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Abstract: This paper explores the use of GNN architectures, including Graph Convolutional Networks (GCNs),
Graph Attention Networks (GATs), and GraphSAGE, in modeling blockchain data. A specific focus is given to
their applications in cryptocurrency transaction networks, where GNNs can detect fraudulent activities and
track illicit fund flows by learning from transaction patterns and network structure. Additionally, future
directions for GNN research in blockchain are discussed, including scalability challenges, privacy-preserving
models, and multi-chain graph analysis. Through these advancements, GNNs offer significant potential for
enhancing the security, transparency, and efficiency of blockchain and cryptocurrency ecosystems. This paper
also shows an example of fraud detection for Ethereum cryptocurrencies.
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Introduction

Graph Neural Networks (GNNs) offer a novel approach to analyzing data structures with
inherent graph-like properties. This makes them particularly suitable for blockchain applications.
Blockchain, by its nature, is a distributed ledger that can be modeled as a graph, with nodes
representing transactions or blocks and edges symbolizing relationships, such as dependencies or
flows between transactions. GNNs, which generalize traditional neural networks to graph-structured
data, can potentially address many of the challenges faced by blockchain technology, including issues
related to security, scalability, and efficiency.

Blockchain technology, which underpins cryptocurrencies like Bitcoin and Ethereum, works by
maintaining a decentralized, immutable ledger. However, blockchain faces several limitations,
including scalability, energy consumption, and security risks. Current consensus mechanisms, such
as Proof of Work (PoW) and Proof of Stake (PoS), are resource-intensive and limit the speed and
scalability of the system. Moreover, the rapid growth of blockchain networks adds complexity,
making transaction verification and fraud detection more challenging. These challenges have led
researchers to explore the use of GNNs, which can capture the dynamic and relational nature of
blockchain data, to enhance various aspects of blockchain technology.

Review on Existing Literatures

GNN has been successful in representing complex relationships among data to be learned.
Graph Neural Networks, such as Graph Convolutional Networks (GCNs), Graph Attention
Networks (GATs), and GraphSAGE, enable neural network architectures to learn from graph-
structured data by leveraging message-passing mechanisms. This ability to model complex
relationships makes GNNs a powerful tool for blockchain applications. For instance, GNNs can be
used to detect patterns of fraudulent activity, such as Sybil attacks or double spending, by learning
from the structure of transaction networks [1]. Additionally, GNNs have the potential to optimize
blockchain consensus mechanisms by learning from patterns in node interactions, thereby improving
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the speed and efficiency of consensus protocols. Thus, GNN was able to investigate sports analytics
like what Wang et al. [2] conducted.

Beyond security, GNNs also offer promising solutions to the scalability challenges of blockchain.
By employing GNNs for transaction validation and block verification, blockchain systems could
potentially reduce computational overhead, allowing for faster processing and greater throughput.
Furthermore, GNNs can improve the execution of smart contracts by predicting outcomes based on
the relationships between various contract calls [1]. This application is particularly relevant in
decentralized finance (DeFi) ecosystems, where complex financial instruments are often layered on
top of blockchain networks [3]. GNNs can help model and analyze these networks, enabling better
prediction of financial risks and returns [4].

Methodology of GNN Learning from Blockchain

Graph Neural Networks (GNNs) learn from graph-structured data through the process of
message passing, where information is propagated between neighboring nodes over the edges in a
graph. In the context of blockchain, this is particularly useful because a blockchain network can be
represented as a graph, where nodes correspond to entities such as transactions, blocks, or addresses,
and edges represent relationships like ownership, transaction history, or dependencies between
blocks. The core idea behind message passing in GNNSs is to iteratively aggregate and transform
information from a node’s neighbors to update its representation. In models like Graph
Convolutional Networks (GCNs), each node’s representation is updated based on the features of its
neighbors through a series of weighted aggregations, allowing the model to capture local structural
patterns in the graph [5].

When applied to blockchain, GNNs can learn patterns from the connections between
transactions or the flow of cryptocurrency between addresses. For instance, in a network of
transactions, each transaction (node) can be connected to other transactions by edges that represent
flows of assets. GNNs can iteratively learn from these connections by analyzing how transactions
influence one another, detecting anomalies such as fraudulent behavior, or recognizing patterns
associated with illicit activities like money laundering. For example, in decentralized finance (DeFi),
GNN’s can model relationships between smart contracts and their interactions, identifying potentially
risky or unstable financial products by recognizing unusual patterns in contract dependencies.

Graph Attention Networks (GATs) further improve this learning process by applying attention
mechanisms to weigh the importance of different neighbors. In a blockchain context, not all neighbors
are equally important. For example, some transactions may be more influential than others due to
higher values or certain temporal dependencies. GATs allow the network to assign different
importance to each neighbor during the aggregation process, leading to more refined node
embeddings [6]. This mechanism is particularly useful for filtering out noise in complex blockchain
networks [7], where a transaction may be connected to many irrelevant or less informative
transactions.

GraphSAGE introduces an alternative method to learn on large graphs by sampling and
aggregating features from a fixed number of neighbors instead of all neighbors [8]. This makes it
computationally efficient to train GNNs on large blockchain networks, which can consist of
thousands or millions of nodes and edges [9]. By learning localized patterns in the network,
GraphSAGE can generalize to unseen parts of the blockchain and help predict future transaction
behaviors, optimize block verification processes, or even improve the scalability of consensus
mechanisms [10].

Overall, GNNs allow for learning from both local and global structures in blockchain networks,
making them powerful tools for a variety of tasks, such as transaction classification, fraud detection,
and consensus optimization. By iteratively aggregating and transforming information from
connected entities in the blockchain, GNNs can uncover hidden patterns and relationships that
traditional machine learning models might miss.

Despite these potential benefits, the integration of GNNs into blockchain systems poses several
challenges. The decentralized nature of blockchain, where nodes operate independently, can make it
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difficult to apply traditional GNN training methods, which typically rely on centralized data.
Additionally, the computational complexity of GNNs may strain the already resource-intensive
blockchain infrastructure [5]. Privacy concerns also arise, as the use of GNNs might require the
sharing of sensitive transaction data between nodes. Nonetheless, these challenges present
opportunities for future research. For instance, advancements in distributed GNN training or the use
of privacy-preserving techniques like federated learning could overcome these barriers.

In conclusion, GNNs offer significant potential for improving blockchain technology by
enhancing security [11], optimizing consensus mechanisms, and addressing scalability issues.
However, further research is needed to fully realize these benefits and address the challenges
associated with implementing GNNs in decentralized environments. The combination of GNNs and
blockchain could pave the way for more efficient, secure, and scalable distributed ledger systems in
the future.

Blockchain and Fraud Detection

Graph Neural Networks (GNNs) can learn from blockchain data by leveraging the underlying
graph structure of the blockchain, which captures both individual transaction features and their
relationships. For example, blockchain transactions can be represented as a directed graph, where
each node corresponds to a transaction, and edges represent the flow of assets or dependencies
between transactions. GNNs apply a message-passing mechanism that iteratively updates each
node’s representation by aggregating information from its neighboring nodes. Through this process,
GNNs can detect patterns and relationships across the blockchain network, which are often critical
for identifying fraud, optimizing consensus mechanisms, and improving scalability.

A specific application of GNN learning in blockchain is fraud detection in cryptocurrency
transaction networks. In this case, each transaction is represented as a node with features such as
transaction amount, sender, and receiver. Transactions are connected by edges that represent the flow
of cryptocurrency between them. The GNN can be trained on historical blockchain data labeled as
either legitimate or fraudulent [12]. During training, the GNN updates its node representations based
on the relationships between transactions and their surrounding context in the graph. This allows the
network to capture patterns that are commonly associated with fraudulent activities, such as certain
transaction chains leading to known fraudulent addresses or cyclical transaction flows often linked
to money laundering schemes. Once trained, the GNN can predict the likelihood of fraud for new,
unseen transactions by analyzing their position and connections within the blockchain graph.

For example, consider a Ponzi scheme on a blockchain network where funds are funneled
through a series of transactions to an exit scam. A GNN can learn from labeled data by analyzing
how transactions interact with flagged fraudulent wallets and by identifying suspicious transaction
paths, even when individual transactions may not have obvious red flags on their own. The relational
aspect of GNNs, which allows them to take into account both the local and global structure of the
blockchain network, makes them particularly suitable for uncovering such hidden patterns that
traditional methods might miss.

Cryptocurrency transaction networks provide a particularly rich environment for the
application of Graph Neural Networks (GNNs). These networks are inherently structured as directed
graphs, where nodes represent entities such as wallet addresses or transactions, and edges signify
the transfer of cryptocurrency between these entities. The transactional relationships in these
networks exhibit complex, dynamic patterns influenced by user behavior, economic factors, and illicit
activities such as money laundering or fraud. GNNs are well-suited to model these complex
relationships because they can learn from both the transactional features and the topological structure
of the network.

In cryptocurrency transaction networks, GNNs can be used to detect various patterns of
malicious behavior. For instance, transactions associated with phishing schemes, Ponzi schemes, or
money laundering typically follow identifiable patterns that can be captured by GNNs. One common
approach is to model the network such that wallet addresses or transactions are nodes, and edges
represent cryptocurrency transfers between them. By applying GNNss to this structure, the model can
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learn patterns such as repeated interactions between a set of addresses or cyclical transaction flows,
which are often indicative of fraudulent activities. This is an advantage over traditional methods that
may only consider the attributes of individual transactions without factoring in their relational
context within the network. Tan et al. [13] presented an example of GNN's fraud detection ability on
Ethereum cryptocurrency.

GNNs are also valuable for tracking the flow of funds across multiple wallets. A specific
challenge in cryptocurrency networks is the existence of mixers or tumblers, which are designed to
obfuscate the trail of cryptocurrency by splitting funds into smaller parts and distributing them across
many wallets. GNNs can assist in identifying such laundering schemes by analyzing the graph of
transactions and recognizing the spread of funds across many wallets that eventually reconverge into
one or a few key addresses. This capability is especially relevant for law enforcement and regulatory
agencies that monitor cryptocurrency transactions for compliance with anti-money laundering
(AML) regulations.

Moreover, cryptocurrency transaction networks evolve rapidly as new transactions are
continuously added. This dynamic nature can be effectively modeled with GNN architectures such
as GraphSAGE, which are designed to handle large, evolving graphs by sampling a fixed number of
neighbors during each message-passing iteration. As new transactions occur, these models can
continuously learn from the growing network, making them particularly suited for real-time
applications such as fraud detection in live cryptocurrency systems. Cryptocurrency transactions
require speedy detection, which gives opportunity for GNN'’s inception to fraud detection.

Future Directions and Conclusion

In conclusion, the integration of Graph Neural Networks (GNNs) into blockchain technology
represents a promising frontier for addressing many of the challenges inherent to decentralized
systems. GNNs’ ability to model complex relationships within graph-structured data allows them to
capture both local and global patterns in blockchain networks, which can be critical for applications
like fraud detection, consensus optimization, and scalability improvements. By iteratively
aggregating information from nodes (e.g., transactions or blocks) and their neighboring connections,
GNNs provide insights that traditional machine learning models cannot achieve when working with
non-graph data. This capability makes GNNs particularly powerful for identifying hidden, large-
scale patterns in blockchain networks, such as detecting fraudulent transactions, optimizing
transaction validation, and improving the performance of decentralized finance (DeFi) platforms.

Looking toward future directions, several challenges and research opportunities arise. First, the
computational complexity of training GNNs on large, decentralized blockchain networks remains a
significant hurdle. Blockchain networks like Bitcoin and Ethereum consist of millions of nodes and
edges, making GNN training computationally expensive. Research into more efficient GNN
architectures, such as GraphSAGE or scalable attention mechanisms, could help address this issue.
Another area of research is the development of privacy-preserving GNN models. Blockchain’s
decentralized nature often means that full access to data across nodes is not possible, which
complicates GNN training. Techniques such as federated learning or homomorphic encryption could
be explored to enable GNNs to learn from blockchain data while preserving the privacy of individual
participants.

Additionally, more work is needed to apply GNNs beyond fraud detection, such as in
optimizing consensus mechanisms, improving smart contract execution, and analyzing decentralized
finance systems. Combining GNNs with other types of machine learning models, such as
reinforcement learning or graph-based reinforcement learning, might unlock new possibilities for
more intelligent and adaptive blockchain systems. Finally, as blockchain ecosystems become more
complex and multi-chain systems (i.e., interoperability between different blockchains) become
common, GNNs can be extended to analyze multi-graph environments. These advancements can
lead to more secure, efficient, and scalable blockchain architectures in the future.
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