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Abstract
Protein–protein interactions (PPIs) are critical in various biological processes, such as signal transduction, immunological
responses, and cellular pathways. Structural PPI prediction leverages computational models to predict interactions reliably
using protein structures. Understanding comprehensive cancer PPIs is essential for uncovering the precise molecular processes
that drive different diseases and advancing specific therapeutics. Nevertheless, precisely predicting cancer PPIs is still a
challenge due to the intricate and dynamic nature of the proteins. The research presents a novel approach called CanGRNNA
that integrates the graph structure and the temporal patterns of proteins using graph recurrent neural networks (GRNN)
with attention for accurate prediction of cancer PPIs. Attention identifies the most pertinent residues and context of protein
structures to enhance the precision of interaction predictions. The approach captures the structural knowledge of proteins
with long-range dependencies by attention-enhanced GRNN to more accurately represent the complex interactions within
protein complexes. The results indicate that the proposed approach outperforms existing state-of-the-art techniques. The
approach represents a significant advancement in the computational cancer prediction of PPIs, providing a reliable method
for researchers to detect possible interaction sites and better understand protein functions. The importance of the research lies
in its potential to expedite the identification of novel pharmacological targets and therapeutic approaches, ultimately leading
to progress in precision medicine and personalised healthcare.
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1 Introduction

PPI is vital in almost all cellular activities by regulating cru-
cial processes like cell cycle regulation, signal transmission,
and metabolic activities. PPI is critical for understanding the
cancer molecular basis and processes. PPIs are essential for
comprehending the molecular processes of cancer. PPI pre-
diction is a challenging task with significant consequences
for biological investigation and healthcare.

Cancer proteins are pivotal in cancer’s initiation, advance-
ment, and spread. These proteins are classified as oncogenes,
tumour suppressors, and proteins involved in cell cycle reg-
ulation. Oncogenes are typically genes that usually function,
but when they undergo mutations or become overexpressed,
they stimulate unregulated cell growth and survival. Tumour
suppressors often restrain cell proliferation and enhance pro-
grammed cell death, thereby maintaining the integrity of
the genome. Genetic mutations or functional impairments
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in these proteins can result in the breakdown of regular reg-
ulatory processes, enabling cells to proliferate and divide
without restraint. Furthermore, proteins like BRCA1 play
a crucial role in the repair of DNA. Mutations in these
proteins can lead to genomic instability, which in turn pro-
motes the progression of cancer. Predicting PPI in cancer
is crucial for comprehending the intricate signalling net-
works that control cellular activities and how their disruption
contributes to cancer development. By mapping these rela-
tionships, researchers pinpoint crucial nodes and pathways
vital for cancer cells’ survival and rapid growth. This knowl-
edge uncovers biomarkers that are used for early diagnosis
and prognostic assessment. Hence, research on cancer PPI
not only deepens the comprehension of cancer biology but
also propels the invention of precise therapeutics that boost
patient outcomes. In the past, PPI identification mainly relied
on experimental methods such as yeast two-hybrid screening,
co-immunoprecipitation, and mass spectrometry. These pro-
cedures yield valuable data, but are expensive and require
significant time, and the scope is generally limited. Due
to the intricate and varied nature of the proteome, there
is a need for more effective and adaptable methodologies,
resulting in a transition towards computational methods.
Computational prediction approaches, such as docking sim-
ulations and sequence-based algorithms, provide expedited
and cost-efficient means to speculate probable interactions.
Nevertheless, these approaches may occasionally exhibit
imprecision due to their dependence on simplified models
and restricted contemplation of the dynamic characteristics
of proteins.

PPI prediction is a challenging task with significant
consequences for biological investigation and healthcare.
Conventional experimental techniques often prove slow and
expensive, leading to the emergence of computational meth-
ods. Machine learning methods, particularly those utilising
deep learning and graph-based representations, have demon-
strated potential in improving the precision and effectiveness
of PPI prediction. However, these approaches are premised
on sequence and expression data and do not encompass
the intricate, multi-dimensional and structural features for
precise PPI prediction. Recent breakthroughs in deep learn-
ing have greatly improved the precision and effectiveness
of PPI predictions. Deep learning algorithms, mainly graph
neural networks (GNNs) [1], prove to be better for protein
structures’ intricate and multi-dimensional features and their
interactions. GNNs represent proteins as graphs, with nodes
representing amino acids and edges representing interactions
between them. GNNs capture the proteins’ local and global
structural information. Researchers achieve great precision in
predicting novel PPIs by training these networks on extensive
datasets containing known protein structures and interac-
tions. This method not only speeds up the identification of
possible therapeutic targets but also offers an understanding

of the molecular processes of cancer. It opens up opportuni-
ties for creating focused treatments that can disrupt crucial
protein interactions and contribute to the advancement of
cancer.

The paper presents a comprehensive approach highlight-
ing the benefits of utilising structural data and showcases the
effectiveness of employing GRNN with attention called Can-
cer CanGRNNA to predict cancer PPIs. The research presents
a novel technique that combines the graph structure and
sequential dependencies of proteins using a GRNN-based
model. The model utilises recurrent neural networks (RNNs)
in the graph architecture to effectively capture temporal
patterns and long-term dependencies in protein sequences
and enhance the accuracy of cancer PPIs’ prediction. The
research explores the application of GRNN with attention
to predicting cancer-related PPIs by utilising the structural
data of proteins. The paper presents an integrated strategy,
highlights the benefits of employing structural data using the
GRNN, and illustrates the effectiveness of CanGRNNA for
PPI. This paper showcases the efficacy of GNNs in improv-
ing the precision of PPI predictions in cancer research, hence
facilitating the development of more efficient therapeutic
approaches.

The subsequent sections discuss literature survey, the
process of curation of the cancer PPI dataset, and the Can-
GRNNA methodology. Following this, the evaluation of the
proposed model, results, comparative analysis, applications,
limitations, case study, and conclusion are explained in sub-
sequent sections

2 Background

Proteins are extensive and intricate molecules that perform
critical tasks in the body. Proteins are organic substances
composed of carbon, hydrogen, nitrogen, oxygen, and sul-
phur atoms of one or more polypeptide chains. Amino acids,
the building blocks of proteins, are connected through pep-
tide bonds in a precise order, forming a polypeptide chain
that folds into a distinct three-dimensional structure. The
exact arrangement and conformation of the polypeptide chain
are determined by the genetic code encoded in DNA. Pro-
tein synthesis, the process of protein formation, consists of
two primary stages: transcription, which involves copying a
segment of DNA into messenger RNA (mRNA), and trans-
lation, which involves ribosomes in the cytoplasm reading
the mRNA to assemble amino acids in the correct sequence
to create the protein. Proteins are indispensable for nearly
all biological processes and essential for enormous cellular
functions.

Figure 1 shows the systematic review method for cancer
PPI prediction, specifying inclusion, exclusion criteria, and
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Fig. 1 Systematic review process for cancer PPI prediction

screening steps for including 44 research articles in review
process after excluding irrelevant papers.

The research emphasises on cancer PPIs as the modelling
substrate and represents a novel and underexplored approach,
as most prior studies in this domain tend to generalise across
all protein interactions without focusing on disease-specific
mechanisms. The research seeks to improve the predictive
models’ biological significance and translational capacity by
concentrating on cancer PPIs. Figure 2 provides an overview
of the literature review process for cancer PPI prediction
including data sources, approaches, evaluation metrics, and
comparative analysis.

The further subsections include some of the state-of-the-
art technologies that have a profound impact on the prediction
of the PPIs in the below subsections:

2.1 Computational and Experimental Methods

Computational and experimental methods are employed to
predict the PPIs. Understanding these interactions compre-
hensively is crucial for unravelling the intricate signalling
networks in cancer cells, pinpointing possible biomarkers,
and formulating targeted therapeutics. By predicting PPIs,
scientists systematically analyse the complex protein associ-
ations contributing to cancer-causing processes. It enables to
investigate innovative therapeutic approaches aimed at dis-
rupting these interactions. The acquisition of PPI network
data offers a detailed insight into intricate cellular processes
in biological systems [2, 3] and is crucial in the identifica-
tion of drugs and the development of therapies [4, 5]. Over
the past few decades, there have been ongoing experimental
efforts to identify PPIs on a wide scale in model organ-
isms [6]. PPI’s computational algorithms utilise the amino
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Fig. 2 Summary of literature survey: cancer PPI prediction

acid sequences of proteins to analyse and identify the inter-
actions. The computational methods employ the statistical
characteristics of proteins. Validating the PPI empirically in
wet labs requires significant financial resources, time, and
staffing. Identifying PPI sites allows for the development
of new medications, the exploration of the uncharted roles
of proteins, and the prediction of adverse effects of drugs.
While commonly considering the benchmark, the exper-
imental identification of PPIs is contingent upon precise
experimental conditions, resulting in frequently restricted

coverage. Due to their time-consuming and labour-intensive
nature, experimental methods are supplemented by in silico
approaches, such as machine learning (ML)-based methods,
which have gained popularity in providing testable hypothe-
ses [7, 8]. In the past decades, computational approaches have
investigated biological processes and facilitated progress in
developing novel pharmaceuticals and therapies.
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2.2 MLMethods

For several decades, ML methods are used for PPI analy-
sis [9]. ML approaches use hidden aspects of existing PPIs
to predict new interactions. These models frequently rely
on similarity criteria, which presume that proteins with a
shared interaction partner should have comparable character-
istics. These variables often represent the physicochemical
characteristics of amino acid sequences, structural similarity,
evolutionary identity, PPI network partners, or topological
traits [10–12]. Among them, protein sequence features are
the most widely studied and favoured. Amino acid sequences
primarily determine the actions of proteins, as they serve
as the main structural components of proteins. Given the
abundance of protein sequences, numerous research endeav-
ours employed protein sequence features to forecast PPIs.
The ML approaches are categorised into three types: super-
vised learning (decision trees, Naive Bayes, artificial neural
networks (ANNs), and support vector machines (SVMs)),
unsupervised learning (including K-means clustering), and
reinforcement learning. Martin et al. [13] created a distinctive
molecular descriptor to encode protein sequences to predict
PPIs using a SVM classifier. Shen et al. [14] introduced the
conjoint triad (CT) descriptors as a concise way to charac-
terise the composition of amino acid sequences. Due to the
inadequacy of CT descriptors in capturing the long-range
interactions of residues, which are crucial for describing
PPIs, [15] devised an auto-covariance encoding technique
to account for the impacts of neighbouring residues. Addi-
tional coding schemes based on component frequency, such
as composition-transition distribution and composition of k-
spaced amino acid pairs (CKSAAP), are also extensively
utilised in predicting protein–protein interactions [16, 17].
PIPE2 tool calculates the similarity in polypeptide sequences
between query proteins and known PPIs to assess if two pro-
teins interact [18].

While sequence-based methods show more effective-
ness, then encodings of protein sequences that interact with
each other alone are required to capture all critical infor-
mation related to PPI. Evolutionary profiles of sequences
and structures offer further characteristics that go beyond
sequence composition, enabling more robust prediction of
PPIs. PSSMs (position-specific scoring matrices) represent
the interacting proteins [19], whereas [20] employed evo-
lutionary profiles, which demonstrate improved prediction
performance and resilience. Therefore, computational meth-
ods are being utilised to determine PPIs accurately.

2.3 Deep Learning (DL) Methods

DL methods evaluate the functional consequences of sequence
alterations. Deep mutational scans utilise different protein
function evaluations, ranging from hundreds of thousands

to even millions. These scans provide insights into the
structural limitations imposed by a protein’s inherent fea-
tures and function. DL techniques are utilised to forecast
PPIs [21–23]. Multilayer perceptrons and convolutional neu-
ral networks precisely forecast PPIs by including protein
sequence attributes [24–26]. Natural language processing
techniques are also employed to efficiently transform amino
acid sequences into high-dimensional vectors for predict-
ing PPIs [27, 28]. DL models are collaboratively utilised
to exploit their respective advantages more effectively. The
approach based on convolutional and RNNS to forecast
PPIs allows to capture the locally important features and
sequence characteristics from the primary protein sequences
[29]. However, current prediction methods primarily rely on
sequence information and need to consider the critical role
of protein structural properties. Proteins carry out their tasks
by adopting 3D structures, which enable them to interact
with other molecules in the 3D environment. To achieve
this objective, an effective method is devised for predict-
ing PPI by initially looking for a complex template that
matches the query protein using sequence and structural
alignment and then a Bayesian classifier is used to predict the
probability of contact [12, 30]. The main challenge in incor-
porating protein structural features into PPI predictions has
been the limited availability of accurate, large-scale protein
structures. However, the recent advancement of AlphaFold
[31] made it possible to predict protein monomer structures
from protein sequences with accuracy similar to experimen-
tal methods. This development provides a way to consider
protein structures in predicting PPIs. Protein 3D structures
pose a more significant challenge in feature extraction than
linear sequences, primarily because of their intricate topolo-
gies. One common approach to this problem is to transform
protein structures into residue networks or graphs, where
residues are treated as nodes and residue connections are
treated as edges.

2.4 Graph Neural Network (GNN)

The graph convolutional network (GCN) is a prevalent deep
learning model that captures the structural relationships
inside graph-structured data. GCN has found extensive appli-
cation in protein bioinformatics for tasks such as predicting
protein binding interfaces, annotating protein functions, and
discovering drugs [32]. A GCN model is employed to extract
characteristics from protein pocket and ligand graph repre-
sentations, and impressive results are acquired on widely
used virtual screening benchmark datasets, demonstrating
the model’s competitiveness [33]. The combination of GCN
and a natural language model predicts protein activities based
on computationally derived structures [34]. In a recent study,
a GCN-based model forecasts the probable residues to inter-
act with other proteins [35].
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Struct2Graph [36], a graph attention network, reliably
predicts the PPIs based on 3D structural data and provides
insights regarding the crucial residues involved in these
interactions. [37] employs GCN and graph attention net-
works (GAT) to effectively predict PPIs based on protein
sequence and structure data and demonstrate better perfor-
mance. (SGPPI) [38], a PPI prediction model called structure
and graph-based predictions of protein interactions (SGPPI)
using a GCN, examine the overall structural properties of pro-
teins and the specific structural attributes of patches located
at putative protein interaction interfaces to understand the
structural patterns of PPIs. In addition, SGPPI included the
evolutionary profiles in the structural representation of PPIs
to enhance their performance. CollaPPI [39] is a collabora-
tive learning framework that improves information sharing
at protein and task levels. CollaPPI demonstrates improved
performance compared to current approaches on PPI bench-
marks and exhibits robust generalisation in supplementary
tasks.

In this research, a PPI prediction model called Can-
GRNNA using a graph-based RNN model with attention is
developed. The model utilises RNNs in the graph architecture
to effectively capture temporal patterns and long-term depen-
dencies in protein sequences. The research presents a novel
technique that combines the graph structure and sequen-
tial dependencies of cancer proteins using a GRNN-based
model. Moreover, attention is incorporated in CanGRNNA
in the structural representation of PPIs to enhance the perfor-
mance. CanGRNNA considers the overall structural features
of proteins to comprehend both the local and global structural
patterns of proteins.

3 Methodology

The research presents a novel method called CanGRNNA
that ensembles the graph structure and sequential dependen-
cies of proteins using a GRNN-based method with attention.
Graph GRNN integrates the strengths of graph-based and
recurrent models to effectively process the fundamental
graph structures and sequential interactions of proteins.
GRNNs are suitable for predicting PPIs as they effectively
comprehend the complex graph structure of protein networks
and the sequential characteristics of protein sequences. The
model utilises RNNs in the graph architecture to effectively
capture temporal patterns and long-term dependencies in pro-
tein structure and enhance predictions’ accuracy. Attention
enables the ability to dynamically assign varying priority lev-
els to distinct features and interactions, resulting in more
accurate predictions that are easier to interpret. Attention
enhances the model’s ability to identify intricate patterns that
conventional aggregation approaches in GNNs may overlook
by emphasising the most influential interactions. It leads to

improved efficiency and a better understanding of the factors
that influence PPIs. The overall methodology of CanGRNNA
is shown in Fig. 3.

3.1 Cancer PPI Dataset

The cancer PPI data [40] is acquired from the publicly
available STRING database [41]. The research employs a
consistent and biologically meaningful selection technique
to remove low-confidence interactions and standardise can-
cer protein identifiers. The cancer PPI dataset acquired from
String database is mapped using the UniProt [42] database
by mapping each protein with the protein accession ID. Each
UniProt accession ID is mapped to the RCSB [43] database
to obtain the pdb protein structure.

A single UniProt ID may correlate to several PDB entries
due to experimental conditions and changes in protein con-
formation. As a result, numerous cross-references to PDB
files are present, indicating the availability of diverse struc-
tures for the cancer proteins. The problem of proteins with
multiple PDB entries corresponding to a single UniProt ID
is addressed by selecting the PDB entry with the highest
resolution for each UniProt ID, as it corresponds to the
most accurate structural representation. When several high-
resolution structures are available, the one that thoroughly
covers the UniProt sequence is selected. Not all proteins are
completely crystallised in every PDB file; therefore, arbi-
trarily selecting a PDB file may lead to omitting information
regarding the protein’s binding site. PDB files are organ-
ised according to the length of chains and high resolution,
and thus, obtaining the most comprehensive structural target
protein is important. Each protein’s crystal structure’s chain
length and resolution are sourced from the RCSB database.
The curated balanced PPI dataset comprises positive and
negative interactions with 4434 interactions. The cancer PPI
dataset curated in this research comprises protein pairings
that are annotated with interaction labels “+” and “−” where
“+” indicates positive interactions and “−” indicates nega-
tive interactions. Organelle-specific proteins do not interact
with each other, which forms the basis for curating negative
interactions. Each protein is denoted by its adjacency matrix
and a sequence of fingerprint attributes. The process of cura-
tion of cancer PPI dataset is shown in Fig. 4

The curated dataset provides substantial benefits in cover-
age and quality compared to numerous existing datasets and
includes experimentally validated enhancing the reliability of
the training and evaluation processes, leading to more precise
cancer PPI predictions.

3.2 CanGRNNA

The research presents a novel approach called CanGRNNA
that integrates the graph structure, and the temporal pat-
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Fig. 3 Overall methodology of CanGRNNA

123



5844 Arabian Journal for Science and Engineering (2026) 51:5837–5852

Fig. 4 Curation of cancer PPI dataset

terns of structural proteins using RNNs with attention for
prediction of cancer PPIs. RNNs identify patterns in data
sequences and possess connections that create directed
cycles, enabling them to retain a ’memory’ of past inputs.
RNNs capture temporal dynamics and long-range relation-
ships in sequences and thus are highly suitable for tasks
requiring context or sequential dependencies. RNNs offer an
efficient way to model these interdependencies and improve
PPI prediction accurately. The GRNN uses graph-based and
sequential aspects to create a comprehensive representa-
tion of proteins structural and sequential features, improving
PPI predictions’ accuracy. The CanGRNNA model utilises
3D structural data of proteins obtained from PDB files as
the principal input for training and assessment. It analy-
ses residue-level information to create residue-level spatial
graphs, with each node representing an amino acid residue
and edges indicating spatial proximity based on a distance
threshold. The model generates categorical fingerprints for
each residue using a Weisfeiler–Lehman-like graph kernel,
which captures local subgraph structures by aggregating
neighbourhood information. Besides structural context, the
model preserves sequence-level information by translating
residue types into one-letter amino acid codes via a prede-
termined mapping. The codes are integrated in conjunction
with the structural graph data. CanGRNNA integrates 3D
spatial and sequential representations to get a comprehen-
sive contextual encoding at the residue level, which is crucial
for precisely modelling cancer PPIs. The model comprises
several layers that sequentially interpret the data, enabling
it to acquire knowledge and identify significant characteris-

tics from intricate cancer PPI dataset. The embedding layer
(El) is the first step in the CanGRNNA model, converting
protein fingerprints into vector representations. A protein fin-
gerprint is a residue-level representation of a protein, wherein
each residue is allocated a categorical identifier based on
structural or sequence-derived characteristics. The identi-
fiers are mapped using a predetermined fingerprint dictionary
and embedded into dense vectors through a Embedding
layer. The resultant vectors function as node features in a
GNN facilitating efficient learning of interaction patterns.
The fingerprinting approach enables the GNN to aggregate
the information throughout the protein graph efficiently and
facilitates the subsequent mutual-attention process for sim-
ulating protein interactions. The conversion is essential as it
transforms discrete protein aspects into a continuous space,
enabling the model to carry out the operations and learn pat-
terns effectively. The embeddings encapsulate crucial data of
each protein, serving as a basis for the subsequent layers to
further develop. The output of the embedding (El) for pro-
tein (PA) with fingerprint FPA is represented as

(El) = Embedding(FPA)

GNNs play a crucial role in the GRNN architecture by allow-
ing the model to leverage the structural connections across
proteins. The residues are regarded as nodes rather than
whole proteins. Each protein is depicted as a graph in which
each node represents a residue, and the features of the nodes
are generated from fingerprints at the residue level, which
are embedded into dense vectors. The connections between
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nodes are represented by adjacency matrices, which are pre-
computed and loaded during the training and testing phases.
It enables the GNN to represent local residue–residue inter-
actions within the protein structure The GNN updates the
hidden state of each node by aggregating information from its
adjacent nodes, thus effectively capturing the graph’s topol-
ogy.

h(k)
vp

= σ

⎛
⎝W (k)h(k−1)

v +
∑

u p∈N (vp)

W (k)h(k−1)
u p

+ b(k)

⎞
⎠ (1)

where h(k)
vp is the hidden state of node vp at layer k, N (vp)

represents the neighbours of vp, W (k) and b(k) are layer-
specific weights and biases, and σ is an activation function.
The iterative approach allows the GNN to acquire complex
and hierarchical representations of the graph’s structure.

CanGRNN incorporates RNNs to address the sequen-
tial properties of protein data effectively. Proteins consist
of sequences of amino acids, and their specific arrangement
and context significantly influence their functions and inter-
actions. RNNs excel at capturing the sequential relationships
in data, making them an excellent choice for modelling pro-
tein sequences.

The hidden state ht at time step t in an RNN is represented
as:

ht = σ (Whht−1 + Wx xt + b) (2)

where ht is the hidden state at time step t , ht−1 is the hidden
state from the previous time step, xt is the input at time step t ,
Wh and Wx are weight matrices, b is the bias term, and σ is the
activation function. The RNN’s capacity to retain information
from past inputs enables it to effectively represent extended
relationships and sequential patterns in protein sequences.
The output Ot at time step t is given by:

yt = Wyht + c (3)

where Wy is the weight matrix for the output and c is the
output bias. This approach allows CanGRNN to efficiently
capture the sequential information essential for PPI predic-
tion.

Including the attention mechanism in the GRNN enhances
its capabilities by enabling the model to concentrate on the
most pertinent aspects of the input data. Within the realm of
PPI prediction, attention mechanisms enhance the model’s
ability to assess the significance of various protein charac-
teristics and their interconnections, thereby enhancing both
the comprehensibility and effectiveness of the model. Atten-
tion enables the ability to dynamically assign varying priority
levels to distinct features and interactions, resulting in more
accurate predictions that are easier to interpret. Attention

enhances the model’s ability to identify intricate patterns that
conventional aggregation approaches in GNNs may overlook
by emphasising the most influential interactions. It leads to
enhanced efficiency and a more comprehensive comprehen-
sion of the factors that influence PPIs.

The equation that combines the GRNN with an attention
mechanism called CanGRNNA for predicting PPI is formu-
lated as follows:

h(k)
vp

= σ

⎛
⎝W (k)hv p

(k−1) +
∑

u p∈N (vp)

α(k)
u pv p

W (k)hu p
(k−1) + b(k)

⎞
⎠

(4)

where the attention coefficient α
(k)
u pv p is calculated as:

α
(k)
u pv p

=
exp

(
LeakyReLU

(
a�[W (k)hv p

(k−1) || W (k)hu P
(k−1)]

))

∑
k∈N (v p) exp

(
LeakyReLU

(
a�[W (k)hv p(l−1) || W (l)h(k−1)

k ]
))

(5)

Here, h(k)
v is the hidden state of node vp at layer k, N (vp)

represents the neighbours of vp, W (k) and b(k) are layer-
specific weights and biases, and σ is an activation function.
The equation represents the node update rule of CanGRNNA,
incorporating the attention mechanism. The attention mech-
anism preferentially highlights critical protein residues and
their adjacent structural context within cancer PPI networks.
Each node in the graph signifies a protein, with its initial
feature vector originating from residue-level embeddings
encapsulating biochemical characteristics and spatial aspects
of amino acids. To emphasise the most functionally signif-
icant residues, a node-level attention layer is integrated that
calculates attention scores utilising both residue embeddings
and three-dimensional structural information, including C-
alpha distances and sequence proximity. The attention score
between nodes i and j is calculated using a compatibility
function of their hidden states, subsequently using normal-
isation for interpretability. It enables the model to allocate
weights to interaction pairs with greater r structural sig-
nificance. Additionally, to maintain structural context, edge
features are incorporated to that denote physical closeness
and the probability of domain–domain interactions, which
influence the message-passing phase. The attention mecha-
nism dynamically prioritises essential residues and structural
motifs linked to cancer activities, enhancing prediction accu-
racy and interpretability.

The CanGRNNA model is designed to elucidate intricate
relationships within cancer-specific PPI networks. Can-
GRNNA fundamentally enhances the conventional GRNN
framework by integrating recurrent memory and graph-based
contextualised attention mechanisms. The model employs
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curated cancer PPI dataset comprising proteins that are
differentially expressed, mutated, or implicated in the can-
cer. The model acquires interaction patterns and structural
dependencies specific to the cancer through training on this
data, improving its predictive accuracy and biological sig-
nificance. Significantly, CanGRNNA utilises 3D structural
pdb data files to construct intricate residue-level or domain-
level graphs. These structural graphs represent atomic or
residue closeness, enabling the model to comprehend the
spatial configuration of cancer proteins. Integrating a 3D
structure facilitates more accurate edge delineations in the
graph and allows the model to identify conformational char-
acteristics or binding sites essential for cancer. Consequently,
CanGRNNA utilising PDB-based graphs enhance focused
drug development, biomarker identification, and pathway-
level insights pertinent to the pathology under investigation.
The architecture initiates at the residue level, which is suc-
ceeded by graph building, and then multi-head attention
module enables the model to focus concurrently on multi-
ple interaction attributes, enhancing the model’s robustness
and interpretability. In contrast to traditional GRNNs that
utilise uniform message transmission throughout the graph,
CanGRNNA implements node-level attention weights that
emphasise interaction signals pertinent to carcinogenic path-
ways. The recurrent layers in CanGRNNA are designed to
maintain long-range dependencies in highly coupled PPI sub-
graphs, especially those abundant in cancer hallmarks.

4 Results and Discussion

The CanGRNNA model is trained using cross-entropy loss
and optimised using the Adam optimiser. The dataset is split
into training and test sets using five-fold cross-validation via
the KFold class, incorporating shuffling and a fixed random
seed to guarantee repeatability and better performance. The
dataset is split into five mutually exclusive subsets, with each
fold utilised once as the test set and the other four for train-
ing. The splitting is performed at the level of protein pairings
instead of individual proteins, guaranteeing that no identi-
cal interaction pairs are present in both the training and test
sets. To mitigate the risk of data leaking, it is confirmed
that identical protein pairs do not appear across folds and
that adjacency matrices and fingerprint encodings are rig-
orously separated for training and testing inside each fold.
Upon meticulously re-evaluating the data pipeline, we affirm
it is affirmed that no leakage exists between the training
and test sets. The assessment measures, characterised by ele-
vated recall and precision, accurately represent the model’s
performance under appropriate cross-validation conditions.
Standard performance measures are calculated, including
accuracy, precision, recall, F1-score, and ROC-AUC. The
evaluation metrics are calculated using true positives (TP),

false positives (FP), true negatives (TN), and false negatives
(FN) as follows:

Accuracy = TP + TN

TP + TN + FP + FN
(6)

Recall = TP

TP + FN
(7)

Precision = TP

TP + FP
(8)

F1-score = 2 · TP

2 · TP + FP + FN
(9)

MCC

= TP · TN − FP · FN√
(TP + FP)(TP + FN)(TN + FP)(TN + FN)

(10)

The model surpasses conventional techniques and achieves
the highest level of performance in PPI prediction tests.

The bar graph Fig. 5 depicts the occurrences of true posi-
tives (TP), false positives (FP), true negatives (TN), and false
negatives (FN) during 30 epochs. The statistical analysis of
the graph demonstrates that the model exhibits remarkable
performance across all attributes of the confusion matrix.
The performance ensures that the model consistently main-
tains high accuracy, precision, recall, and specificity during
training, thereby achieving a balance between sensitivity and
specificity. The consistent stability of these metrics over the
epochs indicates that the model is not affected by overfit-
ting or underfitting and maintains a consistently high level
of performance during the whole training period.

Figure 6 depicts the performance metrics of a model dur-
ing 30 epochs, with a specific emphasis on accuracy, recall,
specificity, and precision. The research demonstrates that the
model’s accuracy begins at 0.94 and quickly increases by
epoch 5, remaining stable with slight variations afterwards.
It indicates that the model attains a significant degree of over-
all accuracy, recall, specificity, and precision at an early stage
of the training process and maintains it consistently and accu-
rately, recognises all positive cases from this point on, detects
the majority of negative instances with little deviation and
suggests a strong level of dependability in the model’s opti-
mistic prediction.

The Matthews correlation coefficient (MCC) and F1-score
demonstrate swift convergence, attaining elevated values
within the second epoch as shown in Fig. 7. The rapid
enhancement reflects the model’s efficacy in acquiring PPI
patterns from the dataset. During subsequent periods, both
measures remain consistent, with the MCC changing slightly.
This indicates that the model is resilient and does not suffer
from overfitting or underfitting. The constantly high MCC
value indicates a robust correlation between the predicted
and actual interactions, while the high F1-score demon-
strates the model’s excellent balance between precision and
recall. The performance indicators illustrate the model’s
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Fig. 5 Evaluation of actual and predicted values over 30 epochs

Fig. 6 Evaluation metrics
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Fig. 7 Evaluation of MCC and F1-scores

exceptional precision and dependability in forecasting pro-
tein interactions. The model’s efficiency and robustness are
demonstrated by its rapid convergence and continuous sta-
bility, making it a powerful tool for PPI investigations. In
summary, the research highlights the model’s ability to offer
accurate and dependable predictions, essential for the com-
prehension of cancer protein interactions.

5 Comparative Analysis

The comparison of the CanGRNNA with the existing state-
of-the-art techniques (DeepPPI [24], DeepFE-PPI [44],
Struct2Graph [36]) across four performance metrics: MCC,
F1-score, Accuracy, and Precision is shown in Fig. 8.

The figure illustrates that the CanGRNNA model exhibits
the highest MCC, indicating a superior correlation between
predicted and actual classifications. The MCC values indi-
cate that all models have a high level of performance, with
CanGRNNA being the most reliable in terms of prediction
accuracy. The F1-score, which considers precision and recall,
is highest for CanGRNNA, suggesting it has the best bal-
ance of precision and recall. The high F1-scores across all
models suggest effective handling of accurate positive and
false favourable rates, with CanGRNNA outperforming the
others. All models exhibit high precision, but CanGRNNA

stands out for correctly identifying positive cases with min-
imal error. The statistical analysis reveals the effectiveness
of CanGRNNA in predictive modelling for cancer PPIs, sug-
gesting its suitability for applications requiring high accuracy
and precision.

Compared to traditional GNN architectures, CanGRNNA
implements an advanced node embedding technique util-
ising Weisfeiler-Lehman-like graph kernels to represent
residues according to their type and spatial neighbourhoods.
This substructure-aware fingerprinting markedly enhances
its capacity to distinguish minor structural differences essen-
tial for PPI prediction. Moreover, by incorporating sequence
and structural context, CanGRNNA mitigates the constraints
of sequence-only models and attains enhanced reliability,
especially for experimentally validated interactions. Can-
GRNNA demonstrates enhanced performance across various
metrics, including accuracy, precision, recall, and MCC.
Its capacity to function with high-quality 3D data provides
it a unique advantage over models trained exclusively on
sequence or interaction graphs from biological networks.
CanGRNNA surpasses other sequence or topology-based
models and facilitates more accurate and interpretable PPI
predictions crucial for applications such as drug develop-
ment and targeted cancer therapy. In cancer PPI prediction,
CanGRNNA demonstrates competitive and frequently supe-
rior performance relative to traditional deep learning models,
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Fig. 8 Comparative analysis with existing methods

Fig. 9 Case study: evaluation metrics on breast cancer dataset
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including CNNs, simple GNNs, and Transformer-based
architectures. In contrast to conventional CNNs or sequence-
based Transformers that depend mainly on linear amino acid
sequences, CanGRNNA utilises residue-level spatial graphs
derived from 3D structural data, effectively capturing local
and global structural dependencies essential for precisely
modelling interaction interfaces.

6 Applications of CanGRNNA

The model considerably enhances the comprehension of bio-
logical mechanisms and pathways in cancer by offering a
system level perspective on protein interactions and their
functional consequences. The model employs curated can-
cer PPI databases to delineate critical signalling networks
frequently dysregulated in cancer. The approach utilises
graph-based networks that integrate structural and sequence-
based information to emphasise crucial interaction residues
and highlight essential amino acid residues implicated in
these interactions. The residue-level interpretability explains
how particular mutations or structural alterations impair
everyday cellular communication, promoting oncogenesis.
Furthermore, if multi-omics data are incorporated, the model
might prioritise the biomarkers and treatment targets by
assessing proteins’ centrality or impact within interaction
networks. In that case, it enriches the biological context,
enabling researchers to associate molecular changes with
functional outcomes in signalling networks. The model
bridges unprocessed biological data and molecular com-
prehension, facilitating hypothesis formulation and cancer
research validation.

Cancer PPI prediction has significant pharmacological
and therapeutic uses, especially within cancer research and
treatment. Primarily, these anticipated PPIs can assist in iden-
tifying new therapeutic targets, particularly those related to
oncogenic drivers or signalling hubs essential for tumour
development and survival. The cancer PPIs provide signifi-
cant insights into drug repurposing and the development of
biomarkers, assisting in identifying interaction profiles that
differentiate cancer subtypes or correlate with prognosis or
treatment. Furthermore, these predictions are incorporated
into precision oncology procedures, where patient-specific
mutation profiles are aligned with the projected PPI network
to evaluate the impact of disruptions on signalling cascades
and facilitate individualised treatment strategies and the sys-
tematic development of targeted treatments.

7 Limitations of CanGRNNA

The CanGRNNA model, effective in the prediction of can-
cer PPIs, has few limitations. A significant limitation is its

dependence on experimentally derived protein structures,
which confines its applicability to proteins with accessi-
ble, high-quality structural data. The substantial segment of
the proteome, especially inadequately researched or physi-
cally ambiguous proteins, is not incorporated in the research,
constraining the model’s comprehensiveness. The model
predicts interactions using static structural snapshots, not
capturing the dynamic nature of protein conformations
and interactions that may fluctuate based on physiological
circumstances, binding events, or post-translational modifi-
cations.

8 Case Study: Breast Cancer PPI Prediction

The case study demonstrates the practical application of
CanGRNNA in biological fields, explicitly targeting the
prediction of PPIs related to breast cancer. The aim is
to assess the performance of how structurally informed
CanGRNNA architecture, works in a real-world, disease-
focused context. The high-confidence dataset of breast
cancer-associated proteins, known to play roles in breast
cancer pathways, such as BRCA1, BRCA2, TP53, HER2,
PIK3CA, AKTI, PTEN, ESR1, and ESR1, with established
interactions, is obtained from STRING, UniProt, and RCSB
PDB. Only proteins with experimentally determined three-
dimensional structures (PDB files) are used. Redundant and
low-confidence entries are eliminated, yielding a meticu-
lously curated dataset with extra interactions reserved for
independent evaluation. Employing a GNN model grounded
in the CanGRNNA architecture, the residue-level protein
graphs are developed wherein each node symbolises a residue
fingerprint, and edges are formed based on spatial proximity.
The model utilises a graph attention method to dynam-
ically ascertain residue-level significance, enabling it to
concentrate on biologically relevant areas within the pro-
tein structure. The network underwent training with five-fold
cross-validation, incorporating early stopping to mitigate
overfitting. The structurally informed GNN shows better per-
formance compared to baseline methods. It outperforms a
CNN-based model and a standard GNN lacking structural
features, achieving an enhanced Precision , Recall, F1-score,
and an MCC as shown in Fig. 9.

The results underscore the benefit of incorporating 3D
spatial information and disease-specific filtering when mod-
elling PPIs. Notably, the model accurately recovers several
held-out PPIs involving known breast cancer regulators, sup-
porting its potential utility in uncovering novel interactions
relevant to cancer biology. The case study illustrates that
GNNs augmented with structural biology and cancer-specific
context can be powerful tools for advancing our understand-
ing of protein interaction landscapes in complex diseases
like breast cancer. Such models hold promise for interaction
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prediction and guiding applications such as drug target iden-
tification and personalised medicine.

9 Conclusion

The research presents a novel approach called CanGRNNA
that integrates the graph structure and the temporal patterns
of structural proteins using RNNs with attention for predic-
tion of cancer PPIs. The paper presents an integrated strategy,
highlights the benefits of employing structural data using the
GRNNA, and illustrates the effectiveness of CanGRNNA
for PPI. The paper showcases the efficacy of CanGRNNA in
improving the precision of PPI predictions in cancer research,
hence facilitating the development of more efficient ther-
apeutic approaches. The approach tackles the complexity
and dynamic nature of protein interactions by incorporating
structural information of proteins and capturing long-range
interdependence.

The potential enhancement to improve cancer PPI predic-
tion GNNs is integrating multi-omics and structural interac-
tion features. Integrating this enables the model to apprehend
condition-specific interactions and more accurately represent
the intricacies of cancer signalling. The further proposed
research is to integrate molecular dynamics simulations
to address PPIs’ conformational flexibility. Incorporating
explainable AI techniques might assist in identifying partic-
ular residues for interactions, aiding experimental validation
and biological interpretation, and confirming predicted PPIs
through wet lab studies or high-throughput screening to
ensure that computational predictions provide biologically
useful findings. These prospective initiatives jointly enhance
graph-based cancer PPIs and their public relevance.
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