Briefings in Bioinformatics, 2025, 26(2), bbaf083

https://doi.org/10.1093/bib/bbaf083
Problem Solving Protocol

OXFORD

TopoQA: a topological deep learning-based approach for
protein complex structure interface quality assessment

Bingqing Han'?, Yipeng Zhang?, Longlong Li**4, Xingi Gong"*, Kelin Xia?*

Hnstitute for Mathematical Sciences, Renmin University of China, Beijing 100872, China

2Division of Mathematical Sciences, School of Physical and Mathematical Sciences, Nanyang Technological University, Singapore 637371, Singapore

3School of Mathematics, Shandong University, Jinan 250100, China

4Data Science Institute, Shandong University, Jinan 250100, China

*Corresponding authors. Xingi Gong, Institute for Mathematical Sciences, School of Mathematics, Renmin University of China, Beijing, 100872, China.

E-mail: xingigong@ruc.edu.cn; Kelin Xia, Division of Mathematical Sciences, School of Physical and Mathematical Sciences, Nanyang Technological University,
Singapore 637371, Singapore. E-mail: xiakelin@ntu.edu.sg

Abstract

Even with the significant advances of AlphaFold-Multimer (AF-Multimer) and AlphaFold3 (AF3) in protein complex structure prediction,
their accuracy is still not comparable with monomer structure prediction. Efficient and effective quality assessment (QA) or estimation
of model accuracy models that can evaluate the quality of the predicted protein-complexes without knowing their native structures
are of key importance for protein structure generation and model selection. In this paper, we leverage persistent homology (PH) to
capture the atomic-level topological information around residues and design a topological deep learning-based QA method, TopoQA, to
assess the accuracy of protein complex interfaces. We integrate PH from topological data analysis into graph neural networks (GNNs)
to characterize complex higher-order structures that GNNs might overlook, enhancing the learning of the relationship between the
topological structure of complex interfaces and quality scores. Our TopoQA model is extensively validated based on the two most-widely
used benchmark datasets, Docking Benchmark5.5 AF2 (DBM55-AF2) and Heterodimer-AF2 (HAF2), along with our newly constructed
ABAG-AF3 dataset to facilitate comparisons with AF3. For all three datasets, TopoQA outperforms AF-Multimer-based AF2Rank and
shows an advantage over AF3 in nearly half of the targets. In particular, in the DBM55-AF2 dataset, a ranking loss of 73.6% lower than
AF-Multimer-based AF2Rank is obtained. Further, other than AF-Multimer and AF3, we have also extensively compared with nearly-all
the state-of-the-art models (as far as we knowy), it has been found that our TopoQA can achieve the highest Top 10 Hit-rate on the DBM55-
AF2 dataset and the lowest ranking loss on the HAF2 dataset. Ablation experiments show that our topological features significantly
improve the model’s performance. At the same time, our method also provides a new paradigm for protein structure representation

learning.
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Introduction

The structures of protein complexes are of essential importance
for understanding their molecular mechanisms, drug design and
discovery, protein design, etc. Even though experimental meth-
ods can resolve protein 3D structures, they tend to be time-
consuming and expensive [1], and not suitable for large-scale
analysis. Data-driven models have been developed for protein 3D
structure prediction [2-10]. Among them, AlphaFold?2 [2] has sig-
nificantly advanced protein structure prediction, achieving per-
formance in predicting monomer structures that rivals exper-
imental methods. Recently, AlphaFold-Multimer (AF-Multimer)
[3] and AlphaFold3 (AF3) [11] have been developed for predict-
ing protein complex structures. In particular, AF3 significantly
improved the accuracy for antibody-antigen complex prediction
[11]. In AF3, a diffusion model-based framework is considered
and various protein complex configurations are generated using
different random seeds. When the native structures are absent,
model quality assessment (QA) or estimation of model accuracy
(EMA) is used in selection of the top-ranked configurations as

the predicted structures. These QA and EMA models are critical
for enhancing prediction reliability by estimating model quality
in the absence of native structures [12]. In fact, EMA or QA
methods are an important component of the Critical Assess-
ment of Structure Prediction (CASP), which is a biennial experi-
ment that advances and benchmarks protein structure prediction
methods [13], and were first introduced as a separate category
since CASP7 [14]. While EMA methods have evolved over the
years, most of them are primarily designed for protein monomers
[15-19].

Mathematically, all EMA methods can be grouped into three
categories [12], including consensus models, pseudo-single
models, and single models. Consensus methods assume near-
native predicted structures are similar to each other, while poorly
predicted structures differ greatly to each other [20]. They assess
model quality of a certain predicted structure through a pairwise
comparison with all the other structures in the model pool, which
is collection of all the generated structures from the same target
sequence. The pairwise comparison is measured by scores like
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QS [21, 22], IDDT [23], or DockQ [24], (with ModFOLDdock and
MULTICOM_ga as notable examples [20, 25]), the average of the
scores is used to assess the quality of this structure. Consensus
methods usually employ some well-established model pool. In
contrast, pseudo-single model methods generate their own model
pool for structure comparison. These two types of approaches
are computationally expensive and their performance relies
on the accuracy of the model pool [12]. For the single-model
methods, model pool is no longer required, thus they do not
have the above limitations. Single models can be divided into two
categories: energy/statistical potential-based and deep learning-
based. For the first type of method [19, 26, 27], an energy
function based on physico-chemical information is constructed
or judgment is made through statistical results under a large
amount of observational data. For the deep learning-based
methods such as GNN-DOVE [28], DProQA [29], ComplexQA [30],
and GraphGPSM [31], they usually represent protein structures
as graphs, design amino-acid sequence, structural and physico-
chemical features on nodes (and edges), and apply graph neural
network models (GNNs). In QA approaches, proteins are often
represented as graphs, with residues as nodes and contacts
between residues as edges. Some models also consider atoms as
nodes to provide a more detailed representation [28]. In general,
GNN-based QA methods excel at propagating information
across the entire graph, which helps capture global structural
patterns and provides insights into the overall folding of protein
molecules.

Recently, topological data analysis and topological deep
learning have been developed to explore high-order topolog-
ical and geometric information within the data [32-37]. An
effective approach is the integration of persistent homology
(PH), which provides a robust mathematical framework for
capturing and quantifying topological invariants on multiple
scales. This enables the identification of complex, higher-order
structures beyond traditional GNN models [38]. Such integration
has demonstrated promising results across various domains,
including biology [39], chemistry, physics, and image analysis
[40]. PH can be incorporated into different GNN modules, such
as feature representation [38, 41, 42], aggregation processes [40,
43], pooling layers [44], and even loss functions [44]. By combining
PH with GNNs, models are better equipped to capture complex
structures and show significant potential, particularly in predict-
ing properties related to large biomolecules, such as proteins.

Here, we propose a topological deep learning-based model
TopoQA for protein complex interface QA for the first time. This
model combined PH and GNN for protein structure representation
learning. On one hand, we simultaneously utilized the powerful
learning ability of GNN and representation ability of PH to cap-
ture high-order local residue-level structural information; on the
other hand, the local residue-level information is updated and
aggregated to give the global representation through the message-
passing module of GNNs. In local residue-level, we extract the
atoms around each residue as a point cloud, generate a series
of simplicial complexes according to the filtration process, cal-
culate the barcodes, and vectorize them using their statistical
properties as part of the initial node features. For edge features,
in addition to C, — C, distances, we also calculated the pairwise
distances between all atoms of two residues, which facilitated
a more detailed geometric representation of protein complex
interface. In the global protein-complex level, we used a module
called ProteinGAT to update node and edge embeddings, followed
by pooling their information for interface quality score predic-
tion. The results show that our method TopoQA is one of the

state-of-the-art QA methods, showing outstanding performance
across three benchmark datasets. Among these, Docking Bench-
mark5.5 AF2 (DBM55-AF2) and Heterodimer-AF2 (HAF2) are the
most-widely used benchmark datasets, while the newly gener-
ated ABAG-Docking Benchmark AF3 (ABAG-AF3) dataset by AF3
further validates the robustness and broad applicability of our
approach. In three datasets, TopoQA showed advantages over AF-
Multimer-based AF2Rank, especially in the DBM55-AF2 dataset,
where it achieved a ranking loss 73.6% lower compared to AF-
Multimer-based AF2Rank. Compared with AF3’s QA module, we
have an advantage in nearly half of the targets. Compared with
all the state-of-the art QA methods as far as we know, TopoQA
achieves the highest Top 10 Hit-rate on the DBM55-AF2 dataset
and the lowest ranking loss on the HAF2 dataset. Ablation exper-
iments show that our topological features significantly improve
the model’s performance, with increases of 66.9% and 3.9 times
on the DBM55-AF2 and HAF2 datasets, respectively. Our approach
provides a new paradigm for QA in terms of topology, facilitating
better protein structure learning.

Materials and methods

Datasets
Training and validation datasets

We used the same training and validation sets as DProQA [29] and
ComplexQA [30]. They combined the two datasets and divided
them into training and validation sets. Multimer-AF2 dataset:
The MAF2 dataset comprises complex structures predicted by
AlphaFold2 and AF-Multimer, with protein complex targets
sourced from the EVCoupling [45] and DeepHomo [46] datasets.
The MAF2 dataset contains 9251 decoys. Dockground dataset:
the Dockground dataset [47] contains 58 protein complex targets,
each with averages of 9.83 correct and 98.5 incorrect decoys.

DProQA have released the decoy lists for the training and
validation sets, and we used the same data split as theirs.
They applied MMseq?2 to cluster all targets’ sequences with 30%
sequence identity. Then they selected 70% of the clusters’ decoys
as training set and the rest as the validation set. After processing,
the training set contains 8733 decoys, and the validation set
contains 3407 decoys.

Test datasets

We used the following three test datasets to test our model.
DBM55-AF?2 dataset, comprises 15 antibody-antigen complex tar-
gets and 449 decoy models. HAF2 dataset is also generated by AF-
Multimer, and contains 13 heterodimer targets with 1370 decoy
models. ABAG-AF3 dataset: in our previous work [48], we compiled
a non-redundant antibody-antigen dataset. We selected proteins
released after 2022 as targets and used AF3 to generate 25 confor-
mations per target, running it five times with different seeds. The
ABAG-AF3 dataset consists of 35 targets and 875 conformations.

To avoid overestimating the performance of TopoQA, all three
test datasets were subjected to 30% sequence identity filtering
against the training and validation data. During this filtering
process, one target, 7ALA from the HAF2 dataset, was found to
exceed the sequence identity threshold. As a result, this target
was excluded from further analysis.

Evaluation metrics

Evaluation metrics can be divided into reference metrics and
statistical metrics. Reference metrics assess the accuracy of struc-
tural models, while statistical metrics, such as ranking loss, eval-
uate the ability of QA methods to predict these reference metrics.



Reference metrics

DockQ combines three interface similarity metrics: L-RMSD, the
Co — RMSD of the ligand in the model relative to the reference
structure; I-RMSD, the C, — RMSD of the interface region between
the decoy model and the reference structure; and Fpq, the fraction
of atom pairs correctly predicted in the decoy models. DockQ is a
continuous value of [0, 1], and the larger the value, the higher the
interface quality.

CAPRI criteria combines L-RMSD, I-RMSD, and Fpq to classify pre-
dicted structures into four levels: high-quality, medium-quality,
acceptable-quality, and incorrect.

DockQ-wave is a variation of DockQ. It is obtained by weighting
the DockQ score of each interface.

QS-score represents the fraction of shared interface contacts
(residues on different chains with Cs—Cy distance <12 A) between
two structures. The range of QS-score is [0, 1], and when QS-score
is close to 1, it means that the interfaces are very similar.

Statistical metrics

For decoy i, let the predicted quality score be y;, and the reference
value be x;.

Pearson correlation coefficient PearsonCor is used to measure the
linear relationship between the predicted quality value and the
reference value:

2 =X —) )

PearsonCor =
L - 02 S (i - 902

Spearman correlation coefficient SpearCor is used to measure the
monotonic relationship between two variables:

63L&
SpearCor =1 — o 1) 2)
di = R(x;) — R(y) (3)

R(x;) and R(y;) are the ranks of x; and y;.

Ranking loss is used to measure the ability of the QA models to
correctly select the Top 1 model. Ranking loss is the difference
between the highest reference value and the reference value
corresponding to the Top 1 decoy selected by the QA methods.
Top-10 hits rate is represented by three numbers separated by
the character/. These three numbers, in order, represent how
many decoys with acceptable or higher-quality, medium or higher-
quality, and high-quality are among the Top-10 ranked decoys.

TopoQA

Persistent homology

Simplicial complex: a simplicial complex is a collection of sim-
plices (geometric objects such as points, edges, triangles, and
their higher-dimensional counterparts) that are combined in a
way that preserves their geometric structure. A k-simplex oy, the
fundamental building block of a simplicial complex, is defined as
the convex hull of k + 1 affinely independent points v, U1, ..., Uk
in RN:

k k
op = Z)»ﬂ.}i | A ZO,ZM =1]4
i=0 i=0

A O-simplex is a vertex, a 1-simplex is an edge, a 2-simplex is a
triangle, and a 3-simplex is a tetrahedron. The dimension of a
simplex is the number of vertices minus one.
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A simplicial complex encodes richer, higher-dimensional infor-
mation than a graph, making it an ideal framework for describing
the shape and structure of complex objects. Its ability to capture
relationships beyond pairwise connections allows for a deeper
analysis of the object’s topological and geometric properties.
Homology group: Homology groups are algebraic structures that
capture topological invariants of a simplicial complex, provid-
ing information about its shape and structure. Specifically, they
describe features such as connected components, loops, and voids
in different dimensions. These groups are crucial in distinguishing
spaces with similar local structures but different global topolog-
ical properties, making them a powerful tool for analyzing the
intrinsic characteristics of the simplicial complex.

For a given simplicial complex K, a k-chain is a formal sum of
k-simplices with coefficients from a field, typically Z,. The set of
all k-chains forms an Abelian group, denoted as Ci(X; Z,).

The boundary operator 9, : Cx — Cy_1 maps each k-simplex
o = [Vo, V1, ..., VU] toits (k — 1)-dimensional faces:

k
dor = D _(=D'[uo,u1,..., i, ..., vi],
i—0

[vo,..., Ui, ..., U] represents the (k — 1)-simplex obtained by omit-
ting the vertex v; from the simplex o,. A key property is that
applying the boundary operator twice results in zero: d,_1 o & = 0.

This allows us to define the cycle group Zy = ker(s,) and the
boundary group By = im(dx4+1) (boundaries of higher-dimensional
simplices). The kth homology group is then defined as the
quotient:

Hy(K; Zo) = Zx/Be.

The rank of Hy, known as the Betti number g, represents the
number of holes of dimensions k in the simplicial complex.
Persistent homology: While classical homology captures the
topological features of a space, it does not contain geometry
information such as the scale of the object. PH addresses this by
tracking the appearance and disappearance of homology classes
over a filtration, providing additional geometric and scale-related
information. This makes it a powerful tool for analyzing shapes,
capturing features that persist across multiple scales.

For a simplicial complex K, a filtration is a sequence of nested
subcomplexes:

=Ko CK,C---CKp=K.

As the filtration progresses, topological features (like connected
components, loops, and voids) are created and eventually disap-

pear. PH tracks these features over the filtration.
The p-persistent kth homology group is defined as

H} (K) = Ze(K)/ B (Kigp) N Zr(K)).

This measures how long a homology class persists across different
filtration levels.

To use PH as a feature, we track the birth time and death time
of each generator in the PH groups. The birth time marks the
filtration level at which a generator first appears, while the death
time indicates when it either merges with another generator or
vanishes. These times provide valuable insights into the persis-
tence of topological features across different scales.
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Biological interpretation of PH

In topological data analysis, Betti 0 (8o) represents the number
of connected components; Betti 1 (81) represents the number of
loops, reflecting the topological structure of the molecule.

As shown in Fig. 1A, the molecular model of Proline (Pro)
residue (excluding hydrogen atoms) is presented. Using this
residue as an example, we computed its persistent barcode using
Vietoris-Rips complex. As shown in Fig. 1C, in the case of Pro, the
filtration starts with seven connected components (atoms), and as
the filtration radius increases, the distance between neighboring
atoms becomes smaller than the radius, causing the components
to gradually merge into fewer connected components. This
radius corresponds to the death value in the 0-dimensional
barcode (Fig. 1B), which can be intuitively understood as the
bond length of the molecule (except when the death value is
infinite). Additionally, Proline’s g; is 1, corresponding to its unique

A

five-membered loop structure. The birth value of B; reflects
the bond length of the longest edge that forms the loop, while
the death value represents the maximum distance between two
points within the loop.

In summary, the topological features captured through PH,
specifically By and g,, provide valuable insights into the molecular
structure. The birth and death values of barcode provide cru-
cial information about the structural properties and connectivity
within the molecule.

Graph representation for protein complex interface

To assess the interface quality, we retained interface residues
within 10A of the C, atom of at any residue in the other chain.
To focus on inter-chain interactions, we only consider inter-chain
edges, defined as connections between residues from different
chains with C, — C, distances less than 10A. We then construct

Persistence barcode

B

Figure 1. (A) Molecular model of Proline. (B) Persistence barcode of Proline (0D and 1D). (C) A filtration process for Proline molecular.



the interface graph G(V,E), where residues (represented by their
C, atoms) as the vertices V and the inter-chain contacts are the
edges E.

Node topological features

For each residue, we use PH to extract its topological information.
Specifically, for residue i, we consider the 3D coordinates set A;,
which includes the coordinates of neighboring atoms within a
cut-off distance r (we choose 8A here) from the C, atom of the
target residue. We apply the element-specific skill: we divide the
point cloud A; into different subsets A;_geciic according to the atom
type:{{C},{N},{O}{CN},{C,0},{N,0}{CN,0}}. For each point cloud
Aj_specific With each atom type, we apply the Vietoris-Rips complex
for calculating 0-dimensional PH, which is a simplicial complex
generated from a set of points X in a metric space by connecting
points with edges if their pairwise distances are below a threshold
€. Specifically, a k-simplex is formed if every pair of its k+1 vertices
is at most € apart. € is the filtration value.

And we apply the Alpha complex for calculating 1-dimensional
PH. Given a set of points X in a metric space and a radius param-
eter «, the Alpha complex is a simplicial complex constructed as
follows: a k-simplex is included if and only if its k+ 1 vertices can
be enclosed by a ball of radius « that contains no other points
from X inside or on the boundary of the ball, apart from the k+ 1
vertices themselves.

Using the given simplicial complexes, we construct a filtration
of simplicial complexes and compute the associated PH and
barcodes. A barcode is a visual representation in which each
bar corresponds to a specific generator of PH groups, where
generators in different dimensions represent distinct topological
features, such as connected components in dimension 0, loops in
dimension 1, and voids in higher dimensions. The left endpoint
of a bar marks the birth of a generator, while the right endpoint
marks its death. The length of the bar, representing the difference
between the birth and death values, quantifies the persistence of
the generator, providing insight into its significance within the
underlying topological space.

To get a fixed-sized feature vector from the PH barcodes,
we consider five statistics: average (avg), standard deviation
(std), maximum (max), minimum (min), and sum (sum). For O-
dimensional barcode, since birth is always 0, we only use death
for calculation. For 1-dimensional barcode, we take birth, death,
and death — birth (persistence of bars) for statistic calculation.
We also filtered the barcodes: bars with late death times in O-
dimensional barcode; bars with very short lifetimes: these bars
are typically considered noise in the data. We use the following
criteria to filter:

death < 8 (4)

death — birth > 0.01 (5)

In summary, for each residue, our methodology yields a fea-
ture vector with a dimensionality of 140 = 7 x 5(statistics)
(0-dimensional barcode) + 7 x 5 (statistics) x 3 (birth, death, and
persistence of bars) (1-dimensional barcode), providing a robust
foundation for subsequent quality prediction tasks.

Edge features

We added an 11-dimensional edge feature to the edge formed
between two residues, where the first dimension represents
the distance between their C, atoms, and the remaining 10
dimensions capture atomic distances between the two residues.
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Specifically, these 10 features are derived by constructing a
bipartite graph between two point clouds, each point cloud
representing the atoms of the corresponding residues. We
computed all pairwise distances between atoms in the two
point clouds and divided the interval [1, +o0] into 10 bins: (1, 2),
[2,3), [3,4), [4,5), [5,6), [6,7), [7,8), [8,9), [9,10), and [10, +c0).
For each bin, we constructed a bipartite graph using only the
edges corresponding to distances within that bin, and the count
of edges in each bipartite graph was used as the feature for
the corresponding dimension of the edge connecting the two
residues.

ProteinGAT module

ProteinGAT module is designed to update node and edge embed-
dings based on multi-head attention, and perform graph-level
regression prediction.

Embedding update: We use a multi-head attention mechanism.
Below, we take the calculation of one head as an example to illus-
trate the calculation process. Assume that the node embedding

and edge embedding atlayerlare x® and eg) respectively, the node

i
I+1)‘ ngrl)’

and edge embedding atlayer [+ 1 are xf
update formulas are

respectively. The

Cj = o (Wsx; + Wix; + Weey) (6)
= exp(cy) o
=
2 kenriutiy EXPCir)
(1+1) 10}
= D e (8)
JeN (HUfi}
I+1 1+1 1+1 1
eV = Ox{"VlIx " le) 9)

Equation (6) computes the attention coefficient between node i
and node j. The trainable weight matrices W;, W;, and W, map
the source node, end node, and edge features to the new feature
space, respectively. o is the activation function. Equation (7) uses
the softmax function to normalize the attention coefficients c¢;
to obtain the final weights «;. N(i) is the set of the neighbor
nodes of node i. Equation (8) updates node embedding, where ©;
is the trainable weight. Equation (9) uses the node embeddings
from layer (I + 1) and the edge embeddings from layer [ to update
the edge embeddings for layer (I + 1), where ©, represents the
trainable weight matrix and “||” denotes the vector concatenation
operation.

Graph-level regression: In graph-level prediction, we use both
node and edge information. Assume that final node embedding
and edge embedding are X;L) and ef}.”, respectively, the node fea-
tures and edge features after pooling are Xp,, and ey

1
Kpool = m Z Xl'(D (10)
ieV
_ 1 o
€pool = Wpool m Z eij (11)
jeE

After L updates, we applied average pooling to the embeddings
of both nodes and edges. For the edge embeddings, we added
a linear layer to reduce their dimension to half, emphasizing
the greater importance of node information compared to edge
features. We integrated both node and edge information, and fed
the concatenated vector into an MLP with three stacked linear
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Topology-based graph representation

Node topological feature Edge feature
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Graph-level regression

Figure 2. TopoQA’s architecture, consists of topology-based graph representation and a ProteinGAT module. (A) The process of generating the graph of
the protein complex. (B) ProteinGAT module, divided into two parts: embedding update and graph-level regression prediction.

layers for the final out put o:

0= Singid(MLP(xpool||epool)) (12>

During training, the model is optimized to minimize the MSE loss.

Results
TopoQA model

As shown in Fig. 2, TopoQA model mainly consists of two parts:
the topology-based graph representation of the protein complex
interface and the ProteinGAT module, which is used to update the
node and edge embeddings of the graph and make predictions.

Graph representation for protein complex

Bipartite/Multipartite protein interface graph: The topological
representations of the protein complex can directly influence the
performance of deep learning models. Here we propose bipar-
tite/multipartite graph representation for the characterization of
protein complex interface. As shown in Fig. 2A, since the interface
is of key importance for protein complexes, we focus only on the
interactions within interfaces and represent them as bipartite or
multipartite graphs. Figure 3A and B shows the complete protein
complex and the corresponding protein interface, respectively.
Based on the extracted protein interface, we construct a bipartite
interface graph G = (V,E) to model inter-chain interactions. As
shown in Fig. 3C and D, in this bipartite graph, the residues are
represented as vertices V and the inter-chain contacts are repre-
sented as edges E. This bipartite structure allows us to effectively
capture the complex interactions between different chains within
the protein. Further, the detailed residue-level information is
incorporated into our graph representation by considering special
node features and edge features.

Node featurization: Different from all previous models, we
incorporate higher-order geometric and topological information

of the local residual environments into our model by using the
PH analysis. More specifically, we compute PH on the local point
cloud of each residue. We apply the element-specific skill [49]:
we extract the 3D coordinates of the C, atom of target residue
and its surrounding atoms as point clouds, and divide the point
cloud into different subsets according to the atom type carbon (C),
nitrogen (N) and oxygen (O):{{C},{IN},{O},{C,N},{C,0},{N,0},{C,N,0}}.
We construct simplicial complexes using the above subsets
of the point cloud. Using PH, the original point-cloud data
are characterized by topological barcodes. We use five statis-
tics for barcode vectorization: minimum, maximum, mean,
sum, and standard deviation. We compute the 0-dimensional
and 1-dimensional barcodes and vectorized them into 140-
dimensional topological features, which were added to the node
features.

Computationally, each node has 172-dimensional features,

including 32-dimensional basic features and 140-dimensional
topological features. Basic features include 21-dimensional
one-hot encoding of residue types, 8-dimensional one-hot
encoding of secondary structure types, 1-dimensional relative
solvent accessible surface area, and 2-dimensional torsion
angles.
Edge featurization: The atomic interactions between adjacent
residues within the protein interface are of key importance for the
QA of generated protein complexes. To leverage detailed atomic
information, a total of 10 edge features are based on atomic
distances between the two residues. Specifically, for each edge
connecting two residues, the atoms of each residue are divided
into two point clouds. All pairwise distances between atoms
in these point clouds are calculated and grouped into 10 bins.
For each bin, the count of distances falling within that bin is
used as the corresponding feature, capturing the distribution of
atomic interactions between the residues. An extra edge feature
for distance between C, atoms is considered, resulting in 11-
dimensional edge features.
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Figure 3. (A) Complete protein complex with two chains. (B) Protein interface. (C) Inter-chain residue contacts on the original structure. (D) Inter-chain

residue contacts on spheres drawn using C, atom coordinates.

ProteinGAT

We propose a special GNN architecture known as ProteinGAT. As
shown in Fig. 2B, our ProteinGAT model uses multi-head attention
to update node and edge features, and leverage both to predict the
interface quality score.

Attention-based embedding update: For the target node embed-
ding Xi(l) at layer |, the attention coefficient ¢; is computed using
node embeddings x”, x}?b, and edge embedding efjb, and then nor-
malized into final weights «; via softmax function. The updated
node embedding xf”l) at layer I + 1 is computed using attention-
weighted information from neighboring nodes and itself. The
updated edge embedding eg“) atlayer [+ 11is obtained by concate-

(+1) 0+
i %

nating the updated node embeddings x , and the original

edge embedding el.(jb, followed by a projection into a new vector
space.

Graph-level regression: After updating the embeddings, we apply
average pooling to both node and edge embeddings. A linear
layer reduces the pooled edge embeddings to half the dimension
of the pooled node embeddings, highlighting the importance of
node information. The concatenated embeddings are then passed
through a multi-layer perceptron (MLP) for the final output.

We train the model using the mean squared error (MSE) loss
function, minimizing the difference between predicted values and
DockQ scores. The "Model Training” section in the Supplementary
Information describes how we implemented, trained, and tuned
the TopoQA.

Performance of TopoQA
Baselines

To ensure a fair comparison, we selected deep learning-based
models of the same type as ours for evaluation. We compared
the performance of our model with two recently developed
QA methods, ComplexQA [30] and DProQA [29], both of which
have demonstrated competitive performance in recent studies,

using the same training, validation, and test sets for a fair
comparison. In the blind CAPSP15 experiment, DProQA is one
of the top performers among all single-model methods in terms
of TM-score ranking loss [50]. Following previous work [29, 30],
we also include two deep learning methods, GNN-DOVE [28]
and TRScore [51], which have shown high hit rates in their
evaluations.

Specifically, referring to [52], we compared our method with
the interface score (ipTM) predicted by AF-Multimer’s self-
assessment module. We utilized an extended version of the
AF2Rank [53] method, which is based on the self-assessment
module of AF-Multimer, repurposed for scoring protein complexes
to generate the ipTM score. AF2Rank composite confidence score
significantly outperformed all other EMA methods entered in
caspl4 [53]. We also use the ipTM of AF3 for comparison, which
is one of the most advanced protein complex prediction models.

Performance on three test datasets

As shown in Fig. 4A, we stacked the ranking losses from differ-
ent datasets. In the DBM55-AF2 and HAF2 datasets, we followed
previous work and used DockQ as the reference metric. For the
ABAG-AF3 dataset, we chose DockQ-wave as the reference metric,
because it can evaluate all interfaces within the complex, making
it particularly suitable for higher order complexes. This dataset
contains a high proportion of multimers, with proteins having
four or more chains accounting for 29%. Given that DockQ-wave
is introduced for higher order complexes [14], it is better suited
for evaluating the ABAG-AF3 dataset. In Fig. 4A, across the three
datasets (DBM55-AF2, HAF2, and ABAG-AF3), TopoQA achieves the
lowest stacked ranking loss among the other methods. TopoQA’s
ranking loss is 0.27, which is 25.0% lower than DProQA’s loss of
0.36, and 42.6% lower than AF-Multimer-based AF2Rank. Aggre-
gating the results across different datasets, TopoQA demonstrates
the best overall performance.
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Multimer-based AF2Rank.

Performance on the DBM55-AF2 dataset: Table S5 reports the
ranking loss for all methods on the DBM55-AF2 dataset. Our
method achieves the second lowest average ranking loss, which
is only 0.02 higher than the loss of DProQA with lowest loss
0.049. We achieved the ranking loss 0.069, which is 73.5% lower
than ComplexQA with third lowest ranking loss of 0.26, and is
73.6% lower than AF-Multimer-based AF2Rank with fourth lowest
ranking loss of 0.261. For three targets 4ETQ, 5Y9J, and 6ALO,
TopoQA correctly selects the Top-1 model according to the DockQ,
and achieves 0 ranking loss.

Table S6 shows the hit rate of different methods on the DBM55-
AF2 dataset. TopoQA achieves the highest hit rate in all three
levels: selecting acceptable or higher, medium or higher, and high-
quality decoys. It is worth noting that TopoQA achieves the best
possible Top-10 results at medium and high quality levels.

As shown in Tables S9 and S10, we also report the average

results from multiple experiments with different random seeds.
Compared to DProQA, TopoQA achieves a lower mean ranking
loss and demonstrates more stable performance, with a standard
deviation that is only 30.3% of DProQA’s. Additionally, according
to Top-10 hit, TopoQA outperforms DProQA at the acceptable level
with 2.2 more targets.
Performance on the HAF2 dataset: Table S7 reports the ranking
loss for all methods on the HAF2 dataset. TopoQA achieves the
lowest average ranking loss. TopoQA achieves the ranking loss
0.11, which is 8.3% lower than AF-Multimer-based AF2Rank’s
second-lowest ranking loss of 0.12, 42.7% lower than DProQA’s
ranking loss of 0.192. Moreover, TopoQA achieves the lowest loss
on two targets 7AMV and 7D3Y.

Table S8 shows the hit rate of different methods on the HAF2
dataset. TopoQA achieves the highest hit rate at two levels:
selecting medium or higher-quality and high-quality decoys. At
the acceptable level, TopoQA’s hit rate is 10, which is slightly
lower than the best result of 11 achieved by other methods.
TopoQA achieves the best possible Top-10 results at high-quality
level.

As shown in Tables S11 and S12, on the HAF2 dataset, TopoQA
outperforms DProQA with a 52.6% lower mean and 63.6% lower
standard deviation in ranking losses. Additionally, TopoQA has a
better average hit rate: at both acceptable and medium levels, it
has 1.4 more targets on average than DProQA.

Performance on the ABAG-AF3 dataset: Table 1 reports the rank-
ing loss and Top 10 mean DockQ-wave for seven methods on the

Table 1. Performance on ABAG-AF3 dataset using DockQ-wave
as reference metric. AFM-AF2Rank refers to AF-Multimer-based
AF2Rank. For the same target, there may be multiple top 1
models, and we select the average of the losses of these models
as the ranking loss of the target.

Method Ranking loss| Top10 meant
TopoQA 0.092 0.592
AF3 0.054 0.614
DproQA 0.124 0.585
ComplexQA 0.106 0.590
AFM-AF2Rank 0.094 0.589
TRScore 0.114 0.587
GNN-DOVE 0.107 0.590

ABAG-AF3 dataset. Except for AF3, TopoQA achieved the lowest
ranking loss and the highest Top10 average DockQ-wave value,
demonstrating the advantage of our method: it can select the
better conformation from different conformations of the same
target. We achieved the ranking loss 0.092, which is 13.2% lower
than ComplexQA with the ranking loss of 0.106, and 25.8% lower
than DProQA with the rankingloss of 0.124. It is worth noting that,
on this dataset, TopoQA also demonstrates better performance
than AF-Multimer-based AF2Rank.

Although TopoQA does not outperform AF3 overall, as shown
in Tables S13 and S14, it achieves lower ranking loss on 17 targets
and better top-10 mean DockQ-wave scores on 16 targets, out of
a total of 35 targets. Although our training data are significantly
smaller than that of AF3, TopoQA still shows advantages on nearly
half of the targets, demonstrating the potential of the TopoQA
model.

Correlation coefficient analysis

As shown in Fig. 4, we stacked the correlation coefficients from
three datasets. In Fig. 4B, TopoQA achieves the highest stacked
Pearson correlation coefficient, with a value of 1.38, which is
26.6% higher than the second-best correlation coefficient of
1.09 achieved by DProQA. In Fig. 4C, TopoQA also achieves the
highest stacked Spearman correlation coefficient, measured at
1.43, representing a 32.4% increase compared to the second-
best correlation coefficient of 1.08. Overall, TopoQA also shows
good performance under the correlation coefficient evaluation
metrics.
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Evaluation using different reference metrics

In the previous sections, our evaluation of model performance
was primarily based on a single reference metric chosen for each
dataset, which provides an intuitive and straightforward measure
of predictive accuracy. However, to obtain a more comprehen-
sive understanding of the model’s robustness and generalization
capabilities, it is essential to assess its performance across multi-
ple reference metrics.

This section presents an evaluation of the models using
three distinct metrics—DockQ [24], DockQ-wave [14], and QS-
score [21]. DockQ is widely used to assess the accuracy of
protein-protein interface, and strictly processes single interfaces.
More recent metrics like QS-score [21], DockQ-wave [14] were
introduced to evaluate higher order complexes, and have been
widely used in recent studies, including the CASP experiments.
DockQ-wave scores full complexes as weighted average of per-
interface DockQ scores [14]. QS-score quantifies the similarity
between interfaces as a function of shared interface contacts
[14].

We evaluated the performance of different methods using the
above three metrics. As shown in Fig. 5, TopoQA demonstrated
consistent performance across different reference metrics. Eval-
uated under different metrics, TopoQA achieved the best stacked
ranking loss across all three datasets, with scores of 0.29 (DockQ),
0.27 (DockQ-wave), and 0.30 (QS-score). These results highlight its
robustness and the minimal discrepancy in performance across
metrics. Similarly, for all three reference metrics, TopoQA also
achieved the highest stacked Pearson correlation coefficients and
Spearman correlation coefficients across the three datasets, as
shown in Fig. 5B and C, respectively. Notably, not all methods
exhibit such consistent rankings across different reference met-
rics. As an example, as shown in Fig. 5A, the ranking loss perfor-
mance of ComplexQA ranks fourth when using DockQ or DockQ-
wave as the reference metric. However, it drops to sixth when QS-
score is used as the reference metric. This experiment further
validates the robustness and stability of TopoQA in assessing
interface accuracy.

Ablation study

To evaluate the impact of node topological and atomic distance-
related edge features, we performed ablation studies by removing
specific components of the TopoQA model, with the results shown
in Table S18 and Fig. S2.

The impact of the node topological features

We removed the topological features of the nodes and only kept
the basic features. The results showed that the performance of
the model was greatly affected. Specifically, on the DBM55-AF2
dataset, the ranking loss worsened from 0.069 to 0.129, repre-
senting an 87.0% increase; the Pearson correlation coefficient
and Spearman correlation coefficient decreased by 0.198 (a 38.4%
reduction) and 0.122 (a 24.3% reduction), respectively. On the
HAF?2 dataset, the ranking loss worsened from 0.11 to 0.151,
indicating a 37.3% increase, while the Pearson and Spearman
correlation coefficients decreased by 0.484 (a 80.7% reduction)
and 0.404 (a 59.9% reduction), respectively.

The impact of the edge features related to all atomic
distances

We removed the atomic distance-related edge features, keeping
only the C, — C, distance. This led to a decline in model perfor-
mance. On the DBM55-AF2 dataset, the ranking loss worsened
from 0.069 to 0.103 (a 49.3% increase), with the Pearson corre-
lation coefficient increased by 0.01, but the Spearman coeffi-
cient dropping by 0.011 (2.2%). On the HAF2 dataset, the ranking
loss worsened from 0.11 to 0.159 (44.5%), and both Pearson and
Spearman coefficients decreased by 0.024 (4.0%) and 0.064 (9.5%),
respectively.

The results show that node topological features and edge
features related to all atomic distances both have an effect on
improving model performance. Among them, as shown in Fig. S2,
the node topological features have the significant impact, after
removing topological features, the sum of the model’s metrics
(with ranking loss negated) on the DBM55-AF2 and HAF2 datasets
is 59.9 and 20.3% of TopoQA, respectively. It shows the powerful
ability of combining PH and GNN and its great potential in protein
structure learning.

Discussion

AF-Multimer and AF3 have been developed for protein complex
structure prediction, but compared to monomer structure predic-
tion, there is still room for improvement in accuracy. We propose
a topology-based QA method to enhance model selection and
improve the accuracy of protein complex structure predictions.
In previous studies, residues were commonly used as nodes to
construct graphs for GNN-based prediction, which helps capture
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global structural patterns and provides insights into the overall
folding of protein molecules. We integrate PH with GNNs for QA,
using PH to capture atomic-level topological information around
the target residue, thus enhancing the model’s representation of
protein structures. Ablation studies demonstrate that incorporat-
ing PH significantly improves model performance. Our method
shows great potential and can be extended to other protein struc-
ture representation tasks. For example, by leveraging topological
features to capture key biological information, the framework
of this method could be applied to predict binding affinities.
Additionally, topological features can capture patterns associated
with different binding conformations, suggesting the potential
of this framework for applications in classifying binding modes.
Such potential applications highlight the broader applicability of
our framework to various structural biology tasks.

In this study, our primary focus is on integrating PH with
GNN to fully leverage the topological information provided by PH,
thereby achieving significant performance improvements. The
robustness of PH features stems from its stability theorem, which
states that barcodes remain stable under small perturbations
in the input data. Additionally, we mitigate the impact of noise
by filtering out bars in the barcodes with very short lifetimes,
further enhancing the reliability of the features. However, we
recognize that reliance on a single type of feature may limit the
applicability of the model to some extent. Therefore, in future
work, we plan to explore the integration of multiple feature types,
such as residue-level embeddings derived from protein language
models, as well as incorporating methods like multi-task learning
to further enhance the robustness and generalization ability of
the model.

EMA or QA methods are an important part of CASP experi-
ments. In the CASP15 EMA, the task involved 40 targets and 10
329 models [14], including complexes ranging from dimers to 27
chains. Some teams in CASP EMA, such as GuijunLab-RocketX [31]
and Chaepred, trained on large datasets with up to 2 million and
400 000 decoys, respectively. The training dataset we use consists
of 8733 conformations and is a publicly accessible dataset. In the
Supplementary Information, we analyze the composition of the
training dataset, which includes protein complexes ranging from
dimers to heptamers, demonstrating a certain level of diversity. In
the future, we plan to integrate larger and more diverse datasets.
We believe that with a larger dataset, TopoQA could demonstrate
greater potential.

We compared our method, TopoQA, with the AF-Multimer-
based AF2Rank and AF3 across three datasets. TopoQA outper-
formed AF-Multimer-based AF2Rank on all datasets, particularly
on the DBM55-AF2 dataset, where our ranking loss was 73.6%
lower. Notably, we trained TopoQA using only a small dataset
generated by AF2 and AF-Multimer, which is significantly less
than the training data used for AF-Multimer. Although the over-
all performance of TopoQA is not as high as that of AF3, it
demonstrates advantages on nearly half of the targets, indicating
its potential. Furthermore, AF3 currently provides quality scores
only for its predicted structures, while our method offers greater
applicability and versatility for model QA.

Currently, our model, TopoQA, is designed to assess the global
interface accuracy of protein complexes. EMA methods, however,
also encompass evalutions of global fold and local accuracy.
Global fold accuracy focuses on the overall correctness of the
complex structure, utilizing metrics such as TM-score and GDT-
score [54] to evaluate global topology. In contrast, local accuracy
assesses the residue-level precision, employing metrics like IDDT
[23] and CAD-score [55] as reference values. In the future,we

plan to incorporate multi-task learning to broaden our model’s
capabilities from interface accuracy evaluation to a more com-
prehensive assessment of accuracy.

Conclusion

In this work, we present a topological deep learning-based
method, TopoQA, for protein complex structure interface QA.
Constructing graphs with residues as nodes combined with GNNs
is a common approach, and can allow for modeling complex
interactions between residues, thereby capturing important
global structural patterns. We enhance protein structural
representation by incorporating topological information using
PH. For each residue, we extract the topological features of
its neighboring atoms based on specific atomic combinations.
Ablation experiments reveal that the introduced topological
features significantly enhance the model. When these features
are removed, the model’s performance drops to 59.9 and 20.3% of
its original level on two datasets, respectively.

Compared to other models, our method achieves highest hit
rate on the DBM55-AF2 dataset and lowest rank loss on the
HAF?2 dataset. Additionally, multiple experiments with different
random seeds and evaluation reference metrics show that
TopoQA produces stable results, demonstrating its robustness.
On three datasets, our model all demonstrates advantages over
AF-Multimer-based AF2Rank, particularly on the DBM-55 dataset,
where TopoQA's loss is 73.6% lower than that of AF-Multimer.
Additionally, compared to AF3’s QA module, TopoQA shows an
advantage on nearly half of the targets.

Key Points

¢ To model complex protein-interaction interfaces, we use
PH to characterize atomic-level high-order topological
information around residues.

e We design a topological deep learning-based QA method,
TopoQA, to assess the accuracy of protein complex inter-
faces.

e Our TopoQA model is extensively validated based on
the two most-widely used benchmark datasets, DBM55-
AF2 and HAF?2, along with our newly constructed ABAG-
AF3 dataset to facilitate comparisons with AF3. For all
three datasets, TopoQA outperforms AF-Multimer-based
AF2Rank and shows an advantage over AF3in nearly half
of the targets.
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