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Abstract

Graph theory has gained popularity as a flexible tool in machine learning to capture complex correlations between objects
in non-Euclidean structured data. Graph Neural Networks (GNNs) have proved to be effective deep learning methods to
learn node and graph-level representations using message passing, attention and convolution applied to graph structures.
This review classifies more than 39 GNN variants into five structural families: Graph Convolutional Networks (GCNs),
Graph Attention Networks (GATs), Graph Sample and Aggregate (SAGE), Graph Isomorphism Networks (GINs) and
attention-augmented or hybrid models. In addition to the recent models AA-HGNN, DySAT, EGNN, DyHAN, Hyper-GNN,
and MGH, which are built to include heterogeneity, scalability, dynamic graphs, and geometric invariance. These models
acknowledge the increasing diversity of GNN architectures adapted to real-life requirements in such areas as
recommendation systems, bioinformatics, and social networks. Additionally, the review lists important challenges to GNN
development, which included overfitting, explainability, and multi-modal learning, and provides directions in the future. To
illustrate the development and use of GNN models in numerous directions, this paper provides a graph-centric structure
through which researchers can learn how the GNN models are evolving and how it is used in several directions.

Keywords: Graph Neural Networks (GNNs), Deep learning, Graph Theory

Introduction

Graph theory gives the mathematical basis of modeling and studying relational data structures in which the entities are represented as
nodes and interactions as edges. Such abstraction is vital to comprehend complicated systems in diverse disciplines including social
networks, biology, transport and recommendation systems [1,2]. Most classical deep learning models, such as Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs), are insufficient as real-world data more often develops non-Euclidean and
structured characteristics [3]. That is why Graph Neural Networks (GNNs) have emerged as a particular type of model with this specific
purpose to learn data that has a graph structure by propagating and aggregating the information throughout the nodes and their
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neighboring nodes [4]. The review examines the development and main families of GNNs as well as current trends, raising some
apparent challenges: scalability, heterogeneity, and dynamic learning.

The ability to correlate separate entities qualifies the graph storage techniques to be virtually limitless since the relationship connections
have unimaginable value. The source of data involved in analysis is graphs that are non-Euclidean since they have nodes (entities) that
are connected by relation (edges). In the implementation, the researchers can run simulations that are used to model social networks as
well as molecules and transportation systems and recommender systems [1]. The need to work with complicated quantitative tests using
graphs is present in all disciplines beginning with computer science and engineering to biology and social sciences [2]. All deep learning
subdomains have developed techniques in recent years that demonstrate value from graph-based data characteristics. The two prominent
deep learning algorithm types known as CNNs for two-dimensional inputs and RNNs for sequential information cannot perform direct
implementation for graph convolution [3]. Research teams made their first use of Graph Neural Networks for working with graph data
structures thereby solving the previous application difficulties [4].Machine learning tasks gained their new perspective through the
introduction of (GNNs). These networks learn various node-related representations when they analyze data from linked structures using
graph structure. From the geometric viewpoint, GNNs differ from traditional Machine learning models that work under i.i.d.
(independently and identically distributed) data assumptions because GNNs base operations on node and neighbor relationships thus
showing better performance for node classification and graph classification and similar link prediction tasks [5,6]. Thanks to their
variations, GNNs allow encoding spatial and relational information which enabled the development of complex networks known as
recommendation systems, bioinformatics, and social network analysis [7]. Transformational mechanisms in graphs enable the mapping
of connections through their nodes which represent entities and edges which depict relationship links between them. The deep learning-
based GNNs utilize the graph structures on centimeter-scale maps to discover both short-range and distant patterns thanks to their
forceful pattern-generation ability [8]. Better generality combines with better effectiveness for overall tasks. GNNs operating on social
networks determine user activities by processing inter-user relationships [9]. The bioinformatics field employs GNNs to determine
protein interactions together with drug target interactions which help accelerate drug discovery processes [10, 11].

The distinct feature of GNNs involves multiple message-passing iterations between nodes so each node updates its own representation
from delivered messages. GNNs achieve natural distant and close-node information collection through their message-passing process
appropriate for relationship-focused applications. GCNs as a subset of GNNs provide effective model scaling abilities for allowing the
computation of massive graph structures according to [12] and 13]. GAT and other models with attention mechanisms now overcome
this limitation through improved GNN attentiveness by focusing on the most suitable information in the graph structure [14, 15].

In addition to such basic models, further advanced models like DySAT, DyHAN, AA-HGNN, EGNN, MGH, and Hyper-GNN are
coming out in the Graph Neural Networks field. Such models build up on the traditional GNNs tools by introducing temporal awareness,
heterogeneous structures, geometric invariance, and higher-order relations. Despite the fact that the present review is more centered
around core GNNs families, it does not ignore these new directions as the main innovations that are redefining the future of graph-based
learning systems [16,17,18,19,20]. Networks also adapt to the processing of dynamic graphs that change over time thus encompassing
social or traffic graphs. GNNs now open new possibilities for practical use in applications that require real-time processing and node
connectivity changes with time [21]. Recent inductive learning breakthroughs in GNNs now allow them to learn from new data through
which engineers have developed capabilities for processing extensive healthcare datasets and unknown nodes [22,23]. It continues to
be complex to implement deep learning on graphs. Among the described difficulties the major challenge arises from GNNs scalability
when processing big graphs which frequently occur in practical applications. The problem is solved by three current methods which
include graph sampling alongside graph partitioning and distributed training [24]. Semi-supervised and unsupervised learning methods
emerged from the lack of labeled data in many graph-based analyses to help extract knowledge from unlabeled data [5]. The
understanding of explain ability for graph-based models remains unsolved to this day because experts need to determine exactly how
predictive reasoning functions work in fields spanning healthcare and finance [25]. Deep learning integration with graph theory—based
data created an entirely new machine learning generation which supports multiple relation and dependency processing. The field of
Graph Neural Networks together with comparable structures persists as an active research area for modern artificial intelligence
applications that include functions like intelligent transportation systems and cybersecurity and financial applications [26, 27]. The
unavailability of labelled data in most graph-based studies gave birth to semi-supervised and unsupervised learning to extract knowledge
out of the unlabeled data [5]. Explainability of graph-based models has not been properly resolved yet as the specialists must identify
how predictive reasoning mechanisms operate in areas that range between healthcare and finance [25]. Data which is based on graph
theory and deep learning integration formed a new generation of machine learning that enables processing of multiple relations and
dependencies. The domain of the Graph Neural Network and similar construct has remained key in current artificial intelligence usage
such as intelligent transportation systems and cybersecurity and finance use.
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Research demonstrates that GNNs enhance smart grid security and enable more efficient analysis of complex network security as well
as optimize attention systems for traffic accident prevention [28,29]. The analysis of financial data through graph theory remains an
active research field of interest according to [30].

Main Contributions This reviews paper provides a systematic and holistic survey (GNNs) not only focusing on the historical
development but also the emerging new development. However, in contrast to prior surveys that concentrate on application areas or
specializations of algorithms, the present work contains a general understanding based on graph-theoretic ideas. The most important
impulses of this paper are the following:

1. Classification of GNN Models: The paper categories more than 44 variants of GNNs models based on structure and learning
mechanisms into five major structural categories namely GCNs, GATs, Graph SAGE, GINs, and hybrid attention-augmented
models.

2. Comparative Framework Based on Graph Theory: It introduces a unified framework of comparisons, which is based on
fundamental graph-theoretic convolution (based on Laplacian), weighting of attention, encoding of subgraph and
neighborhoods. This gives the possibility to analyze theoretically strengths and limitations of each model.

3. Integration of Emerging GNNs Architectures: These cover numerous state-of-the-art models just introduced namely AA-
HGNN, DySAT, EGNN, DyHAN, Hyper-GNN, and MGH that generalize GNNSs to heterogeneous, temporal, geometric and
meta-learning settings.

4. Identification of Open Challenges and Future Directions: This paper defines current issues in GNN scalability, overfitting,
heterogeneity, and interpretability and extrapolates on future study directions dependent on the recent trend of models and
application requirements.

Fundamentals and Core Models

Graph Neural Networks (GNNs) extend the ideas of the graph theory to create a framework of working with the structured data in the
area where entity relationships are a decisive factor. Graphs are represented as nodes and edges and GNNs manipulate this structure to
achieve learning tasks by information flow among adjacent nodes. In contrast to conventional neural networks that gather input
information in grid-like or sequential manner, the GNNs provide rugged message-passing and aggregation neighbor procedures.

Graph Representation in Deep Learning

Assembly diagrams serve data presentation that depends on relationships since they provide graphical structuring of data through
visualization. According to graph theory a node represents the basic component of data whereas edges define their relationships. The
visualization approach delivers successful outcomes in data domains which contain informative relationship information between nodes
such as social, citation and biological networks [5,7]. A social network system contains users that represent entities while their
connectivity patterns function as edges that represent relationships between users. Deep learning models benefit from the outlined
structure because they identify connections that typical methods would find challenging [4, 31,32]. Currently, GNNs are built around
the core rules of graph theory. It is significant to know know the general ideas of the most used models such as GCN and GAT, before
focusing on the specifics. The way neural networks are made and work largely depends on degree, motifs, centrality, subgraphs and
adjacency:

o Degree: A number of edges that link to a node, which matters in normalization.

e  Motifs: Subgraphs that appear frequently such as triangles or chains.

e  Centrality: A measure of the importance of node used in attention mechanisms.

e Subgraphs: A smaller portions or local arrangements of a larger graph, containing a subset of nodes and edges.

e Adjacency Matrix :An identification of square matrices to describe the structure of connection of a graph. Every square in the
matrix gives the knowledge of the existence of an edge (connection) between two nodes.
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Figure 1. The Graph-Theoretic Foundations of GNNs

Graph Convolutional Networks (GCNs)

Deep Convolutional Neural Networks (DGCNs) upgrade the functionality of DCNNs through data processing on networking structures
which update node information from neighboring data points for semi-supervised learning. Through this operation GCNs acquire ability
to retain local dependencies in graph structures and acquire suitable representations for node classification along with link prediction
[12]. The functional capability of GCNs has been proven across diverse applications that include social network analysis and
recommendation systems and new drug discovery [10]. The downside of GCNs includes handling problematic input involving many

graph edges and scenarios where data availability is limited [5,15].

Graph Attention Networks (GATS)

GATs enhance work of simple GCNs by using the attention mechanism that defines the priority of the neighboring nodes. Using this
mechanism, GATSs can target more related and similar nodes to unravel non trivial structures in the graph [14, 25,33]. As seen in the
studies analyzed, GATs found the ability to learn in the context when graphs had a fairly sparse structure or when there was a variation
on the edge weights. In the table below, there is a comparative analysis of these two models based on a number of fundamental

dimensions.

Table 1. Comparative analysis of GCN and GAT models in graph-based deep

Feature/Model GCN (Graph Convolutional Networks) GAT (Graph Attention Networks)
Perfoms tr.adltlonal. CO?VOMUOH on graphs through Uses Attention Mechanism to define weight of neighbors while
Method collecting information’s from neighbors to update . .
. updating the node representations.
node representation.
-Having shorter time lags and simple for managing - Can pay more attention to some important neighbors because of
Advantages structured data. attention mechanism.
- Has good results in many cases. — add more flexibility on how to solve irregular graph structures.
-Very sensitive to the structure of a graph, that is why =~ — Very sensitive to the graph structure, inapplicable to large/irregular
it may perform worse when dealing with irregular or graphs, and potentially more time-consuming in training because of
Challenges very large graphs. the attention calculation.
-Encounters some difficulties in solving the expansion — May be affected by inflated weights of desnse neighbor’s in some
problem as the number of neighbors is concerned. situation.
— Classification of nodes on graphs. - Can be applied to node classification, recommendation, and search
Applications — Impact on predicting factors associated with entities problems in social networks successfully.
in graphs. -Good for a large set of data like web structures, or textual data sets.
o - Itis less ﬂex1_ble than GAT to handle the situation, - High flexibility since the neighbor can be given differential
Flexibility where the importance of neighbors changes . . . .
importance depending on the attention mechanism.
frequently.
- Faster and more efficient for most small and -It has fairly good performance on the data that contains more
Performance . -
somewhat complex jobs flexible irregular structures.

Other Graph Neural Network Models

Other than GCNs and GATs, there are multiple architectures designed with the purpose of covering the areas of scalability,
expressiveness and efficiency in graph learning:

e  Graph SAGE: Incorporates a method of sampling neighbors (and through aggregation) to extend GNN to large graphs [22].
e  GIN: Intention to determine substructures more successfully by means of injective aggregation [34].

e AGCN: Uses attention to deal with the problem of class imbalance such as lithology with GCNs [14].

Published by: Northern Technical University, Iraq 82



Ayhan Ahmed Al-Shumam - NTU Journal of Pure Sciences / Volume 5, No. 1, 2026

These models demonstrate progress in both scalability and efficiency for node classification together with link prediction and graph
generation tasks [23, 24]. Recently, sophisticated GNN models were added that handle narrow tasks:

AA-HGNN (Attention-Aware Heterogeneous GNN): The model concentrates on learning of heterogeneous graphs through
the application of adaptive attention among types of nodes and edges [16].

DySAT (Dynamic Self-Attention Network): Temporal graphs, structural and temporal self-attention are combined with a
view to learning structure-changing graph patterns [17].

EGNN (Equivariant GNN): Is geometrically equivariant (invariant to rotation/translation), it is appropriate when faced with
molecular and 3D graph data [18].

DyHAN (Dynamic Heterogeneous Attention Network): Integration of dynamic modeling with multi-type attention on
temporal heterogeneous graphs [19].

Hyper-GNN: Generalizes GNNSs to hypergraphs; to learn node relationships in groups where an edge may connect more than
two nodes [20].

They are models that give answers to the managing of dynamic variations, heterogeneity, high-dimensional geometry, and inter-domain

versatility-bringing increase in GNN applications.

The table below is an expanded comparison between early generative GNN models as well as novel ones. It points out to their main

graph-theoretic principles, major strengths, limitations known, and areas of use in practice, which are subject to the current development
of graph-based learning.

Table 2. Comparison of existing and new Graph Neural Network models, focusing on the theoretical underpinnings, practical advantages and
application to the field.

Core Graph-Theoretic

Model Year Principle Strengths Limitations Common Applications
Spectral convolution via Simple, efficient Limited receptive field, Node classification, citation
GCN 2017 . . . .
Laplacian matrix neighborhood learning shallow depth graphs
GAT 2018 Att.entl.on-based neighbor Leamlng edge importance  Increased computation, less Social networks, NLP
weighting adaptively scalable
Graph 2017 Sampling-based Scalable to large, sparse Sampling introduces Recommender systems,
SAGE neighborhood aggregation graphs approximation bias knowledge graphs
Injective aggregation for High expressive power, Risk of overfitting on small ~ Graph classification,
GIN 2019 oo .
subgraph distinction captures structure datasets chemical compounds
. . . Requires careful hyper .
AGCN 2004 Atte_ntlon-gulded convolution Enhanced performance on parameter tuning Irpbalanced .data, lithology,
for imbalance rare classes bioinformatics
AA- Attention on heterogeneous Captures multi-relational Complex model design and ~ Knowledge graphs, academic
2021 . .
HGNN graphs semantics tuning networks
Structural and temporal self-  Learns evolving patterns in ~ High computational cost for ~ Temporal link prediction,
DySAT 2020 . . . .
attention dynamic graphs long sequences dynamic social graphs
Equivariance in spatial Preserves rotational and Not suitable for general Molecular modeling, 3D
EGNN 2021 . . L
(geometric) graphs translational symmetry graphs vision
Dual attention for dynamic Models evolving multi- Requires large and diverse Behavior modeling, event
DyHAN 2022 . . S .
heterogeneous graphs type interactions training data prediction
Hyper- Learning over hyperedges Capturqs group Limited benchmark datasets =~ Group recommendation, co-
2021 . interactions and co- .
GNN (group-based relations) and tool support authorship graphs
occurrence
Captures complex
MGH- 2023 Molecular Hypergraph molecular relationships Computationally intensive Material discovery and
GNN Grammar (MHG) and (GNN)  and improves material and data dependent. property prediction.

property prediction.

Discussion: A Graph-Theoretic Interpretation of Challenges

Although the development of various GNN networks is advanced, a number of problems still have not been addressed, especially when
considered in the perspective of the graph theory. Such issues are commonly based on the complexity of the graphs in the real world
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(both structural and computational). This part describes several fundamental bottlenecks that stall GNNs and to what extent new models
deal with them.

Scalability

The increasing size of graph leads to learning from big graph datasets becoming an overwhelming computational task. The solution to
scalability limitations in proposed systems requires evaluation of graph sampling and distributed learning approaches [13,23,35].
Research into large-scale architecture search enables the development of superior GNN designs in its domain [23].

Heterogeneity

Most real-world graphs are heterogeneous and thus have many different types of nodes and edges, e.g., knowledge graphs and academic
citation graphs. To capture the multi-structural inter-type relations in such structures, it is necessary that the models are able to
distinguish between unique semantic roles and hierarchy of organizations [5,36]. Though the early GNNs were originally intended as
methods to handle homogeneous data, more recent methods, including AA-HGNN and MGH, provide explicit attention and meta-
learning allows them to handle heterogeneity more efficiently [17,20,37]. Such advanced architectures are also being designed to
improve representation learning since they consider a wide variety of entities and relations that exist, which is especially essential in
tasks such as knowledge graph completion that requires the fine-grained comprehension of node types and edges, respectively.

Overfitting and Generalization

Unseen data demands better models since graph data tends to be both sparse and noisy. The challenge is most prominent within anomaly
detection and user behavior analysis because detecting minimal pattens remains difficult [32,36]. Research teams study different
methods for enhancing graph neural network generalization through regularizing and augmenting methods. Additionally, new models
such as the GIN are coming up to enhance generalization by an injective aggregation design, whereas MGH employs meta-adaptation
to acquire transferable patterns across graphs [37].

Dynamic Graph Learning

Missing data is a major challenge to graph-based models and are especially prominent in real-world graph data because of data sparsity
and noisy data. This problem is particularly severe when it comes to anomaly detection and user behavior analysis, where it is still
challenging to detect blurred patterns [32,36]. Regularization and data augmentation tactics specific to GNNs have also been considered
in order to enhance generalization [37]. Making life even difficult is the fact that with many of the modern applications, one deals with
dynamic graphs (examples: traffic networks, log of communication, and social network). The graph structure changes as the time
elapses. However, traditional GNNs are not innately able to model time-dependences. DySAT and DyHAN models have overcome this
shortcoming using time-conscious attention mechanisms and sequential learning components to be able to recognize short- and long-
term patterns in the evolution process of a graph [18,20].

All these challenges also include graph complexity, scalability, heterogeneity, Geometric Invariance, Multi-Agent Modeling,
generalization, and temporal dynamics, all of which will pose significant challenges in the successful graph representation learning. The
overview of these challenges and their possible effect on model performance is provided in Table 3.

Table 3. Graph-Theoretic Challenges in GNNs

Challenges Description Solutions

High memory/computation cost on GraphSAGE, DySAT, Cluster-GCN
large-scale graphs

Multiple types of nodes and edges;
semantic diversity

3 Dynamic Graphs Time-evolving structures and behaviors DySAT, DyHAN

Poor generalization or indistinguishable

1 Scalability

2 Heterogeneity AA-HGNN, MGH

4 Overfitting / Oversmoothing node embeddings GIN, MGH

5 Geometric Invariance Sensitivity to spgtlal orientation in 3D EGNN, AGCN
or physical systems

6 Multi-Agent / Group Modeling Modeling group interactions beyond Hyper-GNN, GAT

pairwise relationships

Deepening the Theory Application Connection

The properties of graphs affect the model performance in various fields considerably. For example graph density levels are too high in
some situations, causing GNNs to over smooth node features, and in other cases, they limit the propagation of information between
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nodes due to their sparseness. The value of nodes with higher degrees aggregates more information that can enhance better predictions
in other words, the low-degree nodes can be lacking context. Central nodes are important parts of the information flow, and models
which take into consideration the feed of centrality can improve the predictions on social networks or traffic systems. These relationships
demonstrate how small theoretical considerations can have direct consequences on the performance of models in practice, like material
discovery or prediction of properties.

To complement the discussion above, Fig.2 provides a concise graphical overview of the connections between graph-theoretical
concepts, graph-theory based deep learning models, the key challenges, and their application is given, providing an overview of how
the graph theory conceptualization, challenges influence research and models facilitate practice.

( GCN \
1 Social networks, NLP
ﬁ( i Scalability \
GAT
/)//‘ |
Graph SAGE —1 Graph classification ch Heterogeneity
Degre compounds
GIN " Dynamic Graphs|
Motif:
AGCN
wl Knowledge graphs, acag
Centralit AA-HGNN networks O i/
=1 Temporal link predictién dyfamic o i
; versmoothing
Subgraph DySAT social graphs
=1 Molecular modeling, 3D vision 3 O
; EGNN Geopetric Invariance
densit =T Behavior modeling, eveiit predjétion
DyHAN
Dynamics = Group recommendation, coau Multi-Agent
Hyper-GNN Group Modeling
gt
Material discovery
MGH-GNN prediction.
e

Figure 2. Visual summary linking properties, models, applications and, challenges

Real-World Use of Graph Learning

Social Networks and Link Prediction

Learning using graphs have been widely applied in modeling hard to represent relations and interactions across many fields. These
approaches are very effective in capturing organized structure of data, they can be used to perform activities like behavior prediction,
community detection and recommendation. They lend themselves especially well in such a situation, when relational information is
crucial, because of their capacity to take advantage of both the topology of the graph and the characteristics of the nodes [ 1,4,36,37,38].
Furthermore, dynamic and heterogeneous issues in social graphs are detected in developing advanced architectures like DyHAN as the
relationships change with time and how they are utilized by people and used as time moves on [19].

Graph Neural Networks (GNNs) have become the subject of attention of many real-life applications because of their ability to represent
the connection in structured data. An example of their use in social networks is to predict future interaction of the users of such social
networks by learning about the structure of such graphs. The moving power of such capability is the message passing technique whereby
each node polishes its representation relative to the information broadcasted by the neighbors. The two overlapping pictures of GNNs
present in Fig. 1 are an actual use of GNNs to link prediction part (a) and a visualization of the inner-message passing mechanism of a
Graph Convolutional Network (GCN) part (b).
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(a) GNNs on social networks: link (b) Message passing scheme on a Graph
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Figure 3. GNNs on Practice: Social Link Prediction to Message Passing Mechanism

Recommendation Systems

Recommendation systems based on graphs normalize the representation of both items and users by building a graph where nodes are
users and items and edges are interactions between them which can provide a more appropriate modeling of preferences [1,9]. Graph
Neural Networks (GNNs) such as Graph SAGE and GCN have shown better results compared to conventional methods since it captures
multi-faceted relationships well [29,39]. More personalization is also achieved through attention parameters giving more weights to
user-item interactions, and the top models like Hyper-GNN, which considers the whole users-behavior-relationships in collecting multi-
users [20].

Bioinformatics and Drug Discovery

A natural way to model molecules used in drug discovery is as a graph, with atoms represented by nodes and chemical bonds as edges.
Examples of well-performing Graph Neural Networks (GNNs) include Graph Convolutional Networks (GCNs), Graph Attention
Networks (GATs), Graph Isomorphism Networks (GIN), and Equivariant Graph Neural Networks (EGNN) which have led to
remarkable results in the molecular property prediction, drug screening and drug-target interaction analysis [7,10,11,42,43]. Particularly,
EGNN inherits rotational and translational invariability, which is essential towards faithful 3D molecular representation. Such flexible
and powerful models have found increased application in bioinformatics pipeline to improve the processes of compound screening and
prediction of toxicity[19].

Image and Scene Analysis

Graph-based methods Graph-based methods divide an image into components, e.g. superpixels or object segments and treat them as
nodes, with edges connecting them via spatial or semantic relationship [8, 40, 41]. Object detection, scene segmentation and activity
recognition have been conducted through Graph Neural Networks (GNNs) such as Graph Convolutional Networks (GCNs) and Graph
Attention Networks (GATs). In applications that involve 3D consistency in space, Equivariant Graph Neural Networks (EGNNs)
become very helpful in modeling physical and geometric constraints in the scene[19].

Dynamic Systems and Temporal Reasoning

Industries like traffic systems, financial networks, and cyber-physical systems produce graph data over time whose relations change
continuously. Conventional GNNs are limited in their capacity to capture time dependencies but current models such as DySAT and
DyHAN use time dependent attention to learn sequential behavior. Anomaly detection, temporal recommendation, and predictive
maintenance in loT are the three applications of these models[17,19].
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Figure 4. GNN Model Appropriateness by Application Area

Future Research Directions

With the further development of Graph Neural Networks (GNNs), a number of potential areas of research have been identified to
eliminate the existing weaknesses in applications and to increase their extent. The next version is projected to focus more on more
expressive, scalable, adaptable, and interpretable expressions in order to support dynamic and multi-faceted data conditions. Following
are some of the major trends in graph learning:

Dynamic Graphs

Systems which support online (temporal) graphs well are very important in cases like social networks where the relations change with
time [11]. It is envisaged in the future to come up with real-time predictive models to improve human-computer interaction and
behavioral analysis [40,41]. Approaches such as DyHAN, MGH have been demonstrated to manage time-evolving, heterogeneous
graphs with some success but solving the problem of multi-type dynamic data generically is an open problem [17].

Multi modal Graph Learning

Representations in the form of text, image, and videos can be integrated into a common graph structure to enable better representation
and cross-modality search and multitask learning [8,39,40]. The next-generation GNNs will require to integrate the multimodal data in
a seamless manner, and such models as MGH and Hyper-GNN can offer an adaptable framework of matching the different types of
information, particularly when it comes to recommendation systems, medical imaging, and autonomous systems [20].

Big-scale Graph Learning and Hybrid Designs

The scalability aspect is the basic hurdle because of the increase in size and complexity of graph datasets. The graph architecture search
techniques and the distributed graph learning algorithms are being researched to quickly come up with large-scale graph processing
[13,23,34,35,44]. The paradigm of hybrid Mockups combining the strengths of different GNN paradigms, the inductive scalability of
Graph SAGE with the expressive subgraph potential of GIN is likewise anticipated to push performance by means of representing both
regional and global graph patterns.

Explain ability and interpretability

In spite of this success, GNNs typically lack the explicit decision mechanisms, and this is unacceptable in sensitive fields like healthcare
and finance. Recent advances such as GNN Explainer and prototypical learning are beginning to provide ways to interpret the outputs
of GNNs, but to enhance transparency and usability, future models and in particular, those that operate with more complex attention
mechanisms ( AA-HGNN) should integrate explain ability into their design as a first-class concept [16].
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Standardization, benchmarking and efficiency

As GNNs continue to spread at an accelerated rate, it becomes more essential to benchmark across a collection of massive and varied
datasets with standardized metrics. All these efforts to make breakthroughs, such as the Open Graph Benchmark (OGB) are providing
solid ground at the start, yet in the future, training efficiency, energy consumption, architecture search reproducibility, and robustness
should be worked backward so as to have practical scalability.

Below is the timeline that demonstrates the transformation in graph learning from the basic to advanced, multi-modal systems
engineered to operate on real-time and voluminous data sets.
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Figure 5. Future of Graph Learning

Conclusion

Graph theory deep learning models, including Graph Convolutional Networks (GCNs) and Graph Attention Networks (GATs), have
shown tremendous improvement in amalgamating graph-based information successfully. Such models have been widely used in
different fields such as social networks, recommendation systems, image and video data analysis, and drug discovery [10,12,14].
However, they encounter a great problem with the scalability, flexibility to heterogeneous and dynamic condition of the graph, and
robust generalization without overfitting [5,13,21,23,34].1t is also imperative that these models are advanced through proper knowledge
of graph theory as a formal mathematical theory. Multi-domain elements and their interrelationships are captured in an extremely formal
manner and make it possible to develop complex data models and artificial intelligence solutions using the added structure of graph
theory. Today graph neural network (GNN) architectures can be divided into five major groups defined in terms of graph-theoretic
principles like spectral convolution, neighborhood attention, or subgraph isomorphism. Such principles augment the abilities of the
models in dealing with sparse data, heterogeneous data and time-evolving data. Nevertheless, issues related to scalability, heterogeneous
structures, and dynamic learning are still severe challenges, which are embedded in the feature of graph structure. Practical solutions to
these problems require building GNN with interpretable models based on graph-theoretic principles articulated and able to adapt to
dynamic topologies, as well as multi-modal structures, with support of validated graph regularization mechanisms.To address them,
more powerful models, such as AA-HGNN, DySAT, EGNN, DyHAN, Hyper-GNN, or MGH,[16,17,18,19,20] combine attention
mechanisms, temporal modeling, geometric invariance and meta-learning approaches. Such innovations are an indication of paradigm
shift to more expressive and task specific GNNs hence providing theoretical depth and practical relevance to the methods of graph
learning. As a consequence, GNN has found its applications in more important areas like healthcare, cybersecurity, and autonomous
systems.

Published by: Northern Technical University, Iraq 88



Ayhan Ahmed Al-Shumam - NTU Journal of Pure Sciences / Volume 5, No. 1, 2026

References

(1]
(2]
[3]
[4]

(5]
[6]

[7]

(8]

[10]

[11]

[12]

[13]

[14]
[15]
[16]

[17]

(18]

[19]

Wu, S., Sun, F., Zhang, W., Xie, X., & Cui, B. (2022). Graph Neural Networks in Recommender Systems: A Survey.
https://dl.acm.org/doi/pdf/10.1145/3535101 .

Al-Jawadi, O. M., & Al-Shumam, A. A. (2020). A review on the relationship between computer engineering, discrete-math,
and graph theory. Tikrit Journal of Engineering Sciences, 27(3), 38-44. https://doi.org/10.25130/tjes.27.3.05.
Pouyanfar, S., Sadiq, S., Yan, Y., Tian, H., Tao, Y., & others. (2018). A survey on deep learning: Algorithms, techniques, and
applications. ACM Computing Surveys, 51(5), 1-36. https://proceedings.mlr.press/v198/zhu22a/zhu22a.pdf.

Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Yu, P. S. (2020). A comprehensive survey on graph neural networks. IEEE
Transactions on Neural Networks and Learning Systems, 32(1), 4-24,
https://doi.org/10.1109/TNNLS.2020.2978386.

Zhou, J., Cui, G., Hu, S., Zhang, Z., Yang, C., Liu, Z., Wang, L., Li, C., & Sun, M. (2020). Graph neural networks: A review
of methods and applications. Al Open, 1, 57-81. https://doi.org/10.1016/j.ai0pen.2021.01.001.

Xu, K., et al. (2019). "How Powerful are Graph Neural Networks?" International Conference on Learning Representations

(ICLR). https://arxiv.org/pdf/1810.00826.
Zhang, X. M., Liang, L., Liu, L., & Tang, M. J. (2021). Graph neural networks and their current applications in bioinformatics.
Frontiers in Genetics, 12, 690049. https://oaktrust.library.tamu.edu/items/0a282300-8ac3-486¢-9967-

2aa49¢54d706.

Chen, C., Wu, Y., Dai, Q., Zhou, H.-Y., Xu, M., Yang, S., Han, X., & Yu, Y. (2024). A Survey on Graph Neural Networks and
Graph Transformers in Computer Vision: A Task-Oriented Perspective. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 46(12), 12345-12367. https://arxiv.org/pdf/2209.13232.

Ying, R., He, R., Chen, K., Eksombatchai, P., Hamilton, W. L., & Leskovec, J. (2018). "Graph Convolutional Neural
Networks for Web-Scale Recommender Systems." Proceedings of the 24th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining, 974-983. https://dl.acm.org/doi/pdf/10.1145/3219819.3219947.

Nguyen, M., Le, H., Pham, T., Nguyen, T., & Tran, T. (2021). Graph Convolutional Networks for Drug Response Prediction.
IEEE/ACM Transactions on Computational Biology and Bioinformatics, 18(6), 2131-2140.
https://www.biorxiv.org/content/10.1101/2020.04.07.030908v?2.full.pdf.

Lin, X., Quan, Z., Wang, Z. J., Ma, T., & Zeng, X. (2020). KGNN: Knowledge Graph Neural Network for Drug-Drug
Interaction Prediction. Proceedings of the International Joint Conference on Artificial Intelligence (IJCAI), 2020. Retrieved
from https://xuanlin1991.github.io/files/publications/ijcai20.pdf.

Kipf, T. N., & Welling, M. (2017). "Semi-Supervised Classification with Graph Convolutional Networks." International
Conference on Learning Representations (ICLR). https://arxiv.org/pdf/1609.02907

Gao, H., Wang, Z., & Ji, S. (2018). Large-Scale Learnable Graph Convolutional Networks. Proceedings of the 24th ACM
SIGKDD  International =~ Conference @~ on  Knowledge  Discovery &  Data  Mining, 1416-1424.
https://dl.acm.org/doi/pdf/10.1145/3219819.3219947

Velickovi¢, P, et al. (2018). "Graph Attention Networks." International Conference on Learning Representations (ICLR).
https://arxiv.org/pdf/1710.10903.

Li, Y., Tarlow, D., Brockschmidt, M., & Zemel, R. (2016). Gated Graph Sequence Neural Networks. In International
Conference on Learning Representations https://arxiv.org/pdf/1511.05493.

Ren, Y., Wang, B., Zhang, J., & Chang, Y. (2021, January 27). Adversarial Active Learning based Heterogeneous Graph
Neural Network for Fake News Detection (arXiv:2101.11206). arXiv. https://doi.org/10.48550/arXiv.2101.11206.

Sankar, A., Wu, Y., Gou, L., Zhang, W., & Yang, H. (2020, February). DySAT: Deep Neural Representation Learning on
Dynamic Graphs via Self-Attention Networks. In Proceedings of the 13th ACM International Conference on Web Search and
Data Mining (WSDM ’20) (pp. 519-527). ACM. https://doi.org/10.1145/3336191.3371845.

Karczewski, R., Souza, A.H., & Garg, V. (2024). On the Generalization of Equivariant Graph Neural Networks. In
Proceedings of the 41st International Conference on Machine Learning (ICML) (Vol. 235, pp.23159-23186). PMLR.
https://proceedings.mlr.press/v235/karczewski24a.html?utm_source=chatgpt.com

Martirano, L., Ienco, D., Interdonato, R., & Tagarelli, A. (2024). DyHANE: Dynamic heterogeneous attributed network
embedding  through experience  node  replay.  Applied Network  Science, 9(1), Article 30.

Published by: Northern Technical University, Iraq 89


https://dl.acm.org/doi/pdf/10.1145/3535101
https://doi.org/10.25130/tjes.27.3.05
https://proceedings.mlr.press/v198/zhu22a/zhu22a.pdf
https://doi.org/10.1109/TNNLS.2020.2978386
https://doi.org/10.1016/j.aiopen.2021.01.001
https://arxiv.org/pdf/1810.00826
https://oaktrust.library.tamu.edu/items/0a282300-8ac3-486c-9967-2aa49c54d706
https://oaktrust.library.tamu.edu/items/0a282300-8ac3-486c-9967-2aa49c54d706
https://arxiv.org/pdf/2209.13232
https://dl.acm.org/doi/pdf/10.1145/3219819.3219947
https://www.biorxiv.org/content/10.1101/2020.04.07.030908v2.full.pdf
https://xuanlin1991.github.io/files/publications/ijcai20.pdf
https://arxiv.org/pdf/1609.02907
https://dl.acm.org/doi/pdf/10.1145/3219819.3219947
https://arxiv.org/pdf/1710.10903
https://arxiv.org/pdf/1511.05493
https://doi.org/10.48550/arXiv.2101.11206
https://doi.org/10.1145/3336191.3371845
https://proceedings.mlr.press/v235/karczewski24a.html?utm_source=chatgpt.com

[20]

(21]

[22]

(23]

(24]
[25]
[26]

(27]

(28]

[29]

[30]

[31]

[32]
[33]
[34]
[35]

[36]

[37]

[38]

[39]

Ayhan Ahmed Al-Shumam - NTU Journal of Pure Sciences / Volume 5, No. 1, 2026

https://pme.ncbi.nlm.nih.gov/articles/PMC7148053/?utm_source=chatgpt.com. .

Feng, Y., You, H., Zhang, Z., Ji, R., & Gao, Y. (2019, July). Hypergraph neural networks. Proceedings of the AAAI
Conference on Artificial Intelligence, 33(01), 3558-3565. https://doi.org/10.1609/aaai.v33i01.33013558.

Cai, L., Chen, Z., Luo, C., Gui, J., Ni, J,, Li, D., & Chen, H. (2021). "Structural temporal graph neural networks for anomaly
detection in dynamic graphs". In Proceedings of the 30th ACM International Conference on Information and Knowledge
Management (CIKM "21) (pp. 1-10). ACM. https://doi.org/10.1145/3459637.3481955.

Guan, C., Wang, X., Chen, H., Zhang, Z., & Zhu, W. (2022). Large-Scale Graph Neural Architecture Search. Proceedings of
the 39th International Conference on Machine Learning, 162, 7968-7981.
https://proceedings.mlr.press/v162/guan22d/guan22d.pdf

Ma, X., Wu, J., Xue, S., Yang, J., Zhou, C., Sheng, Q. Z., Xiong, H., & Akoglu, L. (2021). A Comprehensive Survey on Graph
Anomaly Detection with Deep Learning. IEEE Transactions on Knowledge and Data Engineering.
https://arxiv.org/pdf/2106.07178.

Wang, J., Zhang, S., Xiao, Y., & Song, R. (2022). A review on graph neural network methods in financial applications.
Journal of Data Science, 20(2), 111-134. https://doi.org/10.6339/22-JDS1047

Boyaci, O. (2022). Graph Neural Network-Based Cybersecurity of Smart Grids. Texas A&M University. Retrieved from
https://oaktrust.library.tamu.edu/items/0a282300-8ac3-486¢-9967-2aa49¢54d706.

Khaleel, T. A., & Al-Shumam, A. A. (2020). A study of graph theory applications in IT security. Iraqi
Journal of Science, 61(10), 2774-2789. https://doi.org/10.24996/1js.2020.61.10.17.

Al-Jawadi, O. M. (2023). Enhancing drivers' attention by a smart binary matching machine to avoid accidents. AL-Rafdain
Engineering Journal, 28(2), 261-283. https://doi.org/10.33899/rengj.2023.138781.1240.

Liang, F., Qian, C., Yu, W., Griffith, D., & Golmie, N. (2022). Survey of Graph Neural Networks and Applications. Wireless

Communications and Mobile Computing, 2022. https://onlinelibrary.wiley.com/doi/epdf/10.1155/2022/9261537

Hamilton, W. L., Ying, R., & Leskovec, J. (2017).Inductive Representation Learning on Large Graphs. Advances in Neural
Information Processing Systems (NeurIPS).
https://proceedings.neurips.cc/paper/2017/file/5dd9db5e033da9c6fbSba83c7a7ebea9-Paper.pdf

Ma, G., Ahmed, N. K., Willke, T. L., & Yu, P. S. (2021). Deep graph similarity learning: A survey. Data Mining and
Knowledge Discovery, 35(3), 688-725.https:/link.springer.com/content/pdf/10.1007/s10618-020-00733-
5.pdf.

Hu, W,, Fey, M., Zitnik, M., Dong, Y., Ren, H., Liu, B., ... & Leskovec, J. (2021). OGB-LSC: A Large-Scale Challenge for
Machine Learning on Graphs. Proceedings of the Neural Information Processing Systems (NeurIPS) 2021 Datasets and
Benchmarks Track. https://arxiv.ore/pd{/2103.09430.

Hasan, S. Q. (2023). Shallow model and deep learning model for features extraction of images. NTU Journal of Engineering
and Technology (NTU-JET), 2(3). https://doi.org/10.56286/ntujet.v213.449.

Abdulatif, F., & Ali, A. (2025). Review of classification medical images using ensemble learning. NTU Journal of Pure
Sciences, 3(4). https://doi.org/10.56286/10q1{229

Li, H., & Chen, Y. (2023). A Survey on Graph Neural Networks for Knowledge Graph Completion. IEEE Transactions on
Neural Networks and Learning Systems.https://ieeexplore.icee.org/stamp/stamp.jsp?arnumber=10077454
Yang, Y., Liu, J., Zhao, L., & Yin, Y. (2024). Human-Computer Interaction Based on ASGCN Displacement Graph Neural
Networks. Informatica, 48(1), 1-16. Retrieved from https://informatica.si.

Wang, X., He, X., Wang, M., Feng, F., & Chua, T. S. (2019). Neural graph collaborative filtering. Proceedings of the 42nd
International ACM SIGIR Conference on Research and Development in Information Retrieval, 165-
174.https://arxiv.org/pdf/1905.08108

Gao, C., Zheng, Y., Li, N., Li, Y., Qin, Y., Piao, J., ... & others. (2023). A survey of graph neural networks for recommender
systems:  Challenges, methods, and  directions. @ACM  Transactions on Recommender  Systems.
https://dl.acm.org/doi/pdf/10.1145/3568022.

Al-Nima, R. R. O., Hasan, S. Q., & Mahmood, S. E. (2023). Utilizing fingerphotos with deep learning techniques to recognize
individuals. NTU Journal of Engineering and Technology (NTU-JET), 2(1). https://doi.org/10.56286/ntujet.v2il1.318.
Mafla, A., Dey, S., Biten, A. F., Gomez, L., & Karatzas, D. (2021). Multi-modal reasoning graph for scene-text based fine-
grained image classification and retrieval. Proceedings of the IEEE/CVF Winter Conference on Applications of Computer

Published by: Northern Technical University, Iraq 90


https://pmc.ncbi.nlm.nih.gov/articles/PMC7148053/?utm_source=chatgpt.com
https://doi.org/10.1609/aaai.v33i01.33013558
https://doi.org/10.1145/3459637.3481955
https://proceedings.mlr.press/v162/guan22d/guan22d.pdf
https://arxiv.org/pdf/2106.07178
https://doi.org/10.6339/22-JDS1047
https://oaktrust.library.tamu.edu/items/0a282300-8ac3-486c-9967-2aa49c54d706
https://doi.org/10.24996/ijs.2020.61.10.17
https://doi.org/10.33899/rengj.2023.138781.1240
https://onlinelibrary.wiley.com/doi/epdf/10.1155/2022/9261537
https://proceedings.neurips.cc/paper/2017/file/5dd9db5e033da9c6fb5ba83c7a7ebea9-Paper.pdf
https://link.springer.com/content/pdf/10.1007/s10618-020-00733-5.pdf
https://link.springer.com/content/pdf/10.1007/s10618-020-00733-5.pdf
https://arxiv.org/pdf/2103.09430
https://doi.org/10.56286/ntujet.v2i3.449
https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10077454
https://informatica.si/
https://arxiv.org/pdf/1905.08108
https://dl.acm.org/doi/pdf/10.1145/3568022
https://doi.org/10.56286/ntujet.v2i1.318

Ayhan Ahmed Al-Shumam - NTU Journal of Pure Sciences / Volume 5, No. 1, 2026

Vision (WACV), 4023-4033. https://doi.org/10.1109/WACV48630.2021.00407

[40] Yao, L., et al. (2020). "Graph Neural Networks for Natural Language Processing." IEEE Transactions on Neural Networks
and Learning Systems. https://doi.org/10.1109/TNNLS.2020.2978386.

[41] Rizvi, S. T. A., & Imran, M. (2024). Text Classification using Graph Convolutional Networks: A Comprehensive Survey.
arXiv preprint arXiv:2410.09399. https://arxiv.org/pdf/2410.09399

[42] Yang, Y., Ren, Z., Zhang, X., Li, H., Wang, Y., & Wang, Y. (2021). Learning dynamics via graph neural networks for human
pose estimation and tracking. Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2021, 1214-1223.
https://openaccess.thecvf.com/content/CVPR2021/papers/Yang Learning Dynamics via Graph Neural Networks for H
uman_Pose_Estimation CVPR 2021 paper.pdf.

[43] Ameen, R. H. M., Basheer, N. M., & Younis, A. K. (2023). A survey: Breast cancer classification by using machine learning
techniques. NTU Journal of Engineering and Technology (NTU-JET), 2(1). https://doi.org/10.56286/ntujet.v2il.367.

[44] Ameen, R. H. M., Basheer, N. M., & Younis, A. K. (2023). A survey: Breast cancer classification by using machine learning
techniques. NTU Journal of Engineering and Technology (NTU-JET), 2(1). https://doi.org/10.56286/ntujet.v2il.367.

Published by: Northern Technical University, Iraq 91


https://doi.org/10.1109/WACV48630.2021.00407
https://doi.org/10.1109/TNNLS.2020.2978386
https://arxiv.org/pdf/2410.09399
https://openaccess.thecvf.com/content/CVPR2021/papers/Yang_Learning_Dynamics_via_Graph_Neural_Networks_for_Human_Pose_Estimation_CVPR_2021_paper.pdf
https://openaccess.thecvf.com/content/CVPR2021/papers/Yang_Learning_Dynamics_via_Graph_Neural_Networks_for_Human_Pose_Estimation_CVPR_2021_paper.pdf
https://doi.org/10.56286/ntujet.v2i1.367
https://doi.org/10.56286/ntujet.v2i1.367

