating an additional
structural module for protein complex structure generation in the network architecture can also
be the future research directions.

Methods

Training and test datasets

found in the previous work. Specifically, we first prepared a non-redundant PPI dataset containing
4828 homomeric PPIs and 3134 heteromeric PPIs (with sequence identity 40% as the threshold),
and after randomly selecting 400 homomeric PPIs (denoted as HomoPDB) and 200 heteromeric
PPIs (denoted as HeteroPDB) as independent test sets, the remaining 7362 homomeric and
heteromeric PPIs were used for training and validation.
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DHTest and DB5.5 were also prepared in the work of DRN-1D2D_Inter by removing PPIs which are
redundant (with sequence identity 40% as the threshold) to our training and validation set from
the test set of DeepHomo and Docking Benchmark 5.5. DHTest contains 130 homomeric PPIs, and
DB5.5 contains 59 heteromeric PPIs. Therefore, all the test sets used in this study are non-
redundant (with sequence identity 40% as the threshold) to the dataset for the model
development.

Inter-protein contact definition

For a given PPI, two residues from the two interacting proteins are defined to be in contact if the
distance of any two heavy atoms belonging the two residues is smaller than 8 A.

Preparing the Input features

Geometric graphs from structures of interacting monomers

We first represent the protein as a graph, where each residue is represented as a node, and an
edge is defined if the Ca atom distance between two residues is less than 18A (In our small-scale
tests, increasing the cutoff used for defining edges can slightly increase the performance of the
model. However, due to GPU memory limitations, we set the cutoff as 184). For each node and
edge, we use scalars and vectors extracted from the 3D structures as their geometric features.

For each residue, we use its C,0,Ca,N and a virtual Cf atom coordinates to extract information, the
virtual Cp coordinates are calculated using the following formula(Dauparas et al., 2022 #): b = Ca -
N, c=C-Caq, a = cross(b, c), Cp =-0.58273431*a + 0.56802827*Db - 0.54067466*c + Ca.

To achieve a SE(3) invariant graph representation, as shown in Figure S3b 2, we define a local
coordinate system on each residue(Jumper et al., 2021 @ ; Pages et al., 2019). Specifically, for
each residue, the unit vector in the Ca - C direction is set as thex axis, the unit vector in the Ca-C-N
plane and perpendicularx to is used as’y, and the z-direction is obtained through the cross product
of x andy.

For the ith node, we use the three dihedral angles (¢, , w) of the corresponding residue as the
scalar features of the node (Figure S8a ), and the unit vectors between the C;, N;,0;, Ca;, and CB;
atoms of the corresponding residue and the C,_4, N;_1,0;_1, Ca;_1, and CB,_, atoms of the forward
residue and the C;,q, Nj4q, Oj1q, Ca;4q, and CB,,; atoms of backward residue as the vector features
of the node. In total, for each node, the dimension of the scalar features is 6 (each dihedral angle is
encoded with its sine and cosine) and the dimension of the vector features is 50*3.

For the edge between ith node and jth node, we use the distances and directions between the
atoms of the two residues as the scalar features and vector features(See Figure S8b (). The
distances between the C,, N;,0;, Ca;, and Cp; atoms of ith residue and the Cj, N;,0;, Ca;, and CBj atoms
of the jth residue are used as scalar features after encoded with the 16 Gaussian radial basis
functions(Jing, Eismann, Suriana, et al., 2021). The position difference between i and j (j-i) is also
used as a scalar feature after sinusoidal encoding(Vaswani et al., 2017 (%). The unit vectors
between the C;, N;,0;, Ca;, and Cp; atoms of ith residue and the C; N;,0;, Ca;, and CBj atoms of the jth
residue are used as vector features. In total, for each edge, the dimension of the scalar features is
432 and the dimension of the vector features is 25*3.

Embeddings of single sequence, MSA and structure

The single sequence embedding is obtained by feeding the sequence into ESM-1b, and the
structure embedding is obtained by feeding the structure into ESM-IF. To obtain the MSA
embedding, we first search the Uniref100 protein sequence database for the sequence using
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JACKHMMER(Potter et al., 2018 @) with the parameter (--incT L/2) to obtain the MSA, which is then
inputted to hhmake(Steinegger et al., 2019(%) to get the HMM file, and to the LoadHMM.py script
from RaptorX_Contact(Wang et al., 2017 @) to obtain the PSSM. The number of sequences of MSA
is limited to 256 by hhfilter(Steinegger et al., 2019(% ) and then input to ESM-MSA-1b to get the
MSA embedding. The dimensions of the sequence embedding, PSSM, MSA embedding and
structural embeddings are 1280, 20, 768 and 512 respectively. After adding embeddings to the
scalar features of the nodes, the dimension of the scalar features of each node is 2586.

2D feature from paired MSA

For homomeric PPIs, the paired MSA is formed by concatenating two copies of the MSA. For
heteromeric PPIs, the paired MSA is formed by pairing the MSAs through the phylogeny-based
approach described in (https://github.com/ChengfeiYan/PPI_MSA-taxonomy_rank @ )(Si & Yan, 2022).
We input the paired MSA into CCMpred(Seemayer et al., 2014(2) to get the evolutionary coupling
matrix, and into alnstats(Jones et al., 2015 ) to get mutual information matrix, APC-corrected
mutual information matrix and contact potential matrix. The number of sequences of paired MSA
is limited to 256 by hhfilter(Steinegger et al., 20192 ) and then input to ESM-MSA-1b to get the
attention maps. In total, the channel of 2D features is 148.

GVP and GVPConv

GVP is a two-track neural network module consisting of a scalar track and a vector track, which
can perform SE(3) invariant transformations on scalar features and SE(3) equivariant
transformations on vector features. A detailed description can be found in the work of GVP(Jing,
Eismann, Soni, et al., 2021; Jing, Eismann, Suriana, et al., 2021).

GVPConv is a message passing based graph neural network, which mainly consists of a message
function and a feedforward function. Where the message function contains a sequence of three
GVP modules and the feedforward function contains a sequence of two GVP modules. GVPConv is
used to transform the node features. Specifically, the input node features are first processed by the
message function. We denote the features of node i by &/, the feature of edge (j—1i) by #/~/, the set
of nodes connected to node i by ¢;, and the three GVP modules of the message function by gm, then
the node features processed by the message function can be represented as:

hi, = —— (T jee; gm(concat (', W™, b)) (1

len(s )

Where len(e;) denotes the number of nodes connected to node i. After sequential normalization
(Equation 2) and feedforward function (Equation 3), the features of node i updated by GVPConv
Layer are obtained:

hin = LayerNorm(hl, + Dropout(h’,)) (2)
L. = LayerNorm(hi, + Dropout(gs(hi,))) 3)

Where gs denotes the two GVP modules of the feedforward function, A’ denotes the outputs of
GVPConv Layer.

The transforming procedure in the residual network module

We first use a convolution layer with kernel size of 1*1 to reduce the number of channels of the
input 2D feature maps from 1044 to 96, which are then transformed successively by 9 dimensional
hybrid residual blocks and another convolution layer with kernel size of 1*1 for the channel
reduction (from 96 to 1). Finally, we use the sigmoid function to transform the feature map to
obtain the predicted inter-protein contact map.
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Training protocol

Our training set contains 7362 PPIs, and we used seven-fold cross-validation to train PLMGraph-
Inter. Specifically, we randomly divided the training set into seven subsets, and each time, we
selected six subsets as the training set and the remaining subset as the validation set. Seven
models were trained in total, and the final prediction was the average of the predictions from the
seven models. Each model was trained using AdamW optimizer with 0.001 as the initial learning
rate, in which the singularity enhanced loss function proposed by in our previous study(Si & Yan,

did not decrease within 2 epochs, we would decay the learning rate by 0.1. The training stopped
after the learning rate decayed twice and the model with the highest top-50 mean precision on the
validation dataset was saved as the prediction model.

PLMGraph-Inter was implemented with pytorch (v.1.11) and trained on one NVIDIA TESLA A100
GPU with batch size equaling to 1. Due to memory limitation of GPU, the length of each protein
sequence was limited to 400. When a sequence was longer than 400, a fragment with sequence
length equaling to 400 was randomly selected in the model training.

Quality assessment of the predicted protein complex structures
We evaluated the models generated by AlphaFold-Multimer and HADDOCK using DockQ(Basu &

that the prediction is incorrect; 0.23<DockQ<0.49 means the model is an acceptable prediction;
0.49<DockQ<0.8 corresponds to a medium quality prediction; and 0.8< DockQ corresponds to a
high quality prediction.

Further potential redundancies removal
between the training and the test

Removing potential redundancies using
different sequence similarity thresholds

CD-HIT(W. Li et al., 2001 (2) was originally used in removing redundancies between the training
and test sets used in this study. Since the lowest sequence identity threshold accepted by CD-HIT is
40%, to use more stringent threshold in the redundancy removal. We further clustered all the
monomer sequences from the training set and the test sets (HomoPDB, HeteroPDB) using
MMSeq2(Steinegger & Soding, 2018 @) with different sequence identity thresholds (40%, 30%,
20%, 10%). Under a certain threshold, each sequence is uniquely labeled by the cluster (e.g. cluster
0, cluster 1, ...) to which it belongs, from which each PPI can be marked with a pair of clusters (e.g.
cluster 0-cluster 1). The PPIs belonging to the same cluster pair (note: cluster n - cluster m and
cluster n-cluster m were considered as the same pair) were considered as redundant with this
sequence identity threshold. For each PPI in the test set, if the pair cluster it belonging to contains
any PPI belonging to the training set, we remove that PPI from the test set.

Removing potential redundancies using different
fold similarity thresholds of interacting monomers

We used TM-align(Zhang & Skolnick, 2005 ) to evaluate the fold similarities (in TM-scores)
between the experimental structures of the interacting monomers in the training set and the test
sets (HomoPDB, HeteroPDB). Specifically, for any two targets A-B and A’-B’ in the training set and
test sets respectively, where A, B, A’ and B’ represent the interacting monomers. We calculated the
MTM-score defined as

min(TM — scoreyy,, TM — scoregg,)

min(TM — scoreyg,, TM — scoregy,,) @)

MTM — score = max{

Yunda Si et al., 2024 eLife. https://doi.org/10.7554/eLife.92184.2 22 of 51


https://doi.org/10.7554/eLife.92184.2

i eLife

between the two targets. The MTM-score higher than a certain value means that both the two
interacting monomers in the two targets have fold similarity scores (TM-scores) higher than this
value. When a threshold is chosen, we remove targets in the test tests if they have MTM-scores
higher than this threshold when comparing with any target in the training set. In this study,
different thresholds including 0.9, 0.8, 0.7, 0.6, 0.5 were used in the study. 0.5 was chosen as the
lowest threshold for protein pairs with TM-score<0.5 are mainly not in the same fold.

Calculating the normalized number of

the effective sequences of paired MSA
We define the normalized number of the effective sequences (Ng5"'*'"") as follows:

norm _ 1

R W
eff — ﬁ2n=1 YN I[Smn20.8] ©)

Where L is the length of the paired MSA, N is the number of sequences in the paired MSA, §,,, , is
the sequence identity between the m-th and n-th sequences, and I[] represents the Iverson bracket,
which means /[S,,,, > 0.8] = 1if S, ,>0.8 or 0 otherwise.

m,n = m,n=

Data Availability

The PDB accession codes for the all the training and test sets are provided in https://github.com
/ChengfeiYan/PLMGraph-Inter/tree/main/data 7. Other data for supporting the finds of this study are
available from the corresponding author upon request.

Code Availability

The code for implementing PLMGraph-Inter is provided in https://github.com/ChengfeiYan
/PLMGraph-Inter .
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The comparison of PLMGraph-Inter with AlphaFold-Multimer.

(b) The head-to-head comparisons of precisions of the top 50 inter-protein contacts predicted by PLMGraph-Inter(using
AlphaFold2 predicted structures) and AlphaFold-Multimer for each target in the homomeric PPI and heteromeric PPI
datasets. (c)~(d): The mean precisions of top 50 inter-protein contacts predicted by PLMGraph-Inter(using AlphaFold2
predicted structures as input) and AlphaFold-Multimer on the PPI subsets from (c) “DHTest+HomoPDB" and (d)
“DB5.5+HeteroPDB" in which the precision of the top 50 inter-protein contacts predicted by AlphaFold-Multimer is lower than
50% or the DockQ of the complex structure predicted by AlphaFold-Multimer is lower than 0.23 or the “iptm + ptm” of the
complex structure predicted by AlphaFold-Multimer is lower than 0.5.
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Figure Sé6.

3D structure of the homodimer (PDB: 3DFU).
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The comparison of HADDOCK (with PLMGraph-Inter contact constraints) with AlphaFold-Multimer in protein complex
structure prediction. (a) The binding configurations predicted by HADDOCK (colored orange, DockQ 0.375), predicted bys
AlphaFold-Multimer (colored pink, DockQ 0) and the native binding configuration (colored blue) for the chain B of the protein
complex structure in PDB 5HPS. The chain A is shown in the protein surface mode (colored green). (b)~(c): The head-to-head
comparison of qualities of the (a) top 1 or (b) top 10 model predicted by HADDOCK with using PLMGraph-Inter predicted
contacts as restraints and AlphaFold-Multimer for each target PPI.
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Figure S8.

The graph representation of protein structures. (a) Dihedral angles of the protein backbone. (b) The local coordinate system
of each amino acid. (c) The scalar (distances) and vector (directions) of the edge i->j.

HomoPDB (precision %) HeteroPDB (precision %)
Methods
L5 | Lo | 50 10 5 L5 | L/10 | 50 10 5
DeenH 408 | 44.0 | 402 | 457 | 466
CepHOmMO | 369y | (39.5) | (36.1) | (41.6) | (42.6)
426 | 447 | 418 | 46.1 | 482 | 243 | 252 | 213 | 259 | 27.1
GLINTER 1,575 | (482) | (442) | 50.1) | 51.5) | 24.6) | (26.6) | 218) | 25.3) | (25.8)
ID?[I){I\;ter 502 | 52.8 | 49.1 | 539 | 548 | 339 | 360 | 31.7 | 365 | 37.3
DeeoHomon | 335 | 360 | 529 | 573 | 592
CepHIOMOZ | 498y | (51.3) | (49.2) | (53.4) | (54.1)
CDPred 563 | 584 | 554 | 597 | 603 | 30.6 | 315 | 28.1 | 32.6 | 324
e 1.5 | (52.9) | 50.9) | (53.9) | 54.2) | 30.7) | 32.3) | @7.7) | (32.8) | 33.2)
PLMGraph- | 663 | 68.4 | 652 | 69.7 | 70.1 | 458 | 48.7 | 412 | 492 | 52.0
Tuker (59.1) | (61.0) | (58.4) | (62.4) | (62.5) | (41.9) | (43.5) | (37.7) | (44.3) | (45.2)

Note: The highest mean precision (%) in each column is highlighted in bold.

Table S1.

The performances of DeepHomo, GLINTER, DRN-1D2D_Inter, DeepHomo2, CDPred and PLMGraph-Inter on HomoPDB and
HeteroPDB after the removal of targets which GLINTER failed to make the prediction using experimental structures

(AlphaFold2 predicted structures)
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HomoPDB (precision %) HeteroPDB (precision %)
Methods
L/5 |L/10 | 50 10 5 L/5 | L/10| 50 10 5
Model a 31,7 | 342 | 309 | 358 | 374 | 182 | 19.1 | 165 | 193 | 19.7
Model b 52.1 | 549 | 50.7 | 573 | 583 | 32.7 | 32.8 | 28.8 | 32.9 | 343
Model ¢ 545 | 574 | 52.8 | 589 | 60.6 | 32.9 | 34.1 | 293 | 34.0 | 343
Model d 64.0 | 657 | 62.6 | 67.3 | 68.1 | 37.8 | 39.7 | 354 | 40.1 | 41.0
Model e 67.1 | 692 | 663 | 70.5 | 713 | 422 | 433 | 38.7 | 43.9 | 446
Model f 68.6 | 704 | 673 | 71.6 | 72.1 | 459 | 48.6 | 41.4 | 49.1 | 51.6
Table S2.
The performances of different ablation study models on the HomoPDB and HeteroPDB test sets
DHTest (precision %) DBS5.5 (precision %)
Methods
L/5 | L/10 | 50 10 5 L/5 | L/10 | 50 10 5
Deenk 450 | 474 | 442 | 502 | 509
ecptiomo (36.5) | (38.2) | (36.1) | (40.4) | (42.9)
485 | 508 | 474 | 512 | 523 | 188 | 205 | 152 | 21.9 | 207
GLINTER (46.7) | (48.8) | (45.1) | (51.0) | (51.5) | (16.1) | (15.0) | (12.6) | (15.6) | (16.9)
DRN-
. . . 9 | 560 | 244 | 269 | 207 | 254 | 275
15O Tater 52.1 | 533 | 523 | 549 6.9
DeenHomo? 595 | 60.0 | 587 | 613 | 62.0
cepHomo 50.7) | (51.7) | (50.5) | (52.5) | (52.6)
CDPred 692 | 722 | 691 | 737 | 748 | 277 [ 293 [ 247 | 306 | 302
Le (61.4) | (62.4) | (61.0) | (63.3) | (64.1) | 24.7) | 26.6) | (22.8) | 27.4) | (28.1)
PLMGraohInter | 720 | 733 | 719 [ 747 [ 75.4 [ 33.6 | 364 | 295 [ 369 | 400
raph-Inter 1 ¢4 7y | (62.6) | (61.1) | (63.4) | (63.5) | 28.6) | 31.49) | 23.8) | 30.3) | 31.5)

Note: The highest mean precision (%) in each column is highlighted in bold.

Table S3.

The performances of DeepHomo, GLINTER, DRN-1D2D_Inter, DeepHomo2, CDPred and PLMGraph-Inter on the DHTest and
DBS5.5 test sets using experimental structures (AlphaFold2 predicted structures)
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DHTest (precision %) DBS5.5 (precision %)
Methods

L/5 L/10 50 10 5 L/5 L/10 50 10 5

416 | 439 | 413 | 476 | 486
(32.6) | (33.7) | 32.9) | 35.8) | (37.8)

485 | 508 | 474 | 512 | 523 | 188 | 205 | 152 | 21.9 [ 207
GLINTER | 1% | @34y | 0.4y | a6,y | (a6.3) | (15.5) | (140) | (12.6) | (15.4) | (16.4)

DeepHomo

DRN-

45.5 46.9 45.5 48.9 49.9 23.4 253 19.9 24.6 25.7
1D2D Inter
DeepHomo?2 56.3 | 57.1 1 56.0 | 589 | 59.2

(48.2) | (49.7) | (48.4) | (50.1) | (49.4)
CDPred 654 | 679 | 654 | 69.7 | 70.8 | 27.8 | 292 | 244 | 30.7 | 303
(56.9) | (58.1) | (56.9) | (59.3) | (539.7) | (24.3) | (25.9) | 22.6) | (27.1) | (27.9)
PLMGraph- | 64.7 | 662 | 653 | 683 | 692 | 324 | 344 | 285 | 355 | 38.6
Inter (55.8) | (57.0) | (55.8) | (37.5) | (57.3) | 27.9) | (30.4) | (23.4) | (30.0) | (30.7)

Note: The highest mean precision (%) in each column is highlighted in bold.

Table S4.

The performances of DeepHomo, GLINTER, DRN-1D2D_Inter, DeepHomo2, CDPred and PLMGraph-Inter on DHTest and DB5.5
after the removal of targets which GLINTER failed to make the prediction using experimental structures (AlphaFold2
predicted structures)

Precision@Top 50 (%)
Methods
Homodimer | Heterodimer
AlphaFold-Multimer 76.5 67.8
PLMGraph-Inter (experimental structure as inputs) 68.7 38.6
PLMGraph-Inter (AlphaFold2 predicted structure as 612 346
inputs) ) )

Table S5.

The performances of AlphaFold-Multimer and PLMGraph-Inter on the homodimer and heterodimer test sets
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Summary:

Given knowledge of the amino acid sequence and of some version of the 3D structure of two
monomers that are expected to form a complex, the authors investigate whether it is possible
to accurately predict which residues will be in contact in the 3D structure of the expected
complex. To this effect, they train a deep learning model which takes as inputs the geometric
structures of the individual monomers, per-residue features (PSSMs) extracted from MSAs for
each monomer, and rich representations of the amino acid sequences computed with the pre-
trained protein language models ESM-1b, MSA Transformer, and ESM-IF. Predicting inter-
protein contacts in complexes is an important problem. Multimer variants of AlphaFold, such
as AlphaFold-Multimer, are the current state of the art for full protein complex structure
prediction, and if the three-dimensional structure of a complex can be accurately predicted
then the inter-protein contacts can also be accurately determined. By contrast, the method
presented here seeks state-of-the-art performance among models that have been trained end-
to-end for inter-protein contact prediction.
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Strengths:

The paper is carefully written and the method is very well detailed. The model works both for
homodimers and heterodimers. The ablation studies convincingly demonstrate that the
chosen model architecture is appropriate for the task. Various comparisons suggest that
PLMGraph-Inter performs substantially better, given the same input, than DeepHomo,
GLINTER, CDPred, DeepHomo2, and DRN-1D2D_Inter.

The authors control for some degree of redundancy between their training and test sets, both
using sequence and structural similarity criteria. This is more careful than can be said of
most works in the field of PPI prediction.

As a byproduct of the analysis, a potentially useful heuristic criterion for acceptable contact
prediction quality is found by the authors: namely, to have at least 50% precision in the
prediction of the top 50 contacts.

Weaknesses:

The authors check for performance drops when the test set is restricted to pairs of interacting
proteins such that the chain pair is not similar *as a pair* (in sequence or structure) to a pair
present in the training set. A more challenging test would be to restrict the test set to pairs of
interacting proteins such that *none* of the chains are separately similar to monomers
present in the training set. In the case of structural similarity (TM-scores), this would amount
to replacing the two "min"s with "max"s in Eq. (4). In the case of sequence similarity, one
would simply require that no monomer in the test set is in any MMSeqs2 cluster observed in
the training set. This may be an important check to make, because a protein may interact
with several partners, and/or may use the same sites for several distinct interactions,
contributing to residual data leakage in the test set.

The training set of AFM with v2 weights has a global cutoff of 30 April 2018, while that of
PLMGraph-Inter has a cutoff of March 7 2022. So there may be structures in the test set for
PLMGraph-Inter that are not in the training set of AFM with v2 weights (released between
May 2018 and March 2022). The "Benchmark 2" dataset from the AFM paper may have a few
additional structures not in the training or test set for PLMGraph-Inter. I realize there may be
only few structures that are in neither training set, but still think that showing the
comparison between PLMGraph-Inter and AFM there would be important, even if no
statistically significant conclusions can be drawn.

Finally, the inclusion of AFM confidence scores is very good. A user would likely trust AFM
predictions when the confidence score is high, but look for alternative predictions when it is
low. The authors' analysis (Figure 6, panels c and d) seems to suggest that, in the case of
heterodimers, when AFM has low confidence, PLMGraph-Inter improves precision by (only)
about 3% on average. By comparison, the reported gains in the "DockQ-failed" and "precision-
failed" bins are based on knowledge of the ground truth final structure, and thus are not
actionable in a real use-case.

https://doi.org/10.7554/eLife.92184.2.sa1

Reviewer #2 (Public Review):

This work introduces PLMGraph-Inter, a new deep learning approach for predicting inter-
protein contacts, which is crucial for understanding protein-protein interactions. Despite
advancements in this field, especially driven by AlphaFold, prediction accuracy and
efficiency in terms of computational cost still remains an area for improvement. PLMGraph-
Inter utilizes invariant geometric graphs to integrate the features from multiple protein
language models into the structural information of each subunit. When compared against
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other inter-protein contact prediction methods, PLMGraph-Inter shows better performance
which indicates that utilizing both sequence embeddings and structural embeddings is
important to achieve high-accuracy predictions with relatively smaller computational costs
for the model training.

https://doi.org/10.7554/eLife.92184.2.sa0

Author Response
The following is the authors’ response to the current reviews.
Overall Response

We thank the reviewers for reviewing our manuscript, recognizing the significance of our
study, and offering valuable suggestions. Based on the reviewer’s comments and the updated
eLife assessment, we would like to chose the current version of our manuscript as the Version
of Record of our manuscript.

Public Reviews:
Reviewer #1 (Public Review):
Summary:

Given knowledge of the amino acid sequence and of some version of the 3D structure of
two monomers that are expected to form a complex, the authors investigate whether it is
possible to accurately predict which residues will be in contact in the 3D structure of the
expected complex. To this effect, they train a deep learning model which takes as inputs
the geometric structures of the individual monomers, per-residue features (PSSMs)
extracted from MSAs for each monomer, and rich representations of the amino acid
sequences computed with the pre-trained protein language models ESM-1b, MSA
Transformer, and ESM-IF. Predicting inter-protein contacts in complexes is an important
problem. Multimer variants of AlphaFold, such as AlphaFold-Multimer, are the current
state of the art for full protein complex structure prediction, and if the three-dimensional
structure of a complex can be accurately predicted then the inter-protein contacts can
also be accurately determined. By contrast, the method presented here seeks state-of-
the-art performance among models that have been trained end-to-end for inter-protein
contact prediction.

Strengths:

The paper is carefully written and the method is very well detailed. The model works both
for homodimers and heterodimers. The ablation studies convincingly demonstrate that
the chosen model architecture is appropriate for the task. Various comparisons suggest
that PLMGraph-Inter performs substantially better, given the same input, than
DeepHomo, GLINTER, CDPred, DeepHomo2, and DRN-1D2D_Inter.

The authors control for some degree of redundancy between their training and test sets,
both using sequence and structural similarity criteria. This is more careful than can be
said of most works in the field of PPI prediction.

As a byproduct of the analysis, a potentially useful heuristic criterion for acceptable
contact prediction quality is found by the authors: namely, to have at least 50% precision
in the prediction of the top 50 contacts.

We thank the reviewer for recognizing the strengths of our work!
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Weaknesses:

The authors check for performance drops when the test set is restricted to pairs of
interacting proteins such that the chain pair is not similar as a pair (in sequence or
structure) to a pair present in the training set. A more challenging test would be to
restrict the test set to pairs of interacting proteins such that none of the chains are
separately similar to monomers present in the training set. In the case of structural
similarity (TM-scores), this would amount to replacing the two "min"s with "max"s in Eq.
(4). In the case of sequence similarity, one would simply require that no monomer in the
test set is in any MMSeqs2 cluster observed in the training set. This may be an important
check to make, because a protein may interact with several partners, and/or may use the
same sites for several distinct interactions, contributing to residual data leakage in the
test set.

We thank the reviewer for the suggestion! In the case of protein-protein prediction (“0D
prediction”) or protein-protein interfacial residue prediction(“1D prediction”), we think
making none of the chains in the test set separately similar to monomers in the training set is
necessary, as the reviewer pointed out that a protein may interact with several partners, and
may even use the same sites for the interactions. Since the task of this study is predicting the
inter-protein residue-residue contacts (“2D prediction”), even though a protein uses the same
site to interact with different partners, as long as the interacting partners are different, the
inter-protein contact maps would be different. Therefore, we don’t think that in our task,
making this restriction to the test set is necessary.

The training set of AFM with v2 weights has a global cutoff of 30 April 2018, while that of
PLMGraph-Inter has a cutoff of March 7 2022. So there may be structures in the test set
for PLMGraph-Inter that are not in the training set of AFM with v2 weights (released
between May 2018 and March 2022). The "Benchmark 2" dataset from the AFM paper
may have a few additional structures not in the training or test set for PLMGraph-Inter. I
realize there may be only few structures that are in neither training set, but still think
that showing the comparison between PLMGraph-Inter and AFM there would be
important, even if no statistically significant conclusions can be drawn.

We thank the reviewer for the suggestion! It is not enough to only use the date cutoff to
remove the redundancy, since similar structures can be deposited in the PDB in different
dates. Because AFM does not release the PDB codes of its training set, it is difficult for us to
totally remove the redundancy. Therefore, we think no rigorous conclusion can be drawn by
including these comparisons in the manuscript. Besides, the main point of this study is to
demonstrate that the integration of multiple protein language models using protein
geometric graphs can dramatically improve the model performance for inter-protein contact
prediction, which can provide some important enlightenments for the future development of
more powerful protein complex structure prediction methods beyond AFM, rather than
providing a tool which can beat AFM at this moment. We think including too many stuffs in
the comparison with AFM may distract the readers. Therefore, we choose to not include these
comparisons in the manuscript.

Finally, the inclusion of AFM confidence scores is very good. A user would likely trust AFM
predictions when the confidence score is high, but look for alternative predictions when it
is low. The authors' analysis (Figure 6, panels c and d) seems to suggest that, in the case
of heterodimers, when AFM has low confidence, PLMGraph-Inter improves precision by
(only) about 3% on average. By comparison, the reported gains in the "DockQ-failed" and
"precision-failed" bins are based on knowledge of the ground truth final structure, and
thus are not actionable in a real use-case.
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We agree with the reviewer that more studies are needed for providing a model which can
well complement or even beat AFM. The main point of this study is to demonstrate that the
integration of multiple protein language models using protein geometric graphs can
dramatically improve the model performance for inter-protein contact prediction, which can
provide some important enlightenments for the future development of more powerful
protein complex structure prediction methods beyond AFM.

Reviewer #2 (Public Review):

This work introduces PLMGraph-Inter, a new deep learning approach for predicting
inter-protein contacts, which is crucial for understanding proteinprotein interactions.
Despite advancements in this field, especially driven by AlphaFold, prediction accuracy
and efficiency in terms of computational cost still remains an area for improvement.
PLMGraph-Inter utilizes invariant geometric graphs to integrate the features from
multiple protein language models into the structural information of each subunit. When
compared against other inter-protein contact prediction methods, PLMGraph-Inter
shows better performance which indicates that utilizing both sequence embeddings and
structural embeddings is important to achieve high-accuracy predictions with relatively
smaller computational costs for the model training.

We thank the reviewer for recognizing the strengths of our work!

Recommendations for the authors:
Reviewer #1 (Recommendations For The Authors):
e Irecommend renaming the section "Further potential redundancies removal

between the training and the test" to "Further potential redundancies removal
between the training and the test sets"

Changed.

e Inlines 768-769, the sentence seems to end prematurely in "to use more stringent
threshold in the redundancy removal”

Corrected.

e In Eq. (4), line 789, there are many instances of dashes that look like minus signs,
creating some confusion.

Corrected.

e I think I may have mixed up figure references in my first review. When I said
(Recommendations to the authors): "p. 22, line 2: from the figure, I would have
guessed "greater than or equal to 0.7", not 0.8", I think I was referring to what is
now lines 423-424, referring to what is now Figure 5c. The point stands there, I
think.

Corrected.

e A couple of new grammatical mishaps have been introduced in the revision.
These could be rectified.

Yunda Si et al., 2024 eLife. https://doi.org/10.7554/eLife.92184.2 42 of 51


https://doi.org/10.7554/eLife.92184.2

7 eLife

We carefully rechecked our revisions, and corrected the grammatical issues we found.

Reviewer #2 (Recommendations For The Authors):

Most of my concerns were resolved through the revision. I have only one suggestion for
the main figure.

The current scatter plots in Figure 2 are hard to understand as too many different
methods are abstracted into a single plot with multiple colors. I would suggest
comparing their performances using box plot or violin plot for the figure 2.

We thank the reviewer for the suggestion! In the revision, we tried violin plot, but it does not
look good since too many different methods are included in the plot. Besides, we chose the
scatter plot as it can provide much more details. We also provided the individual head-to-
head scatter plots as supplementary figures, we think which can also be helpful for the
readers to capture the information of the figures.

The following is the authors’ response to the original reviews.
Overall Response

We would like to thank the reviewers for reviewing our manuscript, recognizing the
significance of our study, and offering valuable suggestions. We have carefully revised the
manuscript to address all the concerns and suggestions raised by the reviewers.

Public Reviews:
Reviewer #1 (Public Review):
Summary:

Given knowledge of the amino acid sequence and of some version of the 3D structure of
two monomers that are expected to form a complex, the authors investigate whether it is
possible to accurately predict which residues will be in contact in the 3D structure of the
expected complex. To this effect, they train a deep learning model that takes as inputs
the geometric structures of the individual monomers, per-residue features (PSSMs)
extracted from MSAs for each monomer, and rich representations of the amino acid
sequences computed with the pre-trained protein language models ESM-1b, MSA
Transformer, and ESM-IF. Predicting inter-protein contacts in complexes is an important
problem. Multimer variants of AlphaFold, such as AlphaFold-Multimer, are the current
state of the art for full protein complex structure prediction, and if the three-dimensional
structure of a complex can be accurately predicted then the inter-protein contacts can
also be accurately determined. By contrast, the method presented here seeks state-of-
the-art performance among models that have been trained end-to-end for inter-protein
contact prediction.

Strengths:

The paper is carefully written and the method is very well detailed. The model works both
for homodimers and heterodimers. The ablation studies convincingly demonstrate that
the chosen model architecture is appropriate for the task. Various comparisons suggest
that PLMGraph-Inter performs substantially better, given the same input than
DeepHomo, GLINTER, CDPred, DeepHomo2, and DRN-1D2D_Inter. As a byproduct of the
analysis, a potentially useful heuristic criterion for acceptable contact prediction quality
is found by the authors: namely, to have at least 50% precision in the prediction of the
top 50 contacts.
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We thank the reviewer for recognizing the strengths of our work!

Weaknesses:

My biggest issue with this work is the evaluations made using bound monomer
structures as inputs, coming from the very complexes to be predicted. Conformational
changes in protein-protein association are the key element of the binding mechanism
and are challenging to predict. While the GLINTER paper (Xie & Xu, 2022) is guilty of the
same sin, the authors of CDPred (Guo et al., 2022) correctly only report test results
obtained using predicted unbound tertiary structures as inputs to their model. Test
results using experimental monomer structures in bound states can hide important
limitations in the model, and thus say very little about the realistic use cases in which
only the unbound structures (experimental or predicted) are available. I therefore
strongly suggest reducing the importance given to the results obtained using bound
structures and emphasizing instead those obtained using predicted monomer structures
as inputs.

We thank the reviewer for the suggestion! In the revision, to emphasize the performance of
PLMGraph-Inter using the predicted monomer structures, we moved the evaluation results
based on the predicted monomer from the supplementary to the main text (see the new Table
1 and Figure 2 in the revised manuscript) and re-organized the two subsections “Evaluation
of PLMGraph-Inter on HomoPDB and HeteroPDB test sets” and “Impact of the monomeric
structure quality on contact prediction” in the main text.

In particular, the most relevant comparison with AlphaFold-Multimer (AFM) is given in
Figure S2, not Figure 6. Unfortunately, it substantially shrinks the proportion of
structures for which AFM fails while PLMGraph-Inter performs decently. Still, it would be
interesting to investigate why this occurs. One possibility would be that the predicted
monomer structures are of bad quality there, and PLMGraph-Inter may be able to rely
on a signal from its language model features instead. Finally, AFM multimer confidence
values ("iptm + ptm") should be provided, especially in the cases in which AFM struggles.

We thank the reviewer for the suggestion! It is worth noting that AFM automatically searches
monomer templates in the prediction, and when we checked our AFM runs, we found that
99% of the targets in our study (including all the targets in the four datasets: HomoPDB,
HeteroPDB, DHTest and DB5.5) at least 20 templates were identified (AFM employed the top
20 templates in the prediction), and 87.8% of the targets employed the native templates (line
455-462 in page 25 in the subsection of “Comparison of PLMGraph-Inter with AlphaFold-
Multimer”). Therefore, we think Figure 6 not Figure S5 (the original Figure S2) shows a fairer
comparison. Besides, it is also worth noting the targets used in this study would have a large
overlap with the training set of AlphaFold-Multimer, since AFM used all protein complex
structures in PDB deposited before 2018-04-30 in the model training, which would further
cause the overestimation of the performance of AFM (line 450-455 in page 24-25 in the
subsection of “Comparison of PLMGraph-Inter with AlphaFold-Multimer”).

To mimic the performance of AlphaFold2 in real practice and produce predicted monomeric
structures with more diverse qualities, we only used the MSA searched from Uniref100
protein sequence database as the input to AlphaFold2 and set to not use the template (line
203~210 in page 12 in the subsection of “Evaluation of PLMGraph-Inter on HomoPDB and
HeteroPDB test sets”). Since some of the predicted monomer structures are of bad quality, it is
reasonable that the performance of PLMGraph-Inter drops when the predicted monomeric
structures are used in the prediction. We provided a detailed analysis of the impact of the
monomeric structure quality on the prediction performance in the subsection “Impact of the
monomeric structure quality on contact prediction” in the main text.
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We provided the analysis of the AFM multimer confidence values (“iptm + ptm”) in the
revision (Figure 6, Figure S5 and line 495-501 in page 27 in the subsection of “Comparison of
PLMGraph-Inter with AlphaFold-Multimer”).

Besides, in cases where any experimental structures - bound or unbound - are available
and given to PLMGraph-Inter as inputs, they should also be provided to AlphaFold-
Multimer (AFM) as templates. Withholding these from AFM only makes the comparison
artificially unfair. Hence, a new test should be run using AFM templates, and a new
version of Figure 6 should be produced. Additionally, AFM's mean precision, at least for
top-50 contact prediction, should be reported so it can be compared with PLMGraph-
Inter's.

We thank the reviewers for the suggestion, and we are sorry for the confusion! In the AFM
runs to predict protein complex structures, we used the default setting of AFM which
automatically searches monomer templates in the prediction. When we checked our AFM
runs, we found that 99% of the targets in our study (including all the targets in the four
datasets: HomoPDB, HeteroPDB, DHTest and DB5.5) employed at least 20 templates in their
predictions (AFM only used the top 20 templates), and 87.8% of the targets employed the
native template. We further clarified this in the revision (line 455462 in page 25 in the
subsection of “Comparison of PLMGraph-Inter with AlphaFoldMultimer”). We also included
the mean precisions of AFM (top-50 contact prediction) in the revision (Table S5 and line 483-
484 in page 26 in the subsection of “Comparison of PLMGraph-Inter with AlphaFold-
Multimer?”).

It's a shame that many of the structures used in the comparison with AFM are actually in
the AFM v2 training set. If there are any outside the AFM v2 training set and, ideally, not
sequence- or structure-homologous to anything in the AFM v2 training set, they should
be discussed and reported on separately. In addition, why not test on structures from the
"Benchmark 2" or "Recent-PDB-Multimers" datasets used in the AFM paper?

We thank the reviewer for the suggestion! The biggest challenge to objectively evaluate AFM
is that as far as we known, AFM does not release the PDB ids of its training set and the
“Recent-PDB-Multimers” dataset. “Benchmark 2” only includes 17 heterodimer proteins, and
the number would be further decreased after removing targets redundant to our training set.
We think it is difficult to draw conclusions from such a small number of targets.

It is also worth noting that the AFM v2 weights have now been outdated for a while, and
better v3 weights now exist, with a training cutoff of 2021-09-30.

Author response image 1.

The head-to-head comparison of qualities of complex predicted by AlphaFold-Multimer (2.2.0)
and AlphaFold-Multimer (2.3.2) for each target PPI.
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We thank the reviewer for reminding the new version of AFM. The only difference between
AFM V3 and V2 is the cutoff date of the training set. During the revision, we also tested the
new version of AFM on the datasets of HomoPDB and HeteroPDB, but we found the
performance difference between the two versions of AFM is actually very little (see the figure
above, not shown in the main text). One reason might be that some targets in HomoPDB and
HeteroPDB are redundant with the training sets of the two version of AFM. Since our test sets
would have more overlaps with the training set of AFM V3, we keep using the AFM V2
weights in this study.

Another weakness in the evaluation framework: because PLMGraph-Inter uses structural
inputs, it is not sufficient to make its test set non-redundant in sequence to its training
set. It must also be non-redundant in structure. The Benchmark 2 dataset mentioned
above is an example of a test set constructed by removing structures with homologous
templates in the AF2 training set. Something similar should be done here.

We thank the reviewer for the suggestion! In the revision, we explored the performance of
PLMGraph-Inter when using different thresholds of fold similarity scores of interacting
monomers to further remove potential redundancies between the training and test sets (i.e.
redundancy in structure ) (line 353-386 in page 19-21 in the subsection “Ablation study”; line
762-797 in page 41-43 in the subsection “Further potential redundancies removal between the
training and the test”). We found that for heteromeric PPIs (targets in HeteroPDB), the further
removal of potential redundancy in structure has little impact on the model performance
(~3%, when TM-score 0.5 is used as the threshold). However, for homomeric PPIs (targets in
HomoPDB), the further removal of potential redundancy in structure significantly reduce the
model performance (~18%, when TM-score 0.5 is used as the threshold) (see Table 2). One
possible reason for this phenomenon is that the binding mode of the homomeric PPI is
largely determined by the fold of its monomer, thus the does not generalize well on targets
whose folds have never been seen during the training.

Whether the deep learning model can generalize well on targets with novel folds is a very
interesting and important question. We thank the reviewer for pointing out this! However, to
the best of our knowledge, this question has rarely been addressed by previous studies
including AFM. For example, the Benchmark 2 dataset is prepared by ClusPro TBM (bioRxiv
2021.09.07.459290; Proteins 2020, 88:1082-1090) which uses a sequence-based approach
(HHsearch) to identify templates not structure-based. Therefore, we don’t think this dataset is
non-redundant in structure.
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Finally, the performance of DRN-1D2D for top-50 precision reported in Table 1 suggests
to me that, in an ablation study, language model features alone would yield better
performance than geometric features alone. So, I am puzzled why model "a" in the
ablation is a "geometry-only" model and not a "LM-only" one.

Using the protein geometric graph to integrate multiple protein language models is the main
idea of PLMGraph-Inter. Comparing with our previous work (DRN-1D2D_Inter), we consider
the building of the geometric graph as one major contribution of this work. To emphasize the
efficacy of this geometric graph, we chose to use the “geometry-only” model as the base
model.

Reviewer #1 (Recommendations For The Authors):

Some sections of the paper use technical terminology which limits accessibility to a broad
audience. An obvious example is in the section "Results > Overview of PLMGraph-Inter >
The residual network module": the average elife reader is not a machine learning expert
and might not be familiar with a "convolution with kernel size of 1 * 1". In general, the
"Overview of PLMGraph-Inter" is a bit heavy with technical details, and I suggest moving
many of these to Methods. This overview section can still be there but it should be shorter
and written using less technical language.

We thank the reviewer for the suggestion! We moved some technical details to the Methods
section in the revision (line 184-185 in page 11; line 729-735 in page 39).

List of typos and minor issues (page number according to merged PDF):
e p. 3. line -3: remove "to"
Corrected (line 36, page 3)
e p. 5 line 7: "GINTER" should be "GLINTER"
Corrected (line 64, page 5)
® p. 6, line -4: "Given structures" -> "Given the structures"
Corrected (line 95, page 6)
| ® p. 6, line -2: "with which encoded"... ?
We rephrased this sentence in revision. (line 97, page 6)
| e p. 9 line 1: "principal" -> "principle"
Corrected (line 142, page 9)
e p. 13, line 1: "has" -> "but have"

Corrected (line 231, page 13)
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e p. 14, lines 6-7: "As can be seen from the figure that the predicted” -> "As can be
seen from the figure, the predicted”

We rephrased this paragraph, and the sentence was deleted in the revision (line 257-259 in
page 15).

‘ e p. 18, line 1: the "five models" are presumably models a-e? If so, say "of models a-
ell

Corrected (line 310, page 17)

‘ e p. 22, line 2: from the figure, I would have guessed "greater than or equal to 0.7",
not 0.8

Based the Figure 3C, we think 0.8 is a more appropriate cutoff, since the precision drops
significantly when the DTM-score is within 0.7~0.8.

| e p. 23, lines 2-3: "worth to making" -> "worth making"
Corrected (line 443, page 24)

o p. 24, line -5: "predict" -> "predicted"
Corrected (line 484, page 26)

e p 28, line -5: Please clarify what you mean by "We doubt": are you saying that you
don't think these rearrangements exist in nature? If not, then reword.

Corrected (line 566, page 30)
e Figure 2, panel ¢, "DCPred" in the legend should be "CDPred"
Corrected
| e Figures 3 and 5: Please improve the y-axis title in panel C. "Percent” of what?

We changed the “Percent” to “% of targets” in the revision.

We thank the reviewer for carefully reading our manuscript!

Reviewer #2 (Public Review):

This work introduces PLMGraph-Inter, a new deep-learning approach for predicting
inter-protein contacts, which is crucial for understanding proteinprotein interactions.
Despite advancements in this field, especially driven by AlphaFold, prediction accuracy
and efficiency in terms of computational cost) still remains an area for improvement.
PLMGraph-Inter utilizes invariant geometric graphs to integrate the features from
multiple protein language models into the structural information of each subunit. When
compared against other inter-protein contact prediction methods, PLMGraph-Inter
shows better performance which indicates that utilizing both sequence embeddings and

Yunda Si et al., 2024 eLife. https://doi.org/10.7554/eLife.92184.2 48 of 51


https://doi.org/10.7554/eLife.92184.2

7 eLife

structural embeddings is important to achieve high-accuracy predictions with relatively
smaller computational costs for the model training.

The conclusions of this paper are mostly well supported by data, but test examples
should be revisited with a more strict sequence identity cutoff to avoid any potential
information leakage from the training data. The main figures should be improved to
make them easier to understand.

We thank the reviewer for recognizing the significance of our work! We have carefully
revised the manuscript to address the reviewer’s concerns.

(1) The sequence identity cutoff to remove redundancies between training and test set
was set to 40%, which is a bit high to remove test examples having homology to training
examples. For example, CDPred uses a sequence identity cutoff of 30% to strictly remove
redundancies between training and test set examples. To make their results more solid,
the authors should have curated test examples with lower sequence identity cutoffs, or
have provided the performance changes against sequence identities to the closest
training examples.

We thank the reviewer for the valuable suggestion! The “40 sequence identity” is a widely
used threshold to remove redundancy when evaluating deep-learning based protein-protein
interaction and protein complex structure prediction methods, thus we also chose this
threshold in our study (bioRxiv 2021.10.04.463034, Cell Syst. 2021 Oct 20;12(10):969-982.€6). In
the revision, we explored whether PLMGraph-inter can keep its performance when more
stringent thresholds (30%,20%,10%) is applied (line 353386 in page 20-21 in the subsection of
“Ablation study” and line 762-780 in page 40 in the subsection of “Further potential
redundancies removal between the training and the test”). The result shows that even when
using “10% sequence identity” as the threshold, mean precisions of the predicted contacts
only decreases by ~3% (Table 2).

(2) Figures with head-to-head comparison scatter plots are hard to understand as scatter
plots because too many different methods are abstracted into a single plot with multiple
colors. It would be better to provide individual head-tohead scatter plots as
supplementary figures, not in the main figure.

We thank the reviewer for the suggestion! We will include the individual head-to-head scatter
plots as supplementary figures in the revision (Figure S1 and Figure S2 in the
supplementary).

(3) The authors claim that PLMGraph-Inter is complementary to AlphaFoldmultimer as it
shows better precision for the cases where AlphaFold-multimer fails. To strengthen the
point, the qualities of predicted complex structures via protein-protein docking with
predicted contacts as restraints should have been compared to those of AlphaFold-
multimer structures.

We thank the reviewer for the suggestion! We included this comparison in the revision
(Figure S7).

(4) It would be interesting to further analyze whether there is a difference in prediction
performance depending on the depth of multiple sequence alignment or the type of
complex (antigen-antibody, enzyme-substrates, single species PPI, multiple species PP,
etc).
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We thank the reviewer for the suggestion! We analyzed the relationship between the
prediction performance and the depth of MSA in the revision (Figure S4 and Line 253264 in
page 15 in the subsection of “Evaluation of PLMGraph-Inter on HomoPDB and HeteroPDB test
sets” and line 798-806 in page 42 in the subsection of “Calculating the normalized number of
the effective sequences of paired MSA”).

Reviewer #2 (Recommendations For The Authors):
I have the following suggestions in addition to the public review.

(1) Overall, the manuscript is well-written; however, I recommend a careful review for
minor grammar corrections to polish the final text.

We carefully checked the manuscript and corrected all the grammar issues and typos we
found in the revision.

(2) It would be better to indicate that single sequence embeddings, MSA embeddings,
and structure embeddings are ESM-1b, ESM-MSA & PSSM, and ESM-IF when they are first
mentioned in the manuscript e.g. single sequence embeddings from ESM-1b, MSA
embeddings from ESM-MSA and PSSM, and structural embeddings from ESM-IF.

We revised the manuscript according to the reviewer’s suggestion (line 86-88 in page 6; line
99-101 in page 7).

(3) I don't think "outer concatenation" is commonly used. Please specify whether it's outer
sum, outer product, or horizontal & vertical tiling followed by concatenation.

It is horizontal & vertical tiling followed by concatenation. We clarified this in the revision
(line 129-130 in page 8).

(4) 10th sentence on the page where the Results section starts, please briefly mention
what are the other 2D pairwise features.

We clarified this in the revision (line 131-132 in page 8).

(5) In the result section, it states edges are defined based on Ca distances, but in the
method section, it says edges are determined based on heavy atom distances. Please
correct one of them.

It should be Ca distances. We are sorry for the carelessness, and we corrected this in the
revision (line 646 in page 35).

(6) For the sentence, "Where ESM-1b and ESM-MSA-1b are pretrained PLMs learned from
large datasets of sequences and MSAs respectively without label supervision,”, I'd suggest
replacing "without label supervision" with "with masked language modeling tasks" for
clarity.

We revised the manuscript according to the reviewer’s suggestion (line 150-151 in page 9).

(7) It would be better to briefly explain what is the dimensional hybrid residual block
when it first mentioned.

We explained the dimensional hybrid residue block when it first mentioned in the revision
(line 107 in page 7).
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| (8) Please include error bars for the bar plots and standard deviations for the tables.

We thank the reviewer for the suggestion! Our understanding is the error bars and standard
deviations are very informative for data which follow gaussian-like distributions, but our
data (precisions of the predicted contacts) are obviously not this type. Most previous studies
in protein contact prediction and inter-protein contact prediction also did not include these
in their plots or tables. In our case, including these elements requires a dramatic change of
the styles of our figures and tables, but we would like to not change our figures and tables too
much in the revision.

(9) Please indicate whether the chain break is considered to generate attention map
features from ESM-MSA-1b. If it's considered, please specify how.

The paired sequences were directly concatenated without using any letter to connect them,
which means we did not consider chain break in generating the attention maps from ESM-
MSA-1b.
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