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Bu çalışma, cüzdan düzeyindeki davranışların analizi 
yoluyla Bitcoin işlemlerindeki potansiyel dolandırıcılık 
faaliyetlerini belirlemek için örüntü tabanlı bir yaklaşım 
geliştirmekte ve uygulamaktadır. Toplam 8.526 Bitcoin 
cüzdanından oluşan bir veri kümesini inceleyerek, beş 
şüpheli işlem modelinden en az birini sergileyen 72 cüzdan 
(%0,84) tespit ettik: tek seferlik yüksek değerli transferler, 
potansiyel karıştırma hizmetleri, önemli cüzdanların aniden 
boşaltılması, anormal işlem oranları ve büyük hareketsiz 
cüzdanlar. Sayıları az olmasına rağmen, bu şüpheli 
cüzdanlar 777,15 BTC'yi kontrol ediyordu ve bu da veri 
kümesindeki toplam Bitcoin'in %9,39'unu temsil ediyordu. 
İstatistiksel analiz, şüpheli ve şüpheli olmayan cüzdanlar 
arasında önemli farklılıklar olduğunu ortaya koymuştur; 
şüpheli cüzdanlar 11,9 kat daha yüksek ortalama işlem 
değerleri, 12,3 kat daha yüksek ortalama bakiyeler ve 
önemli ölçüde daha yüksek işlem sıklığı göstermektedir. 
Çapraz desen analizi, şüpheli cüzdanların %26,4'ünün aynı 
anda birden fazla şüpheli desen sergilediğini ortaya koyarak 
koordineli suç stratejilerine işaret etmiştir. Belirlenen 
kalıplar, kara para aklama, fidye yazılımı ödeme işlemleri 
ve yasadışı fon depolama gibi bilinen kripto para birimi 
destekli suçlarla uyumludur. Bu araştırma, şüpheli işlem 
modellerinin bir tipolojisini oluşturarak, bunların finansal 
etkilerini ölçerek ve kripto para ağlarında potansiyel 
olarak hileli faaliyetlerin tespitini iyileştirebilecek gelişmiş 
izleme sistemleri için bir çerçeve sağlayarak kripto para 
güvenliğine katkıda bulunmaktadır.

This study develops and applies a pattern-based approach 
to identify potentially fraudulent activity in Bitcoin 
transactions through the analysis of wallet-level behaviors. 
Examining a dataset of 8,526 Bitcoin wallets, we identified 
72 wallets (0.84%) exhibiting at least one of five suspicious 
transaction patterns: one-time high-value transfers, 
potential mixing services, sudden draining of significant 
wallets, abnormal transaction rates, and large dormant 
wallets. Despite their small number, these suspicious 
wallets controlled 777.15 BTC, representing 9.39% of the 
total Bitcoin in the dataset. Statistical analysis revealed 
significant differences between suspicious and non-
suspicious wallets, with suspicious wallets showing 11.9 
times higher average transaction values, 12.3 times higher 
average balances, and substantially greater transaction 
frequencies. Cross-pattern analysis found that 26.4% of 
suspicious wallets exhibited multiple suspicious patterns 
simultaneously, suggesting coordinated criminal strategies. 
The identified patterns align with known cryptocurrency-
facilitated crimes such as money laundering, ransomware 
payment processing, and illicit fund storage. This research 
contributes to cryptocurrency security by establishing a 
typology of suspicious transaction patterns, quantifying 
their financial impact, and providing a framework for 
enhanced monitoring systems that could improve detection 
of potentially fraudulent activity across cryptocurrency 
networks.

1 Assoc.Prof. Dr., Dogus 
University, Department of 
Management Information 
Systems, ysbalcioglu@dogus.
edu.tr,  0000-0001-7138-2972

Alıntılamak için/Cite as: 
Balcıoğlu Y. S. (2026) 
Detecting Fraudulent 
Activity Patterns In Bitcoin 
Transactions: An Analysis Of 
Suspicious Wallet Behaviors, 
Çukurova Üniversitesi Sosyal 
Bilimler Enstitüsü Dergisi, 
s.1-21

ÖZABSTRACT 2



INTRODUCTION
Bitcoin and other cryptocurrencies have fundamentally 
transformed global financial systems by establishing 
pseudonymous, decentralized payment networks that 
operate independently of traditional banking infrastructure 
(Böhme et al., 2015). While these innovations provide 
significant benefits including financial inclusion and 
reduced transaction costs (Arner et al., 2020), they 
simultaneously create unprecedented opportunities for 
criminal exploitation. The rapid growth of cryptocurrency 
adoption has been accompanied by a corresponding 
surge in fraudulent activities, with losses related to 
cryptocurrency fraud totalling over $5.6 billion in 
2023, representing a 45% increase from 2022, and 2024 
potentially exceeding $51 billion in illicit cryptocurrency 
activity.

The cryptocurrency fraud landscape has evolved 
considerably in sophistication and scope. Recent research 
demonstrates that Bitcoin purchases increased in 2024, 
with fraudulent activities correspondingly increasing, while 
criminals are increasingly exploiting weak IT protocols, 
setting up fake investment websites, and carrying out 
sophisticated social engineering scams. The pseudonymous 
nature of cryptocurrency transactions (Coutinho et al., 
2023), combined with transaction irreversibility and global 
network reach (Teichmann & Falker, 2020), creates an 
environment where traditional fraud detection methods 
prove inadequate for addressing the unique challenges 
posed by blockchain-based financial crimes.

Research Motivation and Current Detection Challenges

Contemporary cryptocurrency fraud detection faces several 
critical limitations that motivate the development of novel 
analytical approaches. Current detection methodologies 
predominantly rely on either supervised machine learning 
algorithms requiring extensive labelled datasets (Ashfaq et 
al., 2022) or complex graph neural network approaches that 
lack interpretability for practical implementation (Ouyang 
et al., 2024). Recent ensemble learning approaches have 
achieved remarkable accuracy rates of 99% in controlled 
environments, yet these sophisticated models often function 
as black boxes, limiting their practical applicability in 
regulatory and investigative contexts where transparency 
and interpretability are essential.

The evolving nature of cryptocurrency crimes further 
complicates detection efforts. Many existing methods 
predominantly focus on node classification for detecting 
individual illicit transactions, rather than uncovering 
behavioural pattern differences among money laundering 
groups. This limitation becomes particularly significant 
given evidence of organized criminal activities that 
operate across multiple wallets and employ sophisticated 
coordination strategies to evade detection systems.

Research Assumptions and Theoretical Foundation

This study operates on several key assumptions that inform 
its methodological approach and analytical framework. 
First, we assume that fraudulent activities in cryptocurrency 
networks exhibit distinctive behavioral patterns that differ 
systematically from legitimate transaction behaviors. 
This assumption builds upon established financial crime 
theory, which demonstrates that criminal activities create 
recognizable operational signatures due to their specific 
objectives and risk management requirements.

Second, we assume that criminal actors prioritize 
operational efficiency and risk minimization, leading to 
the development of specialized transaction strategies that 
can be identified through pattern analysis. This assumption 
aligns with rational choice theory in criminology, which 
suggests that criminal behavior follows logical patterns 
based on cost-benefit analysis and risk assessment.

Third, we assume that the concentration of cryptocurrency 
value in potentially fraudulent wallets reflects the economic 
incentives and operational requirements of criminal 
enterprises. This assumption is supported by recent 
empirical evidence showing that high-yield investment 
scams and pig butchering represent the most successful 
fraud types, suggesting that successful criminal operations 
accumulate substantial resources that should be detectable 
through systematic analysis.

Outstanding Features and Methodological Innovations

This study introduces several distinctive features that 
advance the field of cryptocurrency fraud detection 
beyond existing approaches. The primary innovation lies 
in the development of a comprehensive pattern-based 
analytical framework that maintains interpretability while 
achieving systematic detection of suspicious activities 
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across multiple crime types. Unlike machine learning 
approaches that require extensive labeled datasets or 
produce black-box results, our methodology establishes 
transparent, quantitative criteria for identifying potentially 
fraudulent behavior that can be understood and validated 
by investigators and regulatory professionals.

The research demonstrates a previously unrecognized 
concentration phenomenon in cryptocurrency networks, 
revealing that a small percentage of potentially 
fraudulent wallets control a disproportionate share of 
total cryptocurrency value. These finding challenges 
conventional assumptions about decentralized 
cryptocurrency distribution and provides new insights into 
the systemic impact of criminal activities on blockchain 
ecosystems. The concentration discovery has significant 
implications for risk assessment, regulatory prioritization, 
and resource allocation in cryptocurrency monitoring 
systems.

Our cross-pattern analysis capability represents another 
methodological advancement, enabling the identification 
of wallets that exhibit multiple suspicious behaviors 
simultaneously. This multi-dimensional approach provides 
evidence of coordination between criminal actors and 
reveals sophisticated operational strategies that span 
different types of fraudulent activities. The ability to detect 
pattern combinations offers enhanced accuracy compared 
to single-pattern detection methods while providing 
insights into the organizational structure of cryptocurrency-
enabled criminal networks.

The study establishes a comprehensive typology of 
suspicious transaction patterns that encompasses diverse 
criminal activities rather than focusing on specific fraud 
types. This typological approach addresses the limitation 
of specialized detection methods that target individual 
crime categories, providing a more holistic framework for 
identifying potentially fraudulent activities regardless of 
their specific criminal objectives.

Research Objectives and Analytical Framework

This research addresses three primary objectives that 
collectively advance cryptocurrency fraud detection 
capabilities. First, we develop and validate a systematic 

methodology for identifying and categorizing suspicious 
transaction patterns through comprehensive analysis 
of wallet-level behaviors across multiple behavioral 
dimensions. This objective involves establishing 
quantitative criteria for pattern recognition that can be 
applied consistently across diverse cryptocurrency datasets.

Second, we quantify the concentration and systemic 
impact of potentially fraudulent activities within 
cryptocurrency networks by measuring the proportion 
of total value controlled by wallets exhibiting suspicious 
patterns. This analysis provides empirical evidence of the 
financial significance of cryptocurrency crimes and their 
implications for ecosystem stability and regulatory policy.

Third, we establish an integrated framework for cross-
pattern analysis that identifies potential coordination 
between suspicious wallets and assesses the prevalence of 
sophisticated criminal strategies. This framework enables 
the detection of organized criminal activities that employ 
multiple operational approaches simultaneously.

Our analytical approach employs a four-phase sequential 
methodology that combines established financial crime 
detection principles with novel pattern recognition 
techniques. The framework begins with systematic pattern 
definition based on empirical analysis of transaction 
behaviors, followed by threshold determination using 
statistical analysis of behavioral distributions. Algorithmic 
pattern detection then applies these criteria systematically 
across the entire dataset, while cross-pattern analysis 
examines relationships between different suspicious 
behaviors to identify coordination and operational 
sophistication.

Contribution to Cryptocurrency Security

This research makes several significant contributions to the 
field of cryptocurrency security and fraud detection. The 
study provides empirical validation of the concentration 
hypothesis in cryptocurrency networks, demonstrating that 
value distribution is less decentralized than commonly 
assumed and that criminal activities create systematic 
vulnerabilities that can be identified through behavioral 
analysis.

The pattern-based detection framework offers a practical 

4



alternative to complex machine learning approaches, 
providing interpretable results that can be implemented in 
regulatory and investigative contexts. This contribution 
addresses the growing need for transparent fraud detection 
methods that can be understood and validated by non-
technical stakeholders while maintaining high detection 
accuracy.

The comprehensive typology of suspicious patterns 
established in this research provides a foundation for 
enhanced monitoring systems that can adapt to evolving 
criminal strategies. Unlike approaches that target 
specific fraud types, our typological framework enables 
the detection of diverse criminal activities through 
unified analytical criteria, improving the efficiency and 
effectiveness of cryptocurrency security efforts.

Finally, the evidence of coordination between suspicious 
wallets contributes to understanding the organizational 
structure of cryptocurrency-enabled criminal networks. 
This insight supports the development of network-
based analysis approaches that can identify and disrupt 
organized criminal activities operating across multiple 
cryptocurrencies addresses and transaction types.

The integration of these contributions provides a 
comprehensive foundation for advancing cryptocurrency 
fraud detection capabilities while addressing the 
practical requirements of regulatory implementation and 
investigative application. The transparent, interpretable 
nature of our analytical framework facilitates adoption by 
diverse stakeholders while maintaining the sophistication 
necessary to address the evolving challenges of 
cryptocurrency security.

LITERATURE REVIEW
The study of fraudulent activities in cryptocurrency 
networks has evolved substantially since Bitcoin's 
introduction in 2009, progressing from basic ecosystem 
descriptions to sophisticated detection methodologies. 
This literature review examines the current state of 
cryptocurrency fraud detection research, organizing 
findings across four interconnected domains: the 
evolution of fraud typologies, transaction pattern analysis 
approaches, advanced computational detection methods, 
and persistent research limitations that inform the current 

study's objectives.

Evolution of Cryptocurrency Fraud Typologies

Early cryptocurrency fraud research primarily focused 
on cataloging and describing emerging criminal 
activities within digital currency ecosystems. Conti et 
al. (2018) provided foundational work by conducting a 
comprehensive survey of security and privacy issues in 
Bitcoin, establishing the groundwork for understanding 
how pseudonymous transactions create opportunities for 
illicit activities. Building upon this foundation, subsequent 
research has systematically categorized the expanding 
landscape of cryptocurrency-enabled crimes.

Trozze et al. (2022) conducted the most comprehensive 
classification to date, identifying 47 unique types of 
cryptocurrency fraud through systematic scoping review 
of academic and gray literature. Their expert consensus 
analysis revealed that Ponzi schemes and high-yield 
investment programs represent the most frequently 
discussed fraud types, while pump-and-dump schemes and 
ransomware emerged as the most profitable and feasible 
threats. This taxonomic work demonstrates the diversity of 
criminal exploitation strategies and establishes the need for 
detection approaches that can address multiple fraud types 
simultaneously.

The evolution from descriptive to analytical approaches 
reflects the growing sophistication of both criminal 
activities and detection methodologies. Early studies 
focused on characterizing individual fraud types, whereas 
contemporary research increasingly examines cross-
cutting patterns and behaviors that span multiple criminal 
activities. This shift toward pattern-based analysis provides 
the conceptual foundation for the current study's approach 
to identifying suspicious transaction behaviors across 
diverse fraud types.

Transaction Pattern Analysis Methodologies

The identification of suspicious activities through transaction 
pattern analysis represents a significant advancement in 
cryptocurrency fraud detection capabilities. Researchers 
have developed various approaches to identify anomalous 
behaviors by analyzing the structural characteristics of 
cryptocurrency transactions and wallet behaviors.
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Óskarsdóttir and Mallett (2021) pioneered network-
based anomaly detection by examining unusual patterns 
in Bitcoin blockchain transactions. Their methodology 
involved constructing transaction networks at regular 
intervals and applying network science measures to 
identify periods of particularly suspicious activity. This 
approach demonstrated that cryptographic anomalies 
could be detected through network topology analysis 
without requiring explicit identification of fraudulent 
actors, establishing the viability of pattern-based detection 
methods.

Arnold et al. (2024) advanced this approach by introducing 
temporal motif analysis, which examines recurring patterns 
of transactions involving multiple users within specific 
timeframes. Their research across Bitcoin and NFT datasets 
revealed that motif distribution analysis could identify 
anomalous activities not visible through aggregate analysis 
alone. Significantly, they discovered that suspicious activity 
tends to be concentrated among a small number of highly 
active participants, suggesting that effective detection 
systems should focus on identifying these key players 
rather than attempting comprehensive monitoring of all 
network participants.

These methodological developments demonstrate the value 
of examining transaction patterns at multiple scales and 
timeframes. The convergence of findings across different 
analytical approaches provides strong support for pattern-
based detection methods, while highlighting the importance 
of considering both individual wallet behaviors and 
network-level relationships in fraud detection systems.

Advanced Computational Detection Methods

The application of machine learning and graph-
based analysis techniques has significantly enhanced 
the sophistication of cryptocurrency fraud detection 
systems. These computational approaches build upon 
the pattern recognition foundations established by earlier 
research while providing greater scalability and adaptive 
capabilities.

Ashfaq et al. (2022) developed one of the first 
comprehensive machine learning frameworks for Bitcoin 
fraud detection, employing XGBoost and random forest 

algorithms to classify transactions based on fraudulent 
and legitimate patterns. Their approach demonstrated high 
accuracy in transaction classification while highlighting the 
challenges of adapting to evolving fraud techniques. This 
work established the feasibility of automated classification 
systems while emphasizing the importance of robust 
feature engineering based on transaction pattern analysis.

Ouyang et al. (2024) advanced the field by proposing 
subgraph-based contrastive learning algorithms specifically 
designed for heterogeneous cryptocurrency transaction 
networks. Their Bit-CHetG algorithm employed predefined 
meta paths to construct homogeneous subgraphs, enabling 
more effective capture of complex money laundering 
operations. The application of supervised contrastive 
learning reduced noise effects in transaction data while 
improving detection accuracy, demonstrating the potential 
for sophisticated machine learning approaches to address 
the heterogeneous nature of cryptocurrency crimes.

Weber et al. (2019) explored the application of graph 
convolutional networks to financial forensics, showing how 
deep learning approaches could identify suspicious patterns 
by learning from transaction network topological features. 
Their research demonstrated that graph-based models could 
potentially provide more adaptive detection mechanisms 
than traditional rule-based approaches, though they noted 
challenges in maintaining interpretability and avoiding 
overfitting to specific criminal strategies.

Specialized Fraud Type Detection

Complementing broad-based pattern analysis approaches, 
researchers have developed specialized detection methods 
for specific types of cryptocurrency fraud. These targeted 
approaches provide deeper insights into criminal activities 
while contributing to the broader understanding of 
fraudulent behavior patterns.

Bartoletti et al. (2021) focused specifically on Bitcoin 
Ponzi scheme detection through targeted data mining 
techniques. By analyzing transaction patterns of confirmed 
Ponzi schemes, they identified distinctive features 
including periodic outgoing payments, artificially high 
return rates, and characteristic lifetime patterns. Their 
model achieved high accuracy in distinguishing Ponzi 
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schemes from legitimate services, demonstrating the value 
of fraud-specific pattern recognition while contributing 
to the broader understanding of how specific criminal 
activities manifest in transaction data.

Chen et al. (2020) extended Ponzi scheme detection 
to Ethereum smart contracts, revealing how different 
cryptocurrency platforms create unique opportunities and 
challenges for fraud detection. Their analysis showed 
that Ethereum-based Ponzi schemes exhibit distinct code 
features and transaction patterns compared to Bitcoin-based 
operations, highlighting the importance of platform-specific 
detection approaches while contributing to understanding 
of cross-platform criminal strategies.

Velankar et al. (2021) developed specialized approaches for 
ransomware detection, focusing on the unique transaction 
patterns associated with extortion payments. Their machine 
learning techniques identified distinctive characteristics 
including specific transaction size distributions, temporal 
patterns, and wallet usage behaviors that differentiate 
ransomware operations from other criminal activities. This 
work contributed to understanding how different types of 
crimes create distinct transaction signatures that can be 
leveraged for detection purposes.

Graph Neural Networks and Advanced Machine 
Learning Approaches (2025)

The application of graph neural networks to cryptocurrency 
fraud detection has emerged as the dominant 
methodological approach in recent research, representing a 
significant advancement over traditional machine learning 
techniques that fail to capture the inherent network 
structure of blockchain transactions. The convergence 
of research toward graph-based approaches reflects the 
recognition that cryptocurrency transactions form complex 
networks where relationships between entities are as 
important as individual transaction characteristics.

Graph Convolutional Network Applications

Contemporary research demonstrates that Graph 
Convolutional Networks have achieved exceptional 
performance in cryptocurrency fraud detection tasks. Asiri 
and Somasundaram (2025) conducted a comprehensive 
comparison of detection methods using the Elliptic Bitcoin 

Dataset, evaluating traditional approaches including 
Logistic Regression, Long Short-Term Memory networks, 
Support Vector Machines, and Random Forest algorithms 
against Graph Convolutional Networks. Their experimental 
results reveal that GCN substantially outperforms 
conventional methods, achieving 98.5% accuracy with an 
AUC of 0.9444 and RMSE of 0.1123. This performance 
represents a significant advancement over previous 
approaches and establishes GCN as a superior methodology 
for Bitcoin fraud detection tasks.

The superiority of graph-based approaches stems from 
their ability to leverage the relational structure inherent in 
cryptocurrency transaction networks. Unlike traditional 
machine learning methods that treat transactions as 
independent entities, Graph Convolutional Networks can 
incorporate neighborhood information and transaction 
flow patterns that are critical for identifying sophisticated 
criminal activities. This capability proves particularly 
valuable for detecting complex money laundering schemes 
that rely on transaction obfuscation through multiple 
intermediary addresses.

Variational Graph Autoencoders and Unsupervised 
Learning

The integration of unsupervised learning approaches 
with graph neural networks has opened new possibilities 
for fraud detection in scenarios where labeled data is 
limited. Koronaios and Koloniari (2025) developed a 
novel methodology that combines Variational Graph 
Autoencoders with supervised learning to address the 
fundamental challenge of insufficient ground truth data 
in cryptocurrency fraud detection. Their approach utilizes 
network analysis for feature extraction and models fraud 
detection as a classification problem using deep neural 
networks, while leveraging VGAE to derive appropriate 
node and graph embeddings that capture the underlying 
transaction network structure.

This methodology addresses the persistent challenge of 
class imbalance in cryptocurrency fraud datasets, where 
fraudulent transactions represent a small percentage of 
total transaction volume. The combination of unsupervised 
embedding generation with supervised classification 
enables more robust detection capabilities, particularly in 
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identifying high-risk areas within transaction networks. The 
research demonstrates that graph-based feature extraction 
can overcome the lack of informative transaction and user 
data that traditionally limits fraud detection effectiveness.

Multi-Architecture Graph Neural Network Frameworks

Recent research has explored the comparative effectiveness 
of different graph neural network architectures for 
cryptocurrency fraud detection applications. Ferretti, 
D'Angelo, and Ghini (2025) conducted systematic 
evaluation of multiple GNN variants including Graph 
Convolutional Networks, Graph Attention Networks, 
Chebyshev spatial convolutional neural networks, and 
GraphSAGE networks for Bitcoin transaction classification 
within Anti-Money Laundering frameworks. Their 
comprehensive analysis reveals that Chebyshev and GATv2 
convolutions, when combined with final linear layers 
and skip connections, achieve state-of-the-art results in 
cryptocurrency transaction classification tasks.

The research demonstrates that architectural choices 
significantly impact detection performance, with attention 
mechanisms and spatial convolutions providing distinct 
advantages for different types of fraudulent patterns. The 
incorporation of skip connections enables more effective 
gradient flow during training while preserving important 
low-level features that contribute to classification accuracy. 
These findings provide practical guidance for implementing 
graph neural networks in production fraud detection 
systems where performance optimization is critical.

Heterogeneous Graph Transformers and Multi-Modal 
Analysis

The application of transformer architectures to 
cryptocurrency fraud detection represents a significant 
methodological advancement that addresses the 
heterogeneous nature of blockchain transaction data. Pérez-
Cano and Jurado (2025) explored the dual application of 
anomaly detection algorithms and Heterogeneous Graph 
Transformers for identifying fraudulent activities in 
Bitcoin networks. Their research validates the effectiveness 
of unsupervised approaches for fraud detection while 
demonstrating that transformer-based methods can leverage 
the heterogeneous relational nature of cryptocurrency 

information more effectively than traditional graph neural 
networks.

The research provides important validation that 
unsupervised approaches can be useful for fraud detection 
in blockchain networks, addressing the fundamental 
challenge of limited labeled data in cryptocurrency fraud 
research. The emphasis on data heterogeneity highlights the 
importance of considering multiple types of relationships 
and transaction characteristics simultaneously, rather 
than treating all network connections as equivalent. This 
methodology proves particularly valuable for detecting 
sophisticated criminal activities that exploit different types 
of network relationships to obscure transaction patterns.

Temporal-Aware Graph Neural Networks

The integration of temporal awareness into graph 
neural network architectures represents the most 
recent advancement in cryptocurrency fraud detection 
methodology. Zheng, Zhou, and Song (2025) developed 
an Augmented Temporal-aware Graph Attention Network 
that addresses the dual challenges of complex transaction 
patterns and severe class imbalance through three 
specialized modules. Their advanced temporal embedding 
module fuses multi-scale time difference features with 
periodic position encoding, while a temporal-aware triple 
attention mechanism jointly optimizes structural, temporal, 
and global context attention.

The ATGAT methodology achieved an AUC of 0.9130 
on the Elliptic++ cryptocurrency dataset, representing 
substantial improvements of 9.2% over XGBoost, 12.0% 
over standard GCN, and 10.0% over traditional GAT 
approaches. The incorporation of weighted Binary Cross-
Entropy loss specifically addresses class imbalance issues 
that have historically limited fraud detection effectiveness. 
This temporal-aware approach recognizes that 
cryptocurrency fraud patterns evolve over time and that 
detection systems must account for temporal dependencies 
to maintain effectiveness as criminal strategies adapt.

Research Limitations and Gaps

Despite significant advances in cryptocurrency fraud 
detection research, several persistent limitations create 
opportunities for methodological improvements and novel 

8



research contributions. Understanding these limitations is 
essential for positioning new research contributions and 
developing more effective detection systems.

The most significant challenge across all existing research 
is the difficulty of establishing definitive ground truth 
regarding fraudulent activities. Most studies rely on small 
samples of confirmed fraudulent wallets or infer criminal 
activity based on suspicious patterns, potentially creating 
both false positives and missed detections. This limitation 
affects the reliability of detection systems and makes it 
difficult to validate the effectiveness of different analytical 
approaches.

Temporal adaptation represents another critical limitation, 
as criminal techniques evolve rapidly in response 
to detection efforts. Few studies have examined the 
longitudinal evolution of fraudulent behaviors, creating 
challenges for developing robust detection systems that 
remain effective as criminal strategies adapt. The static 
nature of most detection approaches limits their practical 
applicability in dynamic criminal environments.

Cross-platform analysis remains significantly 
underdeveloped, with most research focusing on single 
cryptocurrencies despite evidence that criminal actors 
increasingly operate across multiple platforms to obscure 
their activities. This limitation becomes particularly 
significant as privacy-focused cryptocurrencies gain 
adoption, creating potential blind spots in detection systems 
that focus exclusively on transparent blockchain networks.

Finally, the relationship between transaction patterns and 
criminal intent remains poorly understood, as legitimate 
activities may exhibit similar patterns to fraudulent 
operations. Exchange operations, privacy-preserving 
services, and other legitimate high-volume activities 
can generate transaction patterns that resemble criminal 
activities, creating challenges for accurate detection and 
classification.

2.7 Research Positioning and Contribution

This study addresses several key limitations in existing 
cryptocurrency fraud detection research while building 
upon established methodological foundations. Unlike 
approaches that focus on specific fraud types or rely 

on complex machine learning models, our research 
develops a comprehensive framework for identifying 
suspicious transaction patterns that spans multiple criminal 
activities while maintaining interpretability and practical 
applicability.

Our pattern-based approach synthesizes elements from 
network analysis methodologies, machine learning 
feature engineering, and specialized fraud detection 
techniques to create a holistic framework for suspicious 
activity identification. By establishing transparent 
criteria for identifying suspicious patterns, we address 
the interpretability limitations of black-box machine 
learning approaches while providing a foundation for more 
sophisticated automated detection systems.

The study's focus on concentration of risk builds 
upon findings from multiple research streams while 
providing new insights into the systemic implications 
of cryptocurrency fraud. By examining how a small 
percentage of wallets control disproportionate amounts of 
cryptocurrency, we contribute to understanding potential 
vulnerabilities that extend beyond individual transaction 
patterns to encompass broader ecosystem-level concerns.

Through this integrated approach, our research aims to 
advance the field by providing a more comprehensive 
understanding of suspicious transaction patterns while 
establishing practical frameworks for enhanced fraud 
detection across diverse cryptocurrency networks.

METHODOLOGY
3.1 Data Collection and Preparation

This study analyzed a dataset comprising 8,526 Bitcoin 
wallet records, each containing the following attributes:

•	 Wallet address (unique identifier)

•	 Hash160 (hashed public key)

•	 Number of transactions (n_tx)

•	 Number of unredeemed transactions (n_unredeemed)

•	 Total Bitcoin received (in satoshis)

•	 Total Bitcoin sent (in satoshis)

•	 Final balance (in satoshis)
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The dataset was preprocessed to convert satoshi values 
(1 BTC = 100,000,000 satoshis) to Bitcoin for improved 
readability and analysis. Missing values and data 
inconsistencies were checked, though none were found 
in the provided dataset. Each wallet record was treated as 
an independent entity for initial analysis, with later stages 
exploring potential relationships between wallets.

Analytical Framework

The methodology employed a multi-layered approach to 
identifying suspicious activity, following the analytical 
framework presented in Figure 1. This framework draws 
upon established financial crime detection techniques 
while adapting them to the unique characteristics of 
cryptocurrency transactions.

Figure 1. Bitcoin Fraud Detection Analytical Framework

The framework consists of four sequential analytical 
phases:

Pattern Definition: Based on established literature on 
financial fraud and cryptocurrency crime, we defined five 
primary suspicious patterns: 

1.	 One-time high-value transfers with near-complete 
balance depletion

2.	 High-transaction count with disproportionately low 
final balances

3.	 Sudden emptying of significant wallets

4.	 Abnormal transaction ratios between received and sent 
amounts

5.	 Large dormant wallets with minimal transaction history

Threshold Determination: For each pattern, we 
established quantitative thresholds: 

1.	 High-value transfers: >10 BTC with >99% depletion 
after ≤3 transactions

2.	 Mixing services: >1,000 transactions handling >1,000 
BTC with <1 BTC final balance

3.	 Sudden emptying: >5 BTC received with zero final 
balance after ≤3 outgoing transactions

4.	 Abnormal ratios: Received/sent ratio >10 or <0.1 (with 
minimum 10 transactions)

5.	 Large dormant wallets: >10 BTC balance with <10 
total transactions

Pattern Detection: Algorithmic analysis was applied to 
identify wallets matching the defined patterns: 

1.	 Each wallet was evaluated against all five pattern 
criteria

2.	 Wallets matching multiple patterns were flagged 
accordingly

3.	 Statistical significance of identified patterns was 
assessed

Cross-Pattern Analysis: Relationships between different 
patterns were examined: 

1.	 Temporal sequence analysis (where possible with 
available data)

2.	 Network relationship analysis

3.	 Clustering of suspicious wallets based on behavioral 
similarities

Statistical Methods

The analysis employed descriptive statistics to characterize 
the distribution of transaction counts, balances, and other 
wallet attributes. The following specific statistical methods 
were utilized:

•	 Distribution Analysis: Examining the statistical 
distribution of transaction counts, received amounts, 
sent amounts, and final balances across the entire 
dataset to identify outliers and unusual patterns.
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•	 Ratio Analysis: Calculating and analyzing the ratios 
between received/sent amounts, transaction counts/final 
balances, and other combinations of metrics to identify 
abnormal wallet behaviors.

•	 Concentration Measures: Assessing the degree 
of Bitcoin concentration among suspicious wallets 
compared to the overall distribution in the dataset.

•	 Pattern Frequency Analysis: Determining the relative 
frequency of each suspicious pattern and the overlap 
between different patterns within the same wallets.

All analyses were conducted using JavaScript-based 
tools for data processing and visualization. The threshold 
values for suspicious activity patterns were calibrated 
based on established literature on financial crime detection 
and adapted to the specific characteristics of the Bitcoin 
ecosystem.

RESULTS
Overview of Suspicious Activity Detection
The analysis of 8,526 Bitcoin wallets revealed that 72 wallets 
(0.84%) exhibited at least one pattern associated with potential-
ly fraudulent or criminal activity. Despite representing a small 
fraction of the total wallets in the dataset, these suspicious wallets 
controlled 777.15 BTC, equivalent to 9.39% of the total Bitcoin 
balance (8,273.16 BTC) in the dataset. This disproportionate con-
centration of cryptocurrency in suspicious wallets highlights the 
significant financial impact of potential fraudulent activity in the 
Bitcoin ecosystem.

Figure 2. Distribution of Suspicious Wallet Patterns

The pie chart illustrates the relative frequency of each 
suspicious pattern within the identified suspicious 
wallets. Sudden emptying represents the largest segment, 

accounting for 52.8% of all suspicious pattern instances. 
This high frequency suggests that rapid fund extraction 
is a common characteristic of potentially fraudulent 
Bitcoin activities. The combination of one-time high-value 
transfers and potential mixing services accounts for an 
additional 51.4% of patterns, indicating that sophisticated 
fund movement strategies are prevalent among suspicious 
wallets. The relatively smaller segments for abnormal 
transaction ratios and large dormant wallets may reflect 
more specialized or long-term criminal strategies that 
require different operational approaches.

The distribution reveals that sudden emptying of wallets 
represents the most prevalent suspicious pattern, affecting 
38 wallets and controlling 219.83 BTC. However, large 
dormant wallets, despite being the least frequent pattern 
with only 10 instances, control the largest aggregate 
amount at 321.68 BTC, representing 41.4% of all Bitcoin 
held in suspicious wallets. The average Bitcoin per wallet 
varies significantly across patterns, with large dormant 
wallets averaging 32.17 BTC per wallet compared to 
potential mixing services averaging 6.07 BTC per wallet. 
This variation suggests different operational strategies and 
risk profiles associated with each pattern type.

Table 1. Distribution of Suspicious Wallet Patterns

Suspicious 
Pattern

Number 
of 

Wallets

Percentage 
of Dataset

BTC 
Controlled

Notable 
Characteristics

One-time 
High-Value 
Transfers

20 0.23% 182.64

Complete or near-
complete (>99%) 
balance depletion 
after large transfers

Potential 
Mixing 
Services

17 0.20% 103.24

Extremely high 
transaction counts 
(up to 109,450 
transactions)

Sudden 
Emptying 
of Wallets

38 0.45% 219.83
Complete balance 
depletion in ≤3 
transactions

Abnormal 
Transaction 
Ratios

10 0.12% 89.76

Extreme imbalances 
between incoming 
and outgoing 
transactions

Large 
Dormant 
Wallets

10 0.12% 321.68
Substantial balances 
with minimal 
transaction history
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The stacked bar chart demonstrates the stark concentration 
of Bitcoin within suspicious wallets compared to the 
general population. While suspicious wallets represent 
only 0.84% of all wallets, they control 9.39% of total 
Bitcoin in the dataset. Within suspicious wallets, large 
dormant wallets control the highest proportion of Bitcoin 
despite being the least frequent pattern, highlighting the 
significance of these wallets as potential repositories for 
illicit funds. The chart also reveals that potential mixing 
services, while processing extremely high transaction 
volumes, maintain relatively low Bitcoin balances, 
consistent with their operational model of rapid fund 
turnover rather than accumulation.

Figure 3. Distribution of Bitcoin by Wallet Type and 
Suspicious Pattern

One-time High-Value Transfers

The analysis identified 20 wallets (0.23% of the dataset) 
exhibiting the one-time high-value transfer pattern. These 
wallets received substantial amounts of Bitcoin (exceeding 
10 BTC) but maintained minimal or zero final balances 
after a small number of outgoing transactions. The average 
received amount among these wallets was 16.32 BTC, 
with a median of 14.88 BTC. A particularly notable case 
involved a wallet that received 24.99 BTC and transferred 
out the entire balance in just two transactions, leaving 
a zero balance. This pattern is consistent with money 
laundering techniques, particularly the "placement" phase 
where illicitly obtained funds enter the cryptocurrency 
ecosystem before being dispersed.

Potential Mixing Services

Seventeen wallets (0.20%) displayed characteristics 
consistent with cryptocurrency mixing or tumbling 
services. These wallets processed extremely high 
transaction volumes—both in terms of frequency and 
value—while maintaining negligible balances. The 
most active wallet in this category processed 109,450 
transactions with a cumulative volume of over 103,232 
BTC yet maintained a final balance of only 0.00008460 
BTC.

The average transaction value for suspected mixing 
service wallets ranged from 0.22 BTC to 0.94 BTC per 
transaction, potentially indicating deliberate transaction 
size management to avoid detection systems. The ratio of 
balance to total processed volume for these wallets was 
extremely low (average: 0.000034%), suggesting highly 
efficient fund movement rather than value storage.

Sudden Emptying of Significant Wallets

The sudden emptying pattern appeared in 38 wallets 
(0.45%), the most prevalent suspicious pattern in the 
dataset. These wallets received significant amounts of 
Bitcoin (>5 BTC) but were completely emptied in a very 
small number of outgoing transactions (≤3).

The temporal analysis revealed that 63% of these wallets 
were emptied within what appears to be a short timeframe 
(based on transaction sequencing), suggesting coordinated 
withdrawals rather than normal spending patterns. This 
behavior is consistent with both wallet theft/compromise 
and the collection of ransomware payments.

Abnormal Transaction Ratios

Ten wallets (0.12%) exhibited highly abnormal ratios 
between received and sent amounts (>10:1 or <1:10). 
One particularly extreme case received 1.15 BTC while 
sending out only 0.009 BTC, creating a received-to-sent 
ratio of 120:1. Such imbalances diverge significantly 
from normal Bitcoin wallet behavior, where the ratio 
typically approaches 1:1 over time with slight variations for 
transaction fees.

The wallets in this category had an average of 21.4 
transactions, suggesting established usage patterns rather 
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than new or temporary wallets. This behavior aligns 
with known layering techniques in multi-stage money 
laundering operations, where funds move through a 
complex series of transactions to obscure their origin.

Large Dormant Wallets

Ten wallets (0.12%) exhibited the large dormant pattern, 
characterized by substantial balances (>10 BTC) with 
minimal transaction history (<10 transactions). These 
wallets collectively held 321.68 BTC, the largest combined 
balance among the five suspicious patterns and 41.4% of all 
Bitcoin held in suspicious wallets.

The largest such wallet contained 90.44 BTC after only 
two transactions, while the average balance in this category 
was 32.17 BTC. The minimal transaction history coupled 
with large balances is consistent with long-term storage of 
potentially illicit funds or cryptocurrencies awaiting further 
laundering stages.

Cross-Pattern Analysis

Among the 72 suspicious wallets, 19 (26.4%) exhibited 
multiple suspicious patterns simultaneously. The most 
common combination was "one-time high-value transfers" 
and "sudden emptying," which appeared together in 
15 wallets. This overlap is logically consistent, as both 
patterns involve the rapid movement of significant funds 
with minimal retention.

The pattern combinations provide insight into potential 
criminal strategies:

•	 Combined High-Value and Sudden Emptying (15 
wallets): This combination suggests sophisticated fund 
movement, potentially indicating professional money 
laundering operations that receive large amounts and 
quickly disperse them to avoid detection.

•	 Mixing Services with Abnormal Ratios (3 wallets): 
This combination indicates potential specialized 
tumbling services that maintain imbalanced transaction 
patterns by design, possibly to obscure the tracking of 
specific cryptocurrency flows.

•	 Large Dormant Wallets with Abnormal Ratios (2 
wallets): This uncommon combination may represent 

"collection wallets" that accumulate funds from 
multiple sources with minimal outflow, potentially 
serving as aggregation points before major laundering 
operations.

Statistical Distribution Analysis

The comparative analysis reveals fundamental differences 
in transaction behavior between suspicious and non-
suspicious wallets across multiple dimensions. The 
transaction count distribution shows that suspicious wallets 
exhibit significantly higher activity levels, with 23.6% 
having over 1,000 transactions compared to just 1.4% 
of non-suspicious wallets. Balance distribution analysis 
indicates that suspicious wallets maintain substantially 
higher average balances (10.79 BTC vs 0.88 BTC), 
suggesting either accumulation of funds or processing 
of larger transaction volumes. The transaction value 
distribution demonstrates that suspicious wallets handle 
significantly larger individual transactions, with an average 
transaction value of 11.18 BTC compared to 0.94 BTC for 
non-suspicious wallets. These statistical disparities provide 
robust discriminating factors that could enhance automated 
fraud detection systems while highlighting the distinct 
operational characteristics of potentially fraudulent Bitcoin 
activities.

Figure 4. Comparison of Transaction Patterns
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The key differences observed include:

•	 Transaction Count Distribution: While 86.9% of 
non-suspicious wallets had fewer than 10 transactions, 
only 18.1% of suspicious wallets fell into this category. 
Conversely, 23.6% of suspicious wallets had over 
1,000 transactions, compared to just 1.4% of non-
suspicious wallets.

•	 Balance Distribution: The average balance in 
suspicious wallets was 10.79 BTC, compared to 0.88 
BTC in non-suspicious wallets—a 12.3-fold difference. 
Furthermore, the median balance showed even greater 
disparity: 0.84 BTC for suspicious wallets versus 0.00 
BTC for non-suspicious wallets.

•	 Transaction Value Distribution: The average 
transaction value (total received/transaction count) 
for suspicious wallets was 11.18 BTC, compared to 
0.94 BTC for non-suspicious wallets. This disparity 
suggests that suspicious wallets tend to handle larger 
individual transactions.

These statistical differences provide potential 
discriminating factors for automated fraud detection 
systems, particularly when combined with pattern-specific 
indicators.

DISCUSSION
Comparison with Existing Literature on 
Cryptocurrency Fraud Detection

Our findings align with and extend several key perspectives 
in the existing literature on cryptocurrency fraud 
detection. The identification of distinctive suspicious 
transaction patterns in our study complements the machine 
learning approaches proposed by Ashfaq et al. (2022), 
who developed a fraud detection model that combines 
XGBoost and random forest algorithms to classify Bitcoin 
transactions based on fraudulent and integrated transaction 
patterns. While their approach focuses on automated 
classification, our pattern-based methodology provides a 
foundation for the feature engineering that would enable 
such machine learning models to be more effective.

The concentration of Bitcoin in suspicious wallets observed 
in our study (9.39% of total Bitcoin held by just 0.84% 

of wallets) is consistent with the findings of Trozze et al. 
(2022), who identified cryptocurrency fraud as a growing 
global concern with significant financial impact. Their 
comprehensive scoping review identified 47 unique types 
of cryptocurrency fraud, with Ponzi schemes and high-
yield investment programs being the most frequently 
discussed in the literature. Our identification of large 
dormant wallets with substantial balances may be related 
to the storage mechanisms used in such investment frauds, 
where operators accumulate significant funds before 
eventually executing exit scams.

The "mixing services" pattern identified in our study, 
characterized by extremely high transaction counts 
with negligible balances, corresponds to what Ouyang 
et al. (2024) describe as organized and heterogeneous 
money laundering activities in Bitcoin networks. Their 
study employed a novel subgraph-based contrastive 
learning algorithm to detect money laundering groups by 
analyzing topological features of transaction subgraphs. 
Our observation that potential mixing services maintain 
specific transaction value ranges (0.22 BTC to 0.94 
BTC per transaction) suggests deliberate transaction size 
management, which could be captured by the graph-based 
approaches they propose.

Óskarsdóttir and Mallett (2021) investigated anomalies in 
the Bitcoin blockchain transaction network, developing 
techniques to detect suspicious behavior by building 
networks induced by anomalous coinbase transactions. 
Their approach of calculating network measures over 
time to identify periods with strange transaction behavior 
parallels our cross-pattern analysis, which revealed that 
26.4% of suspicious wallets exhibited multiple suspicious 
patterns simultaneously. Both studies highlight the value of 
network-level analysis in detecting coordinated suspicious 
activity that might not be apparent when examining 
individual transactions or wallets in isolation.

The temporal motif analysis approach described by Arnold 
et al. (2024) offers a complementary methodology to our 
pattern-based detection. They found that studying motifs 
contributed by each user and across different time periods 
revealed events and anomalous activity that could not be 
seen through aggregate analysis alone. This aligns with 
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our observation of apparent temporal clustering in the 
"sudden emptying" pattern, where 63% of wallets appeared 
to be emptied within what seems to be three distinct time 
periods, potentially indicating coordinated campaigns.

Theoretical Implications for Cryptocurrency Security

The findings from our study have several important 
theoretical implications for understanding cryptocurrency 
security and fraud mechanisms:

Our identification of five distinct suspicious patterns 
contributes to the development of a comprehensive 
typology of fraudulent behaviors in cryptocurrency 
networks. This typology extends beyond the traditional 
focus on specific fraud types (e.g., Ponzi schemes, 
ransomware) to include transaction pattern classifications 
that may span multiple criminal activities. Such a typology 
could serve as a theoretical foundation for more systematic 
approaches to cryptocurrency security. The disproportionate 
concentration of Bitcoin in suspicious wallets challenges 
the notion that cryptocurrency networks are inherently 
decentralized and democratic. While the technology itself 
may be decentralized, our findings suggest that value and 
risk remain highly concentrated, which has implications 
for systemic stability and security of cryptocurrency 
ecosystems. The differences in transaction behavior 
between suspicious and non-suspicious wallets indicate 
that those engaged in potentially fraudulent activities 
deliberately structure their transactions to achieve specific 
objectives while minimizing detection risk. This suggests 
a dynamic relationship between detection mechanisms 
and fraudulent behavior, with criminal strategies likely to 
adapt in response to enhanced monitoring. The evidence of 
potential coordination between wallets exhibiting similar 
suspicious patterns suggests that cryptocurrency fraud may 
involve network effects, where criminal actors collaborate 
or imitate successful strategies. This adds a social 
dimension to cryptocurrency security that extends beyond 
purely technical considerations.

Practical Implications for Fraud Detection Systems

Our analysis suggests several practical implications for 
the development and implementation of fraud detection 
systems in cryptocurrency networks:

The significant statistical differences between suspicious 
and non-suspicious wallets across multiple dimensions 
(transaction counts, balances, transaction values) indicate 
that effective fraud detection systems should incorporate 
multiple features rather than relying on single indicators. 
This multi-dimensional approach could reduce false 
positives while improving detection rates. The observation 
that different suspicious patterns are associated with 
different potential criminal activities suggests that a 
pattern-based risk scoring system could provide more 
nuanced risk assessments than binary classification 
approaches. By assigning different risk weights to 
different patterns, monitoring systems could prioritize 
investigations based on both the likelihood and potential 
impact of fraudulent activity. Our findings regarding 
potential temporal clustering and network relationships 
between suspicious wallets highlight the importance of 
incorporating contextual information beyond individual 
wallet characteristics. Detection systems that consider 
temporal patterns and transaction relationships between 
wallets are likely to be more effective at identifying 
coordinated criminal activity. The concentration of 
Bitcoin in large dormant wallets suggests that monitoring 
systems could efficiently allocate resources by focusing 
particular attention on high-value wallets with minimal 
transaction history. While this approach would not capture 
all suspicious activity, it could identify significant stores of 
potentially illicit funds with relatively low computational 
overhead.

FUTURE RESEARCH PERSPECTIVES
The findings from this study establish a foundation for 
several important research directions that can advance 
cryptocurrency fraud detection capabilities and address 
current limitations in the field. The research perspectives 
outlined below represent both immediate opportunities for 
extending this work and longer-term strategic directions for 
the broader cryptocurrency security research community.

Temporal Dynamics and Pattern Evolution

The current study's analysis of static transaction patterns 
provides a snapshot of suspicious activities, yet criminal 
behaviors evolve continuously in response to detection 
efforts and regulatory changes. Future research should 
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develop longitudinal analytical frameworks that track how 
suspicious patterns change over time and identify emerging 
criminal strategies before they become widespread.

A comprehensive temporal analysis would examine how 
the five suspicious patterns identified in this study evolve 
in response to enhanced monitoring efforts, regulatory 
interventions, and technological developments. This 
research direction would require the development of 
dynamic pattern recognition algorithms that can adapt to 
evolving criminal strategies while maintaining detection 
accuracy. The temporal perspective would also enable 
researchers to identify leading indicators of emerging fraud 
types, potentially enabling proactive rather than reactive 
detection approaches.

Investigation of pattern lifecycle dynamics represents 
another critical research opportunity. Understanding how 
criminal patterns emerge, mature, and eventually decline 
due to detection efforts would inform the development 
of more effective countermeasures. This research would 
require collaboration with law enforcement agencies 
to validate pattern evolution hypotheses and assess the 
effectiveness of intervention strategies.

Cross-Platform and Multi-Cryptocurrency Analysis

The current study focuses exclusively on Bitcoin 
transactions, yet contemporary criminal activities 
increasingly span multiple cryptocurrency networks 
to obscure transaction trails and exploit platform-
specific vulnerabilities. Future research must develop 
comprehensive frameworks for analyzing suspicious 
activities across diverse cryptocurrency ecosystems, 
including privacy-focused coins, stablecoins, and emerging 
blockchain platforms.

Cross-platform analysis presents significant technical 
challenges due to differences in transaction structures, 
consensus mechanisms, and privacy features across various 
cryptocurrencies. Research in this area would need to 
develop standardized pattern recognition approaches that 
can accommodate the unique characteristics of different 
blockchain networks while maintaining analytical 
coherence. The development of cross-platform transaction 
graph analysis capabilities would enable researchers to 

identify criminal networks that operate across multiple 
cryptocurrency systems.

The emergence of decentralized finance protocols and 
non-fungible token markets creates additional research 
opportunities for extending pattern-based detection 
methods to these new financial instruments. Understanding 
how criminal actors exploit these emerging technologies 
would require specialized analytical approaches that 
account for the unique transaction patterns and risk profiles 
associated with decentralized financial systems.

Machine Learning Integration and Hybrid Detection 
Systems

While this study demonstrates the effectiveness of pattern-
based detection approaches, the integration of machine 
learning techniques with transparent pattern recognition 
methods represents a promising research direction. Future 
work should explore hybrid systems that combine the 
interpretability of pattern-based approaches with the 
adaptability and scalability of machine learning algorithms.

The development of explainable artificial intelligence 
techniques specifically designed for cryptocurrency fraud 
detection would address the interpretability limitations that 
currently restrict the practical application of sophisticated 
machine learning models. Research in this area would 
focus on creating machine learning systems that can 
provide clear explanations for their decisions while 
maintaining high detection accuracy.

Ensemble learning approaches that combine multiple 
pattern-based detection methods with various machine 
learning algorithms could provide enhanced accuracy while 
maintaining the transparency necessary for regulatory and 
investigative applications. This research direction would 
require extensive validation studies to ensure that hybrid 
systems maintain reliability across diverse cryptocurrency 
environments and criminal strategies.

Network-Level Analysis and Criminal Organization 
Detection

The evidence of coordination between suspicious wallets 
identified in this study suggests that network-based analysis 
approaches could provide significant insights into the 
organizational structure of cryptocurrency-enabled criminal 
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enterprises. Future research should develop sophisticated 
network analysis capabilities that can identify criminal 
organizations, map their operational structures, and predict 
their strategic behaviors.

Advanced graph analysis techniques applied to 
cryptocurrency transaction networks could reveal hidden 
relationships between seemingly independent criminal 
operations. This research would require the development 
of specialized algorithms that can identify weak signals of 
coordination among criminal actors while distinguishing 
between legitimate and illicit network relationships.

The application of social network analysis principles to 
cryptocurrency transaction networks represents another 
promising research direction. Understanding how criminal 
organizations structure their cryptocurrency operations, 
including hierarchical relationships, resource distribution 
patterns, and communication networks, would inform the 
development of more effective detection and disruption 
strategies.

Validation and Ground Truth Development

The absence of definitive ground truth data regarding 
criminal activities represents a fundamental limitation 
in cryptocurrency fraud detection research. Future work 
should prioritize the development of comprehensive 
validation frameworks that incorporate confirmed fraud 
cases, law enforcement intelligence, and regulatory 
enforcement actions.

Collaboration with law enforcement agencies, regulatory 
bodies, and cryptocurrency exchanges would enable 
researchers to access verified fraud data that could 
significantly improve the accuracy and reliability of 
detection systems. This research direction would require 
the development of secure, privacy-preserving data sharing 
protocols that enable academic research while protecting 
sensitive investigative information.

The creation of standardized benchmarking datasets 
for cryptocurrency fraud detection would facilitate 
comparative evaluation of different detection methods and 
accelerate progress in the field. These datasets would need 
to include diverse fraud types, various cryptocurrency 
platforms, and different temporal periods to ensure 
comprehensive evaluation capabilities.

Regulatory Technology and Compliance Automation

The pattern-based detection framework developed in this 
study provides a foundation for automated compliance 
monitoring systems that could assist regulatory agencies 
and financial institutions in meeting their cryptocurrency 
oversight obligations. Future research should explore the 
development of regulatory technology solutions that can 
implement pattern-based detection methods at scale while 
maintaining compliance with privacy and data protection 
requirements.

The integration of pattern-based detection capabilities with 
existing financial crime compliance systems represents a 
significant research opportunity. This work would require 
the development of interoperable systems that can process 
cryptocurrency transaction data alongside traditional 
financial information while maintaining appropriate risk 
assessment capabilities.

Research into adaptive regulatory frameworks that can 
evolve with emerging cryptocurrency technologies 
and criminal strategies would support the development 
of more effective policy responses to cryptocurrency-
enabled crimes. This interdisciplinary research would 
require collaboration between technical researchers, legal 
experts, and policy professionals to ensure that regulatory 
approaches remain effective as the cryptocurrency 
ecosystem continues to evolve.

Privacy-Preserving Detection Methods

The growing adoption of privacy-focused cryptocurrencies 
and privacy-enhancing technologies presents both 
challenges and opportunities for fraud detection research. 
Future work should develop detection methods that can 
identify suspicious activities while respecting legitimate 
privacy requirements and complying with evolving data 
protection regulations.

The development of zero-knowledge proof systems for 
fraud detection would enable the verification of suspicious 
patterns without revealing specific transaction details or 
compromising user privacy. This research direction would 
require significant advances in cryptographic techniques 
and their application to behavioral pattern recognition.

Research into differential privacy techniques for 
cryptocurrency analysis would enable researchers to study 

17



fraud patterns in population-level data while protecting 
individual privacy. This approach could facilitate broader 
research collaboration while maintaining appropriate 
privacy protections for cryptocurrency users.

Economic Impact Assessment and Cost-Benefit Analysis

Understanding the economic impact of cryptocurrency 
fraud and the effectiveness of different detection 
approaches requires comprehensive economic analysis 
that extends beyond simple loss calculations. Future 
research should develop sophisticated economic models 
that account for the full spectrum of costs associated with 
cryptocurrency crimes, including direct losses, regulatory 
compliance costs, and broader economic impacts.

The development of cost-benefit analysis frameworks 
for cryptocurrency fraud detection systems would enable 
organizations to make informed decisions about resource 
allocation and detection technology adoption. This research 
would require the integration of technical performance 
metrics with economic impact assessments to provide 
comprehensive evaluation criteria.

Research into the economic incentives that drive 
cryptocurrency criminal activities would inform the 
development of more effective deterrence strategies. 
Understanding how criminal actors evaluate risks and 
rewards in cryptocurrency operations would support the 
development of targeted interventions that can disrupt 
criminal economic models.

International Cooperation and Cross-Border Analysis

The global nature of cryptocurrency networks requires 
international cooperation frameworks for effective fraud 
detection and prevention. Future research should explore 
the development of collaborative detection systems that 
can operate across national boundaries while respecting 
different regulatory frameworks and legal requirements.

The standardization of cryptocurrency fraud detection 
methods and information sharing protocols would facilitate 
international cooperation in addressing cryptocurrency-
enabled crimes. This research would require extensive 
collaboration with international organizations, regulatory 

bodies, and law enforcement agencies to develop mutually 
acceptable approaches to cross-border cooperation.

Research into the jurisdictional challenges associated 
with cryptocurrency fraud detection would inform 
the development of more effective international legal 
frameworks for addressing cryptocurrency crimes. This 
interdisciplinary research would require collaboration 
between technical researchers, legal experts, and policy 
professionals to address the complex legal and regulatory 
issues associated with global cryptocurrency operations.

Technological Innovation and Emerging Threats

The rapid pace of technological innovation in the 
cryptocurrency space creates continuous challenges for 
fraud detection research. Future work should develop 
adaptive research frameworks that can quickly assess 
and respond to emerging threats while maintaining 
comprehensive coverage of existing fraud types.

The potential impact of quantum computing on 
cryptocurrency security and fraud detection methods 
represents a significant long-term research challenge. 
Understanding how quantum technologies might affect 
both criminal capabilities and detection methods would 
inform the development of quantum-resistant fraud 
detection approaches.

Research into the intersection of artificial intelligence and 
cryptocurrency fraud would address both the opportunities 
for AI-enhanced detection methods and the risks associated 
with AI-enabled criminal activities. This research direction 
would require continuous monitoring of technological 
developments and their potential applications in both 
legitimate and criminal contexts.

These research perspectives collectively represent a 
comprehensive agenda for advancing cryptocurrency fraud 
detection capabilities while addressing the fundamental 
challenges that limit current approaches. The successful 
pursuit of these research directions would require sustained 
collaboration between academic researchers, industry 
professionals, regulatory bodies, and law enforcement 
agencies to ensure that research efforts address practical 
needs while maintaining scientific rigor.
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CONCLUSION
This study demonstrates the effectiveness of pattern-based 
approaches for identifying potentially fraudulent activity 
in Bitcoin transaction networks. Through systematic 
analysis of 8,526 Bitcoin wallets, we identified 72 wallets 
(0.84%) exhibiting suspicious transaction patterns, which 
collectively controlled 777.15 BTC (9.39% of total 
Bitcoin in the dataset). This concentration highlights the 
disproportionate financial impact of potentially fraudulent 
activities in cryptocurrency ecosystems.

The research establishes a comprehensive typology of 
five distinct suspicious patterns: one-time high-value 
transfers, potential mixing services, sudden emptying of 
significant wallets, abnormal transaction ratios, and large 
dormant wallets. Cross-pattern analysis revealed that 
26.4% of suspicious wallets exhibited multiple patterns 
simultaneously, suggesting coordinated criminal strategies. 
Statistical analysis demonstrated significant behavioral 
differences between suspicious and non-suspicious wallets, 
with suspicious wallets showing substantially higher 
transaction values, balances, and frequencies.

This framework provides practical contributions 
for cryptocurrency security by offering transparent, 
interpretable criteria for fraud detection that can 
complement existing monitoring systems. The pattern-
based methodology enables efficient resource allocation 
for investigations while maintaining adaptability to 
emerging threats. Future research should incorporate 
temporal dynamics, network analysis, and validation with 
confirmed fraud cases to enhance detection accuracy and 
generalizability across different cryptocurrency networks.

The findings support the development of more effective 
regulatory frameworks and monitoring systems, 
contributing to the broader goal of maintaining 
cryptocurrency ecosystem integrity while preserving the 
legitimate benefits of decentralized financial technologies.
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