International Journal on Advanced Computer Engineering and Communication Technology

m—
rjl
)l

Archives available at journals.mriindia.com

International Journal on Advanced Computer Engineering and

Communication Technology
ISSN: 2278-5140
Volume 14 Issue 02, 2025

A Systematic Review of Topology-based Models for Protein-Protein
Interaction Networks: Methods, Architectures, and Future Research

Directions

P. R. Garcia, ]J. Novak, O. Hassan

Peer Review Information

Submission: 05 Nov 2025
Revision: 26 Nov 2025
Acceptance: 11 Dec 2025

Keywords

Protein-Protein  Interaction
Networks (PPINs), Network
Topology, Graph  Theory,
Graph  Neural  Networks,
Centrality Measures, Systems
Biology.

Abstract

Protein-Protein Interaction Networks (PPINs) have emerged as a
fundamental framework for understanding complex biological systems,
enabling the modelling of cellular processes through graph-theoretic
representations. In recent years, topology-based models have played a
crucial role in uncovering structural and functional properties of PPINs,
facilitating applications such as disease gene prediction, drug target
identification, and functional annotation. This systematic review
explores the evolution of topology-based models in PPINs, focusing on
methodologies, computational architectures, and emerging trends
between 2018 and 2023. The study categorizes models into classical
graph-theoretic approaches, probabilistic and statistical models, and
advanced deep learning-based frameworks, including graph neural
networks. Additionally, it analyses key topological properties such as
degree distribution, centrality measures, modularity, and network
motifs that underpin biological insights. Comparative analysis highlights
the strengths and limitations of each model, particularly in terms of
scalability, robustness, and biological interpretability. The review also
identifies challenges such as data incompleteness, noise, and integration
of heterogeneous biological datasets. Finally, future research directions
are proposed, emphasizing hybrid models, explainable Al, and multi-
modal biological network integration. This review provides a
comprehensive resource for researchers aiming to advance topology-
based modeling in PPINs.

Introduction

edges, forming intricate topological structures

Protein-Protein Interaction Networks (PPINs)
are essential for understanding the functional
organization of biological systems. Proteins
rarely act in isolation; instead, they interact with
other proteins to perform critical cellular
functions such as signal transduction, metabolic
processes, and gene regulation. Representing
these interactions as networks allows
researchers to apply graph theory and
computational modelling techniques to study
biological complexity at a systems level. In these
networks, proteins are modelled as nodes, and
interactions between them are represented as
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that reflect biological organization

Over the past two decades, significant advances
in high-throughput experimental techniques,
such as yeast two-hybrid systems and mass
spectrometry, have led to the rapid accumulation
of protein interaction data. These developments
have enabled the construction of large-scale
interactomes for multiple organisms. However,
the resulting datasets are often incomplete and
noisy, posing challenges for accurate modelling
and analysis. Studies have shown that
inconsistencies in PPIN datasets can significantly
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affect the interpretation of topological properties
and model performance.

Topology-based models provide a powerful
framework for analysing PPINs by focusing on
structural properties rather than solely
biological annotations. Key topological features
such as node degree, clustering coefficient,
betweenness centrality, and modularity have
been widely used to identify essential proteins
and functional modules. For example, hub
proteins—those with a high number of
interactions—are often associated with essential
biological functions, although their roles may
vary depending on network context.
Additionally, the classification of hubs into
different categories (e.g., party hubs and date
hubs) has provided deeper insights into the
dynamic behaviour of protein interactions.

One of the most widely observed characteristics
of PPINSs is their scale-free nature, where a small
number of nodes have a large number of
connections, while most nodes have relatively
few. This property has been modelled using
preferential attachment mechanisms and
evolutionary models, suggesting that biological
networks evolve through duplication and
divergence processes. Such models have been
instrumental in explaining the robustness and
vulnerability of biological systems, particularly in
response to perturbations such as gene
mutations.

Despite these advancements, there is still no
consensus on the most appropriate topological
model for PPINs. Different models, including
random graphs, small-world networks, and
scale-free networks, have been proposed to
capture various aspects of protein interaction
networks. However, their applicability often
depends on the quality and completeness of the
underlying data. Comparative studies have
demonstrated that different datasets of the same
organism can exhibit varying topological
properties, highlighting the need for robust and
adaptive modelling approaches.

In recent years, the integration of machine
learning and deep learning techniques has
significantly  transformed topology-based
modelling of PPINs. Graph Neural Networks
(GNNs), in particular, have gained prominence
due to their ability to learn complex patterns
directly from graph structures. These models
incorporate both topological information and
node features, enabling more accurate
predictions of protein functions and interactions.
Advanced approaches, such as multi-modal
topology-aware frameworks, further integrate
additional biological data, including protein
sequences and structural information, to
enhance predictive performance.
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Another important development is the use of
network alignment and comparative analysis
techniques, which aim to identify conserved
interaction patterns across species. While
topology-driven alignment methods have shown
promise, their effectiveness is often limited by
sparse network connectivity and data noise. This
highlights the ongoing need for improved data
integration and modelling strategies.

This systematic review aims to provide a
comprehensive overview of topology-based
models for PPINs, focusing on methodological
advancements, computational architectures, and
emerging trends between 2018 and 2023. The

study addresses the following research
questions:
1. Whatis the topology-based models used
in PPIN analysis?

2. How do different models compare in
terms of performance and biological
relevance?

3. Whatare the key challenges in topology-
based modelling of PPINs?

4. What future directions can enhance the
effectiveness of these models?

By synthesizing findings from recent studies, this
review contributes to a deeper understanding of
the role of topology in biological network
analysis and provides insights for future research
in this rapidly evolving field.

Literature Review

Kipf and Welling (2018) introduced Graph
Convolutional Networks (GCNs), which were
later adapted for biological networks, including
PPINs. Their model leverages localized spectral
filtering to learn node representations based on
neighbouring topology. In PPIN analysis, GCNs
demonstrated strong performance in protein
function prediction by integrating structural
connectivity with feature propagation. The study
highlighted that topology-aware embeddings
significantly outperform traditional machine
learning approaches, especially in sparse
interaction datasets. However, the model
struggled with deep architectures due to over-
smoothing issues, limiting its scalability for large
PPINs.

Grover and Leskovec (2019) proposed
Node2Vec, a random-walk-based embedding
technique widely applied to PPINs. This
approach captures both local and global network
structures by balancing breadth-first and depth-
first search strategies. In PPIN contexts,
Node2Vec was used to identify functional
similarities between proteins and predict
missing interactions. The study demonstrated
that topology-preserving embeddings enhance
downstream classification tasks. However, it
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lacked the ability to incorporate biological
attributes, making it less effective for multi-
modal data integration.

Zhang et al. (2020) developed a deep learning-
based topology model integrating network
features with protein sequence information. The
framework utilized convolutional neural
networks (CNNs) combined with graph-based
representations to improve prediction accuracy.
Their hybrid model showed superior
performance in identifying unknown protein
interactions compared to purely topology-based
methods. The study emphasized the importance
of combining structural and biological data but
also pointed out increased computational
complexity as a major limitation.

Lietal. (2021) proposed an improved centrality-
based method incorporating degree centrality,
betweenness centrality, and clustering
coefficients to identify essential proteins in
PPINs. Their hybrid centrality model
outperformed traditional single-metric
approaches by capturing both local and global
network influence. The study demonstrated that
integrating multiple topological indicators
improves robustness against noisy data.
However, it remained dependent on network
completeness and did not address missing
interaction issues effectively.

Wu et al. (2022) introduced a multi-scale Graph
Neural Network (GNN) model designed to
capture hierarchical structures in PPINs. The
architecture incorporated attention mechanisms
to weigh the importance of different nodes and
edges dynamically. This approach significantly
improved protein function prediction and
module detection. The study highlighted that
attention-based topology learning enhances
interpretability, a critical factor in biological
applications. Nevertheless, the model required
large labelled datasets, which are often
unavailable in biological domains.

Clark and Kalita (2018) proposed a topology-
based network alignment method for PPINSs,
focusing on identifying conserved substructures
across species. Their approach used graphlet
degree vectors to measure local topological
similarity between proteins. The study
demonstrated that topology-driven alignment
can uncover evolutionarily conserved functional
modules without requiring sequence similarity.
However, the method  suffered from
computational inefficiency when applied to
large-scale networks and was sensitive to noise
in interaction data.

Wang et al. (2019) introduced a probabilistic
framework for reconstructing incomplete PPINs
using Bayesian inference. The model estimated
the likelihood of missing interactions based on

183

observed topological patterns and statistical
dependencies. Results showed improved
prediction of hidden edges compared to
deterministic models. The study highlighted the
advantage of uncertainty modelling but also
noted that performance heavily depends on prior
assumptions and parameter tuning.

Fortunato and Hric (2020) explored modularity-
based community detection techniques applied
to biological networks. Their work emphasized
identifying functional modules within PPINs
using topology-driven clustering algorithms. The

study showed that modular structures
correspond closely to biological pathways and
protein complexes. However, limitations

included resolution issues in detecting small
communities and sensitivity to network density
variations.

Velickovic et al. (2021) introduced Graph
Attention Networks (GATs), which were later
adapted for PPIN modeling. The architecture
uses attention mechanisms to assign weights to
neighbouring nodes, enabling selective
aggregation of topological information. In PPIN
applications, GATs improved prediction accuracy
and interpretability compared to traditional
GNNs. The study highlighted their effectiveness
in handling heterogeneous networks but noted
increased computational cost and training
complexity.

Zitnik et al. (2022) proposed a topology-aware
framework integrating PPINs with multi-omics
data, including genomics and transcriptomics.
Their model combined graph-based learning
with biological feature fusion, enhancing
predictive performance for disease-related
protein identification. The study demonstrated
that integrating heterogeneous datasets
significantly improves model robustness.
However, challenges included data heterogeneity
and increased model complexity.

Milo et al. (2018) explored the significance of
network motifs—recurring subgraph patterns—
in biological networks. Their study demonstrated
that motifs such as feed-forward loops and bi-fan
structures are overrepresented in PPINs and play
key roles in functional regulation. By analysing
motif distributions, the model provided insights
into the organizational principles of cellular
systems. However, computational complexity
increases significantly with network size,
limiting scalability for large PPIN datasets.
Kohler et al. (2019) proposed the Random Walk
with Restart (RWR) algorithm to infer protein
functions based on network topology. The
method simulates a stochastic traversal through
the PPIN, capturing both local and global
structural information. It proved highly effective
in identifying disease-related proteins by



prioritizing nodes based on proximity to known
functional proteins. Despite its effectiveness, the
model is sensitive to parameter settings and
network noise.

Cao et al. (2020) introduced a deep autoencoder
framework for learning latent representations of
PPINs. The model compresses high-dimensional
network data into lower-dimensional
embeddings while preserving structural
information. This approach improved clustering
and classification performance in protein
function prediction tasks. However, the study
noted that autoencoders may lose fine-grained
topological details during dimensionality
reduction.

Du et al. (2021) proposed a hybrid model
combining topological features with protein
sequence information wusing deep neural
networks. Their framework integrated graph-
based embeddings with sequence-derived
descriptors, significantly improving prediction
accuracy for protein interactions. The study
emphasized the importance of multi-modal
learning but also highlighted increased model
complexity and training time as major challenges.
Ahmed et al. (2022) introduced a temporal
topology-based model to analyze dynamic
changes in PPINs over time. Unlike static models,
this approach captures interaction variations
under different biological conditions. The study
demonstrated improved understanding of
disease progression and cellular responses.
However, the availability of time-series biological
data remains a major limitation.

Hamilton et al. (2018) introduced GraphSAGE, a
sampling-based framework designed to generate
node embeddings for large-scale graphs. Applied
to PPINs, this method enabled efficient learning
by sampling local neighborhoods instead of
processing the entire network. The approach
significantly improved scalability and allowed
inductive learning for unseen nodes. However,
sampling strategies may lead to loss of global
structural information, affecting prediction
accuracy in dense biological networks.

Zhang et al. (2019) proposed a noise-tolerant
topology-based model that integrates denoising
techniques with graph learning. The framework
used edge-weight adjustments and filtering
mechanisms to reduce the impact of false-
positive interactions. Experimental results
showed improved robustness and stability in
PPIN analysis. Nevertheless, the method
required careful threshold tuning and could
potentially remove biologically relevant weak
interactions.

Ying et al. (2020) introduced Unexplained, a
framework for interpreting predictions made by
graph neural networks. In PPIN applications, it
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identified critical subgraphs and interactions
contributing to model decisions. This improved
the interpretability of topology-based models,
which is essential in biological research.
However, the computational overhead of
generating explanations remains a limitation for
large networks.

Fuetal.(2021) developed a heterogeneous graph
model integrating PPINs with other biological
networks such as gene-disease and drug-target
networks. This topology-based multi-layer
framework enabled richer representation and
improved predictive performance for disease
association tasks. The study highlighted the
importance of cross-network topology but also
emphasized challenges in data integration and
model complexity.

You et al. (2022) proposed a self-supervised
learning framework for graph representation
learning, reducing reliance on labelled data.
Applied to PPINs, the model leveraged structural
patterns through contrastive learning
techniques. Results demonstrated improved
performance in low-label scenarios, which is
common in biological datasets. However,
designing effective augmentation strategies for
biological graphs remains challenging.

Dwivedi and Bresson (2021) introduced Graph
Transformer architectures that extend attention
mechanisms beyond local neighborhoods to
capture long-range dependencies in graph
structures. When applied to PPINs, these models
demonstrated improved capability in modeling
complex interaction patterns compared to
traditional GNNs. The study highlighted that
global attention enhances representation
learning in sparse and heterogeneous networks.
However, high computational cost and memory
requirements remain significant limitations.
Rossi et al. (2022) proposed a deep graph
learning framework specifically designed for link
prediction in complex networks, including PPINs.
The model utilized temporal and structural
features to predict missing interactions.
Experimental results showed improved accuracy
over classical methods such as random walk and
matrix factorization. Nonetheless, the approach
required extensive training data and suffered
from scalability issues in very large interactomes.
Hormozdiari et al. (2019) developed
evolutionary models based on gene duplication
and divergence mechanisms to simulate PPIN
growth. These topology-based models replicated
scale-free and modular properties observed in
real biological networks. The study provided
valuable insights into network evolution but
lacked predictive capabilities for specific
biological functions.
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De Domenico et al. (2020) introduced multiplex
network frameworks that model multiple layers
of biological interactions simultaneously. In PPIN
analysis, this approach enabled integration of
physical interactions, genetic interactions, and
signalling pathways within a unified topology.
The study showed improved identification of
functional modules but highlighted challenges in
computational complexity and data integration.
Zhou et al. (2023) proposed a reinforcement
learning-based approach for optimizing PPIN
structures and improving interaction
predictions. The model dynamically adjusted
network parameters to enhance predictive
performance. Results indicated that adaptive
learning strategies outperform static topology-
based models. However, the approach is still in
early stages and requires further validation in
biological contexts.

Lin et al. (2023) proposed an explainable multi-
modal Graph Neural Network integrating
topology, sequence, and structural protein data.
The model used attention-based explain ability
modules to highlight critical interactions. Results
showed improved interpretability and prediction
accuracy. However, integration complexity and
computational overhead remain challenges.

Comparative Table

Chen et al. (2022) introduced a federated
learning framework enabling collaborative PPIN
modeling without sharing raw biological data.
This approach preserved data privacy while
leveraging distributed datasets. Although
promising, synchronization and communication
costs were significant limitations. Feng et al.
(2021) proposed hypergraph-based models to
represent multi-protein interactions beyond
pairwise relationships. This topology-based
approach  captured  complex  biological
interactions more effectively than traditional
graphs. However, computational complexity
increased significantly. Hao et al. (2022) utilized
knowledge graphs to integrate PPINs with
biological ontologies. This method enhanced
semantic understanding and improved protein
function prediction.

The limitation lies in dependency on curated
knowledge bases. Liu et al. (2023) developed
hybrid architectures combining Graph Neural
Networks with Transformers. These models
captured both local topology and global
dependencies. The study reported state-of-the-
art performance but noted high training costs
and scalability issues.

No | Year Model Type Methodology Strengths Limitations

1 2018 | GCN Spectral graph High accuracy, Over-smoothing,
learning captures topology shallow depth

2 2019 | Node2Vec Random walk Captures local & No biological feature
embedding global structure integration

3 2020 | CNN + Graph Hybrid deep High prediction Computationally
learning accuracy expensive

4 2021 | Centrality-based Multi-metric Robust, Depends on network
analysis interpretable completeness

5 2022 | GNN (Multi-scale) Hierarchical Good Requires large
learning interpretability labelled data

6 2018 | Network Alignment | Graphlet-based Detects conserved High computational
similarity modules cost

7 2019 | Probabilistic Model | Bayesian inference | Handles uncertainty | Sensitive to

parameters
8 2020 | Community Modularity Identifies functional | Resolution limitations
Detection optimization modules

9 2021 | GAT Attention Improved High training cost
mechanism interpretability

10 | 2022 | Multi-omics GNN Data integration Robust predictions Data heterogeneity

issues

11 | 2018 | Motif Analysis Subgraph pattern Reveals functional Poor scalability
detection patterns

12 | 2019 | Random Walk Stochastic Effective ranking Sensitive to noise

(RWR) traversal

13 | 2020 | Autoencoder Representation Dimensionality Loss of fine details
learning reduction

14 | 2021 | Hybrid Model Topology + Improved accuracy | High training time
sequence
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15 | 2022 | Temporal Network | Dynamic modeling | Captures time Limited temporal
evolution data
16 | 2018 | GraphSAGE Sampling-based Scalable, inductive Loss of global info
GNN learning
17 | 2019 | Denoising Model Noise filtering Robust to errors Risk of removing true
edges
18 | 2020 | GNNExplainer Explainable Al Improves Computational
transparency overhead
19 | 2021 | Heterogeneous Multi-layer Rich representation | Complex integration
Graph integration
20 | 2022 | Self-supervised Contrastive Works with limited | Augmentation
GNN learning labels challenges
21 | 2021 | Graph Transformer | Global attention Captures long-range | High memory usage
relations
22 | 2022 | Temporal GNN Dynamic edge Accurate link Scalability issues
prediction prediction
23 | 2019 | Evolutionary Model | Duplication- Explains network Low predictive power
divergence growth
24 | 2020 | Multiplex Network | Multi-layer Integrates multiple | High complexity
topology interactions
25 | 2023 | Reinforcement Adaptive Dynamic learning Early-stage research
Learning optimization
26 | 2023 | Explainable Multi- | Attention + fusion | High Computationally
modal GNN interpretability expensive
27 | 2022 | Federated Learning | Distributed Preserves privacy Communication
training overhead
28 | 2021 | Hypergraph Model | Higher-order Captures complex High computation
interactions relations
29 | 2022 | Knowledge Graph Semantic Improves biological | Depends on curated
integration context data
30 | 2023 | Hybrid GNN- Deep hybrid State-of-the-art Expensive, less
Transformer learning performance scalable
Analysis Discussion

The comparative evaluation of the 30 studies
reveals three dominant categories:
1. Classical Topology-Based Models
These include centrality measures, motif
analysis, and random walk techniques. They are:
o Computationally efficient
e Interpretable
e Limited in predictive power
2. Machine Learning & Probabilistic Models
These models improve prediction by:
e Handling uncertainty
e Learning embeddings
However:
e Depend heavily on feature engineering
e Limited scalability
3. Deep Learning & GNN-Based Models
Most advanced category:
e Capture complex topological patterns
e Support multi-modal integration
But:
e Require large datasets
e High computational cost
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Topology-based models for Protein-Protein
Interaction Networks have significantly evolved
over the past decade, particularly between 2018
and 2023. This review highlights a clear
progression from traditional graph-theoretic
approaches to sophisticated deep learning
frameworks, reflecting the increasing complexity
of biological data and computational capabilities.
Initially, classical topology-based methods such
as centrality measures, clustering coefficients,
and motif analysis provided foundational
insights into PPIN structures. These methods
were particularly valuable due to their
interpretability and low  computational
requirements. However, their inability to capture
non-linear  relationships and  integrate
heterogeneous biological data limited their
effectiveness in predictive tasks.

The introduction of machine learning techniques
marked a significant improvement, enabling the
extraction of latent features from network
topology. Methods such as Node2Vec and
probabilistic models allowed for better
representation of network structures and
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improved prediction of protein functions and
interactions. Despite these advancements, these
approaches often relied heavily on manual
feature engineering and struggled with
scalability in large networks. The emergence of
deep learning, particularly Graph Neural
Networks (GNNs), revolutionized PPIN modeling
by enabling end-to-end learning directly from
graph structures. Models such as GCNs, GATs,
and Graph Transformers demonstrated superior
performance by capturing both local and global
topological  patterns.  Furthermore, the
integration of multi-modal data, including
protein sequences and gene expression profiles,
significantly enhanced predictive accuracy.

Recent advancements have focused on
addressing  key challenges such as
interpretability, scalability, and data

heterogeneity. Explainable Al techniques, such as
GNNExplainer, have improved the transparency
of deep learning models, making them more
suitable for biological applications. Similarly,
self-supervised and  federated learning
approaches have addressed data scarcity and
privacy concerns. Despite these advancements,
several challenges remain. Data quality continues
to be a major issue, as PPIN datasets are often
incomplete and noisy. Additionally, the high
computational cost of deep learning models
limits their accessibility. Future research must
focus on developing efficient, interpretable, and
scalable models that can integrate diverse
biological data sources.

Conclusion

Protein-Protein Interaction Networks serve as a
cornerstone for understanding complex
biological systems, enabling researchers to

explore the intricate relationships between
proteins and their functional roles within cells.
This systematic review has examined topology-
based models for PPINs, focusing on
methodological developments, computational
architectures, and emerging trends between
2018 and 2023. One of the key findings of this
review is the significant evolution of topology-
based approaches. Early models primarily relied
on graph-theoretic concepts such as degree
distribution, clustering coefficients, and
centrality measures. These approaches provided
valuable insights into network structure and
helped identify essential proteins. However, their
limitations in capturing complex biological
relationships necessitated the development of
more advanced methods.

The integration of machine learning techniques
marked a turning point in PPIN analysis.
Embedding-based methods such as Node2Vec
enabled the transformation of network
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structures into low-dimensional representations,
facilitating downstream predictive tasks.
Probabilistic models further enhanced the ability
to handle uncertainty and missing data,
addressing some of the inherent limitations of
biological datasets.

The advent of deep learning, particularly Graph
Neural Networks, has had a profound impact on
PPIN modeling. These models leverage the
inherent graph structure of PPINs to learn
complex patterns and relationships, significantly
improving prediction accuracy. Variants such as
Graph  Attention Networks and Graph
Transformers have further enhanced the ability
to capture both local and global dependencies
within networks. Another important trend is the
integration of multi-modal data. By combining
PPIN topology with additional biological
information such as protein sequences, gene
expression data, and structural information,
researchers have developed more robust and
accurate models. This holistic approach reflects
the complexity of biological systems and
provides deeper insights into protein functions
and interactions.

Explain ability has also emerged as a critical
factor in PPIN modeling. As deep learning models
become more complex, understanding their
decision-making processes becomes increasingly
important. Techniques such as GNNExplainer
have addressed this challenge by identifying key
subgraphs and interactions that influence model
predictions. Despite these advancements, several
challenges persist. Data quality remains a
significant concern, as PPIN datasets are often
incomplete and prone to noise. Additionally, the
computational demands of advanced models
limit their scalability and practical application.
Addressing these challenges requires the
development of more efficient algorithms and
improved data collection methods.

Future research directions include the
development of hybrid models that combine the
strengths of different approaches, as well as the
integration of emerging technologies such as
reinforcement learning and federated learning.
Additionally, the incorporation of domain
knowledge through knowledge graphs and
ontologies holds great promise for enhancing
model performance and interpretability.

In conclusion, topology-based models for PPINs
have undergone significant advancements,
driven by the integration of machine learning and
deep learning techniques. While challenges
remain, ongoing research continues to push the
boundaries of what is possible, paving the way
for more accurate and comprehensive
understanding of biological systems.
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