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Abstract

Graph Neural Networks (GNNs) have become powerful tools for learning from graph-structured data.
However, traditional GNNs often fail to address uncertainty inherent in many real-world applications.
Fuzzy Graph Neural Networks (FGNNs) integrate fuzzy logic into GNNs to provide a robust mechanism for

managing uncertainty, imprecision, and vagueness. This paper presents a comprehensive review of FGNNS,
examining their theoretical underpinnings, methodologies, applications, challenges, and potential research
directions.
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1. Introduction defined; in medical diagnostics, symptoms and patient

) conditions are often vague and overlapping.
Graphs provide a natural and powerful way to

represent complex relationships and interactions
among entities, making graph-based learning models
increasingly vital in a wide array of domains such as
social network analysis, molecular biology, financial
systems, and recommendation engines [17]. Graph
Neural Networks (GNNs), a class of deep learning
models designed to operate on graph-structured
data, have emerged as highly effective tools due to
their ability to capture local and global structural
information through message passing and aggregation
mechanisms.

Despite their impressive performance, conventional
GNNs typically operate under deterministic settings
and assume precise knowledge of graph structures
and node/edge attributes. This assumption is often
unrealistic in real-world applications where data
may be incomplete, noisy, ambiguous, or inherently
uncertain. For instance, in social networks, the
strength of relationships might not be crisply
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Fuzzy set theory, introduced by Zadeh, provides a
mathematical framework for modeling and reasoning
under uncertainty and imprecision. By allowing
elements to have varying degrees of membership in
a set, fuzzy logic enables more human-like reasoning
and is well-suited for representing uncertainty in
graph-based data. The fusion of fuzzy logic with
GNN:s has led to the emergence of Fuzzy Graph Neural
Networks (FGNNs), a promising direction in the
pursuit of robust, uncertainty-aware graph learning.

This paper aims to provide a comprehensive review
of FGNNS, highlighting their conceptual foundations,
key methodologies, and practical applications. We
further discuss the limitations and challenges facing
current models and propose potential research
directions to advance this emerging field.

2. Background
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Figure 1. Publication trends in Graph Neural Networks (2017-2024)

2.1. Graph Neural Networks

Graph Neural Networks (GNNs) are deep learning
architectures specifically designed to process graph-
structured data. The core idea is to generate node
representations by aggregating and transforming
information from neighboring nodes through multiple
layers of message passing [3, 17]. Popular variants
include:

* Graph Convolutional Networks (GCNs): These
apply convolutional operations to graphs, effec-
tively aggregating feature information from
neighbors weighted by the normalized adjacency
matrix [3].

¢ Graph Attention Networks (GATs): GATs uti-
lize attention mechanisms to learn the impor-
tance of neighbor nodes in the aggregation pro-
cess [9].

* GraphSAGE: This model samples and aggre-
gates neighborhood features using mean, LSTM,
or pooling functions, supporting inductive
learning [1].

The bar chart in Figure 1 vividly illustrates the expo-
nential growth in research activity surrounding Graph
Neural Networks (GNNs) from 2017 to 2024. Begin-
ning with just 10 publications in 2017, the number
surged dramatically to over 100 publications annu-
ally by 2023, underscoring the field’s rapid matura-
tion and expanding influence. This upward trajectory
reflects a growing recognition of the power of GNNs to
model relational and structured data across domains
such as bioinformatics, social networks, recommender

systems, and natural language processing. The sus-
tained high publication rate in 2024 suggests that
GNNs remain a vibrant and active area of research,
attracting continuous innovation and interdisciplinary
interest. This trend not only validates the relevance of
GNN methodologies but also signals a fertile ground
for future developments, including uncertainty-aware
models like Fuzzy Graph Neural Networks.

GNNs have demonstrated remarkable performance
in node classification, link prediction, and graph clas-
sification tasks. However, their reliance on determinis-
tic structures and parameters often limits their appli-
cability in uncertain environments.

2.2. Fuzzy Logic and Fuzzy Systems

Fuzzy logic, introduced by Lotfi A. Zadeh in 1965 [14],
extends classical Boolean logic by allowing elements
to have degrees of membership between 0 and 1.
This enables reasoning with vague, ambiguous, or
imprecise information — a common occurrence in
real-world data.

Fuzzy systems employ fuzzy rules and membership
functions to model complex relationships, often using
a fuzzy inference system (FIS) for decision-making.
Common fuzzy models include:

* Mamdani-type FIS: Widely used in control
systems, it interprets fuzzy IF-THEN rules based
on linguistic variables [7].

* Sugeno-type FIS: Useful for function approx-
imation, with crisp outputs generated through
weighted averages [8].
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Fuzzy Graph Neural Networks

¢ Adaptive Neuro-Fuzzy Inference Systems
(ANFIS): A hybrid model that combines neural
networks with fuzzy logic to learn fuzzy rules
from data [2].

Fuzzy logic has found extensive applications in
control systems, expert systems, pattern recognition,
and decision support, providing interpretability and
robustness under uncertainty. When integrated into
GNNs, fuzzy systems can enhance the capacity for
uncertainty-aware learning on graph-structured data.

3. Fuzzy Graph Neural Networks: A Taxonomy

Fuzzy Graph Neural Networks (FGNNs) incorporate
fuzzy logic principles into the GNN framework in
various ways. We propose the following taxonomy to
classify the existing approaches:

* Fuzzy Membership-Based Propagation: This
category includes models that use fuzzy mem-
bership functions to determine the degree of
influence each neighboring node exerts during
message passing. Nodes and edges are assigned
fuzzy values to reflect their uncertainty, and
these values guide the propagation process [4].

* Fuzzy Attention Mechanisms: In these models,
attention scores are computed using fuzzy logic
rules or fuzzy-valued inputs. This enables the
network to adaptively focus on more relevant
neighbors by evaluating their importance under
uncertainty [13].

* Fuzzy Aggregation Functions: These models
utilize fuzzy aggregation operators (such as
fuzzy integrals or t-norms) in the node update
step. Unlike conventional sum or mean pooling,
fuzzy aggregation provides more flexibility in
handling heterogeneous and uncertain data [12].

* Fuzzy Graph Construction: Some approaches
redefine the graph topology itself using fuzzy
similarity measures. Nodes are connected based
on fuzzy relationships or probabilistic thresh-
olds, generating a more flexible graph represen-
tation for downstream tasks.

* Fuzzy Community Detection: These methods
apply fuzzy clustering techniques to identify
overlapping or ambiguous communities within
graphs. The GNN is trained to model soft
community memberships, allowing nodes to
belong to multiple communities with different
degrees [16].

* Hybrid Neuro-Fuzzy GNNs: These models
integrate fuzzy inference systems, such as
ANFIS, directly into the GNN architecture. This

results in interpretable models that can learn
fuzzy rules in an end-to-end fashion, balancing
expressivity with explainability.

This taxonomy underscores the diverse ways in
which fuzzy logic can be blended with GNNs to
enhance robustness, interpretability, and adaptability
in uncertain settings.

4. Applications

Fuzzy Graph Neural Networks (FGNNs) have been
successfully deployed across diverse real-world
domains that require uncertainty modeling and
interpretability:

* Healthcare and Medical Diagnosis: FGNNs
enable robust modeling of patient-symptom-
disease relationships, where symptoms often
exhibit fuzziness in severity and association. For
example, fuzzy logic can help classify diseases
with overlapping symptoms [10], improving
diagnostic decision-making under uncertainty.

* Recommendation Systems: In scenarios with
ambiguous user preferences or vague item
attributes, FGNNs can represent user-item inter-
actions with soft relationships. Fuzzy attention
mechanisms enhance the personalization pro-
cess, especially when dealing with cold-start
users or imprecise feedback [15].

* Cybersecurity and Threat Detection: FGNNs
are effective in identifying anomalous behavior
in networks, where patterns may be partial,
ambiguous, or concealed. Fuzzy memberships
help in highlighting potential threats with
varying degrees of confidence [5].

* Social Network Analysis: FGNNs can model
soft community memberships and uncertain
influence patterns among users, capturing more
realistic dynamics of human interaction. They
are useful for tasks like influencer detection,
fake news propagation modeling, and opinion
dynamics [6].

* Bioinformatics and Molecular Interaction: Bio-
logical systems often involve complex and uncer-
tain relationships. FGNNs facilitate modeling
of fuzzy gene or protein interactions, aiding
in function prediction and interaction network
analysis under noisy data conditions [11].

These applications highlight the practical relevance
of FGNNs and their potential to address critical
challenges in complex, uncertain domains.
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5. Challenges and Future Directions [3] Thomas N Kipf and Max Welling. Semi-supervised

. L . classification with graph convolutional networks. arXiv

While FGNNs present a promising frontier, several preprint arXiv:1609.02907, 2016.
technical and practical challenges remain: [4] Y. Li, X. Zhang, J. Wang, and Q. Liu. Large-scale
.1s data classification based on the integrated fusion of

* Scalability: Current FGNN models often strug- fuzzy learning and graph neural netwf);rks. Information
gle to scale to large graphs due to the computa- Fusion, 89:1-12, 2023.
tional overhead introduced by fuzzy operations. [5] Xia Liu, Yali Wang, and Yujie Zhang. Fuzzy graph
Efficient model architectures, optimization algo- neural networks in cyber-physical systems. IEEE
rithms, and approximate fuzzy inference tech- Internet of Things Journal, 8(3):1-12, 2021.
niques are needed to enable real-time deploy- [6] Xia Liu, Yali Wang, and Yujie Zhang. Fuzzy graph
ment. neural networks for social network analysis. Social

Network Analysis and Mining, 13(1):1-15, 2023.

* Interpretability and Explainability: Although [7] Ebrahim H Mamdani and Sedrak Assilian. ~An
fuzzv logic is inherently interpretable its experiment in llngulstlc synthesis with a f}lzzy 1oglc
. y . & . Y p ’ controller. International Journal of Man-Machine Studies,
integration into deep GNN architectures can 7(1):1-13, 1975.
obscure decision logic. Future work should [8] Michio Sugeno. Industrial Applications of Fuzzy Control.
prioritize transparent model designs that allow Elsevier Science Inc., New York, 1985.
human-centric interpretation of fuzzy rules and [9] Petar Veli¢kovié, Guillem Cucurull, Arantxa Casanova,
their impact on predictions. Adriana Romero, Pietro Lio, and Yoshua Bengio. Graph

attention networks. In International Conference on

* Integration with Probabilistic Models: Fuzzy Learning Repres?ntat?ons (ICLR), 2018.
systems and probabilistic frameworks both [10] Hao Wang, Min Li, and Yu Chen. Fuzzy graph
address uncertainty but from different philo- neural n'etworks in healthcare. Journal of Biomedical

. . . o Informatics, 94:1-12, 2019.
sophical standpoints. Developing unified mod- [11] Hao Wang, Min Li, and Yu Chen. F h |
. g, Min Li, and Yu Chen. Fuzzy graph neura
els that leverage the strengths of both could yield networks in bioinformatics: A survey. Briefings in
more robust and flexible graph learners. Bioinformatics, 24(2):1-12, 2023.
[12] Yuxuan Wu, Min Li, Yujie Zhang, Yuxuan Liu, and

* Lack of Benchmarks: The absence of standard- Yali Wang. Hfgnn-proto: Hesitant fuzzy graph neural
ized datasets and evaluation metrics tailored for network-based few-shot text classification. Electronics,
fuzzy graph learning hinders fair comparison 11(15):2423, 2022.
and reproducibility. Establishing public bench- [13] Jinming Xing, Ruilin Xing, Chang Xue, and Dongwen
marks will accelerate progress in this field. Luo. Enhancing link prediction with fuzzy graph

attention networks and dynamic negative sampling.

* Theoretical Foundations: The formal theoret- arXiv preprint arXiv:2411.07482, 2024.
ical underpinnings of FGNNs, including con- [14] Ig(ost)ffﬁszggghi%}’;lﬂy sets. Information and Control,
vergence gu;.ir.ant.ees, expressiveness, and uncer- [15] Lei Zhang, Wei Liu, and Yu Chen. Fuzzy graph
tainty quantification, remain underexplored and neural networks for recommendation systems. IEEE
merit further investigation. Transactions on Knowledge and Data Engineering,

) o . 34(5):1-10, 2022.

* Cross-Domain Applications: There is poten- [16] Wei Zhang, Xia Liu, Ming Chen, and Lin Zhao. Accu-
tial to explore FGNNs in domains like finance, rate learning of graph representation with the consid-
legal reasoning, and environmental monitoring, eration of fuzzy overlapping community. Neurocomput-
where data ambiguity is prevalent and inter- ing, 512:1-10, 2024. ‘
pretability is essential. [17] Jie Zhou, Ganqu Cui, Shengding Hu, Zhengyan Zhang,

By addressing these challenges, future FGNN
research can create scalable, interpretable, and
generalizable graph learning models capable of
operating under high uncertainty.
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