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Abstract

This paper explores the integration of Al (artificial intelligence) in predicting the volatility of the crypto-
space and detecting fraudulent activities by adopting the quantitative approach to examine fraud detection
by using a CNN model and the ability to predict price volatility by using LSTM networks with the help of
Google Colab. The findings of this study highlight that artificial intelligence is a critical enabler of long-
term stability and trust in the evolving crypto-space. The originality of this study lies in its investigation of
the sustainable role of artificial intelligence in predicting future prices and detecting fraudulent activities
simultaneously, and integrating efficiency, accuracy, and long-term applicability, which has been explored
to a limited extent. Therefore, further research in other related sectors should be explored to understand the
influence of artificial intelligence in Crypto-space. This study offers useful insights for regulators,
policymakers, and portfolio managers and offers scope for further research. However, the study adopted
secondary data for this research, which limits the research and its ability to capture the dynamic nature of
cryptocurrency market.
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Introduction

The evolution of Artificial Intelligence and Cryptocurrency has transformed the global technological
landscape over the past two decades. These disruptive technologies have significantly influenced the
traditional method of practicing fiat currency in the system. This technology, Artificial Intelligence, has
introduced new opportunities in the business sector by enhancing day-to-day activities more efficiently.
This study explores the integrity of artificial intelligence in the cryptocurrency space, either by monitoring
the patterns to detect implicit activities or to predict price fluctuations. There are various methods like
ANN, CNN, and Machine Learning (ML) to analyse the market fluctuation or transactions to detect the
patterns of illicit activities.

In 1956, John McCarthy introduced the concept of artificial intelligence. Gradual development in the field
of computers has made it possible to successfully launch artificial intelligence into business. The adoption
of artificial intelligence in business has risen to 88% in 2024 from 20% in 2017". In 2008, Satoshi Nakamoto
introduced cryptocurrency in a white paper, “Bitcoin: A Peer-to-Peer Electronic Cash System”. After
publishing the first white paper on cryptocurrency in 2008, the first digital currency of Bitcoin was launched
in 2009 by mining the first block as the “Genesis Block” (Nakamoto, 2008). With the introduction of
decentralized transactions, investors can do transactions without being monitored by the central authority
(Tierno, 2023). The disruptive transformation of cryptocurrency’s technology has created new opportunities
for digital scammers to exploit new investors with limited knowledge, making them vulnerable to digital
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fraudsters (Krishnan et al., 2023). The total illicit crypto value has also increased from 4.3 B in 2019 to
40.9 B in 2024, including scams like phishing, exchange hacks, etc. (Collins, 2022).

To understand the role of artificial intelligence in crypto-space. The researcher tries to address the two
research questions.

RQ1: What is the role of artificial intelligence in detecting implicit activities or fraudulent transactions?
RQ2: What is the ability of artificial intelligence to predict price fluctuations?

The researcher used secondary data for this study and analysed it using Google Colab to interpret the output,
which concludes the effectiveness of artificial intelligence to forecast the price and to prevent fraudulent
activity.

Cryptocurrency has successfully established peer-to-peer system which facilitates the transfer of money
from one place to another by keeping traditional financial bodies out of the system (Nakamoto, 2008). With
the deployment of blockchain, smart contracts and various algorithms like SHA-256 and SHA-256d, the
scope of new business opportunities and challenges is emerging in the real world.

Artificial intelligence has also standardized the effectiveness of business by reducing the cost of operation
and analyzing patterns to make investment decisions more convenient. On the other hand, it has also
extended its presence into crypto-space to prevent fraudulent activity, protect investors’ trust, and predict
price volatility to make investment decisions with more precision.

The paper consists of four sections, in which the evolution of artificial intelligence and cryptocurrency is
explained in section 1, methodology is explained in section 2, results and implementation in section 3, and
in the last section, the limitations and conclusion of the study are explained.

Literature Review

The Evolution of Artificial Intelligence:
In 1956, John McCarthy introduced the term, Artificial Intelligence, during a summer research project at
Dartmouth College (McCarthy et al., 2006). 1t was established as a research field aimed at creating
machines capable of replicating all aspects of learning and other forms of intelligence that can be formally
described (Dick, 2019). Artificial Intelligence (Al) harnesses computers to imitate humans’ intelligence by
solving problems and making decisions (Amirzadeh et al., 2022).
Al has improved corporate productivity by empowering machines to mimic human behaviors (Bughn et al.,
2017). The adoption of this technology is expanding rapidly across industrial sectors, like healthcare and
manufacturing, as well as real-time evaluation of enormous datasets (Whittaker et al., 2018; Helm et al.,
2020).
The subcategories of artificial intelligence are visualized in Figure 1, which is adopted from Amirzadeh et
al. (2022), to explain the models that are utilized to predict prices in the cryptocurrency market. These
categories include Machine Learning (ML), Neural Networks, Deep Learning (DL), and Deep
Reinforcement Learning (DRL).

Figure 1: A Subset of Artificial Intelligence
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Machine Learning is an algorithm that enables machines to discover patterns without explicit programming
instructions (Rasekhschaffe & Jones, 2019). This method carries out experience-based learning similar to
human intelligence and possesses the ability to enhance its analytical performance through computational
algorithms (Helm et al., 2020). Researchers from computer science, mathematics, statistics, and data
science have been designing and improving the algorithm of machine learning which derives insights from
data, with the goal of building reliable and precise models for predicting price trends and market movements
in the crypto market (Amirzadeh et al., 2022).

The neural network is a computational model that replicates the human brain’s ability to process information
by interconnecting nodes to learn from data. It consists of three categories, i.e., Artificial Neural Network,
Convolutional Neural Network, and Recurrent Neural Network. This network is used to learn salient
features for detecting cyber-attacks, rather than handcrafted approaches (Amirzadeh et al., 2022). This
method analyses the historical data and predicts the future price of cryptocurrency by analysing the patterns.
Deep Learning focuses on training artificial neural networks with multiple layers. This model is effective
in handling large-scale unstructured data and provides a foundation for researchers interested in future
research on this technology. Deep Learning encompasses network design, training, and evaluation to
optimize techniques and to perform analysis (Heaton et al., 2018). Deep Learning is a subcategory of
machine learning (ML) that trains artificial neural networks (ANN) on large datasets. These neural networks
can learn and make decisions on their own as they are inspired by the human brain’s structure and function.
These algorithms have a crucial impact on forecasting prices by analysing pattern-image of the historical
data (Seabe et al., 2023).

Deep Reinforcement Learning (DRL) is an approach in which machines learn by interacting with an
environment through trial and error. An intelligent agent learns to take optimal actions and receives rewards
for desirable outcomes and penalties for undesired ones. DRL employs deep learning networks, which guide
the agent on how to act in complex scenarios (Arulkumaran et al., 2017) and develop the ability to make
trade decisions, such as when to buy, hold, or sell, by continuously interacting with the market.

Artificial intelligence and its advanced branches, such as ML, DL, DRL, and Neural Networks, play a
sustainable role in price prediction by offering efficient, adaptive, and data-driven forecasting solutions.
Neural networks and deep learning algorithms enhance sustainability and promote more consistent and
transparent decision-making by minimizing human bias. These branches identify hidden patterns and
predict market fluctuations with higher precision by learning from historical and real-time datasets.
Artificial Intelligence promotes sustainable financial systems that support informed investment decisions,
improve predictive accuracy, and encourage responsible market participation, allowing trading agents to
establish self-learning optimal strategies that adapt to changing market conditions, reducing resource waste
and speculative errors, which contributes to long-term sustainability.

Theoretical Background of Cryptocurrency:

Digital assets refer to resources that can be digitally stored and can be transferred, traded, and stored
digitally, while retaining identifiable economic value (Ante, 2021). Digital assets, like cryptocurrencies,
have emerged as a transformative class, reshaping financial transactions and decentralized economic
systems. Cryptocurrencies have attracted the attention of many investigators who predicted that these assets
could have adverse consequences on the economy (Karim et al., 2019). These assets have unpredictable
behavior, which makes it complex to predict their future acceptance in the global financial system (Ragab,
2025).

Cryptocurrency was introduced by Satoshi Nakamoto in 2008 in a white paper, “Bitcoin: A Peer-to-Peer
Electronic Cash System” (Nakamoto, 2008). Cryptocurrency was introduced to transfer money from one
person to another without involving financial intermediaries. Cryptocurrency includes technologies like
blockchain and smart contracts. But technophiles gradually converted its functioning into an investment
portfolio. Because of its high volatility and decentralized nature of transactions, many governments
consider it as a matter of serious concern. However, EL Salvador (Krause, 2025) and the Central African
Republic (Bola Bongo, 2023) accepted Bitcoin as legal tender in 2021 and 2022, respectively. Many
governments are still evaluating whether to adopt cryptocurrency or to leverage their underlying technology
to remain competitive in the global economy. In order to harness the technologies behind cryptocurrencies,
governments are making efforts to develop a deeper understanding of how these innovations operate.
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Blockchain technology serves as the foundational technology for cryptocurrency by enabling secure,
transparent, and decentralized recording of digital transactions without intermediaries (Nakamoto, 2008).
Blockchain is a distributed ledger system that records every transaction. These transactions are recorded in
the form of blocks, which are cryptographically linked to previous blocks, forming a chain (Nawari &
Ravindran, 2019). The “chain of blocks” is crucial to the technology as it can’t be breached by any
malicious activity and provides transparency to the system. When a member transfers a coin to another
member, they need a private key and a public key, which is then verified by the miners in the system
(Nakamoto, 2008). After getting nodes from the miner, the transaction is added to the ledger. Blockchain
follows a consensus mechanism, which creates a unique linear path from the first block ever posted to the
current block that exists (Nakamoto, 2008). Figure 2 represents the overview of blockchain technology.

Figure 2: Blockchain Overview

- % N

Block - 1 Block - 11

Block - 3 \

Header Header Header

™ ™ ’

Hash of Previous Hash of Previous Hash of Previous
Block Header Block Header Block Header

\_ I X .

T T T

Block - 1 Block - 11 Block - 11

Source: Author's Contribution
In 1994, Nick Szabo introduced smart contracts in his article “Smart Contracts: Building Blocks for Digital
Markets” to build a digital economy without the involvement of third parties (4. & 1.4, 2021). 1t is a self-
executing agreement written digitally and includes the terms of the contract directly in computer code.
These contracts enforce, verify, and execute obligations automatically when predefined conditions are met,
without requiring intermediaries (Szabo, 1996, Buterin, 2014). Once deployed, the contracts autonomously
monitor and enforce compliance by executing predefined actions when specific conditions are fulfilled.
Smart contracts operate in a decentralized environment, removing the need for centralized authorities or
intermediaries and reducing the potential for manipulation, increasing the efficiency of transactions across
the globe. On the other hand, their immutability and transparency build trust among investors (Christidis
& Devetsikiotis, 2016).
Role of Al in Crypto-space:
Between November 2017 and March 2022, the capitalisation of the cryptocurrency market rose to $1.664
trillion from $267.8 billion, excluding bitcoin, whereas altcoin capitalisation grew from $86.31 billion to
$1.007 trillion (Amirzadeh et al.,2022), and by 2024, market capitalisation increased to $2.6 trillion USD
(Chauhan & Saxena, 2026). Many international companies have invested in crypto-based businesses, e.g.,
by purchasing merchandise using Dogecoin. Cryptocurrencies have attracted investors’ interest and, due to
their digital features, have become a new form of currency (Ergen & Kozat,2019). In this period, many
investors made a fortune solely by analysing the crypto market, but due to its volatile nature, many of them
incurred losses. For example, the market capitalization of bitcoin dropped from 1.18 trillion to 935 billion
USD in ten days in April 2021, then almost halved to 602 billion USD over the next three months in July
2021 (Amirzadeh et al., 2022).
Artificial Intelligence influences the crypto market positively and integrates the system with traditional
financial assets (Abraham et al., 2018, Cianin et al., 2016). Artificial Intelligence helps in real-time
portfolio adjustment, whereas Deep Reinforcement Learning (DRL) improves investment decisions and
supports automated cryptocurrency portfolio management (K/ & Ramachandra, 2026). The integration of
artificial intelligence within the cryptocurrency sector mirrors the major shift toward data-driven innovation
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in the modern economy (Yahia et al., 2025). This technological evolution allows the analysis of vast datasets
to predict market prices and optimize trading operations (Andriushchenko et al., 2025). Sophisticated
compliance frameworks improve real-time monitoring and identification of suspicious patterns to mitigate
the risk of financial crime (Rodriguez et al., 2025).

Al-powered learning technologies have improved commercial performance (Saxena et al., 2022). Indonesia
has integrated Artificial Intelligence into platforms to demonstrate a legal process to combat anti-national
financing via crowdfunding (Putranti & Pramoto, 2025). These Al-driven measures enhance public trust
by ensuring financial tracking, which is perceived as a reliable defense against illicit activities (4/rasheed,
2025). The primary challenge is to prevent industries from cybercrimes, like phishing-as-a-service, through
Al-driven risk engines (Sulochana & De Silva, 2025). The community must remain vigilant against
scientific misconduct, which represents ‘academic fake money’ analogous to fraudulent cryptocurrency
creation (Haiech, 2025).

This hybrid intelligence creates feedback loops between human judgment and algorithmic autonomy to
establish institutional legitimacy (Alibasi¢, 2025). Blockchain technology serves as a foundation by
providing a distributed ledger that documents transactions in an immutable format (Ahamed et al., 2025).
The emergence of “Blockchain 5.0” proposes next-generation architectures allowing the sharing of artificial
intelligence models directly on-chain in a privacy-preserving manner (Tulkinbekov & Kim, 2025).
Artificial Intelligence identifies patterns beyond human capability, improving forecasting accuracy of the
crypto market (Piravesh & Sallan, 2024) and contributing to smarter and faster financial prediction
(Malhotra et al., 2024). Machine learning improves trading signals and reduces risks in intraday trading
(Shastry, K. A., 2024). An effective price predictor must integrate multiple features, such as price and
volume, to maintain accuracy in volatile conditions (Liu et al., 2025). Hybrid deep learning techniques, by
combining CNN and LSTM networks, have proven superior at capturing spatial and temporal dependencies
in Bitcoin Price behavior (Bouzari et al., 2025).

The role of Artificial Intelligence (Al) in crypto-space is defined by its ability to enhance efficiency,
promote market resilience, and hedge against risk, which nurtures trust and facilitates opportunities for
development in a volatile market (Paskaleva,2025). Al adoption spans multiple sectors globally and has
become an integral element of innovation. Models like machine learning, deep learning, and CNNs help to
predict prices with more precision, while LSTMs capture time-series financial patterns and predict short-
term price movements (Cvetkovic, 2024). Another adoption of Al in crypto-space is to prevent illicit
activities by analysing blockchain transaction patterns to identify suspicious transactions.

Artificial Intelligence has transformed the traditional financial market by developing trading algorithms
that can analyse massive volumes of data and execute deals with unprecedented speed and precision
(Anumandla & Reddy, 2018). These algorithms enable investors to create investment strategies, and due to
their untraceable nature or privacy policies, some users indulge in illicit activities. To prevent these illicit
activities, Artificial Intelligence stands as an optimal solution that includes machine learning and deep
learning models. These models analyse the vast datasets to detect hidden fraud patterns (Usman, 2025).
The contribution of Artificial Intelligence in crypto-space is to enhance the efficiency and optimization of
investment strategies and ensure transparency and security. The adoption of Al, like CNN, ANN, Deep
Learning, and LSTM, into the crypto market enhances the ability of the investor to make informed decisions
by accurately forecasting the fluctuation in the market and promotes the efficiency to mitigate the risk of
loss, leading the investor to make efficient investment strategies and risk management (Choithani et al.,
2024). These models analyse the factors causing fluctuation in the price of cryptocurrency due to
technological development, market sentiment, and regulatory changes (Paskaleva, 2025).

Al-based trading systems reduce human intervention and support automated high-frequency trading
strategies (Brini & Kolm, 2026). The purpose of Al-enhanced trading algorithms is to maximise profits and
building efficient investment strategies in the highly volatile nature of the market, resulting in the
convergence of Al and cryptocurrency trading. This system empowers the investor to make informed
investment decisions in a highly volatile market and enables the investor to maximise profit from
unpredictive market (Koehler et al., 2018). Artificial Intelligence predicts stock returns more accurately
than traditional methods (Cvetkovic, 2024); separates portfolio optimization from execution decisions (Li
et al., 2026). Advanced machine learning forecasting model predicts the change in the price of
cryptocurrency and contributes valuable insights to the emergence of artificial intelligence and digital
economy development (Paskaleva, 2025).
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Cryptocurrency does not behave like traditional fiat currency because of its high volatility and requires
investors to develop their own specific trading strategies (Amirzadeh et al.,2022). Cryptocurrency portfolio
management is employed by deep reinforcement learning, which suggests a long-term approach to handle
digital assets (An et al., 2021). The Al-enhanced algorithms improve automation and efficiency in bitcoin
trading by enabling transactions to be executed quickly and precisely by removing human-based bias in
decision-making. This results in more disciplined and consistent trading strategies (Koehler et al., 2018)
and identifies durable and fragile market conditions and improves risk management in uncertain markets
(Thomson, A. D., 2025).

Investors adapting modern innovations are able to address the evolving landscape by utilizing new trends
and enhancing their strategies in this highly volatile digital economy. Al evaluates large-scale financial data
and identifies high-return investment opportunities (Mclntyre et al., 2026). Al leverages machine learning
algorithms to analyse market patterns and execute trades automatically via smart contracts, leading to
continuous learning and performance improvement (Choithani et al., 2024) and enhancing market
transparency and decision-making (Kirky & Andrean, 2024).

Cryptocurrency is embedded with a cryptographic technique, which is a mathematical computation-based
algorithm, making it difficult for hackers who try to enter into the blockchain. With the introduction of
Artificial Intelligence, every sector of the global economy is making efforts to utilize it in their businesses.
Decentralised nature of cryptocurrency transactions ensures security and protects the privacy of the
investor. But scammers are able to commit fraud, like phishing attacks, against new investors. Adopting
Artificial Intelligence in the cryptocurrency market has enhanced security and protected investors’ trust by
providing financial security and timely protection from potential threats to both traders and investors by
identifying, assessing, and managing potential risk, and improving investment experiences
(Andriushchenko et al., 2025).

Artificial intelligence techniques learn from vast data, which humans can’t analyse efficiently, to analyse
and detect patterns that ease and secure trading and mining (Sabry et al., 2020). These techniques are
applied to address fundamental challenges like fraud detection, volatility prediction, portfolio construction,
and cybersecurity. The integration of Al into cryptocurrency monitoring is transforming the fight against
financial crimes such as money laundering, terrorism financing, and fraud. Al-based approach includes
machine learning (ML), deep learning (DL), and natural language processing (NLP) techniques to
outperform traditional rule-based systems in detecting fraudulent patterns (Tairov & Stefanova, 2024).

Al helps regulatory institutions to learn from data related to potential financial fraud and threats. Al systems
can increase efficiency in Anti-Money Laundering (AML) monitoring by reducing false positives in
suspicious activity reports (Sabry et al., 2020). Al techniques also contribute to analysing and assessing the
security and privacy level of cryptocurrencies and identifying potential threats (Sabry et al., 2020).
Consensus-based solutions utilizing Al can mitigate issues like cryptocurrency arbitrage bots in intelligent
blockchain environments (Zhang et al., 2025).

Research Gap:

Existing studies have attempted to predict the volatility of the cryptocurrency market by using machine
learning and deep learning. However, no prior studies have amalgamated predicting price volatility with
fraud detection. Prior research provides accurate short-term predictions but fails to address fraud detection.
This study is an attempt to bridge this gap by integrating an Al-based LSTM model to predict price volatility
and a CNN model to detect fraudulent transactions, ensuring investor security and mitigating risk.

Table 1: Research Gap Analysis

Prior Study Fraud Price Unified Gaps Analysed
Detection | Prediction | Framework
Bouzari et al., No Yes No Focuses on price prediction; not on
(2025) fraud detection.
Seabe et al., No Yes No Compares DL models for forecasting;
(2023) not discussed fraud detection
Tairov & Yes No No Examines Al for fraud detection but
Stefanova (ML\DL) not on price prediction
(2024)
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Choithani et Yes Yes No Comprehensive survey; does not test
al., (2024) models
Sabry et al., Yes Partial No Broad Al-crypto review; no unified
(2020) empirical framework
Paskaleva No Yes No Addressing sustainability in Price
(2025) Prediction; no fraud detection

Source: Authors Contribution
Table 1 illustrates that prior studies focused either on price prediction or on fraud detection. There are
limited studies focusing on both, i.e., Price Prediction and Fraud Detection, in a unified framework. Bouzari
et al. (2025) studied price prediction by applying CNN and LSTM to study price behaviour. Sabry et al.
(2020) contribute an overview of Artificial Intelligence in both segments, but lack empirical analysis.

Methodology

Research Design:

This study adopts quantitative research to analyse fraud detection patterns in financial transactions with a
deductive approach to test the hypothesis related to fraudulent and non-fraudulent transactions that are
formulated based on existing literature and tested using statistical techniques. This paper utilized two
different datasets sourced from a widely used open data platform for research and analytics, i.e.,
Kaggle.com, to analyse the essence of artificial intelligence in detecting fraud and as a price predictor.
These datasets were selected based on their relevance, availability, and sustainability to the research
objective, containing both fraudulent and non-fraudulent observations and other data. The dataset includes
variables such as transaction amount, minimum value received, and fraud status, which are to be examined
to identify the differences between fraud and non-fraud cases. The researcher also used a purposive
sampling technique, selecting data that are clearly labelled as fraudulent or non-fraudulent. Fraud status is
treated as a binary dependent variable, while transaction-related attributes, like minimum value received,
are included as independent variables. A structured dataset was used to analyse and predict price trends
using an artificial intelligence-based long short-term memory (LSTM) model.

Data Collection:

To understand the role of Al in the cryptocurrency space, the researcher included research papers,
conference proceedings, and publications related to the objective of the study by using the terms, i.e.,
machine learning, deep learning, natural language processing, cryptocurrency, bitcoin, price prediction,
fraud detection, from the Scopus database. A systematic strategy is utilized to narrow down the manuscripts
obtained earlier, which ensures the accuracy of the study. This strategy includes citation chaining and
reference tracking to find papers that were missed in the first database searches, which helps to study the
creation, application, and assessment of Al-enhanced cryptocurrency trading algorithms and their effects.
Then, the obtained literature is run through Python to obtain the final analysis of the study. This paper
utilized two different datasets sourced from a widely used open data platform for research and analytics i.e.
Kaggle. The First dataset comprised a total no. of 9841 observations to detect fraudulent activities, and the
second dataset consists of 3010 observations to examine the ability to forecast prices. This dataset includes
historical price-related variables structured sequentially to support predictive modelling. These datasets
were selected based on their relevance, availability, and sustainability of the research objective, containing
both fraudulent and non-fraudulent observations.

Tools and Techniques:

The study employs statistical tools to analyse and visualize fraud detection patterns in financial transaction
data. Google Colab is used as the primary research tool due to its integration with Python libraries. The
distribution of transaction values between fraudulent transactions and non-fraudulent transactions is
compared with the help of box plots. These box plots help to visualize the data to identify variability,
skewness, and the presence of outliers, which provide preliminary insights into differences across fraud
categories.

Long Short-Term Memory neural network implements temporal dependencies in transaction data to capture
sequential patterns. This model visualizes learning behaviour and forecasts trends with the help of training
and validation graphs, which support fraud detection analysis in a time-dependent context.
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Result and Analysis

1. Box Plot:

This plot compares the distributions of minimum values received between non-fraudulent transactions and
fraudulent transactions labelled as 0 and 1, respectively. The distribution shows a wider spread with high-
value outliers, which indicates genuine transactions are involved. A broad range of minimum received
values is visualized under a non-fraudulent transaction. Multiple outliers in the plot suggest higher
variability in legitimate transaction behavior. While the fraudulent transaction indicates a highly
concentrated distribution near the lower end of the scale, i.e., closer to zero, it represents that fraudulent
activities are generally associated with lower values received and reflect an attempt to minimize detection
risk. It also reveals a clear difference in distribution between fraudulent transactions and non-fraudulent
transactions. It also suggests that the minimum value received is a useful indicator for fraud detection.
Figure 3 represents a comparison of the minimum value received between two groups through a box plot.
In this figure. The y-axis indicates the minimum value received as Min Value Received, and the x-axis
includes non-fraudulent transactions and fraudulent transactions as 0 and 1, respectively.

i. General Distribution: The plot indicates that both transaction types are highly concentrated near
minimum value received. The narrow cluster near zero indicates that most transactions involve small
amounts irrespective of fraud status, while higher values occur infrequently and appear as outliers.

Figure 3: Box Plot
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ii. Presence of Outliers: It also highlights the presence of extreme outliers in both groups. Several
observations fall far above the central distribution, ranging from 500 to 4000 in non-fraudulent category.
This indicates occasional high-value legitimate transactions. While in fraudulent category, it contains a
single large outlier near to 10,000. These extreme values stretch the y-axis significantly, making the central
tendency of both groups appear closer to zero.

Interpretation:

The box plots indicate the minimum received value is very small in both categories, i.e., non-fraudulent
transactions and fraudulent transactions. The observation in both categories is clustered tightly near to zero,
which suggests that this variable does not exhibit a strong central tendency between the fraudulent and non-
fraudulent categories, resulting minimum value received that may have limited discriminatory power when
used as an isolated indicator of fraud.

A. An extreme anomaly is reflected by a large outlier, which is displayed in fraudulent groups and suggests
that fraudulent transactions involve low minimum values. Sometimes they include high-value transactions,
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occasionally representing attempts to manipulate transaction patterns. Such extreme deviations are
important for anomaly detection.

B. The presence of outliers in the non-fraudulent group simultaneously indicates that fraud cases often have
high minimum values. It implies that outliers cannot identify fraudulent activity alone.

2. CNN Confusion Matrix:

This matrix summarises the performance of the CNN model for fraud detection. Figure 4 visualizes the
comparison between the true and predicted class labels. This matrix enables the evaluation of the model’s
classification accuracy, error, and overall reliability in detecting fraudulent transactions from non-
fraudulent transactions. The main diagonal represents the correct classifications; on the other hand, the
other diagonal represents misclassifications. This matrix allows the clear visualization of identifying false
positives and false negatives. This matrix helps to assess the accuracy of the model and its reliability and
error distribution, which indicates the effectiveness of deep learning models for fraud detection tasks.

Figure 4: Confusion Matrix of CNN Model for Fraud Detection
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Interpretation:
The CNN confusion matrix represents the role of artificial intelligence in detecting fraudulent transactions.
Al successfully identified 2,252 cases, with 47 misclassified as fraud from non-fraudulent cases, indicating
a low false-positive rate. It also detected 634 fraudulent transactions with only 20 cases classified as non-
fraud, indicating a low false-negative rate. Such a difference is also important for detecting fraud, where
missing fraudulent cases can be costly.
3. Box Plot (Average Time Gap):
The average time gap box plot, Figure 5, compares the average time difference between consecutive
received transactions for non-fraudulent (0) and fraudulent (1) cases. The role of transaction timing is very
crucial for fraud detection. It reflects how often transactions occur within an account. In non-fraudulent
transactions, the distribution exhibits a wider spread, indicating that genuine users experience irregular and
widely spaced transaction intervals.
Fraudulent transactions are highly concentrated near very low time intervals with a narrower spread. This
pattern suggests that fraudulent activities often occur in rapid succession, consistent with automated
behaviour aimed at exploiting systems quickly. Overall, the visual evidence indicates that the average
minutes between received transactions is a meaningful temporal indicator that can help distinguish
fraudulent behaviour, particularly when combined with other transactional features in predictive models.
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Figure 5: Box Plot (Average Minutes Between Received Txn.)
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4. Accuracy, Precision, Recall, F1 Score

Figure 6 indicates the values of Accuracy (0.88), Precision (0.85), Recall (0.90), and F1 Score (0.87) for a
CNN-based model, which is used in detecting fraud and implicit activities. The high accuracy indicates that
the Al system is reliable in distinguishing between legitimate and fraudulent activities. The recall score
indicates that the model’s ability to identify fraudulent activities, which is crucial for fraud detection,
because missing a fraudulent transaction can result in significant financial and reputational losses.

The precision score is marginally lower than the recall score, but it remains strong, suggesting that the CNN
model has flagged most activities as fraudulent. This precision helps to reduce false alarms, which are
essential for maintaining operational efficiency and avoiding unnecessary investigations. The balanced F1
score demonstrates an effective trade-off between precision and recall, indicating that the Al model does
not favor detection at the expense of accuracy.

Figure 6: Accuracy, Precision, Recall, F1 Score
Performance Metrics for CNN Model
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5. Long Short-Term Memory neural network:

Long Short-Term Memory (LSTM) neural network is a subcategory of Recurrent Neural Network (RNN)
developed to model sequential and time-dependent data. The purpose of LSTM is to conceptualise the
internal flow and its impact on future forecasting (Yiying & Yeze, 2019). It comprises three layers, each
containing ten nodes. Each node represents one memory cell. One memory cell includes three gates, i.e.,
forget gate, input gate, and output gate. It regulates which information should be removed or incorporated
through the gates, which allows the system to selectively forget or retain information, which makes it
suitable for cryptocurrency price time series prediction (Yiying & Yeze, 2019).

Figure 7: Using LSTM
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6. RMSE, MAE, R-SQUARED, MAPE:

RMSE is utilised to evaluate the accuracy of a predictive model. Lower RMSE indicates better model
performance and higher prediction accuracy. MAE measures the difference between actual values and
predicted values. Lower MAE values represent better predictive performance and improved model
reliability. R? indicates the portion of variance in the dependent variable that is explained by the independent
variable. MAPE calculates the average percentage of this difference. A lower MAPE value indicates higher
forecasting accuracy and better predictive efficiency.

TABLE 2: RMSE, MAE, R-SQUARED, MAPE
Evaluation Metrics:

Metric Value
RMSE 2386.5848
MAE 1903.8431
R-squared 0.9868
MAPE 2.3735

Source: Google Colab
Interpretation:
The above metrics, Table 2, demonstrate the strong predictive capability of the Al-based LSTM model
calculated by utilising Google Colab. This table highlights the effectiveness of time-series forecasting and
predictive analytics.
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The RMSE (2386.5848) and MAE (1903.8431) indicate that the magnitude of prediction errors remains
comparatively small to the overall scale of the data. RMSE penalizes larger errors more firmly. The
difference between RMSE and MAE indicates that extreme prediction errors are limited, reflecting stable
and consistent model performance.

The R-squared value (0.9868) indicates that the LSTM model explains 98.68% of the variance in the target
variable. This reflects the model’s excellent ability to learn complex temporal patterns and dependencies in
sequential data, which is a core strength of LSTM-based Al systems.

The MAPE value (2.3735%) is low, suggesting that the model’s predictions deviate slightly from actual
values and demonstrating high forecasting accuracy and robustness. Such a low percentage error is
particularly desirable in financial, demand forecasting, risk prediction, and operational planning contexts.

Findings

The findings of this study highlight that Al-based LSTM models can predict prices in a highly volatile
crypto market. The integration of Artificial Intelligence into the cryptocurrency market helps to enhance
investors’ trust by maximizing their profit and protecting them from unpredicted losses. LSTM model
mitigates the risk for new investors who are susceptible to market losses in the cryptocurrency ecosystem.
New investors are vulnerable to digital scammers and become victims of attacks like phishing and fake
wallets. CNN model demonstrated their significance by accurately detecting fraudulent transactions or
implicit activities from non-fraudulent transactions by analysing patterns beyond human mind. This model
supports the crypto exchange organizations and financial institutions to detect fraudulent transactions and
secure investors’ trust from cyberattacks like phishing and fake wallets.

To answer the research question, the researcher identified a few studies that align with the research question
and explained their contribution and how they align with this study.

R.Q. 1: What is the role of artificial intelligence in detecting implicit activities?

The integration of Al in cryptocurrency transaction monitoring represents a transformative development in
combating illicit financial activities (Nelson, 2025). Gradually, the fight against financial crimes has relied
on artificial intelligence solutions, which include Deep Learning and Machine Learning (ML). These
models have the ability to analyze vast datasets to detect hidden fraud patterns and adapt to emerging threats
(Usman, 2025).

The researcher adopted a CNN model to address RQ1 by utilizing Google Colab. The results, Figure 6,
indicate that the CNN-based model shows Accuracy (0.88), Precision (0.85), Recall (0.90), and F1 Score
(0.87), which are used for detecting fraud and implicit activities. Therefore, the result highlighted that the
integration of the CNN model under Artificial Intelligence is significant to detect fraudulent transactions.
Artificial intelligence evaluates and detects patterns in vast data, which makes trading and mining more
efficient. It can identify patterns in fraudulent trading and money laundering. The use of cryptocurrencies
for criminal activities is reduced due to concerns about security and privacy (Tairov & Stefanova, 2024).

R.Q. 2: What is the ability of artificial intelligence to predict price fluctuations?

Al-enhanced algorithms have transformed investment techniques, allowing investors to mitigate risks,
manage diversified portfolios, and make informed decisions (Koehler et al., 2018). Al methods like NLP,
Deep Learning, and ML show potential in improving Bitcoin trading tactics (4n et al., 2021).

This study employs LSTM models by utilising Google Colab to address RQ2. The results, Figure 7,
demonstrate strong visual alignment between the actual values (black) and the predicted values (red). This
model indicates the model’s ability to learn stable patterns and changes with minimal prediction error. This
suggests high predictive accuracy in low-volatile conditions. Table-2 presents the results of RMSE, MAE,
R2, and MAPE, and highlights the effectiveness of time-series forecasting and predictive analytics. Seabe
et al. (2023) had argued that cryptocurrency prices can be predicted effectively by utilising deep learning
algorithms.

Implications

The integration of artificial intelligence (Al) into transaction monitoring requires global standards for using
ethical Al. The CNN-based fraud detection model highlights the model’s ability to detect hidden patterns
within transactional data that are often difficult to detect. The LSTM models confirm that they are well-
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suited for capturing long-term temporal dependencies in price data, resulting in accurate and reliable
forecasts. These findings can be utilised by stakeholders, investors, and market participants and enable
investors and financial institutions to identify future price trends, reduce uncertainty, and optimise
investment decisions.

Financial Institutions and banks can use the fraud detection model to strengthen real-time monitoring
systems and reduce financial losses by enabling them to identify anomalous transaction behavior, assess
potential security threats, and implement risk-mitigation strategies. Policymakers and regulators must work
together to develop regulatory frameworks that ensure responsibility, equity, and openness in algorithmic
trading. The price prediction model can benefit investors, portfolio managers, and financial analysts by
providing accurate forecasts for informed investment decisions.

Limitations

This study has the following limitations that should be acknowledged:

1. This study relies on secondary datasets, which limits the research to measuring the effectiveness of the
artificial intelligence models in the cryptocurrency market.

2. The fraud detection and price prediction models were evaluated on historical data, which may not
capture current market shifts, emerging fraud patterns, or real-time behavioral changes.

3. The research focuses on Ethereum and monitors the price fluctuations during a certain period of time,
i.e., August, 2017 to December, 2025. Future research can apply the experiment to other crypto investments,
like Bitcoin and Litecoin.

4. Therole of Al is considered as “intelligent infrastructure” which manages the vast data and decentralized
crypto-space and provides a system that provides navigation to forecast price fluctuations and ensures the
safeguard of investors’ privacy and enables them to make efficient investment strategies.

Future Scope

Artificial Intelligence is transforming the technological environment and requires continuous improvement.
The major challenge is that the high price fluctuations make short-term prediction difficult. Therefore,
future research may extend this work by incorporating real-time data and explainable artificial intelligence
models, which enhance the robustness and practical applicability. The framework can be extended by
incorporating larger and more diverse datasets across different industries and geographic regions to improve
generalizability.

Conclusion

This study examined the application of Al-based deep learning models for addressing two significant
challenges in the cryptocurrency ecosystem (Fraud detection and Price Predictor). By utilising CNN for
fraud detection and LSTM for price prediction, the study demonstrated the capability of Al techniques to
analyse complex datasets.

The paper highlights that the CNN model successfully detected fraudulent and implicit activities and shows
its potential to enhance existing fraud monitoring systems. The model has the ability to replace traditional
rule-based approaches to detect fraud; instead, it captures hidden patterns in data, which makes it valuable.
The LSTM-based price prediction model exhibited strong predictive accuracy, as reflected by high
explanatory values and low errors value and confirms that LSTM networks are suitable for modelling
temporal dependencies and forecasting price trends with reliability.

By integrating fraud detection and price prediction within a unified Al-driven framework, this research
contributes to existing literature and provides practical insights for financial institutions, regulatory bodies,
researchers, and technology developers. The research paper highlights the transformative role of Al in
enhancing efficiency, accuracy, and strategic planning across financial and data-intensive domains.

References
1. Abraham, Jethin, Daniel Higdon, John Nelson, and Juan Ibarra. "Cryptocurrency price prediction using
tweet volumes and sentiment analysis." SMU Data Science Review 1, no. 3 (2018): 1.

2. Ahamed, N. Nasurudeen, Tanweer Alam, and Mohamed Benaida. "Reviewing the Blockchain’s
Framework and its Role in Sustainable Industries." Jurnal Online Informatika 10, no. 1 (2025): 177-195.



238

3. AlibaSi¢, Haris. "A multi-paradigm ethical framework for hybrid intelligence in blockchain technology
and cryptocurrency systems governance." FinTlech 4, no. 3 (2025): 34.

4. Alrasheed, Rashed Ahmed Rashed. "Building public trust in Bahrain: Leveraging artificial intelligence
to combat financial fraud and terrorist financing through cryptocurrency tracking." Social Sciences 14, no.
5 (2025): 308.

5. Amirzadeh, Rasoul, Asef Nazari, and Dhananjay Thiruvady. "Applying artificial intelligence in
cryptocurrency markets: A survey." Algorithms 15, no. 11 (2022): 428.

6. An, Yun Joo, Paul Moon Sub Choi, and Seth H. Huang. "Blockchain, cryptocurrency, and artificial
intelligence in finance." In Fintech with artificial intelligence, big data, and blockchain, pp. 1-34.
Singapore: Springer Singapore, 2021.

7. Analytics, McKinsey. "Global survey: The state of Al in 2020." Image (2020).

8. Andriushchenko, Kateryna, Inna Riepina, Andrii Buriachenko, and Oksana Kyryliuk. "Determining the
capabilities of artificial intelligence on the development of cryptotrading and blockchain
technology." Technology audit and production reserves 3, no. 4 (83) (2025): 42-52.

9. Ante, Lennart. "Smart contracts on the blockchain—A bibliometric analysis and review." Telematics and
Informatics 57 (2021): 101519.

10.Anumandla, Sunil Kumar Reddy. "Al-enabled Decision Support Systems and Reciprocal Symmetry:
Empowering Managers for Better Business Outcomes." International Journal of Reciprocal Symmetry and
Theoretical Physics 5 (2018): 33-41.

11. Arulkumaran, Kai, Marc Peter Deisenroth, Miles Brundage, and Anil Anthony Bharath. "A brief survey
of deep reinforcement learning." arXiv preprint arXiv:1708.05866 (2017).

12.Bola Boongo, Elie. Cryptocurrency as Legal Tender in the Central African Republic: What Challenges
and Implications?. HAL, 2023.

13.Bouzari, Parisa, Maria Fekete-Farkas, and Zsigmond Gabor Szalay. "Intelligent Sustainability:
Evaluating Transformers for Cryptocurrency Environmental Claims." Information 16, no. 12 (2025): 1022.

14.Brini, Alessio, and Petter N. Kolm. "On Deep Reinforcement Learning for Dynamic Trading with PPO:
Challenges and Future Directions." The Journal of Financial Data Science (2026).

15.Bughin, Jacques, Eric Hazan, Paris Sree Ramaswamy, Washington DC, and Michael Chu. "Artificial
intelligence the next digital frontier." (2017).

16.Buterin, Vitalik. "A next-generation smart contract and decentralized application platform." white
paper 3,n0. 37 (2014): 2-1.

17.Chauhan, Rashi, and Shivangi Saxena. "Dissecting Growth Pattern: A Variant-Level Examination of the
Cryptocurrency Ecosystem." Indian Journal of Finance (2026): 61-77.

18.Choithani, T., Chowdhury, A., Patel, S., Patel, P., Patel, D., & Shah, M. (2024). A comprehensive study
of artificial intelligence and cybersecurity on bitcoin, crypto currency and banking system. Annals of Data
Science, 11(1), 103-135.

19.Christidis, Konstantinos, and Michael Devetsikiotis. "Blockchains and smart contracts for the internet
of things." IEEFE access 4 (2016): 2292-2303.



239

20.Ciaian, Pavel, Miroslava Rajcaniova, and d’Artis Kancs. "The economics of BitCoin price
formation." Applied economics 48, no. 19 (2016): 1799-1815.

21.Collins, John. "Crypto, crime and control." Cryptocurrencies as an enabler of organized crime, Global
Initiative Against Transnational Organized Crime (2022).

22.Cvetkovic, Miljana. "LSTM versus Gradient Boosting for Asset Pricing: A Case Study of the S&P
500." Journal of Financial Data Science 6, no. 4 (2024).

23.Dick, S. Artificial intelligence. Harvard Data Science Review, 1 (1), 1-8.2019.

24 Ergen, Tolga, and Suleyman Serdar Kozat. "Unsupervised anomaly detection with LSTM neural
networks." IEEE transactions on neural networks and learning systems 31, no. 8 (2019): 3127-3141.

25.Haiech, Jacques. "Scientific misconduct: The temptation of academic fake money." Medecine sciences:
M/S 41, no0. 2 (2025): 111-112.

26.Heaton, Jeff. "lan goodfellow, yoshua bengio, and aaron courville: Deep learning: The mit press, 2016,
800 pp, isbn: 0262035618." Genetic programming and evolvable machines 19, no. 1 (2018): 305-307.

27.Helm, J. Matthew, Andrew M. Swiergosz, Heather S. Haeberle, Jaret M. Karnuta, Jonathan L. Schaffer,
Viktor E. Krebs, Andrew 1. Spitzer, and Prem N. Ramkumar. "Machine learning and artificial intelligence:

definitions, applications, and future directions." Current reviews in musculoskeletal medicine 13, no. 1
(2020): 69-76.

28.1akovlev, Alexander I., and Inna A. Kruglova. "How the foundations of the crypto-economy
methodology were formed." In 2021 International Conference Engineering Technologies and Computer
Science (EnT), pp. 80-85. IEEE, 2021.

29.Janiesch, Christian, Patrick Zschech, and Kai Heinrich. "Machine learning and deep learning: C.
Janiesch et al." Electronic markets 31, no. 3 (2021): 685-695.

30.Ji, Qiang, Elie Bouri, Rangan Gupta, and David Roubaud. "Network causality structures among Bitcoin
and other financial assets: A directed acyclic graph approach." The Quarterly Review of Economics and
Finance 70 (2018): 203-213.

31.Karim, Fazle, Somshubra Majumdar, Houshang Darabi, and Samuel Harford. "Multivariate LSTM-
FCNs for time series classification." Neural networks 116 (2019): 237-245.

32.KI, Igbal, and Remya Ramachandran. "Dynamic Portfolio Optimization with Deep Reinforcement
Learning: Empirical Insights from Indian Capital Markets." Journal of Financial Data Science 8, no. 1
(2026): 115.

33.Kirkby, Justin L., and Victor Andrean. "Forecasting bid—ask spreads in foreign exchange: Analysis and
machine learning prediction." Journal of Financial Data Science 6, no. 1 (2024): 99-113.

34 Koehler, Samuel, Niravkumar Dhameliya, Bhavik Patel, and Sunil Kumar Reddy Anumandla. "Al-
enhanced cryptocurrency trading algorithm for optimal investment strategies." Asian Accounting and
Auditing Advancement 9, no. 1 (2018): 101-114.

35.Krause, David. "The Rise and Fall of Bitcoin as Legal Tender: An Analysis of El Salvador's
Experiment." Available at SSRN 5164544 (2025).



240

36.Krishnan, Lakshmi Priya, Iman Vakilinia, Sandeep Reddivari, and Sanjay Ahuja. "Scams and solutions
in cryptocurrencies—A survey analyzing existing machine learning models." Information 14, no. 3 (2023):
171.

37.LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep learning." nature 521, no. 7553 (2015): 436-
444,

38.Li, Silu, John M. Mulvey, and Frank J. Fabozzi. "Smart Trading Rule: A Modular Machine Learning
Framework for Portfolio Optimization with Transaction Costs." Journal of Financial Data Science §, no. 2
(2026): 145.

39.Liu, Ruimin, Shuihan Yi, Arman Ablikim, and Xiaonan Song. "A MF-ConvLSTM-XAI model
integrating multi-feature and fuzzy control for financial time series forecasting." Scientific Reports (2025).

40.Malhotra, R., Malhotra, D. K., & Malhotra, K. (2024). Predicting Credit Outlook of Banking and
Nonbanking Finance Companies: A Comparative Analysis of Machine Learning Models. Journal of
Financial Data Science, 6(3).

41.McCarthy, John, Marvin L. Minsky, Nathaniel Rochester, and Claude E. Shannon. "A proposal for the

dartmouth summer research project on artificial intelligence, august 31, 1955." Al magazine 27, no. 4
(2006): 12-12.

42 Mclntyre, Sean, and Jim Kyung-Soo Liew. "Introducing an Al-Assisted Cost—Benefit-ROI Model for
US Al Use Cases." Journal of Financial Data Science 7, no. 2 (2025).

43.Nakamoto, Satoshi. "Bitcoin: A peer-to-peer electronic cash system." (2008).

44 Nawari, Nawari O., and Shriraam Ravindran. "Blockchain and the built environment: Potentials and
limitations." Journal of Building Engineering 25 (2019): 100832.

45.Paskaleva, Mariya. "Artificial intelligence-based model-a key technique in digital economy
development for cryptocurrency price prediction." Int. J. Inf. Technol. Secur 17 (2025): 83-94.

46.Pirayesh, Hossein, and Jose M. Sallan. "Advancements in Al for Predicting Price Movements: An In-
Depth Literature Survey." Journal of Financial Data Science 6, no. 4 (2024).

47 Putranti, Ika Riswanti, and Muhammad Faiq Adi Pratomo. "Integrating Artificial Intelligence into
goAML by Indonesia’s FIU: A Transnational Legal Process Approach to Combatting Terrorist Financing
via Cryptocurrency Crowdfunding." In EPIA Conference on Artificial Intelligence, pp. 108-120. Cham:
Springer Nature Switzerland, 2025.

48.Ragab, Mahmoud. "An empirical evaluation of fuzzy bidirectional long short-term memory with soft
computing based decision-making model for predicting volatility of cryptocurrencies." Scientific
Reports 15, no. 1 (2025): 8592.

49.Rasekhschaffe, Keywan Christian, and Robert C. Jones. "Machine learning for stock
selection." Financial Analysts Journal 75, no. 3 (2019): 70-88.

50.Rodriguez Valencia, Leslie, Maicol Jesis Ochoa Arellano, Santos Andrés Gutiérrez Figueroa, Carlos
Mur Nuifio, Borja Monsalve Piqueras, Ana del Valle Corrales Paredes, Sergio Bemposta Rosende, José
Manuel Lopez Lopez, Enrique Puertas Sanz, and Asaf Levi Alfaroviz. "A systematic review of artificial
intelligence applied to compliance: Fraud detection in cryptocurrency transactions." Journal of Risk and
Financial Management 18, no. 11 (2025): 612.



241

51.Sabry, Farida, Wadha Labda, Aiman Erbad, and Qutaibah Malluhi. "Cryptocurrencies and artificial
intelligence: Challenges and opportunities." /EEe Access 8 (2020): 175840-175858.

52.Saxena, Shivangi, Harjot Singh, Manmohan Prashar, and Mukesh Mishra. "Cost-Benefit Analysis of Al-
Driven Learning Systems: Long-Term Financial and Educational Impacts." In 2025 4th OPJU International
Technology Conference (OTCON) on Smart Computing for Innovation and Advancement in Industry 5.0,
pp- 1-7. IEEE, 2025.

53.Seabe, Phumudzo Lloyd, Claude Rodrigue Bambe Moutsinga, and Edson Pindza. "Forecasting
cryptocurrency prices using LSTM, GRU, and bi-directional LSTM: a deep learning approach." Fractal
and Fractional 7, no. 2 (2023): 203.

54.Shastry, K. Aditya. "Machine Learning-Based Framework for Intraday Stock Price Movement
Prediction Using Open Prices and Historical Data." Journal of Financial Data Science 6, no. 4 (2024).

55.Sulochana, Gajasin Gamage Damith, and Dilshan Indraraj De Silva. "Blockchain—Al-Geolocation
Integrated Architecture for Mobile Identity and OTP Verification." Future Internet 17, no. 12 (2025): 534.

56.Szabo, Nick. "Smart contracts: building blocks for digital markets." EXTROPY: The Journal of
Transhumanist Thought 18, no. 2 (1996): 28.

57.Tairov, Iskren, and Nadezhda Stefanova. "Cryptocurrencies Collapse—Analysis of Artificial Intelligence
Applications for Countering Coin Value Fluctuations in the Crypto Market" TEM Journal 13, no. 3 (2024).

58.Thomson, Alan D. "Enhancing Portfolio Efficiency: A Machine Learning Approach to Regime
Classification." Journal of Financial Data Science 7, no. 2 (2025).

59.Tierno. Cryptocurrency: Selected Policy Issues. 2023.

60.Tulkinbekov, Khikmatullo, and Deok-Hwan Kim. "Doctrina: Blockchain 5.0 for Artificial
Intelligence." Applied Sciences 15, no. 10 (2025): 5602.

61.Usman, Salawudeen Olalekan. "Al-Driven Fraud Detection in Decentralized Finance (DeFi) and
Cryptocurrency Transactions."

62.Whittaker, Meredith, Kate Crawford, Roel Dobbe, Genevieve Fried, Elizabeth Kaziunas, Varoon
Mathur, Sarah Mysers West, Rashida Richardson, Jason Schultz, and Oscar Schwartz. Al now report 2018.
2018.

63.Yahia, Achraf, Yassine Mouhssine, Abdelkader El Alaoui, and Said Ouatik El Alaoui. "Exploring the
role of Artificial Intelligence in Cryptocurrency Evolution: A Systematic Review and Bibliometric Analysis
at the Intersection." Journal of the Knowledge Economy (2025): 1-48.

64.Yiying, Wang, and Zang Yeze. "Cryptocurrency price analysis with artificial intelligence." In 2019 5th
international conference on information management (ICIM), pp. 97-101. IEEE, 2019.

65.Zhang, Lingyue, Zongyang Zhang, Tianyu Li, and Shancheng Zhang. "A consensus-based solution for
cryptocurrencies arbitrage bots in intelligent blockchain." Digital Communications and Networks 11, no. 3
(2025): 700-710.

66.Zhang, Wengang, Hongrui Li, Yongqin Li, Hanlong Liu, Yumin Chen, and Xuanming Ding.
"Application of deep learning algorithms in geotechnical engineering: a short critical review." Artificial
Intelligence Review 54, no. 8 (2021): 5633-5673.



