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ABSTRACT: The rapid evolution of cryptocurrency markets has introduced unprecedented opportunities alongside
significant risks, including fraud, extreme volatility, and lack of regulatory oversight. Traditional analytical techniques
often fail to capture the dynamic and complex nature of blockchain-based financial ecosystems. This study proposes an
intelligent crypto market analysis framework leveraging generative models to enhance fraud detection, volatility
forecasting, and blockchain analytics. Generative models, such as Generative Adversarial Networks (GANs) and
transformer-based architectures, enable the synthesis of realistic market patterns and anomaly detection through
unsupervised learning. The framework integrates on-chain transaction data, off-chain market signals, and sentiment
analysis to provide a holistic understanding of crypto market behavior. Fraud detection is enhanced through anomaly
detection in transaction graphs, while volatility forecasting is improved using sequence modeling of price trends and
macroeconomic indicators. Additionally, blockchain analytics enables the identification of suspicious wallet clusters
and transaction flows. Experimental results demonstrate that the proposed approach outperforms traditional statistical
and machine learning models in accuracy, adaptability, and scalability. This research contributes to the development of
more secure and predictive crypto ecosystems, aiding investors, regulators, and financial institutions in decision-
making processes.
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I. INTRODUCTION

Cryptocurrency markets have emerged as one of the most transformative innovations in modern finance, driven by
decentralized technologies and the underlying blockchain infrastructure. Unlike traditional financial systems,
cryptocurrencies operate in a decentralized, peer-to-peer environment without centralized authorities such as banks or
governments. This decentralization offers numerous advantages, including transparency, reduced transaction costs, and
financial inclusion. However, it also introduces substantial challenges, such as susceptibility to fraud, high market
volatility, and the absence of standardized regulatory frameworks.

Over the past decade, the market capitalization of cryptocurrencies has grown exponentially, with thousands of digital
assets being traded globally. Despite this growth, the crypto market remains highly unpredictable and speculative. Price
fluctuations are often influenced by a wide range of factors, including investor sentiment, regulatory announcements,
macroeconomic trends, and technological developments. Traditional financial models, which rely heavily on
assumptions of market efficiency and normal distribution of returns, struggle to accurately capture the nonlinear and
chaotic nature of cryptocurrency price movements.

One of the most pressing concerns in cryptocurrency ecosystems is fraud. Due to pseudonymity and lack of strict
regulatory oversight, malicious actors exploit vulnerabilities to conduct activities such as Ponzi schemes, phishing
attacks, rug pulls, and money laundering. Detecting such fraudulent activities in real time is challenging due to the vast
volume of transactions and the complex network structures within blockchain systems. Conventional rule-based
systems and supervised learning models often fail to detect novel fraud patterns, as they rely on predefined rules or
labeled datasets that may not generalize well to new attack strategies.
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Another critical issue is volatility. Cryptocurrency prices are notoriously volatile, often experiencing drastic
fluctuations within short timeframes. This volatility poses risks for investors and limits the adoption of cryptocurrencies
as stable financial instruments. Accurate volatility forecasting is essential for portfolio management, risk assessment,
and algorithmic trading. However, traditional econometric models such as GARCH or ARIMA are limited in their
ability to model long-term dependencies and nonlinear relationships inherent in crypto market data.

Blockchain analytics plays a vital role in understanding the underlying structure and dynamics of cryptocurrency
networks. By analyzing transaction data, wallet interactions, and smart contract activities, researchers can uncover
patterns related to user behavior, network growth, and potential anomalies. However, the sheer scale and complexity of
blockchain data present significant computational and analytical challenges.

In recent years, advances in artificial intelligence, particularly in generative models, have opened new possibilities for
addressing these challenges. Generative models, including Generative Adversarial Networks (GANSs), Variational
Autoencoders (VAEs), and transformer-based architectures, have demonstrated remarkable capabilities in learning
complex data distributions and generating realistic synthetic data. These models can capture intricate patterns in time
series, graph structures, and high-dimensional datasets, making them well-suited for crypto market analysis.

This research explores the integration of generative models into a unified framework for intelligent crypto market
analysis. By combining fraud detection, volatility forecasting, and blockchain analytics, the proposed approach aims to
provide a comprehensive solution for understanding and managing risks in cryptocurrency markets. Generative models
enable the identification of anomalies by learning normal transaction patterns and detecting deviations. They also
improve forecasting accuracy by modeling nonlinear dependencies and capturing temporal dynamics.

Furthermore, the integration of on-chain and off-chain data sources enhances the robustness of the analysis. On-chain
data includes transaction histories, wallet addresses, and smart contract interactions, while off-chain data encompasses
market prices, trading volumes, news articles, and social media sentiment. By combining these diverse data sources, the
proposed framework achieves a more holistic view of the crypto ecosystem.

The significance of this research lies in its potential to improve decision-making for various stakeholders. Investors can
benefit from more accurate risk assessments and predictive insights, while regulators can enhance their ability to
monitor and prevent illicit activities. Financial institutions can leverage these techniques to develop innovative products
and services in the rapidly evolving crypto landscape.

In conclusion, the integration of generative models into crypto market analysis represents a promising direction for
addressing the limitations of traditional approaches. By leveraging advanced Al techniques, this research aims to
enhance fraud detection, improve volatility forecasting, and provide deeper insights into blockchain networks,
ultimately contributing to the development of safer and more efficient cryptocurrency markets.

Il. LITERATURE REVIEW

The study of cryptocurrency markets has gained significant attention in recent years, with researchers exploring various
approaches to address challenges such as volatility prediction, fraud detection, and blockchain analytics. Early research
primarily focused on traditional statistical models such as Autoregressive Integrated Moving Average (ARIMA) and
Generalized Autoregressive Conditional Heteroskedasticity (GARCH) for price prediction and volatility estimation.
While these models provided a foundation for time series analysis, they were limited in capturing nonlinear patterns
and complex dependencies present in cryptocurrency data.

With the advancement of machine learning, researchers began adopting supervised learning techniques, including
Support Vector Machines (SVM), Random Forests, and Gradient Boosting models. These methods improved predictive
accuracy by leveraging feature engineering and historical data. However, they required labeled datasets, which are
often scarce or unreliable in the context of fraud detection in crypto markets.

Deep learning approaches further enhanced the capability of predictive models. Recurrent Neural Networks (RNNSs),

particularly Long Short-Term Memory (LSTM) networks, were widely used for time series forecasting due to their
ability to capture temporal dependencies. Convolutional Neural Networks (CNNs) were also applied to extract spatial
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features from transformed financial data. Despite their success, these models still faced challenges in handling noisy
data and adapting to rapidly changing market conditions.

Generative models have emerged as a powerful alternative for modeling complex data distributions. Generative
Adversarial Networks (GANS), introduced as a framework consisting of a generator and a discriminator, have been
applied to financial time series generation and anomaly detection. GAN-based models can simulate realistic market
scenarios and identify unusual patterns indicative of fraudulent activities. Variational Autoencoders (VAESs) have also
been used for anomaly detection by learning latent representations of normal transaction behavior.

In the domain of fraud detection, graph-based approaches have gained prominence due to the network structure of
blockchain transactions. Techniques such as graph neural networks (GNNs) and community detection algorithms have
been employed to identify suspicious clusters of addresses. However, these methods often require extensive
computational resources and may struggle with scalability.

Blockchain analytics has also been explored through clustering techniques, heuristic methods, and statistical analysis.
Researchers have developed tools to trace transaction flows, identify mixing services, and detect illicit activities.
However, these methods often rely on predefined heuristics, which may not generalize well to new types of fraud.

Recent studies have emphasized the importance of integrating multiple data sources, including on-chain and off-chain
data. Sentiment analysis of social media platforms has been used to predict market trends, while macroeconomic
indicators have been incorporated into forecasting models. Transformer-based architectures, known for their attention
mechanisms, have shown promise in capturing long-range dependencies in sequential data.

Despite these advancements, there remains a gap in developing unified frameworks that integrate fraud detection,
volatility forecasting, and blockchain analytics using generative models. Most existing studies focus on individual
components rather than a holistic approach. This research aims to bridge this gap by proposing an integrated framework
that leverages the strengths of generative models across multiple domains.

I1l. RESEARCH METHODOLOGY

The research methodology for this study is designed to develop an integrated framework that leverages generative
models for intelligent crypto market analysis. The methodology is structured into multiple interconnected phases, each
addressing a specific component of the system while contributing to the overall objective.

The first phase involves data collection and preprocessing, where both on-chain and off-chain data sources are
gathered. On-chain data includes blockchain transaction records, wallet addresses, smart contract interactions, and
token transfer histories. Off-chain data consists of market prices, trading volumes, news sentiment, and social media
activity. Data preprocessing involves cleaning, normalization, feature extraction, and transformation into suitable
formats for model training. Time series alignment and handling of missing values are also critical steps in this phase.

The second phase focuses on feature engineering, where relevant features are extracted from raw data. For fraud
detection, features include transaction frequency, wallet connectivity, transaction value distributions, and graph-based
metrics such as centrality and clustering coefficients. For volatility forecasting, features include historical prices,
moving averages, technical indicators, and sentiment scores. These features are used to enhance the performance of
generative models.
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The third phase involves the design and implementation of generative models. GANs are used to model the distribution
of normal transaction patterns and generate synthetic data for anomaly detection. The generator learns to produce
realistic transaction sequences, while the discriminator distinguishes between real and synthetic data. VAEs are used to
learn latent representations of transaction data, enabling the detection of anomalies based on reconstruction errors.
Transformer-based models are employed for time series forecasting, capturing long-term dependencies and complex
temporal patterns.

The fourth phase addresses fraud detection through anomaly detection techniques. The trained generative models are
used to identify deviations from normal behavior in transaction data. Suspicious activities are flagged based on
anomaly scores, and clustering techniques are applied to group related fraudulent transactions. Graph analysis is
integrated to visualize and interpret transaction networks.

The fifth phase focuses on volatility forecasting. Transformer-based models and GAN-generated scenarios are used to
predict future price movements and volatility levels. Ensemble techniques are employed to combine predictions from
multiple models, improving accuracy and robustness. Model evaluation is conducted using metrics such as Mean
Squared Error (MSE), Mean Absolute Error (MAE), and directional accuracy.

The sixth phase involves blockchain analytics, where transaction data is analyzed to identify patterns and trends.
Clustering algorithms are used to group wallet addresses, while network analysis techniques reveal relationships
between entities. Visualization tools are employed to represent transaction flows and highlight suspicious activities.

The seventh phase integrates all components into a unified framework. The system combines fraud detection, volatility
forecasting, and blockchain analytics to provide comprehensive insights. A dashboard interface is developed to present
results in a user-friendly manner, enabling real-time monitoring and decision-making.

The eighth phase involves model validation and testing. The framework is evaluated using historical data and real-

world case studies. Performance is compared with baseline models to demonstrate improvements in accuracy and
efficiency. Sensitivity analysis is conducted to assess the impact of different parameters on model performance.

IJRPETM®©2023 |  AnISO 9001:2008 Certified Journal | 9824



http://www.ijrpetm.com/
mailto:editor@ijrpetm.com
https://www.leewayhertz.com/generative-ai-in-finance-and-banking/
https://www.leewayhertz.com/generative-ai-in-finance-and-banking/

International Journal of Research Publications in Engineering, Technology and Management (IJRPETM)

|www.ijrpetm.com | ISSN: 2454-7875 | editor@ijrpetm.com |A Bimonthly, Peer Reviewed & Scholarly Journal|

||Volume 6, Issue 6, November - December 2023||

DOI:10.15662/IJRPETM.2023.0606024

The final phase addresses scalability and deployment. The system is optimized for large-scale data processing using
distributed computing techniques. Cloud-based deployment ensures accessibility and real-time performance. Security
measures are implemented to protect sensitive data and prevent unauthorized access.

Advantages

Enhances fraud detection through advanced anomaly detection techniques
Improves volatility forecasting accuracy using generative models
Integrates multiple data sources for comprehensive analysis

Scalable and adaptable to evolving market conditions

Supports real-time monitoring and decision-making

Reduces reliance on labeled datasets through unsupervised learning
Provides deeper insights into blockchain transaction networks

Disadvantages

High computational complexity and resource requirements
Requires large volumes of high-quality data

Model interpretability can be challenging

Risk of overfitting in complex generative models
Dependence on data quality and preprocessing accuracy
Implementation complexity and technical expertise required
Potential ethical concerns in misuse of predictive insights

IV. RESULTS AND DISCUSSION

The implementation of an intelligent crypto market analysis framework using generative models yielded multifaceted
results across three core domains: fraud detection, volatility forecasting, and blockchain analytics. The integration of
these components into a unified architecture allowed for a more holistic understanding of cryptocurrency ecosystems,
demonstrating clear advantages over traditional analytical approaches that treat these domains in isolation. The results
not only highlight improvements in predictive performance but also reveal deeper insights into the structural and
behavioral dynamics of digital asset markets.

In the domain of fraud detection, the use of generative models—particularly Generative Adversarial Networks (GANS)
and Variational Autoencoders (VAEs)—proved highly effective in identifying anomalous transaction patterns. Unlike
rule-based or supervised learning systems that rely heavily on labeled datasets, generative models excelled in learning
the underlying distribution of legitimate transactions. By generating synthetic yet realistic transaction data, the models
established a robust baseline of “normal” behavior. Deviations from this baseline were flagged as potential fraud. This
approach significantly improved detection rates, particularly for previously unseen attack vectors such as flash loan
exploits, rug pulls, and complex layering schemes used in money laundering.

Quantitatively, the fraud detection module demonstrated an increase in precision and recall compared to benchmark
machine learning classifiers such as Random Forests and Support Vector Machines. The false positive rate was notably
reduced, which is critical in financial systems where unnecessary alerts can lead to operational inefficiencies and loss
of user trust. Moreover, the system exhibited strong adaptability, continuously updating its understanding of transaction
patterns as new data flowed through the blockchain. This dynamic learning capability is particularly important in the
rapidly evolving cryptocurrency landscape, where malicious actors frequently change tactics to evade detection.

Another important observation was the interpretability of fraud signals generated by the model. While generative
models are often criticized for being black-box systems, the integration of attention mechanisms and latent space
visualization techniques enabled partial interpretability. Analysts were able to trace anomalies back to specific
transaction features such as unusual token transfer sequences, abnormal wallet clustering behavior, or irregular timing
patterns. This not only improved trust in the system but also facilitated regulatory compliance by providing explainable
insights into flagged activities.

In the context of volatility forecasting, generative models demonstrated superior performance in capturing the complex,
nonlinear, and highly stochastic nature of cryptocurrency price movements. Traditional time-series models such as
ARIMA and GARCH often struggle with the extreme volatility and regime shifts characteristic of crypto markets. By
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contrast, generative models—particularly those based on recurrent neural networks (RNNs) and transformer
architectures—were able to model temporal dependencies and generate plausible future price trajectories.

The volatility forecasting module utilized a hybrid generative approach, combining sequence modeling with
probabilistic sampling. This allowed the system to produce not just point forecasts but entire distributions of possible
future prices. As a result, traders and risk managers gained access to richer information, including confidence intervals
and tail risk estimates. The model’s predictions were evaluated using metrics such as Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and log-likelihood scores. Across all metrics, the generative approach outperformed
baseline models, particularly during periods of high market turbulence.

A key strength of the model was its ability to incorporate exogenous variables, including macroeconomic indicators,
social media sentiment, and on-chain activity metrics. By embedding these diverse data sources into the generative
framework, the model captured a more comprehensive picture of market dynamics. For instance, sudden spikes in
social media activity combined with increased on-chain transaction volume often preceded significant price
movements. The model effectively learned these correlations, enhancing its predictive accuracy.

The discussion of volatility forecasting also revealed certain limitations. While the model performed well under most
conditions, its accuracy diminished during extreme black swan events, such as sudden regulatory announcements or
large-scale exchange failures. These events introduce discontinuities that are inherently difficult to predict using
historical data alone. Nevertheless, the probabilistic nature of the generative model still provided valuable risk
estimates, even when precise predictions were not possible.

Blockchain analytics formed the third pillar of the framework, focusing on the extraction of meaningful insights from
on-chain data. The integration of generative models enabled advanced pattern recognition and clustering capabilities,
facilitating the identification of wallet behaviors, network structures, and transaction flows. One notable achievement
was the ability to detect hidden relationships between seemingly unrelated wallet addresses. By analyzing latent
representations of transaction graphs, the model uncovered clusters of wallets likely controlled by the same entity, a
technique particularly useful in tracking illicit activities.

The analytics module also provided valuable insights into market microstructure. For example, it identified patterns of
whale activity—Ilarge transactions that can significantly influence market prices. By correlating these patterns with
price movements, the system offered early warning signals for potential market manipulation. Additionally, the model
analyzed liquidity flows across decentralized exchanges, revealing trends in token adoption and capital migration.

An important aspect of blockchain analytics was scalability. Given the fa=ITe size of blockchain datasets, efficient data
processing is critical. The use of distributed computing and optimized data pipelines ensured that the generative models
could handle large-scale data without significant performance degradation. This scalability is essential for real-world
deployment, where systems must process millions of transactions in near real-time.

The integration of fraud detection, volatility forecasting, and blockchain analytics into a single framework yielded
synergistic benefits. For instance, anomalies detected in transaction data often correlated with increased market
volatility, suggesting a link between fraudulent activities and price instability. Similarly, insights from blockchain
analytics informed the volatility forecasting model, improving its accuracy. This interconnected approach underscores
the importance of holistic analysis in understanding complex financial systems.

From a practical perspective, the framework demonstrated strong potential for real-world applications. Financial
institutions, cryptocurrency exchanges, and regulatory bodies can leverage this system to enhance risk management,
improve compliance, and gain competitive advantages. The ability to detect fraud in real time, predict market
movements, and analyze blockchain data provides a powerful toolkit for navigating the crypto ecosystem.

However, several challenges remain. Data quality and availability continue to be significant issues, particularly for off-
chain data such as social media sentiment. Additionally, the computational complexity of generative models can be a
barrier to adoption, requiring significant hardware resources and expertise. Ethical considerations, including data
privacy and the potential misuse of predictive models, must also be addressed.
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In conclusion, the results demonstrate that generative models offer a powerful and versatile approach to crypto market
analysis. By integrating fraud detection, volatility forecasting, and blockchain analytics, the proposed framework
provides a comprehensive solution that outperforms traditional methods. The findings highlight the potential of
generative Al to transform financial analytics, paving the way for more intelligent, adaptive, and secure systems.

V. CONCLUSION

The exploration of intelligent crypto market analysis through generative models reveals a transformative shift in how
digital financial ecosystems can be understood, monitored, and predicted. By integrating fraud detection, volatility
forecasting, and blockchain analytics into a unified framework, this study demonstrates the significant advantages of
leveraging generative artificial intelligence in addressing the inherent complexities of cryptocurrency markets. The
findings not only validate the effectiveness of these models but also highlight their potential to redefine analytical
paradigms in decentralized finance.

One of the most important conclusions drawn from this work is the superiority of generative models in handling the
dynamic and nonlinear nature of crypto markets. Unlike traditional statistical and machine learning approaches,
generative models are capable of learning deep representations of data distributions, enabling them to capture subtle
patterns and relationships that would otherwise remain undetected. This capability is particularly crucial in the context
of cryptocurrencies, where market behavior is influenced by a wide range of factors, including technological
developments, investor sentiment, regulatory changes, and macroeconomic conditions.

In fraud detection, the adoption of generative techniques marks a significant advancement over conventional methods.
The ability to model normal transaction behavior and detect deviations in an unsupervised or semi-supervised manner
addresses one of the key challenges in this domain: the scarcity of labeled fraud data. As malicious actors continuously
evolve their strategies, static rule-based systems quickly become obsolete. In contrast, generative models provide a
dynamic and adaptive solution, capable of identifying emerging threats with greater accuracy and efficiency. This not
only enhances security but also contributes to building trust in cryptocurrency platforms.

The insights gained from volatility forecasting further reinforce the value of generative models. By moving beyond
point estimates and embracing probabilistic predictions, these models offer a more comprehensive understanding of
market risk. The ability to generate multiple potential future scenarios allows stakeholders to make informed decisions
under uncertainty, a critical requirement in highly volatile environments. This approach aligns well with modern risk
management practices, which emphasize the importance of scenario analysis and stress testing.

Blockchain analytics, as the third component of the framework, plays a pivotal role in contextualizing both fraud
detection and volatility forecasting. The transparency and immutability of blockchain data provide a rich source of
information, but extracting meaningful insights from this data requires advanced analytical techniques. Generative
models excel in this regard, enabling the identification of complex patterns, hidden relationships, and emerging trends.
This capability is particularly valuable for regulatory bodies and law enforcement agencies, as it facilitates the tracking
of illicit activities and enhances the overall integrity of the financial system.

Another key conclusion is the importance of integration. While each component of the framework—fraud detection,
volatility forecasting, and blockchain analytics—offers significant benefits on its own, their combined application
creates a more powerful and cohesive system. The interactions between these components enable a deeper
understanding of market dynamics, revealing connections that would be difficult to identify in isolation. For example,
the correlation between anomalous transaction activity and market volatility underscores the interconnected nature of
these phenomena.

Despite these advantages, the study also highlights several challenges that must be addressed to fully realize the
potential of generative models in crypto market analysis. Computational complexity remains a significant concern, as
training and deploying these models require substantial resources. This may limit their accessibility, particularly for
smaller organizations. Additionally, the quality and diversity of input data play a critical role in model performance.
Ensuring access to reliable and comprehensive datasets is therefore essential.

Ethical considerations also emerge as an important aspect of this work. The use of advanced analytical tools raises
questions about data privacy, surveillance, and the potential misuse of predictive capabilities. It is crucial to establish
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clear guidelines and regulatory frameworks to ensure that these technologies are used responsibly and transparently.
Balancing innovation with ethical considerations will be key to fostering sustainable growth in the crypto ecosystem.

Furthermore, the study underscores the need for interpretability in Al-driven systems. While generative models offer
powerful predictive capabilities, their complexity can make them difficult to understand and trust. Enhancing model
transparency through techniques such as explainable Al will be essential for gaining user confidence and facilitating
regulatory compliance. This is particularly important in financial applications, where decisions can have significant
economic consequences.

In summary, this work demonstrates that generative models represent a promising and effective approach to crypto
market analysis. By addressing key challenges in fraud detection, volatility forecasting, and blockchain analytics, these
models provide a comprehensive solution for navigating the complexities of digital financial systems. The integration
of these components further enhances their effectiveness, offering a holistic perspective that is essential for informed
decision-making.

The implications of this research extend beyond the cryptocurrency domain. The methodologies and insights developed
in this study can be applied to other areas of finance and data analytics, highlighting the broader potential of generative
Al. As technology continues to evolve, it is likely that these models will play an increasingly important role in shaping
the future of financial systems.

Ultimately, the successful application of generative models in crypto market analysis represents a significant step
forward in the quest for more intelligent, adaptive, and secure financial technologies. By leveraging the strengths of
these models and addressing their limitations, it is possible to build systems that not only enhance market efficiency but
also promote transparency, trust, and stability in the rapidly evolving world of cryptocurrencies.

VI. FUTURE WORK

Future research in intelligent crypto market analysis using generative models can expand in several promising
directions to further enhance performance, scalability, and real-world applicability. One important area of focus is the
development of more efficient and lightweight generative architectures. Current models, while powerful, often require
substantial computational resources, which can limit their deployment in real-time or resource-constrained
environments. Exploring techniques such as model compression, knowledge distillation, and edge-based inference
could make these systems more accessible and practical.

Another key direction involves improving the robustness of models under extreme market conditions. Black swan
events and sudden regulatory changes continue to pose significant challenges for predictive systems. Future work could
incorporate reinforcement learning and adaptive mechanisms that allow models to quickly adjust to new regimes.
Additionally, integrating alternative data sources such as news feeds, geopolitical indicators, and global economic
signals may improve the model’s ability to anticipate abrupt market shifts.

Advancements in explainable Al (XAI) will also play a crucial role in future developments. Enhancing the
interpretability of generative models will make them more transparent and trustworthy, particularly for regulatory and
financial institutions. Techniques that provide clear explanations for predictions and anomaly detections can bridge the
gap between complex Al systems and human decision-makers.

Another promising avenue is the integration of cross-chain analytics. As the blockchain ecosystem becomes
increasingly interconnected, analyzing data across multiple chains will provide a more comprehensive understanding of
market behavior. Future models could incorporate multi-chain data to detect arbitrage opportunities, track asset flows,
and identify coordinated fraudulent activities spanning different platforms.

Privacy-preserving machine learning is also an important area for future exploration. Techniques such as federated
learning and differential privacy can enable collaborative model training without compromising sensitive data. This is
particularly relevant in the financial domain, where data confidentiality is critical.

Finally, the development of standardized benchmarks and evaluation frameworks will be essential for advancing
research in this field. Establishing common datasets and performance metrics will facilitate more meaningful
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comparisons between models and accelerate innovation. By addressing these areas, future work can build on the
foundations established in this study, driving the continued evolution of intelligent crypto market analysis systems.
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