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ABSTRACT

Quality estimation of the predicted interaction interface of protein complex structural models is not only
important for complex model evaluation and selection but also useful for protein-protein docking. Despite recent
progress fueled by symmetry-aware deep learning architectures and pretrained protein language models (pLMs),
existing methods for estimating protein complex quality have yet to fully exploit the collective potentials of
these advances for accurate estimation of protein-protein interface. Here we present EquiRank, an improved
protein-protein interface quality estimation method by leveraging the strength of a symmetry-aware E(3)
equivariant deep graph neural network (EGNN) and integrating pLM embeddings from the pretrained ESM-
2 model. Our method estimates the quality of the protein-protein interface through an effective graph-based
representation of interacting residue pairs, incorporating a diverse set of features, including ESM-2 embeddings,
and then by learning the representation using symmetry-aware EGNNs. Our experimental results demonstrate
improved ranking performance on diverse datasets over existing latest protein complex quality estimation
methods including the top-performing CASP15 protein complex quality estimation method VoroIF_GNN and
the self-assessment module of AlphaFold-Multimer repurposed for protein complex scoring and across different
performance evaluation metrics. Additionally, our ablation studies demonstrate the contributions of both pLMs
and the equivariant nature of EGNN for improved protein-protein interface quality estimation performance.
EquiRank is freely available at https://github.com/mhshuvol/EquiRank.

1. Introduction

voxelized representation of protein complexes for scoring protein com-
plexes. Similarly, DOVE [17] employs Convolutional Neural Network

Protein-protein interactions play a fundamental role in driving a
wide range of biological processes [1-3]. Although there has been a
significant leap toward accurately predicting the monomeric protein
models by AlphaFold 2 [4], the accurate prediction of their interac-
tions still remains challenging [5-8]. Existing protein complex modeling
methods typically generate alternative complex models (a.k.a. decoys)
by performing conformational sampling of the protein-protein interac-
tion interfaces [9-12]. As such, the scoring of protein-protein interfaces
for the identification of the most accurate conformation is, therefore, an
important component of a successful protein complex structure model-
ing process [13,14].

There has been promising progress in the development of vari-
ous methods for estimating the accuracy scores of protein complexes
with the application of various machine learning models. For instance,
TRScore [15] uses the ResNet-inspired [16] VGG network to learn the
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(CNN) [18] to score protein complexes, utilizing 3D voxelized represen-
tation integrated with atomic energy. PIsTon [19] uses a vision trans-
former (ViT) with empirical-based energy terms for evaluating Protein
binding Interfaces. Recent advances in Graph Neural Network (GNN)-
based models have gained attention for their ability to effectively rep-
resent molecular structures [20,21] thus prompting their application
to protein complex quality estimation problems. Methods that utilize
Graph Neural Networks typically represent a protein-protein interface
as a graph, with each residue as a node and their interactions as edges
in the graph. For instance, our recent method PIQLE [22] successfully
applies the Graph Attention Network [23] to estimate the accuracy of
the protein-protein interface. VoroIF_GNN [24] estimates the precision
of protein complexes using the attention-based graph neural network to
learn the atom-level graph derived from the Voronoi tessellation-based
interface representations. EuDockScore [25] uses an euclidean graph
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neural network score to assess the protein-protein interface. DProQA
[26] employs a graph transformer network for estimating the quality of
protein complexes. GDockScore [27] utilizes a bi-directional graph at-
tention network for estimating the quality score of protein complexes.
GNN-DOVE [17] represents the protein interface as a graph and em-
ploys Graph Attention Network (GAT) to estimate the protein complex
score.

In addition to exploiting the graph representations of protein com-
plexes with several representative features, latest protein complex qual-
ity estimation methods leverage the power of protein language models
(PLMs), which have revolutionized diverse predictive tasks, including
protein structure prediction and protein function prediction in recent
years [28-36] For instance, DeepRank-GNN-esm [37] uses a graph neu-
ral network (GNN) that incorporates embeddings from the transformer-
based protein language model ESM-2 [31] to better capture the graph
representation of a protein complex. Despite the success of existing
protein complex quality estimation methods in applying GNN-based
approaches, such as Graph Attention Network (GAT) [23] and Graph
Transformer Network (GTN) [38], that operate efficiently on protein
graphs lacking a fixed order and providing important invariant prop-
erties regardless of node permutation, they do not inherently capture
symmetry under certain rotations and translations while dealing with
such 3D objects such as proteins [39,40]. Therefore, considering the 3D
structure of proteins, Equivariant Neural Network (EGNN) is desirable
that incorporates the spatial location of each residue [40,41], providing
properties such as equivariance to rotation and translation, while also
maintaining invariance to node permutation. Furthermore, the combi-
nation of embeddings from the Protein Language Model for efficiently
representing nodes in the interaction graph and EGNN for learning the
representation enhances the overall robustness of the framework [42].

Here we present, an improved protein-protein interface quality esti-
mation method EquiRank. EquiRank introduces several advances over
existing protein complex quality estimation methods and our previous
work PIQLE [22] including: i) the application of Symmetry-aware Equiv-
ariant Graph Neural Network (EGNN) [40], ii) training of an Ensemble
of four EGNN to separately learn multimeric distance and orientation
representations, iii) integration of the embeddings from the protein lan-
guage model based ESM-2 model, and iv) comprehensive benchmarking
and validation on diverse set of datasets.

Starting from a given protein complex, EquiRank extracts the in-
terface graph of interacting residue pairs and combines various repre-
sentative features including the embeddings from the protein language
model based ESM-2 model and our novel multimeric geometries, as
employed in our recently published protein-protein interface quality
estimation method PIQLE [22]. EquiRank delivers improved protein-
protein interface quality estimation performance over state-of-the-art
protein complex quality estimation methods across diverse datasets and
various accuracy measures. Our ablation study reveals that the improved
performance of EquiRank is directly connected to the integration of pro-
tein language model-based embeddings and EGNN. EquiRank is freely
available at https://github.com/mhshuvol/EquiRank.

2. Material and methods
2.1. Features generation

Interface graph representation: We represent a protein complex as an in-
terface graph G = (V, E) consisting of interacting residue pairs with
each of the residues in the interface as a node v € V and an interact-
ing residue pair as an edge e € E as shown in Fig. 1A. We extract the
interface residue pairs from a given protein complex based on the inter-
residue distances of their C# (Ca for glycine) atoms. Specifically, we
define a residue pair as interactive when the distance between their Cf#
(Ca for glycine) atoms is less than 10A [22]. We represent each of the
nodes in the interface graph with 349 features including protein lan-
guage model (pLM)-based and AlphaFold 2 distilled Multiple Sequence
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Alignment (MSA) features. Additionally, we represent each of the edges
with multimeric distance and orientation having 29 features.

2.1.1. Node feature:

We generate a total of 349 features including both sequence- and
structure-based features for representing each of the nodes in the inter-
face graph.

1. Protein Language Model (pLM) based features (33): We use a vari-
ant of the pre-trained ESM-2 model [31] with 650M parameters
and 33 layers, producing sequence embeddings with a shape of L
x 33, where L is the length of the sequence. This model gener-
ates embeddings for each amino acid sequence of the interacting
monomers in the protein complex. Afterward, we perform a sig-
moidal transformation on the resulting embeddings to generate 33
Protein Language Model (pLM)-based features.

2. Multiple sequence alignment features (256): We employ Colab-
Fold [43] to generate Multiple Sequence Alignment (MSA) using
MMseq2 [44] for each of the amino acid sequences in the pro-
tein complex. The generated MSA is then input to the EvoFormer
blocks of AlphaFold 2 [4], implemented in ColabFold, produc-
ing distilled MSA representations encoded as a dictionary. Subse-
quently, we extract the first row of the distilled MSA representation
(“msa_first row” from the dictionary) and then apply a sigmoidal
transformation to generate 256 MSA features.

3. Evolutionarily features (2): We generate evolutionarily features in
the form of the number of effective sequences (Neff) computed from
the Multiple Sequence Alignment (MSA) of the individual amino
acid sequences within the protein complex and its concatenated
MSA, by following a similar methodology as adopted in PIQLE [45].
The number of effective sequences (Neff) represents the depth of the
MSA, thereby considering the evolutionarily information.

4. Amino acid encoding (21): We represent each of the nodes in the in-
terface graph, corresponding to a specific amino acid residue, using
a one-hot encoded binary vector, consisting of 20 naturally occur-
ring amino acid types and a gap for non-standard amino acid [46].

5. Relative residue positioning (1): We obtain the relative positional
information for each node in the interface graph corresponding to
each of the residues in the sequence of a model as follows,

aa”
1P = — 1
relPos(aa) 7 (€]

Where aa” is the n-th amino acid residue in the sequence and L is
the length of the sequence.

6. Secondary structure and solvent accessibility (13): We use the DSSP
[47] program to generate secondary structure and solvent accessi-
bility from the structure. For each of the residues corresponding
to the nodes in the graph, we generate a binary vector of one-hot
encoding for 8-state secondary structure types, resulting in 8 sec-
ondary structure features. Additionally, we transform the 8-state
secondary structure into a 3-state by grouping them into helices,
strands, and coils [22]. Subsequently, we generate a one-hot en-
coded binary vector of 3-state secondary structures, resulting in 3
features. We discretize real-valued solvent accessibility into buried
and exposed [45] and generate 2 features by performing one-hot
encoding of the corresponding types.

7. Local backbone geometry (4): To capture the local backbone ge-
ometry, we calculate phi (¢) and psi (y) backbone torsion angles
from the structure to capture the local backbone geometry of each
residue. Subsequently, we generate 4 features by performing sinu-
soidal and cosine transformations of the angles [48].

8. Ultra shape recognition features (3): To capture the topological rela-
tionship between the residue and the overall structure, we calculate
residue-level Ultra Shape Recognition (USR) [49] features. Follow-
ing a similar approach as adopted in DeepUMQA [50], we compute
the residue-level USR feature representing the spatial relationship
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Fig. 1. Flowchart of EquiRank framework for protein-protein interface quality estimation. A) Generation of sequence- and structure-based features, including pLM-
based sequence embeddings and MSA-based encoding, and multimeric distance and orientation, respectively, from the predicted protein complex structure with two
interacting monomers colored in blue and gray. B) Architecture of ensemble Equivariant Graph Neural Network (EGNN). C) Edge-level regression of interacting
residue pairs for transformed distance (d) and normalized angular RMSD of multimeric orientations , 4,,, 4,;, 75, 7,;, and their probabilistic combination for

estimating the protein-protein interface quality.

information between the structure and each specific residue using
three residue distance sets. Subsequently, we apply min-max trans-
formation on all three distance sets to generate normalized USR
features for each residue of a corresponding node in the interface
graph, resulting in 3 USR features.

. Residue orientation (3): To define the orientation of each amino
acid residue, we derive three features for each residue, corre-
sponding to a node in the graph. These features include two fea-
tures, calculated as the unit vectors in the directions of C,  —C,,
and C, —C,

. o> and one feature, calculated as the unit vector of
Cy, — C,,, based on the assumption of tetrahedral geometry [51].
Residue neighbors (1): We calculate the number of spatial neigh-
bors of a node in the interface graph in terms of the correspond-
ing monomeric structure where two residues are considered to be
neighbors if the intra-residue distance of their C# (Ca for glycine)
atoms is less than 10A. Once again, we perform a min-max transfor-
mation to generate the normalized number of neighbors, resulting
in 1 feature.

Rosetta centroid energy terms (12): We generate 12 Rosetta [52,
53] centroid energy terms following a similar approach as used in
QDeep [54]. For each of the nodes in the interface graph, we use the
sigmoidal transformation of the energy terms for the corresponding
residue in the structure and use them as 12 energy-based features.

10.

11.

2.1.2. Edge features:
For each of the edges in the interface graph, we generate a total of
29 edge features as outlined below:

1. Multimeric interaction distance (17): For each of the edges in the
interface graph, we calculate the Euclidean distance between the
C; (C, for glycine) atoms of the corresponding interacting residue
pairs. We first discretized the calculated distance from < 0.2 to < 10
A into 17 bins, each having a uniform bin width of 0.5A. Afterward,
we use the one-hot encoding of the discretized bin, resulting in 17
multimeric interaction distance-based edge features.

. Multimeric orientation (10): To capture the orientation informa-
tion between the interacting residue pairs, we extend the work of
trRosetta [55] for multimers to represent the edges in the interface
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graph with orientation features. Specifically, each edge is repre-

sented by 3 torsion angles (L, 7; s rj,-) and 2 planar angles (4; s A jl-)

[22]. The Q torsion angle measures rotation along the virtual axis

connecting the Cj; atoms of the interacting interface residue pairs,

and 7;;, 4;; (z;;, 4;;) angles specify the direction of the C; atom of
the interface residue from the first (second) interacting monomer in
areference frame centered on the interface residue from the second
(first) interacting monomer. Unlike the symmetric torsion angle Q,
7 and A are asymmetric and depend on the order of the interact-
ing residue pairs. Subsequently, we perform sinusoidal and cosine
transformations of the angles, leading to 10 features.

. Relative positioning of the interacting residues (2): To capture the
positional information of interacting residue pairs in the protein
complex, we obtain the relative positional information for each of
the interacting residue pairs as follows,

(2)

relPos(aa) =

Where aa] and aa’’ are the nth interacting residues in the structure,
and L is the length of the sequence.

. Neighbors of interacting residue pairs (1): We calculate the number
of spatial neighbors of each of the interacting residue pairs in terms
of the corresponding monomeric structure where two residues are
considered to be neighbors if the intra-residue distance of their Cf
(Ca for glycine) atoms is less than 10A. As aforementioned, we per-
form min-max transformation to generate the normalized number
of neighbors for each interacting residue and subsequently use their
weighted combination, resulting in 1 feature.

2.2. Dataset

Table 1 shows the datasets for training, testing, and validating the
ensemble EGNN models in EquiRank. To train the models, we collect a
total of 18,022 protein complex models for a non-redundant set of 1,127
dimeric targets having lengths ranging from 67 to 1,375. We first col-
lect 14,400 models for 1,097 heterodimeric targets from VorolF_GNN
[24] (hereafter called VorolF_GNN_train). We additionally incorporate
3,622 models for 30 dimer targets from both CASP13 and CASP14 in the
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Table 1
Distribution of training, testing, and validation datasets.
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Dataset Num targets Num decoys Correct (DockQ >0.23) Incorrect (DockQ <0.23)
Training VorolF_GNN_train 1,097 14,400 42% 58%
Training CASP13 20 2384 17.24% 82.76%
Training CASP14 10 1238 15.95% 84.05%
Testing VorolF_GNN_test 235 2845 42% 58%
Testing Dockground v1 23 2500 10.72% 89.28%
Testing CASP15 26 6850 45.37% 54.63%
Validation ~ VoroIlF_GNN_validation 235 2,814 40.96% 59.14%
Table 2
Pairwise sequence identity between training, testing, and validation datasets.
Datasets VoroIF_GNN_train® VorolF_GNN_test” CASP13* CASP14* CASP15" Dockgroundv1® VoroIF_GNN _validation®
Voroif GNN_train 19.57% 21.28% 22.28% 20.08% 19.83% 19.29%
VorolF_GNN_test 21.41% 22.37% 20.16% 19.98% 19.40%
CASP13 20.0% 17.64% 17.53% 21.35%
CASP14 15.27% 15.09% 22.42%
CASP15 19.53% 20.08%
Dockgroundvl 19.97%

Vorolf GNN_validation

@ Training datasets
b Testing datasets
¢ Validation datasets.

training set. Subsequently, we train our model by combining the three
datasets, VorolF_GNN_train, CASP13, and CASP14. We benchmark the
performance of our method EquiRank and other competing methods on
a set of 12,195 models for 284 targets having lengths ranging from 29 to
1,677 and diverse accuracy with both correct and incorrect protein com-
plex models. We use a DockQ threshold of 0.23 to differentiate between
correct and incorrect models. First, we collect 2,845 models for 235 tar-
gets from VoroIF_GNN (hereafter called VoroIF_GNN_test) having 42%
correct and 58% incorrect protein complex models. Additionally, we
collected 2,500 models for 23 targets from Dockground version 1 [56]
(hereafter called Dockground v1) consisting of 10.72% correct mod-
els and 89.28% incorrect complex models. Finally, we collect CASP15
datasets for protein complex targets having 6,850 decoys for 26 targets
with 45.37% correct and 54.63% incorrect decoys. Additionally, for ab-
lation studies, we collect 2,814 models for 235 targets from VorolF_GNN
(hereafter called VoroIlF_GNN_validation) having a model length ranging
from 96 to 1,222. It is noteworthy that all the datasets used for training,
benchmarking, and ablation studies are non-overlapping with an aver-
age pairwise sequence identity of <23% between any pair of datasets as
shown in Table 2.

2.3. Evaluation metrics and competing methods

We evaluate the performance of our method EquiRank in terms of
various evaluation metrics. For all performance measures, we use the
DockQ [57] score as ground truth. DockQ score quantifies the quality
of protein-protein docking models by incorporating measures such as
F o> LRMS, and iRMS [58]. Fy,, is the proportion of native interfacial
contacts preserved in the docking model. LRMS and iRMS are root mean
square deviations for the ligand and interface, respectively, calculated
with specific scaling factors optimized to distinguish docking models
according to CAPRI standards. These scaling factors are set at 8.5 A for
LRMS and 1.5 A for iRMS to maximize F1 scores in classification. The
DockQ score is a weighted combination of multiple scoring terms and is
calculated as follows:

1
RMSscaled(RMS’ d)= N 3)
1+ ( M8 )
dj
DockQ(Fyy, LRMS, iRMS, d,, d,)
nat T RMsscaled(LRMS’ dl) + RMSscaled(iRMs’ dZ) “)

3
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To evaluate the methods’ ranking ability, we use per-target Spearman
correlation coefficients between the decoys’ predicted and the true
DockQ scores, calculated as follows:

N

Pspearman = % ; Pspearman(Predicted, DockQ), 5)

Where Predicted and DockQ refer to the decoys’ predicted and cor-
responding true scores for a specific target i, respectively and N refers
to the number of targets. A higher correlation indicates a better ranking
ability of a method. Additionally, we evaluate methods’ ranking perfor-
mance in terms of top-N hit rate and success rate [15]. Top-N hit rate is
the fraction of acceptable models among top-ranked models relative to
all acceptable models in a specific dataset and is calculated as follows:

H(N)

Hit rate(N) = T x 100% (6)

where H(N) represents the number of acceptable models with a DockQ
threshold of 0.23, among top-N ranked models and M represents the to-
tal number of acceptable models in the corresponding dataset. A higher
top-N hit rate indicates better ranking ability. On the other hand, suc-
cess rate is the percentage of targets with at least one acceptable model
among top-N ranked models and is calculated as follows:

SV)

Success rate(N) = wa % 100% (V2

where S(N) represents the number of targets having at least one ac-
ceptable models with a DockQ threshold of 0.23 among top-N ranked
models and K represents the total number of targets. Similarly, a higher
success rate indicates better ranking ability. For the VoroIF_GNN_test
dataset, we calculate the Top-1, Top-5, Top-10, and Top-15 hit rates
and success rates due to the limited number of models per target. For
the Dockground v1 dataset, we compute the Top-1, Top-5, Top-10, Top-
15, Top-20, Top-25, and Top-30 hit rates and success rates.
Additionally, to evaluate the methods’ ability to accurately distin-
guish between high-quality models and others, we report the area under
the ROC curve (AUC) with a DockQ threshold of 0.80 [57]. The Area Un-
der the Curve (AUC) is calculated by plotting the true positive rate (TPR)
against the false positive rate (FPR) [59] for a DockQ threshold of 0.8.
A higher AUC value indicates better distinguishability of a method in
separating high-quality models. We also calculate the Precision-Recall
Area Under the Curve (PRAUC) with the same DockQ threshold of 0.80.
PRAUC is calculated by plotting Precision on the y-axis and Recall on
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the x-axis [59] for DockQ thresholds of 0.8. A higher PRAUC indicates
improved distinguishability in separating high-quality models.

We compare the performance of EquiRank against state-of-the-art
existing complex quality prediction methods using the same evalua-
tion metric. We use several competing methods, leveraging diverse
deep learning architectures. We compare EquiRank against graph neu-
ral network-based methods VoroIF_GNN [24] PIQLE [22], DProQA [26],
GNN-DOVE [17], GDockScore [27], DeepRank-GNN-esm [37] and Eu-
DockScore [25]. We evaluate EuDockScore using its provided predicted
scores for the CASP15 dataset in terms of its ability to distinguish high-
quality models. Additionally, we compare our method with Convolu-
tional Neural Network (CNN)-based methods such as variants of DOVE
[60] and TRScore [15]. Moreover, we compare our method with the
interface-predicted TM scores (iPTM) predicted by the self-assessment
module of AlpaFold-Multimer [7]. Specifically, we utilize an extended
version of the AF2Rank [61] method repurposed for estimating the pro-
tein complex quality based on the self-assessment module of AlphaFold-
multimer.

2.4. Network architecture

We employ a deeper Equivariant Graph Neural Network (EGNN)
[40] to estimate the quality of the protein-protein interface as shown
in Fig. 1B. Our deep EGNN consists of four stacked convolutional lay-
ers (EGNNConv), operating on the protein-protein interface graph. It
accepts both node (h,) and edge (h,) features, as well as the Carte-
sian coordinate information (4,) of the Cf (Ca for glycine) atoms of
the interacting residue pairs (i, j). Each EGNNConv performs a series of
operations on the edge, node, and coordinate features of the interface
graph, denoted by ®,, ®,, ®, respectively. Each operation consists of
two-layer Multi-Layer Perceptrons (MLPs).

EGNNConv starts processing by performing edge embeddings for in-
teracting residue pairs using a message-passing operation on the edges
(m;;) of the interacting residue pairs. This is done by applying a two-
layer MLP, @,, on the node features (,,) and edge features (g;;), while
considering the coordinates (x;, x j) features as follows,

I gl ! 12
m,-j=<1>e(hl.,hj,||xi—xj|| > ajj ®

Where m;; is the edge message between the interacting residue pairs i
and j, and hﬁ and h' are their node features at layer /. ||x,[. - x; ||? is the
Euclidean distance between the Cartesian coordinates of the interacting
residue pairs i and j, a fundamental operation for implementing equiv-
ariant message passing operation within EGNN, setting it apart from the
traditional Graph Neural Network (GNN).

Afterward, the edge embedding m;; from the previous layer is used
to update the coordinates of residue i (x;) in the interacting residue
pairs in the next layer (/ + 1). Specifically, the coordinates of i (x;) are
updated by the sum of all relative differences of interacting residue pairs
weighted by the edge embedding m;; as follows:

(I+1) ! ! !
X; =xi+CZ<xi—xj><Dx(mij) ©
J#i
Where xf is the coordinates of residue i in the interacting residue pairs
and (xf - xﬁ) is the difference between their coordinates, m; ; is the edge
embedding from the previous layer. C is a normalizing constant com-
puted as
1
(=)
N (i)
where N is the number of neighbors of residue i.
Afterward, the network aggregates all the messages from all the
neighboring nodes of i to update its features as follows,

m=3m,

(10)

(1)
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Finally, a non-linear transformation is applied to the aggregated mes-
sage and the node feature of i in the current layer (hﬁ), producing the
node embeddings with the updated node features of residue i in the next
layer (I + 1) as follows,

R = @, (k! m;) 12)

2.5. Model training

To train our ensemble EGNN models, we assign the ground truth
interface quality scores to each of the interacting residue pairs, repre-
senting edges ¢;; in the interface graph. Specifically, we generate 6 sets
of features by assigning ground truth multimeric geometry, including
one multimeric distance and five orientation labels. We calculate the
multimeric distance label by employing a similar approach as adopted
in PIQLE [22], where we first calculate the observed Cﬂ - Cﬂ distance
between the interacting interface residue pairs in the predicted com-
plex structural model (dlf}“’del) and the corresponding residue pairs in

the native structure (dl?‘.ati"e). We then assign a normalized ground truth
distance score z; ;(d) to the edge ¢; ; as follows:

1 if d;'jwdel <10A and d;}aﬁve <10A

otherwise (13)

i

1
zij(d): 'dpjnodel_dil-;alive 2
I+ =7

where ‘dl.‘}?"del - d?jaﬁ"e| is the observed edge-level error between the in-

teracting interface residue pairs corresponding to the edge e;;, and dj, is
a normalizing constant whose value is set to 10A.

Additionally, to learn the orientation error, we assign multimeric ori-
entation for each edge ¢;; by calculating the normalized angular RMSD
between torsion (€, 7;;, 7;;) and planar angles (4;;, 4;;) of the interacting
residue pairs in the predicted complex structural model (dl?‘.“’del), calcu-
lated by extending the work of trRosetta [55] for multimers and the

corresponding residue pairs in the native structure (d;‘j"m"e).

2@ = \/(min( ))2 a4

where @ represents the torsion angles Q, 7;;, 7;;, planar angles 4;;, 4;;.
Once again, 7 and Q are asymmetric and therefore depend on the or-
der of the residues. Afterward, we normalize the angular RMSD for the
torsion angles Q and 7 as follows:

anative _ ,model model
ij ij ij

1

a 27 — a?]f““ve —a

_
2
1+ <Zij”(3)>
7
where?ie{r,.j,rji, }.

However, we use more stringent normalization criteria for the planar
angle z; ;(4) as follows:

Normalized Angular RMSD = 15)

1

2
(42
8

Both z;;(d) and z;;(, 4;;, 4;;,7;;, 7;;) range between O to 1, with a higher
score indicating better similarity between the interacting residue pairs
in the model and the corresponding residue pairs in the native structure.

Therefore, we train our ensemble EGNN models on these 6 sets of
features to independently learn z;;(d) and z;;(, 4;;, 4;;,7;;, 7;;) through
edge-level error regression by optimizing the mean squared error loss
function with sum reduction using the Deep Graph Library [62]. We use
the Adam optimizer [63] with a learning rate of 0.001 and a weight
decay of 0.0005. We train the model using an average batch size of 98,
calculated by dividing the total number of edges across all graphs by the
total number of graphs, to ensure consistent and manageable graph sizes

Normalized Angular RMSD = (16)
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during training. The training process consists of at most 500 epochs on
an NVIDIA A100 GPU, using an early stopping criterion based on the
validation loss, where training stops if the loss does not decrease for 40
consecutive epochs (patience =40) to prevent overfitting.

2.6. Estimation of protein-protein interface quality:

Fig. 1C shows the estimation of the protein-protein interface qual-
ity in two steps. Using each of the trained models, we first estimate the
embeddings hf and A’ for each of the interacting residue pairs i and
Jj respectively. Afterward, we perform a dot product between the esti-
mated embeddings (h,]' s h;) for each of the interacting residue pairs to
individually estimate their quality as follows,
hj, = h! - h§ 17)
Where h:l' and h§ represent the node embeddings of the interacting
residue pairs i and j respectively, and h; . is their estimated local qual-
ity score. For the global quality score, we first perform a probabilistic
combination of the local quality of all the interacting residue pairs |e| in
the interface graph, estimated by each of the trained models as follows:

Ee1 jEE h,l‘j
|E]
Where | E| is the total number of edges in the interface graph, and QO
is the global quality, ranging between 0 and 1 from each of the ensem-
ble models. Afterward, we estimate the EquiRank_score by performing
an ensemble averaging of the global quality from each of the mod-

els trained with ground truth multimeric distance, z;; and geometry

Q, 4 s A as follows,

o(k) = where k € (2;;4, @ Aijs ATy T ) (18)

ij
jioTij» Tji
0(d)+ 0(Q) + O(4;;) + O(4;) + O(7;;) + O(z;)

EquiRank score = 3

19

Where EquiRank _score ranges between 0 and 1, with a higher score in-
dicating better protein-protein interface quality.

3. Results and discussion
3.1. Ability to rank predicted models

Fig. 2 shows the ranking performance of EquiRank and other com-
peting methods in terms of per-target average Spearman correlation
between the methods’ predicted and ground truth DockQ [57] scores on
VoroIF_GNN_test and Dockground v1 datasets. Our method EquiRank
outperforms all other competing methods by achieving the highest
per-target Spearman on both VorolF GNN_test and Dockground vl
datasets. On VoroIF_GNN_test set EquiRank outperforms all other com-
peting methods by attaining the highest Spearman correlation of 0.703.
EquiRank demonstrates a performance improvement of approximately
9% compared to the second-best method, AlphaFold_Multimer (0.703 vs
0.640). Furthermore, it achieves over a 10% improvement compared to
the latest GNN-based complex quality estimation method, VoroIF_GNN.
EquiRank achieves a significantly higher Spearman correlation than
other GNN-based methods, including DProQA and GNN-DOVE, as well
as DeepRank, integrated with pLM embeddings, while substantially im-
proving performance over our recent method, PIQLE. Additionally, on
the Dockground v1 dataset, EquiRank attains the highest Spearman cor-
relation of 0.473 than any other competing methods. It is important to
note that, AlphaFold-multimer, having the second-best per-target Spear-
man correlation on VoroIlF_GNN dataset, attains a much lower correla-
tion of 0.196 than EquiRank on this Dockground v1 dataset. Although
the competing methods demonstrate better-ranking performance on the
relatively balanced VoroIlF_GNN_test dataset, their suboptimal perfor-
mance on the Dockground v1 dataset, lacking balance between correct
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PIQLE -
DOVE_Atom?20 -

0.640

0.627
0.581
0.423
0.382
0.250
0.230
0.149
0.123
0.106
0.100
0.045

Spearman p

e
0.370
0.346
0.293
0.266
0.251

EquiRank 1

TRScore 1

PIQLE +
DOVE_Atom+GOAP -
VorolF_GNN -
GDockScore A
AlphaFold_Multimer
DOVE_Atom40 -
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0.169
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0.151
0.150
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Spearman p

Fig. 2. Ranking performance of EquiRank and competing methods in terms of
per-target average Spearman correlation coefficient (p) on A) VoroIF_GNN_test
and B) DockGround v1 datasets.

and incorrect protein multimeric complexes, reveals limitations of their
generalizability. As such, EquiRank strikes a good balance in terms of
its ranking performance on both near-balance and imbalance datasets.
Additionally, it is important to note that, EquiRank improves the rank-
ing performance by almost 22% (0.473 vs 0.370) than the second-best
TRScore, while improving the performance over our recent protein-
protein interface quality estimation method PIQLE. Other latest GNN-
based approaches including GDockScore, DPoQA, and GNN-DOVE con-
sistently demonstrate sub-optimal performance, with GNN-DOVE hav-
ing a negative per-target Spearman correlation of -0.047. Additionally,
it is worth noting that EquiRank consistently demonstrates better per-
formance than the latest pLM-based method, DeepRank-GNN-esm, indi-
cating the collective contribution of both the Protein Language Model
(pLM)-based embeddings and the symmetry-aware Equivariant Neural
Network.

We further evaluate methods’ ranking performance in terms of the
Top-N hit rate and success rate on VoroIlF_GNN_test and Dockground
v1 datasets as shown in Fig. 3. EquiRank consistently shows better hit
rates compared to other competing methods starting from the top-10,
while achieving comparable hit rates for top-1 and top-5 models. For
instance, EquiRank achieves the highest top-10 hit rate of around 98%
on VorolF_GNN_test dataset (Fig. 3A) and around 43% on Dockground
vl (Fig. 3B) dataset. Notably, EquiRank significantly outperforms the
language model-based method DeepRank-GNN-esm and improves the
hit rate over our prior method PIQLE across both datasets. In terms
of success rate, EquiRank achieves competitive Top-N success rates
on both the VorolF_GNN_test (Fig. 3C) and Dockground v1 (Fig. 3D)
datasets. Specifically, EquiRank outperforms most of the competing
methods for Top-1 model on VoroIlF_GNN_test dataset (Fig. 3C). Ad-
ditionally, EquiRank achieves a strong success rate close to 100% for
Top-5 models, which is comparable to other high-performing methods
such as VoroIF_GNN and GDockScore. On the Dockground v1 dataset
(Fig. 3D), EquiRank achieves a stronger Top-1 success rate of 52% with
VoroIF_GNN attaining the highest Top-1 success rate of 60%. How-
ever, EquiRank’s success rate steadily improves as Top-N increases,
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Fig. 3. Ranking complex structural models for EquiRank and the competing methods in terms of hit rate on (A) VoroIF_GNN._test dataset, (B) Dockground v1 dataset
and success rate on (C) VoroIF_GNN._test dataset, (D) Dockground v1 dataset based on top-1, top-5, top-10, top-15 models for VorolF_GNN_test and top-1, top-5,
top-10, top-15, top-20, top-25 and top-30 models for Dockground v1 dataset. A DockQ threshold of 0.23 is used to identify acceptable models.

consistently outperforming other graph neural network-based meth-
ods, including GNN-DOVE, DProQA, and DeepRank-GNN-esm. Overall,
EquiRank demonstrates improved ranking ability across a broad range
of predicted protein complex models as demonstrated by various evalu-
ation metrics.

3.2. Ability to distinguish high-quality models

Fig. 4 shows the ability of EquiRank and other competing meth-
ods method to successfully distinguish high-quality models on both
Dockground v1 and CASP15 benchmark datasets. As shown in Fig. 4A,
EquiRank attains the highest AUC of 0.968 on Dockground v1 dataset
among all other competing methods. The GNN-based VoroIF_GNN at-
tains the second-best AUC of 0.936. However, other GNN-based methods
including GNN-DOVE, DProQA, and DeepRank-GNN-esm have limited
distinguishability, having much lower AUC compared to EquiRank. On
CASP15 datasets, as shown in Fig. 4B, EquiRank once again attains
the highest AUC of 0.915 which is closely followed by the second-
best performing method GDockScore with an AUC of 0.908 while also
outperforming the Euclidean graph neural network based method Eu-
DockScore (0.915 vs 0.824). Although VoroIF_GNN achieves the second-
best AUC in Dockground v1, its performance is notably lower with an
AUC of 0.849 compared to EquiRank.

DeepRank-GNN-esm, utilizing Protein Language Models (pLM)-
based ESM-2 embeddings, demonstrates better performance in CASP15
(0.336 vs 0.835) than in Dockground vl, yet notably lower than
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EquiRank. It is noteworthy to mention that the CASP15 and Dockground
v1 datasets exhibit significantly different balance ratios, with CASP15
being much more balanced than Dockground v1 in terms of correct
and incorrect models as shown in Table 1. While the performance of
other competing methods varies when applied to different datasets with
diverse model qualities, EquiRank consistently achieves better perfor-
mance, demonstrating its improved ability to distinguish high-quality
complex models.

We additionally benchmark the distinguishability of EquiRank and
other competing methods on both Dockground v1 and CASP15 datasets
in terms of Area Under the Precision-Recall Curve (AUPRC). As shown
in Fig. 5, while PIQLE achieves the highest PRAUC of 0.509 on the
Dockground v1 dataset (Fig. 5A), EquiRank consistently achieves bet-
ter PRAUC on both the Dockground v1 (Fig. 5A) and CASP15 (Fig. 5B)
datasets, indicating its generalizability across diverse test datasets. On
the Dockground V1 dataset (Fig. 5A), EquiRank achieves the second-
best PRAUC of 0.335, which is comparatively lower than PIQLE’s
PRAUC of 0.509. This difference is due to the highly imbalanced na-
ture of the Dockground v1 dataset, which has a lower percentage of
correct decoys (Table 1). On the nearly balanced CASP15 dataset, Eu-
DockScore, which incorporates natural protein language model-based
embeddings, achieves the highest PRAUC of 0.455, indicating the contri-
bution of the language model. EquiRank follows with the second-highest
PRAUC of 0.326, outperforming all other competing methods, while
other top-performing methods including GDockScore and AlphaFold-
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Fig. 4. Distinguishability of high-quality models for EquiRank and other com-

peting methods, in terms of Area Under the Curve (AUC), on (A) Dockground
V1 and (B) CASP15 datasets with a DockQ threshold of 0.8.

Multimer achieve PRAUCs of 0.321 and 0.273, respectively. It is note-
worthy that EquiRank demonstrates substantial performance improve-
ment compared to other graph neural network-based methods using
protein-language model embeddings, such as DeepRank-GNN-esm, on
both the Dockground v1 (0.335 vs. 0.004) and CASP15 (0.326 vs. 0.169)
datasets. Overall, EquiRank’s consistent performance on both datasets
highlights its generalizability and the effectiveness of its framework in
distinguishing high-quality complex models.

3.3. Ablation study

To evaluate the relative importance of the features and network ar-
chitecture used in EquiRank for ranking performance, we performed a
series of feature and network ablations as shown in Fig. 6. Each feature
ablation experiment involves isolating a single feature and training an
ensemble of EGNN-based EquiRank models. Additionally, each network
ablation involves isolating a network component from the EGNN or the
EGNN network itself and subsequently training the modified ensemble
EGNN or the alternative network on all the features. We evaluate the
ranking performance on the VoroIF_GNN _validation dataset by measur-
ing the per-target average Spearman correlation. As shown in Fig. 6A,
EquiRank with all features achieved the highest Spearman correlation of
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Fig. 5. Distinguishability of high-quality models for EquiRank and other com-
peting methods, in terms of Area Under the Precision-Recall Curve (PRAUC), on
(A) Dockground V1 and (B) CASP15 datasets with a DockQ threshold of 0.8.

0.662, demonstrating the cumulative contributions of all features to en-
hanced ranking performance. Notably, the ablation of Protein Language
Model (pLM)-based ESM-2 features (“No pLM embeddings”) resulted
in the lowest ranking performance, with an average Spearman corre-
lation of 0.480. This indicates the significant contribution of the pLM
features in improving the performance by nearly 28%. Similarly, the
improved Multiple Sequence Alignment (MSA) encoding provided by
AlphaFold2 (“No MSA encoding”) contributes substantially, with a per-
formance increase exceeding 24%. To confirm the significance of these
contributions, we performed a t-test, which resulted in a p-value of 0 for
both ablations, further highlighting their impact on improving perfor-
mance. Additionally, the novel representations of multimeric geometry
utilized in our recent PIQLE method [22] contribute to improved rank-
ing performance (“No multimeric geometry,” “No multimeric distance,”
and “No multimeric orientation”). Although their contribution is not as
substantial as that of sequence-based features, these representations can
complement the sequence-based features, representing a significant im-
provement over PIQLE [22].

We also evaluate the contribution of our ensemble EGNN network
by performing network ablations while training the networks with all
the features as shown in Fig. 6B. We first evaluate the contribution of
the equivariance properties in EGNNs by making the models invariant,
effectively disabling the equivariance update (“No equivariance”). This
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Fig. 6. Ablation study on the independent VoroIF_GNN_validation validation dataset in terms of per-target average Spearman correlations coefficient (p) between
the estimated qualities of the protein-protein interfaces and their corresponding DockQ scores.

adjustment worsens the ranking performance, decreasing the per-target
average correlation from 0.662 to 0.653. This suggests the relative im-
portance of maintaining equivariance properties during the learning of
protein-protein interface graphs. Additionally, to evaluate the contribu-
tion of our overall ensemble EGNN network, we train an ensemble of
Graph Attention Networks (GATs) as used in our previous work, PIQLE
[22], which was demonstrated to perform better than other Graph Neu-
ral Networks such as Graph Transformer Network and Graph Convolu-
tional Neural Network. Fig. 6B shows that ensemble GATs (“No EGNN”)
worsen the performance by more than 11%, signifying the contribution
of our ensemble EGNN network to improved protein-protein interface
quality estimation performance. Once again to confirm the significance
of this contribution, we performed a t-test, which resulted in a p-value of
0, underscoring the importance of the EGNN network in improving per-
formance. Overall, our ablation studies underscore the significant con-
tributions of both the features including Protein Language Model-based
features and the equivariant neural network to the improvement of the
protein-protein interface quality estimation performance of EquiRank.

4. Conclusions

In this work, we present EquiRank, an improved protein-protein in-
terface quality estimation method. EquiRank introduces several new
advances over our recent protein-protein interface quality estima-
tion method PIQLE including the application of a symmetry-aware
ensemble Equivariant Graph Neural Network and integration of sev-
eral new sequence- and structure-based features including Protein
Language Model-based ESM-2 embeddings. Through extensive bench-
marking on a wide range of datasets covering experimentally deter-
mined heterodimeric biological assemblies, X-ray unbound benchmark
set, and CASP15 targets, EquiRank consistently outperforms PIQLE
and other state-of-the-art protein complex quality estimation meth-
ods. Additionally, while existing protein complex quality estimation
methods show inconsistent performance, EquiRank’s improved ability
to rank protein complex models and distinguish high-quality models
across datasets with varying distributions, from balanced to imbal-
anced, demonstrates its generalizability across large-scale benchmark
datasets. Finally, through our ablation studies, we demonstrate that the
improved performance is directly related to the application of equiv-
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ariance properties of EGNN, and the integration of new sequence-based
representation including protein language model-based embeddings.
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The raw data used in this study, including the datasets for train,
test, and validation as mentioned in Table 1 are collected from publicly
available sources.

VorolF_GNN _train, VoroIF_GNN test, and VoroIF GNN_valida-
tion datasets are available at https://dx.doi.org/10.5281/zenodo.
7841307, CASP13 train dataset is available at https://predictioncenter.
org/download_area/CASP13/predictions/oligo/, CASP14 train dataset
is available at https://predictioncenter.org/download_area/CASP14/
predictions/oligo/, CASP15 test dataset is available at https://prediction
center.org/download_area/CASP15/predictions/oligo/, Dockground
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vl test dataset is available at https://dockground.compbio.ku.edu/
downloads/unbound/decoy/decoys1.0.zip.
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