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Abstract 
Motivation: Protein–protein interactions play a fundamental role in biological systems. Accurate detection of protein–protein interaction 
sites (PPIs) remains a challenge. And, the methods of PPIs prediction based on biological experiments are expensive. Recently, a lot of 
computation-based methods have been developed and made great progress. However, current computational methods only focus on 
one form of protein, using only protein spatial conformation or primary sequence. And, the protein’s natural hierarchical structure is 
ignored. Results: In this study, we propose a novel network architecture, HSSPPI, through hierarchical and spatial-sequential modeling 
of protein for PPIs prediction. In this network, we represent protein as a hierarchical graph, in which a node in the protein is a residue 
(residue-level graph) and a node in the residue is an atom (atom-level graph). Moreover, we design a spatial-sequential block for 
capturing complex interaction relationships from spatial and sequential forms of protein. We evaluate HSSPPI on public benchmark 
datasets and the predicting results outperform the comparative models. This indicates the effectiveness of hierarchical protein 
modeling and also illustrates that HSSPPI has a strong feature extraction ability by considering spatial and sequential information 
simultaneously. Availability and implementation: The code of HSSPPI is available at https://github.com/biolushuai/Hierarchical-Spatial-
Sequential-Modeling-of-Protein. 
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Introduction 
Proteins are involved in nearly all biological processes and cel-
lular functions necessary for life, such as gene expression, RNA 
transcription, DNA synthesis, and immune reaction [1]. Biologi-
cal functions are performed through interactions and chemical 
reactions among proteins and proteins or other molecules [2, 3]. 
The detection of protein–protein interaction (PPI) and the recog-
nition of protein-protein interaction sites (PPIs) are important 
research topics in proteomics [4, 5]. The accurate identification 
of PPIs is of great significance for the design of novel drugs [6, 
7], the annotation of protein function [8], the understanding of 
molecular mechanism of diseases [9, 10], and construction of PPI 
networks [11, 12]. The determination of PPIs through traditional 
biological experiments is time-consuming and high-cost [13–15]. 
In recent years, with the rapid improvement of protein databases 
[16, 17] and the urgent demand for disease prevention, various 
computational PPIs prediction methods have been developed. 

Existing computational PPIs prediction methods can be roughly 
classified into two types, sequence-based and structure-based 
methods, according to recent reviews [18–20]. Almost all those 
methods rely on machine learning or deep learning models. 
The traditional machine learning models like naive Bayes [21], 

support vector machine [22], random forests [23, 24], and XGBoost 
[25] have widely been used for predicting PPIs. Recently, many 
studies utilize deep learning models such as convolutional 
neural networks (CNN) [26], recurrent neural networks [27, 
28], and graph neural networks (GNN) [29, 30] to predict PPIs. 
Moreover, inspired by the natural language processing (NLP) 
tools, some methods regard the protein sequence as the natural 
language which has the concept of forward and backward 
order, and introduce the bidirectional operation through bidi-
rectional gated recurrent unit (Bi-GRU) and Bi-LSTM. With the 
advancement of language models and transfer learning, some 
protein language models are proposed for many bioinformatics 
tasks and outperform other methods at embedding protein 
sequences. Although the computational methods mentioned 
above have made great  achievements,  there still  remain  some  
limitations. 

Firstly, those methods model proteins simply through one 
form: sequential or spatial. Sequence-based methods treat 
protein as a type of sequence data consisting of a set of 
residues like natural language. Structure-based methods treat 
protein as a kind of graph data by extracting nodes and edges. 
However, a protein performs functions by its special conformation
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folding from its primary sequence. Therefore, residues binding 
or not are influenced by their spatial and sequential neighbors 
which should be analyzed from both protein sequence and 
structure. Models focus on sequential or spatial form couldn’t 
take advantage of both data and only utilize one type of neighbors 
for making predicting. Some methods make a combination of 
features extracted from protein sequence and structure and then 
feed them into a predictive model [26]. Although this combination 
can achieve better performance, the prediction performance also 
relies on the selection of predictive models that model proteins in 
only one form. 

Secondly, those methods ignore the natural hierarchical struc-
ture of proteins. Hierarchy information is widely used in a lot 
of bioinformatics tasks such as drug–drug interaction [31], drug-
target affinity prediction [32], molecule property prediction [33], 
protein function prediction [34], and protein binding residues 
prediction [12]. Conformation information at different levels such 
as atom, residue, motif, protein, and interaction network are 
fused for capturing molecule or protein structure adequately. As 
for PPIs prediction, from a high-level view, interactions between 
proteins are driven by a few key residues. From a low-level view, 
the interactions between proteins are ultimately the interactions 
between atoms. Moreover, HIGH-PPI [12] utilizes structure infor-
mation at a higher level: the PPI network. However, current com-
putational methods for PPIs prediction don’t consider the feature 
information at the atom level. Those methods usually extract 
features from protein graphs at the residue level and don’t capture 
more detailed information such as the geometric arrangement of 
atoms from side chains of an amino acid residue. Therefore, the 
prediction performance is limited by the expressive power of the 
features used. 

These limitations motivate us to develop a new approach 
to fully explore the protein features to predict the PPIs. Here, 
we propose a novel deep-learning architecture, HSSPPI, through 
modeling protein as a hierarchical graph and considering spatial 
and sequential forms for PPIs prediction. In this study, HSSPPI 
takes protein as a hierarchical graph in which a set of atoms 
serve as a residue and the residues constitute a protein. More 
specifically, a residue-level graph is composed of residues in 
a protein, in which a residue node corresponds to an atom-
level graph consisting of atoms. Moreover, we model protein 
through spatial and sequential forms and design a spatial-
sequential (S-S) block containing a graph convolutional network 
(GCN) layer linked with a Bi-GRU layer. This block can capture 
sequential and spatial neighbor information of target residue for 
fully exploring protein structure and extracting long-distance 
interaction between residues and atoms. By providing the learned 
atom-level information to the residue-level feature, the fused 
feature embedding of the protein can be enriched so that the 
interaction relationship can be accurately learned. Therefore, 
HSSPPI can predict PPI sites more accurately. We test and evaluate 
HSSPPI on two public PPIs prediction tasks, and the results 
show that our proposed method achieves better performance. 
The main contributions of our work are summarized as 
follows: 

• We propose a novel network architecture, HSSPPI, to predict 
PPIs through hierarchical and S-S modeling protein for fully 
capturing protein structure information. 

• We represent protein as a hierarchical graph in which the 
residues are nodes in the protein and the atoms are the 
nodes in corresponding residues resulting in performance 
improvement. 

• We design a S-S block consisting of a GCN layer linked with 
a Bi-GRU layer for extracting spatial and sequential neighbor 
information at the same time. 

• HSSPPI outperforms the comparative methods on two public 
benchmark tasks which indicates the effectiveness of hierar-
chical and S-S modeling of protein for PPIs prediction. 

Materials and methods 
Benchmark datasets 
In this study, we evaluate our proposed method HSSPPI on two 
public PPIs prediction tasks including the DeepPPISP task [26] 
and GraphPPIS task [35]. The specific information of both tasks 
is described as follows and the statistics information of datasets 
is provided in Table S1 in Supplementary Section 1. 

DeepPPISP task 
On the DeepPPISP task, we evaluate and compare HSSPPI with 
competing models on Train352 and Test70 datasets which are 
extracted by DeepPPISP. Three benchmark datasets including 
Dset_186 [36], Dset_72 [36],and PDBset_164 [37] are combined in 
the DeepPPISP task. Proteins in these datasets are downloaded 
from the RCSB PDB database and selected according to the 
criteria of resolution <3.0 Å and sequence homology <25%. In 
this study, an interaction site of protein is defined if the surface 
residue of a protein has a reduction of at least 1 Å squared in 
its absolute solvent accessibility area after the formation of a 
complex. Dset_186, Dset_72, and PDBset_164 contain 186, 72, and 
164 proteins, respectively. To ensure that the training set and the 
test set are from an identical distribution, Zeng et al. fuse the three 
datasets into one resulting in a fused dataset consisting of 422 
proteins [26]. Then, they split it into a training set containing 352 
proteins (Train352) and a test set containing 70 proteins (Test70). 

GraphPPIS task 
On the GraphPPIS task, models are trained and evaluated on the 
same datasets as AGAT-PPIS [38] including one training set named 
Train335 along with four testing sets named Test60, Test287, 
TestB25, and TestUB25. Train335 and Test60 datasets are also 
developed from the Dset_186, Dset_72, and PDBset_164 datasets 
mentioned above. Unlike the DeepPPISP task, the GraphPPI task 
removes proteins with more than 25% sequence similarity and 
90% of overlapping proteins through BLASTClust after combin-
ing the three baseline datasets. This operation results in 395 
non-redundant proteins. And then, 335 proteins are randomly 
selected as the training set (Train335) leaving 60 proteins per-
formed as the testing set (Test60). Test287, TestB25, and TestUB25 
are obtained by deleting protein sequences that could not align 
with their corresponding structures from Test_315 and UBtest_31 
which are used for testing GraphPPIS [35].In this work, Train335 
and Test60 are applied as benchmark datasets on the GraphP-
PIS task and the remaining testing sets are used for evaluating 
the generalization performance of models. It should be noted 
that proteins in the TestUB25 are corresponding unbound struc-
tures in the TestB25 set which contain the same proteins and 
are all derived from Test60. The results on TestB25 and Tes-
tUB25 can reflect the robustness of PPIs prediction methods and 
evaluate the impact of conformational changes on the method 
performance. 

Table S1 shows the number of interaction and non-interaction 
sites on both DeepPPISP task and GraphPPIS task. The datasets

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf079#supplementary-data
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Figure 1. The detailed architecture of HSSPPI. (A) The part of protein hierarchical graph generation in which the nodes of the protein are residues and 
the nodes of the residues are corresponding atoms. Therefore, the hierarchical graph of a protein is a residue-level graph and an atom-level graph. (B) 
The part of feature extraction in the residue-level graph consists of two S-S blocks and two F-F blocks. A GCN layer and a Bi-GRU layer constitute the 
S-S block used for capturing neighbor information comprehensively from spatial and sequential forms of the protein. The F-F blocks are applied for 
fusing features from the residue-level graph and the atom-level graph. (C) The part of feature extraction in the atom-level graph only consists of two 
S-S blocks. (D) The part of feature classification in which two fully connected layers output the probability of a residue interacting or not. 

are unbalanced and each set represents a considerable imbal-
ance between the interaction and non-interaction sites. Therefore, 
evaluation metrics sensitive to unbalanced data are taken as more 
important. 

Architecture of HSSPPI 
As shown in Fig. 1, the main architecture of HSSPPI consists of 
four parts, which are the protein hierarchical graph generation, 
the feature extraction in the residue-level network, the feature 
extraction in the atom-level graph, and the feature classification. 
We’ll explain each component in detail below. 

Protein hierarchical graph generation 
It can be seen from Fig. 1A that we represent protein as a hierar-
chical graph in which a node in a protein is a residue (residue-
level graph) and a node in a residue is an atom (atom graph). 
The edges in the residue-level and the atom-level graph can be 
calculated by the angles and distances between residues and 
atoms. Usually, the information at the residue-level can be directly 
used for predicting whether a residue interacts with others or not. 
Considering the protein structure is naturally hierarchical and 
residue-level prediction is always made through a few atoms in 
the target residue which are inadequate and limited. Therefore, 
we utilize the atom-level graph containing all atoms helping to 
make residue-level judgments in this study. 

Usually, a protein G is defined as the residue-level graph 
which contains a set of nodes and edges: Gr = {Vr, Er} and 
Vr = {r1, r2, . . .  , ri, . . . , rn−1, rn} ∈  RN∗Fr , where  N is the number of 
residues in the protein G and Fr is the feature dim of the residue, 
and Er are the set of edges between all residues. Here, the distance 
between two residues in Gr is calculated by the mean distance 
of heavy atoms of each residue. Therefore, the existence of an 
edge is determined by the distance and we test a set of distance 
thresholds for finding the best performance of HSSPPI. 

Similarly, the atom-level graph can be shown as Ga = {Va, Ea} 
and Va = {a1, a2, . . . , aj, . . . , am−1, am} ∈  RM∗Fa , where  M is the 
number of atoms in the protein G and Fa is the feature dim of 
the atom, and Ea are the set of edges between all atoms. The 
edges in the atom-level graph are also determined by the distance 
threshold between all heavy atoms in the protein. 

Through this operation, the feature representation of the pro-
tein G can be extracted from the residue-level (Gr) and atom-level 
(Ga), which can refine the dimension of the manually extracted 
feature and enrich the feature representation. 

Feature extraction in the atom-level graph 
The feature extraction part in the atom-level graph in HSSPPI 
contains two S-S blocks (S-S Block 1 and S-S Block 3). As shown 
in Fig. 1B, we get the atom feature representation and adjacent 
matrix of the atom-level graph after the protein hierarchical 
generation. In this study, the S-S block is designed to extract the 
sequential and spatial neighbor features through the linked GCN 
layer and Bi-GRU layer. 
Atom feature representation As for the atom-level graph 
Ga = {Va, Ea}, we utilize one-hot encoding of the atom types 
to obtain the atom feature embedding. According to a related 
study [39], 37 kinds of atoms are labeled for 20 types of residues. 
As defined above, the nodes in the atom-level graph are Va = 
{a1, a2, . . . , aj, . . . am} ∈  RM∗Fa , where  aj represents the jth atom and 
M is the number of atoms in the protein. After one-hot encoding 
of the atoms, the protein is represented as a feature matrix which 
has a dimension of M ∗ 37, i.e.,Fa = 37 in this study. 

Edges Ea stands for the connection between atoms which is 
determined by the distance threshold. In this study, the connec-
tion relationships are contained in an adjacency matrix Aa ∈ 
R(M∗M). If the distance between two atoms is less than the thresh-
old, there is an edge between them which is labeled as 1 in the 
adjacency matrix. Otherwise, it is labeled as 0. That is to say, the ith 
row and jth column element in the adjacency matrix is 1 standing
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for that there is an edge between the ith and jth atom which is 
regarded as connected. Here, we select the distance threshold 
from a set of {1.3 , 1.5 , 1.7, 1.9, 2.1, 2.3 , 2.5 Å}. 
spatial-sequential block For capturing the spatial and sequential 
dependency from protein data at the same time, we propose a 
S-S block based in the GCN and a Bi-GRU. GCN can learn the 
representation of a local neighborhood around each node in a 
graph. In this block, we represent a 3D structure of a protein as 
a graph in which each atom is a node and edges represent the 
connections between nodes. Given a protein Ga with M residues, 
the atom-level graph is represented by the node feature matrix Va 

and the adjacency matrix Aa. The graph convolutional operation 
is computed as follows: 

Vl+1 
a = σ(D−1 

a AaVl 
aWl 

a + bl 
a) (1) 

where Da is the diagonal degree matrix of the adjacency matrix 
Aa, the normalization of Aa is achieved through D−1 

a Aa. Vl 
a is the 

node feature of layer l, Wl 
a is weight matrix of layer l, bl 

a is a biases 
vector of layer l, and  σ is a nonlinear activation function. Here, 
we use f (Va, Aa) to represent the output of GCN. The GCN model 
is used to learn and integrate the spatial neighbor information of 
the target residue. 

Similar to the semantic and syntactic rules in NLP, proteins 
have special restrictions on their sequences to perform certain 
functions. To further explore the sequential neighbor informa-
tion, a Bi-GRU [40] model is adopted to capture the contextual 
information. Bi-GRU consists of a forward neural network and a 
backward neural network, which capture data information from 
both directions. GRU has two gates and defines the update gate as 
ut and the reset gate as rt. 

ut = σu(Wu ∗ [f (Va, Aa), ht−1] + bu) (2) 

ur = σr(Wr ∗ [f (Va, Aa), ht−1] + br) (3) 

where t is the time step, Wu and Wr are weight matrixes, Vt is the 
input for current time t, ht−1 is previous hidden states, b is bias, σ 
a nonlinear activation function. 

The hidden layer h̃t is the new internal memory, which is 
calculated as follows:

h̃t = tanh(Wh ∗ [f (Va, Aa), rt ∗ ht−1]) (4) 

where rt is the data obtained through the reset gate. Then the new 
memory state of the output ht is calculated as follows: 

ht = ut ∗ ht−1 + (1 − ut) ∗ h̃t (5) 

The Bi-GRU applies two GRUs learning forward and backward 
sequential information of the input protein. And, the output of 
Bi-GRU is the concatenation of the forward result 

−→
ht and the 

backward result 
←−
ht , which is calculated as follows: 

Ha = −→
ht ⊕ ←−

ht (6) 

After the above calculation, the sequential and spatial infor-
mation of protein can be fully utilized. 

Feature extraction in the residue-level graph 
As shown in Fig. 1C, the feature extraction part in the residue-level 
graph in HSSPPI includes two S-S blocks (S-S Block 2 and S-S Block 
4) and two feature-fusion (F-F) blocks (F-F Block 1 and F-F Block 2). 

We get the residue feature representation and adjacent matrix of 
the residue-level graph after the protein hierarchical generation. 
In this study, the S-S blocks are designed to extract the sequential 
and spatial neighbor features through the linked GCN layer and 
Bi-GRU layer. The F-F blocks are used for fusing features from the 
atom-level and the residue-level. 
Residue feature representation As for the residue-level graph 
Gr = {Vr, Er}, we employ a protein language model [41], ProtT5, to 
obtain sequence embedding of the protein. As previous definition 
Vr = {r1, r2, . . . , ri, . . .  rn} ∈  RN∗Fr , ri stands for the ith residue and 
N is the number of residues in the protein. As suggested by [42], 
we utilize the residue feature obtained by ProtT5 which performs 
better than the concatenated feature and other protein language 
models on PPIs prediction. After the embedding generation of 
ProtT5, the protein sequence is represented as a feature matrix 
and its dimension is N ∗ 1024 in which a 1024-dimensional vector 
stands for a residue at the same position, i.e. Fr = 1024 in this 
study. 

We use the distance between two residues to extract the edges 
Er which indicates the connections between the two residues. 
Here, we utilize an adjacency matrix Ar ∈ R(N∗N) representing the 
connections between all residues. It is worth emphasizing that 
the distance is calculated by taking the average of the distances 
between their heavy atoms. If the distance between two residues 
is less than the threshold, there is an edge between them which is 
labeled as 1 in the adjacency matrix. Otherwise, it is labeled as 0. 
That is to say, the ith row and jth column element in the adjacency 
matrix is 1 standing for that there is an edge between the ith and 
jth residue which is regarded as connected. In this study, we select 
the distance threshold from a set of {4.0 Å, 4.5 Å, 5.0 Å, 5.5 Å, 6.0 
Å, 6.5 Å, 7.0 Å}. 
spatial-sequential block As shown in Fig. 1C, the S-S blocks for 
feature extraction in the residue-level graph share the same archi-
tecture as the S-S block for the atom-level graph. As described 
earlier, the input feature matrix in this block is Gr = {Vr, Er}, 
where Vr ∈ RN∗Fr which is different from the input embedding in 
the atom-level graph, which is Ga = {Va, Ea}, where  Va ∈ RM∗Fa . 
To distinguish, we label S-S blocks with different numbers (S-S 
blocks are labeled 1 and 3 in the atom-level graph, and 2 and 4 in 
the residue-level graph). Besides, the main difference is that the 
output feature of S-S block in the atom-level graph is combined 
with the output feature in the residue-level graph. Therefore, the 
feature extraction operation in the residue-level graph will be 
affected by the operation in the atom-level graph which considers 
the natural hierarchical structure of the protein for improving PPIs 
prediction. And, this improvement is obtained through the F-F 
block that we will describe in detail in the following subsection. 
feature-fusion block In order to realize the F-F between the 
atom-level graph and the residue-level graph, we propose a F-F 
block. There are two F-F blocks (F-F block 1 and 2) of the feature 
extraction part in the residue-level graph. F-F Block 1 is used to 
fuse the output features of S-S Block 1 and S-S Block 2. F-F Block 
2 is used to fuse the output features of F-F Block 1, S-S block 3 
and S-S block 4. First, we construct a map function to form the 
combined features, in which if the atom i belongs to the residue 
j, we concatenate the feature of atom i and residue j. The  map  
matrix is defined as follows: 

mapij = 

⎧⎨ 

⎩ 

1 if  ai ∈ rj, 

0 else. 
(7) 

Then, the F-F Block 1 takes in the output feature matrix Ha1 ∈ 
RM∗Fa1 of S-S Block 1 in the atom-level graph, and the output
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feature matrix Hr1 ∈ RN∗Fr1 of S-S Block 2 in the residue-level graph, 
where Fa1 and Fr1 are the dimensions of the hidden matrixes in the 
two graphs. The F-F operation can be calculated as follows: 

Hmap 
a1 = map(Ha1 ) (8) 

Hout1 = Hr1 ⊕ Hmap 
a1 (9) 

where Hmap 
a1 ∈ RN∗Fr1 and the output feature matrix of the F-F Block 

1 Hout1 ∈ RN∗(2∗Fr1 ). And so on, the output feature matrix of the F-F 
Block 2 can be shown as Hout2 ∈ RN∗(2∗Fr2 ), which takes Ha2 ∈ RM∗Fa2 

of S-S Block 2 and Hr1 ∈ RN∗Fr1 of S-S Block 4 as input. 

Feature classification 
We apply the fused feature of two graphs to make the PPIs 
prediction. To capture more information on features derived from 
different levels, we utilize a skip-connection operation to combine 
these features. Then, the output of the skip-connection operation 
is concentrated and fed into the networks in the feature classi-
fication part. As shown in Fig. 1D, this part consists of two fully 
connected layers using the Relu activation function. The process 
for the feature classification can be shown as follows: 

Hskip1 = Hout1 S1, Hout1 ∈ RN∗(2∗Fr1 ) (10) 

Hskip2 = Hout2 S2, Hout2 ∈ RN∗(2∗Fr2 ) (11) 

Ho1 = σo1 (Wo1 ∗ (Hskip1 ⊕ Hskip2 ) + bo1 ) (12) 

Hout = σo2 (Wo2 ∗ Ho1 + bo2 ) (13) 

where S1 ∈ R(2∗Fr1 )∗Fo1 , S2 ∈ R(2∗Fr2 )∗Fo2 , Wo1 and Wo2 are the weight 
matrixes, bo1 and bo2 are the bias, and Hout is the final output which 
contains the predicted binding probability of each residue. 

Implementation 
We implement HSSPPI using PyTorch. The loss function is 
weighted cross-entropy loss and the optimization is Adaptive 
Momentum (Adam). We select the learning rate from (0.1, 
0.01, 0.001, 0.0001). We choose the dropout rate from (0.2, 0.5, 
0.8). Finally, we take the learning rate of 0.1, and the dropout 
rate of 0.2. 20% of the training set is randomly selected as 
an independent validation set to tune parameters. For each 
combination, networks are trained until the performance on the 
validation set stops improving or for a maximum of 200 epochs. 
The training time of each epoch varies roughly from 20 to 30 min 
depending on the model depth, using a single NVIDIA RTX4090 
GPU. 

Results 
Comparison with competing methods 
Performance evaluation on the DeepPPISP task 
On the DeepPPISP task, we compared our proposed HSSPPI with 
eight state-of-the-art methods, which are SPPIDER [43], SCRIBER 
[44], DeepPPISP [26], Attention-CNN [45] DELPHI [46], HN-PPIS [30], 
EGRET [29], and EnsemPPIS [47]. Among these methods, SPPIDER, 
HN-PPIS, DeepPPISP, and EGRET use structural features of the 
protein, while other methods are based on protein sequence 
features. To make a fair comparison, the results shown in this 
section are generated through training and testing models using 
the same dataset. Table 1 shows the results of HSSPPI compared 
with the other models. The results shown in Table 1 are all tested 

on Test70 dataset of the DeepPPISP task. Some of the results 
shown in Table 1 are obtained from the web server or by rerunning 
the source code, and some are derived directly from the corre-
sponding published studies. The evaluation metrics have been 
displayed in Supplementary Section 2. 

From Table 1 we can see that HSSPPI has a significant improve-
ment on F1, MCC, and AUPRC, which are important evaluation 
metrics for imbalanced data such as PPIs prediction task [26]. 
Especially, HSSPPI achieves a 50.23% improvement on F1, 15.16% 
improvement on MCC, and 7.16% improvement in AUPRC when 
compared to the state-of-the-art method EnsemPPIS. It should be 
noted that the progress in F1 value is quite remarkable. In addi-
tion, HSSPPI achieves 68% improvement over EnsemPPIS on Preci-
sion, which indicates that our proposed model effectively controls 
the false-positive rate. HSSPPI achieves a 30.83% improvement 
in Recall to EnsemPPIS, which reflects that our model has a 
good ability to identify positive cases. However, HSSPPI obtains 
significant improvements on most evaluation metrics except ACC, 
which is mainly due to the imbalance of datasets. Compared with 
the structure-based methods EGRET, HSSPPI performs better on 
most metrics and demonstrates its effectiveness by considering 
the protein’s natural hierarchical structure and modeling protein 
through spatial and sequential forms. The excellent performance 
of HSSPPI also indicates that the deep-learning model can explore 
the potential connection between protein sequence and struc-
ture, thereby improving the performance of protein binding sites 
prediction. 

Performance evaluation on the GraphPPIS task 
We also evaluate HSSPPI on the GraphPPIS task, and the results 
are shown in Table 2. Compared with the DeepPPISP task, the 
other 11 additional competing methods are tested and com-
pared on the Test60 dataset of the GraphPPIS task, PSIVER [21], 
ProNA2020 [48], DLPred [49], MaSIF-site [50], GraphPPIS [35], RGN 
[51], ProB-site [52], AGAT-PPIS [38], DeepProSite [53], GHGPR-PPIS 
[54], and GACT-PPIS [55]. All results listed in Table 2 are obtained 
from the original published studies. 

As shown in Table 2, it can be found that HSSPPI achieves the 
best results on Precision, Recall, and F1. And, it should be noted 
that HSSPPI performs better than all sequence-based methods 
and achieves better results than some structure-based methods. 
Specifically, compared with the best existing method GACT-PPIS, 
HSSPPI achieves 9.9, 1.1, and 7% improvement on Precision, Recall, 
and F1, respectively. And, HSSPPI only performs worse than the 
four methods on ACC. Compared with GHGPR-PPIS which has the 
highest MCC, HSSPPI obtains significant improvement on AUROC. 
Although HSSPPI is inferior to GHGPR-PPIS and GACT-PPIS in some 
indicators on the GraphPPIS task, it is more in line with the 
development trend in this post-AlphaFold era, because it employs 
atomic characteristic information and shows generalization abil-
ity on the other independent test sets as shown in Tables 3, 4, 
and 5. 

Table 3 shows the model performance on the Test287 which 
consists of protein complexes solved from January 2014 to May 
2021 and stored in the Protein Data Bank (PDB) [35, 38]. The results 
show that HSSPPI achieves the best result across the critical 
evaluation metrics of F1. As shown in Tables 4 and 5, to  illustrate  
the generalization ability of HSSPPI, we run experiments on other 
independent testing sets, TestB25 and TestUB25. TestB25 consists 
of protein chains from bound protein complex structures, while 
TestUB25 contains protein chains from bound protein complex 
structures. The combined comparison of TestB25 and TestUB25 
reflects the generalization performance of models and the ability

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf079#supplementary-data
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Table 1. Performance comparison with HSSPPI and other state-of-the-art methods on the Test70 of the DeepPPISP task 

Methods ACC Precision Recall F1 MCC AUROC AUPRC 

SPPIDERa,1 0.667 0.240 0.315 0.273 0.063 0.510 0.235 
SCRIBERa,1 0.616 0.274 0.569 0.370 0.159 0.635 0.307 
DeepPPISPb,2 0.655 0.303 0.577 0.397 0.206 0.671 0.320 
Attention-CNNb,2 0.657 0.313 0.611 0.414 0.229 NA 0.359 
DELPHIc,1 0.667 0.320 0.604 0.418 0.236 0.690 NA 
HN-PPISPb,2 0.667 0.324 0.632 0.427 0.244 NA 0.360 
EGRETb,2 0.715 0.358 0.516 0.438 0.270 0.719 0.405 
EnsemPPISb,1 0.732 0.375 0.532 0.440 0.277 0.719 0.405 
HSSPPI 0.690 0.630 0.696 0.661 0.319 0.759 0.434 

Notes: aResults obtained by utilizing the web server. bResults reported from corresponding studies. cResults obtained by reproducing the source code. 1Methods 
use protein sequences as input. 2Methods take protein structural information as input. The best results are shown in bold. NA means not available. 

Table 2. Performance comparison with HSSPPI and other competing methods on the Test60 of the GraphPPIS task 

Methods ACC Precision Recall F1 MCC AUROC AUPRC 

PSIVERa,1 0.561 0.188 0.534 0.278 0.074 0.573 0.190 
ProNA2020a,1 0.738 0.275 0.402 0.326 0.176 NA NA 
SCRIBERa,1 0.667 0.253 0.568 0.350 0.193 0.665 0.278 
DLPreda,1 0.682 0.264 0.565 0.360 0.208 0.677 0.294 
DELPHIa,1 0.697 0.276 0.568 0.372 0.225 0.699 0.319 
DeepPPISPa,2 0.657 0.243 0.539 0.335 0.167 0.653 0.276 
SPPIDERa,1 0.752 0.331 0.557 0.415 0.285 0.755 0.373 
EnsemPPISb,1 0.716 NA NA 0.401 0.266 0.726 0.352 
MaSIF-sitea,2 0.780 0.370 0.561 0.446 0.326 0.775 0.439 
GraphPPISa,2 0.776 0.368 0.584 0.451 0.333 0.786 0.429 
RGNa,2 0.785 0.382 0.587 0.463 0.349 0.791 0.441 
ProB-siteb,2 0.799 0.407 0.612 0.517 0.368 0.844 0.467 
DeepProSiteb,2 0.842 0.443 0.501 0.470 0.379 0.813 0.490 
AGAT-PPISb,2 0.856 0.539 0.603 0.569 0.484 0.867 0.574 
GHGPR-PPISb,2 0.860 0.551 0.620 0.583 0.501 0.596 NA 
GACT-PPISb,2 0.854 0.530 0.646 0.583 0.499 0.876 0.595 
HSSPPI 0.811 0.650 0.657 0.653 0.307 0.756 0.434 

Notes: aResults obtained from RGN. bResults reported from corresponding studies. 1Methods use protein sequences as input. 2Methods take protein structural 
information as input. The best results are shown in bold. NA means not available. 

Table 3. Performance comparison with HSSPPI and other competing methods on the Test287 of the GraphPPIS task 

Methods ACC Precision Recall F1 MCC AUROC AUPRC 

GraphPPISa,2 – – – 0.349 0.432 – – 
AGAT-PPISa,2 0.859 0.501 0.633 0.559 0.481 0.874 0.572 
GHGPR-PPISb,2 – – – 0.564 0.486 – – 
HSSPPI 0.768 0.612 0.667 0.638 0.273 0.743 0.323 

Notes: aResults obtained from AGAT-PPIS. bResults reported from corresponding studies. 2Methods take protein structural information as input. The best 
results are shown in bold. - means not provided. 

Table 4. Performance comparison with HSSPPI and other competing methods on the TestB25 of the GraphPPIS task 

Methods ACC Precision Recall F1 MCC AUROC AUPRC 

GraphPPISa,2 – – – 0.352 0.394 – – 
AGAT-PPISa,2 0.878 0.528 0.601 0.554 0.485 0.880 0.583 
GACT-PPISb,2 0.839 0.491 0.636 0.554 0.463 0.863 0.568 
HSSPPI 0.863 0.681 0.657 0.669 0.338 0.800 0.392 

Notes: aResults obtained from AGAT-PPIS. bResults reported from corresponding studies. 2Methods take protein structural information as input. The best 
results are shown in bold. - means not provided. 

to capture the impact of conformational changes. The results 
state that HSSPPI outperforms GraphPPIS, AGAT-PPIS, GHGPR-
PPIS, and GACT-PPIS on Precision, Recall, and F1. Meanwhile, as 
the comparison results on the TestUB25 show, HSSPPI obtains the 
highest ACC and is only lower than GACT-PPIS on AUROC and 
AUPRC. It is worth mentioning that TestUB25 comprises unbound 

protein structures. The better performance shows that HSSPPI 
captures more specific information on conformational changes 
by representing protein as a hierarchical graph fused atom-level 
and residue-level information. In conclusion, the results shown in 
Tables 3, 4, and  5 indicate that HSSPPI has much better adaptabil-
ity and generality.
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Table 5. Performance comparison with HSSPPI and other competing methods on the TestUB25 of the GraphPPIS task 

Methods ACC Precision Recall F1 MCC AUROC AUPRC 

GraphPPISb,2 0.843 0.376 0.461 0.414 0.327 0.780 0.365 
AGAT-PPISb,2 0.837 0.375 0.534 0.441 0.356 0.796 0.368 
GACT-PPISb,2 0.852 0.409 0.522 0.459 0.378 0.813 0.397 
GHGPR-PPISb,2 0.837 0.375 0.534 0.441 0.356 0.796 0.368 
HSSPPI 0.863 0.681 0.657 0.669 0.338 0.800 0.392 

Notes: bResults reported from corresponding studies. 2Methods take protein structural information as input. The best results are shown in bold. 

Comparison on different model architectures 
To identify the necessity of each part in HSSPPI, the following 
ablation experiments are implemented on the Test70 dataset of 
the DeepPPISP task in this section. As shown in Fig. 2A, four exper-
iments are performed to demonstrate the necessity of each part in 
HSSPPI. In the first experiment (Only-Atom), only the atom-level 
graph of protein is used and the model architecture consists of 
two S-S blocks and one F-F block. In the second experiment (Only-
Residue), only the residue-level graph of protein is used and the 
model architecture is comprised of two S-S blocks and one F-F 
block. As for the third experiment (Fusion-Once), features from 
the atom-level graph and the residue-level graph are fused only 
once, i.e. one S-S block is used for feature extraction and then one 
F-F block is used for F-F. As for the fourth experiment (Fusion-
Thrice), features from two graphs are fused thrice, i.e. three S-S 
blocks are utilized for feature extraction in each graph and the 
output of each S-S block will be fused in an F-F block. It should be 
noted that our proposed HSSPPI adopts two graphs and features 
from them are fused twice. 

The results of the four experiments are shown in Fig. 2B. 
Through the Only-Atom and Only-Residue experiments, it can 
be seen that the feature extracted from the residue-level graph 
outperforms the feature extracted from the atom-level graph. 
As the PPIs prediction task is residue-level, the residue-level 
graph provides more specific information. It can be observed 
that the results of Fusion-Once are worse than the results of 
Only-Residue which may be caused by the information from 
the atom-level graph introducing noise. However, our proposed 
HSSPPI outperforms the results of Only-Residue which indicates 
that the atom-level graph provides useful information through 
more times feature extraction and fusion. Whereas, too many 
fusions can cause performance reduction as the problem of 
excess smoothness from graph convolution operation just like 
the results of Fusion-Thrice show. 

Comparison on different distance thresholds 
As mentioned in the feature representation section, we use an 
adjacency matrix to characterize the edge features which show 
the connections between atoms and residues. And, if the distance 
between two atoms or residues is less than a threshold, there is 
an edge between them, and the corresponding element in the 
adjacency matrix is 1. To find the distance threshold that can 
make HSPPISP achieve the best performance, we set seven residue 
distance thresholds and seven atom distance thresholds. The 
residue distance threshold is selected from 4.0 Å, 4.5 Å, 5.0 Å, 5.5 
Å, 6 Å, 6.5 Å, and 7Å. The atom distance thresholds are chosen 
from 1.3 Å, 1.5 Å,1.7 Å, 1.9 Å,2.1 Å, 2.3 Å, and 2.5 Å. They are then 
cross-combined to form 49 sets of experimental data and verified 
on the Test70 dataset of the DeepPPISP task. 

Because AUPRC is a threshold-independent metric and more 
sensitive than AUROC on imbalanced datasets, we take AUPRC 
to select the best combination of distance thresholds. As shown 

in Fig. 2C, the best performance of HSSPPI is achieved when 
the residue distance threshold is 5.5 Å and the atom distance 
threshold is 2.3 Å. Therefore, our proposed method HSSPPI in this 
study utilizes the two thresholds. And, it should be noted that all 
the experimental results of HSSPPI are based on these distance 
thresholds. 

Comparison on different GNN in S-S block 
To learn spatial and sequential information of proteins at the 
same time, GCN and Bi-GRU are applied in the S-S block. For 
illustrating the effect of GNN model selection, we build HSSPPI 
using six different GNN architectures including SAGEConv [56], 
ChebConv [57], GATConv [58], GATv2Conv [59], GCNConv [60], and 
GraphConv [61] in S-S block. It should be mentioned that the other 
parts of HSSPPI share the same feature representation and model 
structure. All these models introduce innovations in GNNs that 
are suitable for different tasks and datasets. ChebConv [57] is  
based on Chebyshev polynomial filtering and has low time com-
plexity. GATConv [58] and GATv2Conv [59] add different attention 
mechanisms that can capture complexity between nodes better. 
The nodes in GCNConv [60] share convolution weights. GraphConv 
[61] can customize the size and shape of the convolution kernel 
based on specific tasks and data sets. SAGEConv [56] is suitable 
for large-scale graph-structured data and reduces computational 
complexity through a sampling mechanism. 

Figure 2D describes the comparison of HSSPPI results using 
different GNN architectures on the DeepPPIS dataset. From the 
results, we see that HSSPPI achieves the best performance using 
GraphConv. Therefore, the S-S block used in our proposed HSSPPI 
consists of a GCN layer implemented by SAGEConv. In this section, 
we run all experiments on the Test70 dataset of the DeepPPISP 
task. 

Case study 
To more directly show the advantage of HSSPPI on the PPIs pre-
diction of individual proteins. We select a protein (PDB ID: 1B6C, 
Chain: A) in the Test70 dataset for visualization. Figure 3 shows 
the interacting sites of 1B6C_A obtained by the experiment and 
predicted by HSSPPI, Ensemble, and Seq-Insite, respectively. We 
use PyMol [62] to visualize proteins, where the interacting sites 
are in blue and the non-interacting sites are in gray. It can be 
seen from Fig. 3 that HSSPPI has a more accurate prediction 
than other methods. Especially in the display after the confor-
mation of 1B6C_A is rotated 180◦, the predicted interact sites of 
HSSPPI are more accurate, which indicates that HSSPPI signifi-
cantly reduces the false-positive rate, and the MCC value achieves 
15.5% improvement than EnsemPPIS. 

Discussion 
Our research proposes a novel deep-learning architecture named 
HSPPISP that aims to improve the ability of feature representation
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Figure 2. Evaluating HSSPPI on Test70 dataset (A) Four ablation experiments on model architecture, respectively Only Atom, Only Residue, Fusion Once, 
and Fusion Thrice. Only-Atom means that only the atom-level graph is utilized, and two S-S blocks and one F-F block are used. Only-Residue means 
that only the residue-level graph is utilized, and two S-S blocks and one F-F block are used. Fusion-Once means that features from two graphs are fused 
but only one S-S block in each graph and one F-F block are used. Fusion-Thrice means that features from two graphs are fused, and three S-S blocks in 
each graph and three F-F blocks are used. (B) Results comparison of ablation experiments on Recall, AUPRC AUROC, MCC, and F1. ∗∗  stands for P≤ 0.005.
∗ stands for 0.05 ≥P >0.005. ◦ stands for P >0.05. (C) Performance of HSSPPI using different distance thresholds. The unit of the axis is Å. (D) Prediction 
results using different graph convolution operations in S-S block. 

of protein for PPIs prediction. Current computational PPIs predic-
tion methods can be divided into two classes: sequence-based and 
structure-based. 

One of the limitations of PPIs prediction methods is that these 
methods focus on the usage of sequence or structure form of pro-
tein. The protein embedding fed into the predictive model is usu-
ally returned by running other tools processing protein sequence 
or structure. Although the combination of sequence-based and 

structure-based features can achieve performance improvement. 
The feature-based deep-learning method only focuses on one 
form of protein: sequence or structure. To overcome this limi-
tation, we design a S-S block that is comprised of a GCN layer 
linked with a Bi-GRU layer so that our proposed method HSSPPI 
can capture spatial and sequential neighbor information at the 
same time through the two forms of protein. This operation 
allows us to aggregate complex protein embedding from local



HSSPPI: PPIs prediction | 9

Figure 3. Visualization of a representative protein (PDB ID: 1B6C, Chain ID: A), in which the interaction sites are in blue color and the non-interaction 
sites are in gray color. 

and long-distance neighbors. Another limitation is that recent 
models ignore the protein’s natural hierarchical structure. The 
hierarchical information has been widely used in various bioin-
formatics tasks including DTI, DTA, and PPI prediction. Protein 
structure information at different levels such as atom, residue, 
motif, protein, and the interaction network is used for capturing 
conformation features adequately. To further improve the feature 
representation quality, we represent protein as a hierarchical 
graph, in which a node in protein is a residue (residue-level graph), 
and the corresponding atoms in the residue constitute another 
graph (atom-level graph). We can provide a more comprehensive 
protein representation through the hierarchical modeling of pro-
tein. 

Overall, our study introduces HSSPPI, a new model that aims 
to improve the ability of protein feature representation for 
PPISP prediction. To demonstrate the effectiveness of HSSPPI, 
we compare it with eight state-of-the-art competing methods on 
the DeepPPISP task and GraphPPIS task. The prediction results 
of HSSPPI are better than these methods on most metrics. The 
results indicate the effectiveness of F-F from the atom-level 
and residue-level graphs and the feature extraction through the 
S-S Bolck. 

In the post-Alphafold era, protein complex structure prediction 
methods could provide more specific results such as AlphaFold-
Multimer [63] and DMFold-Multimer [64]. The PPIs are easy 
to obtain from the predicted complex structure. However, the 
usage of AlphaFold-Multimer and DMFold-Multimer is long-time 
consuming [65]. Therefore, the PPIs prediction models including 
HSSPPI could be one essential useful complement. And, one 
of the developing trends in protein structure prediction is the 
usage of atom coordinates such as AlphaFold-Multimer [63] and  
RoseTTAFold All-Atom [66]. Moreover, HSSPPI tries another way 
of fusing the structure information of residues and atoms and 
achieves better performance for protein–protein binding sits 
prediction. 

In conclusion, HSSPPI is a highly competitive PPIs prediction 
method. Its hierarchical architecture provides a new option 

for protein feature representation. And, HSSPPI is helpful for 
biologists to effectively predict PPIs. In future work, we will 
consider incorporating the partner’s features in the feature 
extraction part. 

Key Points 
• HSSPPI could fully capture protein conformation infor-

mation through hierarchical and S-S modeling for accu-
rate PPIs prediction. 

• HSSPPI represents the protein as a hierarchical graph for 
aggregating residue-level and atom-level features. 

• HSSPPI adopts the spatial-sequential block for extracting 
spatial and sequential neighbor information at the same 
time. 

• The results on the two benchmark tasks demonstrate 
that HSSPPI outperforms the baseline methods on the 
evaluation metrics. 
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58. Veličković P, Cucurull G, Casanova A. et al. Graph atten-
tion networks. In The 6th International Conference on Learn-
ing Representations, Vancouver, BC, Canada: OpenReview.net, 
2018. 

59. Brody S, Alon U, Yahav E. How attentive are graph attention 
networks. In The Tenth International Conference on Learning Repre-
sentations, Virtual Event: OpenReview.net, 2022. 

60. Kipf TN, Welling M. Semi-supervised classification with 
graph convolutional networks. In the 5th International Conference 
on Learning Representations, Toulon, France: OpenReview.net, 
2017. 

61. Morris  C, Ritzert  M, Fey  M.  et al. Weisfeiler and leman go neural: 
higher-order graph neural networks. In The Thirty-Third AAAI 
Conference on Artificial Intelligence, Honolulu, Hawaii, USA: AAAI 
Press, 2019. 

62. DeLano WL. et al. Pymol: an open-source molecular graphics 
tool. CCP4 Newsl Protein Crystallogr 2002;40:82–92. 

63. Evans R, O’Neill M, Pritzel A. et al. Protein complex prediction 
with AlphaFold-multimer bioRxiv. 2021. 

64. Zheng W, Wuyun Q, Li Y. et al. Improving deep learning protein 
monomer and complex structure prediction using DeepMSA2 
with huge metagenomics data. Nat Methods 2024;21:279–89. 
https://doi.org/10.1038/s41592-023-02130-4

https://doi.org/10.1016/j.ins.2022.09.043
https://doi.org/10.1016/j.ins.2022.09.043
https://doi.org/10.1016/j.ins.2022.09.043
https://doi.org/10.1016/j.ins.2022.09.043
https://doi.org/10.1016/j.ins.2022.09.043
https://doi.org/10.1038/s42004-023-00825-5
https://doi.org/10.1038/s42004-023-00825-5
https://doi.org/10.1038/s42004-023-00825-5
https://doi.org/10.1038/s42004-023-00825-5
https://doi.org/10.1093/bioinformatics/btad410
https://doi.org/10.1093/bioinformatics/btad410
https://doi.org/10.1093/bioinformatics/btad410
https://doi.org/10.1093/bioinformatics/btad410
https://doi.org/10.1093/bioinformatics/btad410
https://doi.org/10.1093/bioinformatics/btab643
https://doi.org/10.1093/bioinformatics/btab643
https://doi.org/10.1093/bioinformatics/btab643
https://doi.org/10.1093/bioinformatics/btab643
https://doi.org/10.1093/bioinformatics/btab643
https://doi.org/10.1093/bioinformatics/btq302
https://doi.org/10.1093/bioinformatics/btq302
https://doi.org/10.1093/bioinformatics/btq302
https://doi.org/10.1093/bioinformatics/btq302
https://doi.org/10.1093/bioinformatics/btq302
https://doi.org/10.7287/peerj.preprints.266v2
https://doi.org/10.7287/peerj.preprints.266v2
https://doi.org/10.7287/peerj.preprints.266v2
https://doi.org/10.7287/peerj.preprints.266v2
https://doi.org/10.7287/peerj.preprints.266v2
https://doi.org/10.7287/peerj.preprints.266v2
https://doi.org/10.1093/bib/bbad122
https://doi.org/10.1093/bib/bbad122
https://doi.org/10.1093/bib/bbad122
https://doi.org/10.1093/bib/bbad122
https://doi.org/10.1093/bib/bbad122
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1016/j.measurement.2020.108277
https://doi.org/10.1016/j.measurement.2020.108277
https://doi.org/10.1016/j.measurement.2020.108277
https://doi.org/10.1016/j.measurement.2020.108277
https://doi.org/10.1016/j.measurement.2020.108277
https://doi.org/10.1038/s42003-023-04462-5
https://doi.org/10.1038/s42003-023-04462-5
https://doi.org/10.1038/s42003-023-04462-5
https://doi.org/10.1038/s42003-023-04462-5
https://doi.org/10.1002/prot.21248
https://doi.org/10.1002/prot.21248
https://doi.org/10.1002/prot.21248
https://doi.org/10.1002/prot.21248
https://doi.org/10.1093/bioinformatics/btz324
https://doi.org/10.1093/bioinformatics/btz324
https://doi.org/10.1093/bioinformatics/btz324
https://doi.org/10.1093/bioinformatics/btz324
https://doi.org/10.1093/bioinformatics/btz324
https://doi.org/10.34133/research.0240
https://doi.org/10.34133/research.0240
https://doi.org/10.34133/research.0240
https://doi.org/10.34133/research.0240
https://doi.org/10.1016/j.jmb.2020.02.026
https://doi.org/10.1016/j.jmb.2020.02.026
https://doi.org/10.1016/j.jmb.2020.02.026
https://doi.org/10.1016/j.jmb.2020.02.026
https://doi.org/10.1016/j.jmb.2020.02.026
https://doi.org/10.1016/j.neucom.2019.05.013
https://doi.org/10.1016/j.neucom.2019.05.013
https://doi.org/10.1016/j.neucom.2019.05.013
https://doi.org/10.1016/j.neucom.2019.05.013
https://doi.org/10.1016/j.neucom.2019.05.013
https://doi.org/10.1038/s41592-019-0666-6
https://doi.org/10.1038/s41592-019-0666-6
https://doi.org/10.1038/s41592-019-0666-6
https://doi.org/10.1038/s41592-019-0666-6
https://doi.org/10.1021/acs.jcim.2c01092
https://doi.org/10.1021/acs.jcim.2c01092
https://doi.org/10.1021/acs.jcim.2c01092
https://doi.org/10.1021/acs.jcim.2c01092
https://doi.org/10.1021/acs.jcim.2c01092
https://doi.org/10.1021/acs.jcim.2c01092
https://doi.org/10.1016/j.compbiomed.2023.107683
https://doi.org/10.1016/j.compbiomed.2023.107683
https://doi.org/10.1016/j.compbiomed.2023.107683
https://doi.org/10.1016/j.compbiomed.2023.107683
https://doi.org/10.1016/j.compbiomed.2023.107683
https://doi.org/10.1016/j.ijbiomac.2024.137272
https://doi.org/10.1016/j.ijbiomac.2024.137272
https://doi.org/10.1016/j.ijbiomac.2024.137272
https://doi.org/10.1016/j.ijbiomac.2024.137272
https://doi.org/10.1016/j.ijbiomac.2024.137272
https://doi.org/10.1038/s41592-023-02130-4
https://doi.org/10.1038/s41592-023-02130-4
https://doi.org/10.1038/s41592-023-02130-4
https://doi.org/10.1038/s41592-023-02130-4


12 | Li et al.

65. Krapp LF, Abriata LA, Rodriguez FC. et al. PeSTo: parameter-
free geometric deep learning for accurate prediction of pro-
tein binding interfaces. Nat Commun 2023;14:2175. https://doi. 
org/10.1038/s41467-023-37701-8 

66. Krishna R, Wang J, Ahern W. et al. Generalized biomolecular 
modeling and design with RoseTTAFold all-atom. 
Science 2024;384:eadl2528. https://doi.org/10.1126/science.adl 
2528 

© The Author(s) 2025. Published by Oxford University Press. This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/by-nc/4.0/), which permits non-commercial 
re-use, distribution, and reproduction in any medium, provided the original work is properly cited. 
For commercial re-use, please contact journals.permissions@oup.com 
Briefings in Bioinformatics, 2025, 26(2), bbaf079 
https://doi.org/10.1093/bib/bbaf079 
Problem Solving Protocol

https://doi.org/10.1038/s41467-023-37701-8
https://doi.org/10.1038/s41467-023-37701-8
https://doi.org/10.1038/s41467-023-37701-8
https://doi.org/10.1038/s41467-023-37701-8
https://doi.org/10.1126/science.adl2528
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.1093/bib/bbaf079

	 HSSPPI: hierarchical and spatial-sequential modeling   for PPIs prediction
	Introduction
	Materials and methods
	Results
	Discussion
	Key Points
	Author contributions
	Supplementary data
	Funding


