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ABSTRACT: Protein-protein interactions (PPIs) are intricate and vital components of cellular processes, coordinating
the different biological processes. The accurate prediction of PPIs is significant for unraveling the functionality of known
cancer proteins, comprehending the underlying oncogenesis and determining the possible therapeutics. Although cancer-
specific PPI datasets are crucial, but are currently unavailable. The research addresses the gap by curating a novel struc-
tural Cancer PPI (CPPI) dataset encompassing significant cancer proteins to represent an extensive picture of Cancer
Protein interactions. The paper introduces an innovative approach integrating graph-based methods, viz: GraphSAGE
and GIN with attention, to identify and interpret intricate interactions for accurate prediction of CPPIs. Moreover, incor-
porating attention mechanisms allows the model to prioritize pertinent information while transmitting messages,
improving interpretability and predictive capabilities. The performance of the proposed approach is systematically eval-
uated, compared, and cross-validated with the existing baseline models. The results demonstrate the enhanced remark-
able comparative outcomes and highlight the potential of attention-augmented graph-based learning for providing vital
insights into the complex world of CPPIs by capturing the structural features and the sites that regulate CPPIs.

KEYWORDS: Amino acids (AAs); protein—protein interaction (PPI); graph neural network (GNN); GraphSAGE (graph

sample and aggregate).

1. INTRODUCTION

Proteins, the versatile macromolecules are essential to
almost all the biological processes. The proteins com-
prise 20 fundamental Amino Acids (AAs), and the
position of these AAs is essential in protein sequence
and is responsible for building the different millions of
proteins in the cellular systems. Proteins serve multiple
purposes in and outside of a cell, contributing to the
complexity of life. For any biological process, proteins
associate with other proteins through physical contact,
biochemical reaction or signaling pathways known as
Protein-Protein Interaction (PPI).! The proteins inter-
act with other proteins through surface amino acids,
forming larger protein complexes. Through PPI,
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proteins perform different functions and activities in
cellular systems. Thus, PPIs are the key pillars in the
cellular systems. PPI aids in modeling pathways for
determining molecular processes and therapeutics.
PPIs unravel the functionality of known proteins,
thus predicting PPIs is essential in computational biol-
ogy for drug discovery and biological processes. In the
past few decades, biological networks has significantly
advanced the understanding of the associations
between molecules.? The noncovalent bond between
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the R-side chains of AA sequences is responsible for
protein interaction and foldings. The PPI information
helps to determine the functions and pathways that
aids in drug discovery and therapeutics. Therefore,
highly accurate computation prediction approaches
premised on exact and factual information can be an
effective  PPI model to complement laboratory
experiments.

In the ever-evolving biomedical research land-
scape, unraveling the complexities of diseases like can-
cer is a constant challenge in the dynamic field of
biomedical research. The inclination for this research
stems from the existing datasets depicting the interac-
tions that do not represent a comprehensive and con-
sistent picture across different types of cancer and an
understanding of the critical role of PPIs in the com-
plex machinery of biological activities. Thus there is an
imperative need for a standardized curated Cancer PPI
(CPPI) dataset. The availability of curated CPPI data-
set paves the way for understanding the role of cancers
in human health and the development of more precise
and efficient treatment. The high-quality curated CPPI
dataset is preeminent for the learning approach to
Artificial Intelligence (AI).

The PPI is a vital process as it illustrates how the
alteration of any amino acid of the protein changes the
interaction between two proteins, their characteristics,
the interface, and signaling process. Therefore,
it is imperative to have automated computational
approaches to predict PPIs better. The mathematical
graph representation of the PPIs facilitates analyzing
the protein networks and hypothesizing some unknown
functions of proteins. The graph architecture captures
the spatial geometry of the proteins and can be inte-
grated with neural networks to eliminate dimensional
problems. The PPI prediction task should consider the
3D structural aspects, spatial residues and domains of
proteins. The task of determining the 3D structure of
proteins was a hard problem till Alphafold2.’ The prob-
lem of PPI prediction in multichain protein complexes
is still a buzz.* Thus, predicting PPI should encompass
both 3D structural representation and sequence
information.

The Graph Neural Network (GNN) has the inher-
ent ability to analyze and learn from the structured
data from PPIL In a PPI network, the edges represent
the protein interactions, and nodes represent the AAs
or residues, thus correlates perfectly with the spatial
graphical structure of GNN. By aggregating the infor-
mation from neighboring nodes and incorporating it
into a node’s representation, GNNs capture local and
global context. GNNs excel at learning expressive
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nodes and graph-level representations by incorporat-
ing sequence, PPI sites, and structural features. Thus,
GNN has become an indispensable tool for unraveling
the complex network of PPI and thus excels at learning
expressive nodes.

The research presents a novel CPPI dataset. The
well-curated dataset is crucial for analysis and the for-
mation of the research base. It represents an extensive
picture by encompassing the various types of cancer
proteins and an understanding of the critical role of
PPIs in the complex machinery of biological activities.
The availability of a curated CPPI dataset paves the way
for understanding the role of cancers in human health
and the development of more precise and efficient
treatment. The research proposes an innovative archi-
tecture combining graph-based methods viz: Graph
SAmple and aggreGatE (GraphSAGE) and Graph
Isomorphism Network (GIN) with attention to identify
and interpret intricate connections for predicting
CPPIs. The research aims to provide answers to the
following crucial questions:

(1) How the graph-based methods viz: GraphSAGE
and GIN effectively determine the critical nodes
and edges in the protein interaction graph?

(2) Why is the attention mechanism incorporated in
the proposed GNN-based models for predicting
CPPIs?

(3) In terms of predictive performance, how does the
GraphSAGE and GIN model attention compare to
existing state-of-the-art methods?

(4) How are the attention weights visualized or inter-
preted biologically?

The primary objective is to contribute substantially
to the domain of CPPI prediction by creating an
advanced computational model that integrates attention
mechanisms with the resilient functionalities of GNN to
improve the precision of CPPI forecasts and acquire a
clear depiction of the complex interconnections.

The subsequent sections are structured to present
an overview of CPPI, emphasizing its importance
within the scientific community, followed by a com-
prehensive analysis of the review of the research in
Sec. 2. Section 3 outlines the approaches with their
respective algorithms, followed by Sec. 4, which pre-
sents the empirical findings of the approaches and
summarizes the main results, and discussion on the
broader significance of the acquired results. Section 5
presents the comparison the novel Cancer dataset with
an existing dataset, employing both the innovative
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techniques GraphSAGE and GIN augmented with
attention and an existing method. Section 6 provides a
concise overview of CPPIs and suggests potential ave-
nues for future research to enhance the understanding
of PPI dynamics.

2. BACKGROUND

Genes are the fundamental part that creates proteins
for different biological processes. The genes in DNA
encode the proteins that lead to millions of possible
protein structures. Proteins are linear polymers built of
monomer units called AAs. AAs are the building
blocks of proteins. There exist only 20 basic amino
acids, whose sequence and association form the differ-
ent unique proteins. Each amino acid comprises an
amino group (-NH,), a carboxyl group (-COO)
attached to central a-carbon, and an R-group. The
R-group for each amino acid differs in polarity, struc-
ture, and charge. It allows amino acids to bond with
each other according to the chemical characteristics of
the side chains.®

The PPIs are the vital processes as it illustrates how
the alteration in the interaction between two proteins
changes the characteristics of proteins, the interface,
and signaling between the two interacting proteins.
Thus, identifying PPI is crucial to interpret the func-
tion of proteins, detect diseases and design new drugs.*
The in-vivo and in-vitro detection methods are
employed extensively in these recent decades for PPI.”
The compilations of deep experiments are challenging
as both these methods identify huge PPI networks but
are tedious and labor-intensive. Various in-silico meth-
ods are proposed for PPI in the last two decades.

The process of validating the PPI experimentally in
wet labs demands high cost, time and labor. Thus, com-
putational techniques are being employed to determine
PPI effectively. Currently, computational approaches are
widely employed to explore biological functions and
promote the advancement in designing new drugs and
therapeutics. Machine learning algorithms are employed
for PPI for the last few decades.® The machine learning
models like Random forest,” the SVM, and its derivatives
are employed to reduce dimensions of proteins.'” SVM
employ protein features like 3D structures, domain
information sequence, and patterns to find the optimal
hyperplanes that separate the proteins with different
labels with a maximum margin." Decision tree recur-
sively partitions the sample space based on sequence,"
3D structures” and domain features.' Deep Learning
(DL) techniques are used to assess the functional impact
of sequence changes. DL methods have become one of
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the revolutionary tools for studying and predicting PPI.
These methods are primarily premised on learning the
protein representations''® from structural information
of protein sequences and learning the PPI by link
predictions."”

The different DL networks that are mainly
employed for the structure prediction of PPIs are listed
in Table 1.

Recent improvements in protein structure predic-
tion use information of residue pair co-evolution
related to protein sequences to extract information on
residue pair sites and distances to determine 3D pro-
tein structure predictions accurately.” The network
recognizes direct interactions, allowing correct predic-
tions to be produced even for sequences with few or no
associated sequences.

Autoencoders are also used to solve the various
biological challenges like protein sequence engineer-
ing.”> Mainly, CNNs and RNNs tend to capture key
sequence residues with high generalization. 3D
CNNs'®!® extracts the 3D structural features of pro-
teins. Thus, identifying residues’ spatial, sequential
structure is important for PPI but is prone to quantiza-
tion errors® due to limited resolution and huge
computations.

Graphs represent complex relationships, encom-
passing chemical structures, social networks, and knowl-
edge graphs. The PPI network can be represented by
undirected graphs. EduCross* an adversarial bipartite
hypergraph learning framework improves cross-modal
retrieval (CMR) in educational resources. The method
uses hypergraph learning to represent complex relation-
ships and integrates framelet-based deep understanding
to extract nuanced characteristics from multimodal
slides. It enhances retrieval accuracy relative to current
methodologies and shows enhanced efficacy for

Table 1. State-of-the-art techniques.

Technology Advantages

Convolutional Neural
Networks!®18:12

Learns the patterns from the protein
structure. Can process Variable
length protein Sequences.

Recurrent Neural
Networks?*!

Can process Variable length protein
Sequences. To find the sequences.

Auto encoders™ Useful for generating new residues.
Low dimensional representation for

visualizing the data.

Graph Neural Variable graph sizes.
Network»2> Learns patterns by graph connectivity
Employs Relevant interactions
DOI: 10.1142/52737416525400022
J. Comput. Biophys. Chem. 2026, 25 (2), 315-332


https://dx.doi.org/10.1142/S2737416525400022

Journal of Computational Biophysics and Chemistry

Research

multimodal data. HAQJSK?® presents an innovative
approach to improve graph classification, particularly
for un-attributed graphs. The methodology employs a
hierarchical alignment strategy, generating Hierarchical
Transitive Aligned Adjacency and Density Matrices
within the Continuous-Time Quantum Walk (CTQW)
framework to convert graphs into fixed-size representa-
tions. HAQJSK uses the Quantum Jensen-Shannon
Divergence (QJSD) to assess graph similarity, encom-
passing local and global structures that provide precise
and dependable similarity assessments.

Graph PPIs are designed for predictions of PPI
sites.” In the few years, many variants of GCN are
effectively employed like geometric knowledge in
PPIs.” It integrates the information of the amino acid
sequence with the position of proteins. The GCN-
based model with attention called Struct2Graph® is
employed for PPI prediction from 3D protein structure
information. PEGFAN?! presents Haar-type graph
framelets characterized by permutation equivariance,
facilitating resilient multi-scale feature extraction
addressing the complexities associated with hetero-
philous graphs in GNNs. PEGFAN demonstrates
enhanced performance on heterophilous datasets by
utilizing these framelets.

The existing state-of-the-art algorithms employed
for Protein Engineering are expensive and tedious.
Most of these usually employ local, sequence, and
global features. Therefore, it is imperative to have auto-
mated computational approaches to predict better
PPIs. The GNN have the inherent ability to analyze and
learn from the structured data from PPI. In a PPI net-
work, the edges represent the protein interactions, and
nodes represent the protein residues, thus correlates
perfectly with the spatial graphical structure of GNN.
GNNs excel at learning expressive nodes and graph-
level representations by incorporating sequence, PPI
sites, and structural features. By aggregating this infor-
mation from neighboring nodes and incorporating it
into a node’s representation, GNNs capture local and
global context, complex relationships and patterns in
the data, which is particularly advantageous in bioin-
formatics, where understanding interactions between
biological entities is crucial. GNN has become crucial
for protein engineering.

The paper proposes the novel architecture that
explores the pertinence of the variants of GNN:
GraphSAGE and GIN using attention for determining
PPI. The graph architecture captures the spatial geom-
etry of the proteins and can be integrated with neural
networks to eliminate dimensional problems.

DOI: 10.1142/52737416525400022
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3. METHODOLOGY

PPIs are crucial to comprehend disease mechanisms
and cellular processes. The paper proposes a novel
methodology by leveraging the capabilities of GNNs by
employing two distinct models, GIN and GraphSAGE,
each augmented with a mutual attention mechanism.
The primary objective of the novel methodology is to
improve the precision of cancer interaction predictions
by capturing the intricate interactions within PPI net-
works. The proposed methods, represents a unique
strategy to combine the strengths of local and global
graph-based representations, providing a better com-
prehensive understanding of protein interactions for
prediction of CPPIs.

The proposed methodology for the prediction of
PPI comprises four modules: Curation of CPPI data,
Protein Graph, GraphSAGE with Mutual Attention
and GIN with Mutual Attention.

3.1. Curation of novel CPPI dataset

The accurate prediction of PPIs is significant for unrav-
eling the functionality of known cancer proteins, com-
prehending the underlying oncogenesis and determining
the possible therapeutics. Although cancer-specific PPI
datasets are crucial, they are currently unavailable. The
research addresses the gap by curating a novel structural
CPPI dataset encompassing significant cancer proteins
to represent an extensive picture of cancer. The overall
process of data curation is illustrated in Fig. 1.

The first step of our methodology is a rigorous
curation process that involves collecting positive can-
cer protein interactions of Homo sapiens from
STRING.* Thorough filtering eliminates interactions
with low confidence and standardizes protein IDs. The
structural data is collected from a protein data bank
and includes only the protein pairs connected to pub-
licly accessible PDB files. The cancer proteins are
meticulously explored due to their importance in mod-
ern medical and biotechnological research.
Consequently, multiple cross-references to PDB files
exist, reflecting the accessibility of various structures
for these proteins. All proteins in the database are
matched to their corresponding UniProt accession
numbers, and from there, the PDB files in UniProt are
connected to the proteins in the database.’® Not all pro-
teins are fully crystallized in every PDB file; thus, ran-
domly picking a PDB file could result in missing details
about the protein’s binding site. PDB files are curated
according to chain ID length. To ensure the most
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Curation of CPPI dataset.

significant resolution, the target protein’s most com-
plete structure information is acquired. Each protein’s
crystal structure’s chain length and resolution are
obtained from the RCSB database.*

Cells are the fundamental anatomical and func-
tional components of living organisms. Organelles, the
“specialized cell structures” in the cell, perform par-
ticular functions. These organelles work together to
maintain the cell’s structure, function, and overall
health. Diverse proteins are expressed within cellular
organelles, each organelle harboring a specific set of
proteins tailored to its unique function.” Interestingly,
these organelle-specific proteins do not actively inter-
act with each other, forming the basis for the construc-
tion of negative datasets. The curated dataset is a
balanced set with an equal number of positive and
negative pairs that consists of 2387 unique different
proteins and 4434 interactions.

The curated CPPI dataset acquired from RCSB,
STRING and UniProt databases provides significant
and comprehensive coverage of CPPIs, especially for
experimentally validated interactions. STRING
accounts for roughly 71%° of the hits for experimen-
tally validated PPIs. The quality of the dataset, includ-
ing the STRING database for interaction information
and 3D structural data from the RCSB PDB, is
enhanced by rigorous curation processes emphasizing
high-confidence experimental data. The curated
dataset prioritizes experimentally validated data,

enhancing confidence in the reported relationships.
The extensive novel CPPI dataset identifies the novel
cancer protein interactions, that are crucial to under-
stand the complex biological systems and cancer ther-
apeutics. The dataset’s superior quality and
comprehensive scope facilitate enhanced training
and validation of the prediction model. The curated
dataset from STRING, UniProt and RCSB excels in
coverage and quality compared to other PPI data-
bases. The experimentally validated interactions
improves the reliability and provides the insights for
enhancing the comprehension of molecular biology
and refining treatment approaches.

The existing machine and deep learning tech-
niques are employed to analyze these negative datasets
to identify distinct features that characterize the lack of
interaction among proteins. In this context, negative
datasets consist of structures of proteins that do not
interact within the cellular environment. The resulting
novel curated PPI network ensures a high-quality
dataset for subsequent analysis, paving the novel way
for identification of cancer interaction patterns.

3.2. Protein graph

Graphs represent the PPI as protein entities which is
defined by the interactions of the proteins with each
other. Protein graph construction: The molecular pro-
tein graph (G, ) represents the spatial geometry of
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proteins where G, =(V,,E,), where V, denotes set of
vertices and E, set of edges. v €V, is the AA or residue,

and E , is the edge between them. Each node in the *15:-
graph possesses different properties to be captured T L{u‘:?k.a
from the 3D structures and their respective sequence. L {:'J ParE Y
Each residue possesses some features that feature vec- "é&-: '-_3 Y oy
tors represent. The node features for PPI Graph G, is hige = g 5@'.
given by X' ,{X;',Vv, €V,}and the neighboring func- & :..-E
tion N, as (N,):v, = 2"+, The methodology relies on l Protein A l Protein B
representing the PPIs as a graph, where the mutual
attention mechanism of two distinct models,
Sampling Sampling

GraphSAGE and GIN, is crucial.

3.3. GraphSAGE with mutual attention

GraphSAGE learns on graph-structured data and
makes learning about graph representation easier by

attempting to capture and encode the relationships of l
structural data. Scalability, inductive generalization,
and task-specific application make it an effective tool
for managing dynamic, large-scale, graph-structured
data in PPIs. A novel GraphSAGE neural network aug-
mented with mutual attention is presented to predict
CPPIs accurately. The proposed approach integrates
GraphSAGE layers with a mutual attention mechanism
to extract crucial features and results in valuable
insights into intricate CPPIs. It generates the low

dimensional representations for proteins by acquiring Emfegeﬁ:gs Emfez’;ﬂi':,gs
the similar representation of the neighboring nodes Protein A Protein B
based on the “context similarity assumption”. Each pro-
tein node iteratively samples and aggregates informa-
tion from its immediate neighbors. The focus on a
diverse array of local contexts is significant for investi-
gating the protein interactions, as the interactions

often relies on the structures of neighboring proteins.

It learns a function that generates the embeddings by : Embeddings
sampling of the local neighbors. It includes context D::I:l D::D
construction and aggregation to train the model to (©)
effectively acquire the embeddings for even the Coneatenation
unknown cancer proteins. The overall methodology of
GraphSAGE with attention is shown in Fig. 2.

The model’s architecture includes GraphSAGE lay-
ers in which nodes iteratively sample and aggregate
data from their neighbors, and mutual attention
enhances the conventional GraphSAGE method, pro-
viding a more intricate comprehension of local rela-
tionships for thorough feature extraction. Incorporating
a mutual attention mechanism into GraphSAGE
improves its adaptability by enabling individual pro- raty REL O
tein nodes to selectively focus on neighboring nodes Gopnected
that contain more informative information while Fig. 2. (Color online) GraphSAGE with attention.
aggregating, thereby enhancing the representation.

l Aggregation

[elelelelol®
® 06
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The detailed algorithm of GraphSAGE with mutual
attention for two proteins: Protein A{G, =(V,,E,)}
with Node features feature {X: ,Vv, €V,} and Protein
B{G, =(V;,E;)} with Node features feature
{Xi ,Vv, € V,}is presented as Algorithm 1.

Algorithm 1. GraphSAGE with attention for CPPI prediction.

Input: Two PPI Graphs G, and G, where,

Gy, =(V,,E,) with Node features feature {XV’: Vv, eV,}

and Graph G, =(Vj,E;) with Node features {XVB; Vv, €V},

Training Parameters: Weight matrices W* with depth K,
Nonlinearity o, Aggregator , Vke{1,2,.,K},

Neighboring function of Graph G, (N,):v, —2",
Neighboring function of Graph G, (N,):v, —2",

Initialize: Randomly initialize node embeddings H’ and H;
HY - X!, Vv, eV,,HY - X, Vv, €V,

for k=1 to K do

forv eV, do

Neighbor Sampling: Sample neighbors for each node;
Aggregation: Aggregate neighbor information for each node;

H{) = AGGREGATE, ({H!"",Vu, € Neighbors(v,)})
Update: Update node embeddings using a GraphSAGE layer:
HY =0 (W".CONCATH}™,H, ),

H{" « H"/||H Vv, eV,

for v,e V, do
Neighbor Sampling: Sample neighbors for each node;
Aggregation: Aggregate neighbor information for each node;

H{) = AGGREGATE, ({H'\”,Vu, eNeighbors(v,)})
Update: Update node embeddings using a GraphSAGE layer;
HY = (W" CONCATH!",H,,)

b B

(k) (k) (k)
- HY « HY || HP Vv, eV,
Attention Mechanism:
S,p= Similarity_Score (H ffi JH gfzb ),
S,,=Similarity_Score (H{), ,HY) )
Attention Computation: Compute attention weights using softmax;

exp(S; )
2‘mEVA eXp(SB,A,m )

exp(S, 5)
EmEVB eXP(SA,B,m )

> BA T

At, =

Mutual Attention: Update node embeddings using mutual attention;
® _ g ®) g _ k) *)
HA,vu = HA,«/a + vaevg AtA,B ‘H HB,V“ = HB,v + Zvagvd AtB,A 'HA,vu

>
By,

Concatenation: H.,, = CONCAT(H\",H{")

Final Layer: Use the concatenated node embeddings for PPI
prediction;

Y=SOFTMAX(W®D. H__+bK+D),

Y is the Prediction Probability.

321

The model leverages the inductive capability of
GraphSAGE with attention to capture complex interac-
tions in dynamic protein structures by iterative sam-
pling and aggregating data from nearby nodes. The
mutual attention mechanism makes more precise
interaction predictions possible, which enhances the
model’s comprehension of pertinent features between
protein pairs.

3.4. GIN with mutual attention

The GIN architecture is a permutation-equivariant
design that generates the same nodes regardless of the
node order in the input graph. GIN is premised on the
graph “isomorphism principle” that determines
whether the two graphs are isomorphic, or structurally
identical. GIN is an improvement on the Weisfeiler—
Lehman (WL) test, a graph isomorphism test that
repeatedly improves node representations by taking
into account the neighbors. The WL test for the two
proteins in A and B is depicted in Fig. 3.

GIN compiles data from adjacent nodes by sum-
ming the node features, followed by the transforma-
tion. Through this aggregation process, GIN identifies
the global patterns within the graph. GIN has better
expressive capability than GCN. It capture intricate
relationships and higher-order dependencies in
graph-structured data due to the isomorphism layer
and aggregation mechanism. The paper presents an
innovative approach that enhances interaction predic-
tion by integrating the expressive capability of GIN
with a unique mutual attention mechanism. The
expressiveness and power of GIN are among its prom-
inent features. GIN is a resilient and efficient model
for dynamic graph-structured protein data, and it is as
powerful as the WL method with many iterations. The
overall methodology of GIN with attention is shown
in Fig. 4.

In the PPI, GIN aggregates data from nearby rep-
resented nodes by utilizing a message-passing mecha-
nism and the attention enables to focus on neighboring
nodes that are more pertinent throughout the process
of aggregating information. The output of the model is
invariant to node ordering since this procedure is
permutation-equivariant. Multiple GIN layers are used
in the model’s design to acquire hierarchical informa-
tion, with mutual attention to improve predictions. We
use k-fold cross-validation on a protein pair dataset to
evaluate the predictive performance of GIN-Mutual.
The detailed algorithm of GIN with mutual attention
for two proteins: Protein A{G, =(V,,E,)} and Protein
B{G, =(Vy,E,)} is presented as Algorithm 2.
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Algorithm 2.  GIN with attention for CPPI prediction.

Input: Two PPI Graphs G, and G, where,
G, =(V,,E,) with Node features feature {Xi ,Vv,eV,} and
Graph G, = (V};, E;) with Node features feature {Xi Vv, €V}

Training Parameters: Weight matrices W* with depth K,
Vke({1,2,..,K},
Neighboring function of Graph G, (N ,):v, —2"
Neighboring function of Graph G, (Ny):v, —2"
Initialize: Randomly initialize node embeddings H{’ and HY’;
HY - X',V eV, ,HY - X Vv, €V,
for k=1 to K do
K is the depth
Aggregation for G, :
forv eV, do
Update node embedding H X"V using GIN layer;
HY) = GIN({H ‘), Vu, € Neighbors(v, )})
Aggregation for G, :
forv,e vV, do

Update node embedding H gkjb using GIN layer;
HY) = GIN({H”"” Vu, e Neighbors(vh)})

By,
Attention Computation: Compute attention weights between
nodes in GPA and GPn;
Compute attention weights At, ; for node v_in G, ;
At, , = ATTENTION(H) ,H}")

>
Ay,

Compute attention weights At, , for node v,in G, ;
Aty .= ATTENTION(H}) ,H")

Mutual Attention: Update node embeddings using mutual attention;
HExk,lﬂ = Hgk,l“ + zviVB Aty Hgf‘),“ >

(k) — k) (k)
HB,VH - HB,VH + z AtB,A : HA,vu

v,EVy
Concatenation:
H.,,=CONCAT(H{,H{)
Final Layer: Use the concatenated node embeddings for PPI
prediction;
Y=SOFTMAX(W®*D- H__+b&*D),
Y is the Prediction Probability

Several essential steps are necessary to extend the
approaches to datasets beyond cancer-specific PPIs
including comprehending the dataset, modifying the
GNN architecture, and executing efficient training and
evaluation methodologies. Initially, curation of dataset
that precisely represents the intended biological con-
text, such as PPIs for a particular disease or organism,
is essential. Thereafter, it is essential to analyze the
features of dataset, encompassing the structure and
characteristics of nodes (e.g., categorical, numerical, or

DOI: 10.1142/52737416525400022
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textual) and edges (e.g., weights or labels), in addition
to the overall graph structure and domain-specific
information to guide feature selection and model
development. The feature engineering is vital to mod-
ity input features, such as amino acid sequences or
structural aspects, to accommodate context-specific
variations. The GNN architecture must be adapted by
choosing a suitable variant of GNN for broad applica-
tions to prioritize essential neighbors. Attention mech-
anisms, such as scalar and multi-head attention, are
employed to improve node representation learning
while pooling strategies facilitate the effective aggrega-
tion of node representations. Similarly, the training
encompasses dataset preprocessing, selecting an appro-
priate loss function for the task, implementing tech-
niques such as mini-batch training or graph sampling
for extensive graphs, and performance evaluation using
relevant metrics. Moreover, fine-tuning the model and
encompassing hyperparameter adjustments and altera-
tions to the attention process is essential to enhance
performance for novel datasets. Ultimately, compre-
hensive validation by testing on separate datasets is
crucial to ascertain the robustness and generalizability
of the methodology.

3.5. Role of attention mechanism in enhancing
GNN interpretability and performance

The attention mechanism is essential for improving the
efficacy and interpretability of GNN, especially within
the GIN and GraphSAGE framework. The GIN design
employs an injective multiset function for neighbor
aggregation, to acquire the intricate structural infor-
mation from the graph. The attention mechanism is
incorporated into GIN to dynamically assess the con-
tributions of neighboring nodes according to their
significance to the target node. It enables GIN to con-
centrate on influential neighbors, improving the qual-
ity of node embeddings obtained from local structures.
In GraphSAGE, the attention mechanism allows the
model to acquire attention weights for various neigh-
bors during the aggregation phase, indicating that not
all neighbors contribute uniformly to the updated rep-
resentation of a node; instead, more significant neigh-
bors may be assigned more weights, resulting in more
informative node embeddings.

Enhanced Interpretability: Attention scores indicate
the significant nodes that contribute to a specific pre-
diction. Through analyzing these scores, researchers
can acquire insights into the fundamental relationships
and dependencies within the network. The attention
mechanism enables to dynamically discern the most
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significant features and associations pertinent to the
task. In conventional GNNs devoid of attention mech-
anisms, all neighbors are regarded uniformly during
aggregation, perhaps failing to encapsulate the intrica-
cies of complex interactions efficiently. Attention tech-
niques improve computational efficiency by enabling
models to concentrate on a specific selection of perti-
nent nodes instead of indiscriminately aggregating
input from all neighbors. This selective aggregation
minimizes computational overhead and memory con-
sumption, enabling the application of these models to
more enormous datasets or more intricate graphs.
Incorporating attention processes into GIN and
GraphSAGE markedly improves their interpretability

and predictive efficacy relative to conventional GNN
methodologies. These variants enhance accuracy by
enabling models to concentrate on pertinent neighbor-
ing nodes while offering significant insights into under-
lying predictions’ decision-making processes. The
attention mechanism improves interpretability by allo-
cating weights to the edges and nodes that significantly
influence the model’s predictions. The attention mecha-
nism enhances prediction performance by allowing the
model to concentrate on the interaction graph’s most
pertinent aspects, thereby minimizing noise from less
significant connections. This focused technique
enhances predictions’ accuracy and biological relevance
compared to conventional GNN methods.
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3.6. Hyperparameters and training procedures
for reproducibility

The essential hyperparameters for training encompass
model architecture details, including the number of
GNN layers, hidden units per layer, and the number of
attention heads. The model emphasizes embedding node
features, iterative message passing, and attention-based
interaction modeling. Each protein graph is depicted
using node embeddings (dimension=20), with feature
aggregation executed over two GNN layers (layer_
gnn=2). The mutual attention mechanism entails map-
ping node features from two protein graphs into a shared
space using two linear layers (W1_attention and W2_
attention). A learnable weight vector (w) calculates atten-
tion ratings to determine the significant graph interac-
tions. The resultant attention-based representations are
concatenated and transmitted through a fully connected
output layer (W_out) for binary interaction categoriza-
tion. The dataset for training is constructed by encoding
each protein network with integer-indexed node charac-
teristics and adjacency matrices that depict links. The
interaction labels are binary, indicating whether a spe-
cific pair of proteins interact. The model is trained via the
cross-entropy loss function and optimized with the
Adam optimizer. The learning rate is set to le-3 and
decreases by a factor of 0.5 per 10 epochs. Training
occurs over 30 epochs, with each epoch randomly pick-
ing 800 data points from the training dataset to ensure
diversity. To assess the model, 5-fold cross-validation is
utilized to guarantee reliable performance measures.
The model undergoes validation and testing in each
fold, and metrics are calculated and recorded at each
epoch, and the model’s weights are saved to guarantee
reproducibility. The attention score matrix is generated
by merging projected node features from both graphs
and utilizing softmax across rows and columns to calcu-
late attention weights. The resultant weighted total gen-
erates context-sensitive representations of the proteins,
subsequently employed for the interaction prediction
task. The random seeds are uniformly employed
throughout all processes for deterministic outcomes
during dataset shuffle and model initialization.
Incorporating all these hyperparameters and the train-
ing settings guarantees the subsequent researchers to
effectively reproduce and expand upon this study.

3.7. Scalability and generalization
to larger datasets

The scalability of GNNs augmented with attention
mechanisms, whether applied to larger datasets or
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diverse protein interactions beyond cancer-specific
situations, presents both opportunities and challenges.
A primary obstacle is computational complexity.
Traditional GNNs, even when augmented with atten-
tion methods, pose significant overhead due to their
message-passing nature. As the graph size increases,
the computing needs grow exponentially, leading to
extended training times and increased memory
demands. Thus, require numerous iterations to con-
verge, making them less viable for large-scale applica-
tions. To address these challenges, different new
solutions have emerged:

Mini-batch training method®: It enhances the
effective processing of large graphs by partitioning
them into smaller, manageable batches, thus pre-
serving crucial information while reducing mem-
ory usage and training time.

Distributed training approaches parallelize the
training process across multiple devices or nodes,
significantly enhancing scalability but require care-
ful management of communication overhead and
work distribution to ensure adequate resource
utilization.*

Innovative, scalable designs are also employed to
overcome these limitations. Models like SHINE*
are designed to handle heterogeneous larger graphs
and imbalanced datasets effectively, maintaining
performance. These advancements are crucial for
expanding the application of GNNs to diverse pro-
tein interaction datasets beyond cancer-specific
contexts.

4. RESULTS

Accuracy, F -score, Precision, Recall, and area under
the receiver operating characteristic curve (AUC-ROC)
are used to evaluate the model’s efficacy and quantify
how well the model predicts the PPIs. The SAGE and
GIN, with attention, excel in state-of-the-art prediction
performance on a balanced set with an equal number
of positive and negative pairs and accurately predict
PPIs through extensive training, testing, and valida-
tion. The ROC-AUC Graphs of the two approaches are
shown in Fig. 5. The efficacy of the proposed model
strategy emerges from the unique capabilities of the
GNN and the attention mechanism. The proposed
methods demonstrate efficacy in interaction predic-
tion by concentrating on biologically relevant patterns
and merging prediction accuracy with explainability.
The attention mechanism inherently emphasizes the
residues with significant interaction potential, and
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Fig. 5. (Color online) ROC-AUC graphs: (a) GIN with attention

and (b) SAGE with attention.

thus, the model’s congruence between model design
and biological aspects improves both interpretability
and predictive capability.

The Figure 6 presents the comprehensive comp-
arative analysis of the three models by visual rep-
resentation of their confusion matrices and provides
insights for selecting the most optimal method for the
prediction.

The comparison of the results on the novel
approaches viz: GraphSAGE and GIN with attention
and existing model” approach on the novel Cancer
dataset is shown in Fig. 7. It shows that GraphSAGE
with mutual Attention outperforms current models on
several assessment parameters when predicting PPIs.
The acquired results demonstrate its effectiveness and
offer enhanced performance compared to the state-of-
the-art method for prediction of CPPIs. GIN with
Attention also performs better on evaluation parame-
ters and shows encouraging results in predicting PPIs.
The proposed models captures intricate interactions
within protein structures with robustness and effec-
tiveness, offering a cutting-edge approach to protein
interaction prediction.

This section further presents answers to the
research questions outlined in Sec.1.

RQ1: How the graph-based methods viz: GraphSAGE
and GIN effectively determine the critical nodes and
edges in the protein interaction graph?

The proposed methods offer a novel approach
to PPI prediction by leveraging graph-based rep-
resentation learning techniques, allowing them to
capture complex relationships within protein interac-
tion networks. GraphSAGE employs an innovative
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graph-based representation learning algorithm to
enhance PPI prediction, enabling it to effectively cap-
ture intricate relationships within protein interaction
networks. GraphSAGE enhances the ability to identify
complex network patterns by effectively sampling and
aggregating data from nearby nodes. It ensures both
scalability and improved prediction accuracy. GIN uti-
lizes a modified variant of the WL test, designed
explicitly for graph categorization. GIN acquires node
representations within the graph, enabling efficient
capture of data structured in a graph format. It cap-
tures complex graph features and acquire valuable
node representations effectively. The rigorous experi-
mentation shows that proposed methods outperform
existing approaches by efficiently leveraging the pro-
tein network structure and integrating node proper-
ties, resulting in more precise PPI predictions and
showing better results with standard approaches on
evaluation metrics.

RQ2: Why is the attention mechanism incorporated
in the proposed GNN-based models for predicting
CPPIs?

Incorporating an attention mechanism is intended
to improve the model’s efficacy by capturing contextual
information and focusing on critical residues and rela-
tionships within the protein network. Attention
enhances the model’s ability by assigning different
weights and priorities to the various interactions. It
allows the model to flexibly alter the significance of
protein residues, leading to more precise PPIs and con-
centrating on crucial nodes and edges to capture intri-
cate relationships between proteins.

RQ3: In terms of predictive performance, how does the
GraphSAGE and GIN model attention compare to
existing state-of-the-art methods?

The primary objective is to evaluate the competi-
tiveness of the proposed models through an extensive
comparative analysis with established state-of-the-art
approaches, showcasing its predictive capabilities and
adaptability. When predicting the CPPIs, the proposed
models, achieve state-of-the-art prediction perfor-
mance on a balanced set with an equal number of pos-
itive and negative pairs and accurately predict PPIs
through extensive testing and validation. The compar-
ison of the results on the novel approaches and existing
model are shown in Fig. 7.

RQ4: How are the attention weights visualized or inter-
preted biologically?

The attention mechanism incorporated with the
proposed methods, especially for PPI networks,
enhance interpretability by elucidating the significance
of different nodes and edges throughout the learning
process. Visualizing attention weights on network
topologies enables researchers to examine the influ-
ence of various nodes on one another by superimpos-
ing attention scores on the graph, emphasizing
significant nodes and edges crucial in the interaction
network. Attention mechanisms clarify pathways by
emphasizing crucial proteins involved in specific inter-
actions and discern alterations in interaction patterns
that may correlate with biological events, such as dis-
ease progression or treatment response.

Figure 8 shows two plots illustrating attention
weights for Protein 1 and Protein 2, emphasizing the
residues of the protein sequences considered most
significant by the model during interaction predic-
tion. Attention weights determine the degree of focus
the model gives to each protein segment during pre-
diction. These plots provide insights to researchers
about the critical protein segments for interactions.
For Protein 1, the attention weights demonstrate con-
siderable variability with pronounced peaks and
troughs, signifying that the model allocates differing
degrees of significance throughout the sequence. The
spikes indicate segments of the protein sequence that
the model considers more significant for PPIs,
whereas the troughs denote less critical portions. In
contrast, Protein 2 has a more uniform pattern, with
a substantial rise in interest towards the later portion
of the sequence, suggesting a particular region that
may be crucial for interactions. In both plots, the
x-axis represents the residues within the protein
sequence, while the y-axis illustrates the attention
weight, indicating the significance attributed to the
model. The statistical analysis identifies critical inter-
action areas or functional domains necessary for
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determining protein behavior, developing pharma-
ceuticals, or recognizing therapeutic targets.

5. DISCUSSION

The paper assesses two datasets: the novel Cancer data-
set with an existing dataset, employing both the inno-
vative graph-based techniques GraphSAGE and GIN
augmented with attention and the conventional
method.”® The assessment performance metrics:
Accuracy, F -score, Precision, Recall, and area AUC-
ROC are used for evaluation.

5.1. Comparison of techniques on existing
dataset

The results derived from the current dataset demon-
strate that our strategy resulted in enhanced and com-
parable outcomes compared to the existing technique.
The comparable enhancement confirms the technique’s
efficacy and establishes a robust standard for compari-
son with conventional methods. The comparative
study, specifically in F -score and MCQC, as depicted in
Figs. 9(a) and 9(b), respectively, emphasizes how the
proposed method outperforms others.

5.2. Comparison of techniques on novel
curated cancer dataset

The application of novel techniques to the Cancer data-
set resulted in significant enhancements. The results
highlight our technology’s flexibility and scalability
and confirm its ability to extract valuable insights from
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newly generated data domains. The comparative study,
specifically in F -score and MCC, as depicted in
Figs. 10(a) and 10(b), respectively, on our novel curated
CPPI dataset emphasizes how the method outperforms
others. The novel cancer dataset demonstrates its value
as a valuable addition to the field by attaining compa-
rable enhanced scores in all analyzed measures.

5.3. Cross-validation of techniques using both
datasets

The cross-validation strategy is employed to ensure
the reliability and consistency of the approaches, uti-
lizing both existing and innovative methodologies on
the two datasets. The cross-validation findings
demonstrate that our innovative approach achieves
high performance with the established dataset param-
eters and effectively adapts to new, unexplored con-
texts. Employing a dual-dataset validation strategy
enhances the applicability, reliability and emphasizes
on the adaptability of the proposed approaches.

5.4. Computational requirements
for Large-Scale PPI networks

The computational requirements of the methods are
premised on the dimensions of the PPI graph and the
intricacy of the GNN model. The computing demands
of the proposed models are substantial, particularly as
the network scale expands. The attention coefficients
are derived from the embeddings of a node and its
neighbors, utilizing linear transformations succeeded
by nonlinear activation functions. The computational
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complexity for an individual attention head is O(N*D),
where N represents the number of nodes and D is the
dimension of the node embeddings. The methods
necessitate considerable memory resources to accom-
modate the storage of several embeddings and atten-
tion weights. Although the method enhanced with
attention mechanisms offers robust capabilities for
examining extensive PPI networks, it entails consider-
able computational and memory requirements.

The High-Performance Computing lab facility at
our university is employed to facilitate intensive com-
putational research. We utilized a compute node (GPU)
from it for the proposed methods. The node is empow-
ered by dual Intel Xeon Gold 6242R CPUs (3.10 GHz,
20 cores/40 threads each), 512GB of RAM, and
2*¥960GB SSD SATA, providing high computational
resources. Its integration with a powerful NVIDIA
Tesla V100 32GB graphics card enabled the efficient
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execution of proposed methods, leveraging high paral-
lel processing capability for the complex computations
involved in PPI prediction. The setup ensured robust
performance and precise model predictions.

6. CONCLUSION

The research presents a novel CPPI dataset that repre-
sents an extensive picture encompassing the different
types of cancer proteins and introduces an innovative
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approach combining graph-based methods viz:
GraphSAGE and GIN with attention to identify and
interpret intricate connections for predicting CPPIs
and enhancing the precision of predictions. The incor-
poration of attention mechanisms allows the model to
dynamically prioritize pertinent information while
transmitting messages, resulting in improved inter-
pretability and predictive capabilities.

The enhanced comparative outcomes from the cur-
rent and novel datasets highlight our research’s
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credibility. The successful implementation and verifica-
tion of the innovative dataset and the graph-based archi-
tectural approach create opportunities for further
investigations and improvements in this field. The
research shows that by combining sophisticated meth-
ods like graph-based models and data augmentation, we
can significantly enhance structural data’s analytical
capabilities and results. It helps to understand the com-
plex network of interactions between proteins and thus
paves the way for further research in medicine and biol-
ogy. The novel approach advances bioinformatics and
computational biology, providing vital insights into the
complex world of CPPIs. Cancer Proteome research has
great potential for revealing novel treatment targets and
personalized medicine methods across various tissues,
developmental stages, and disease states.
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