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Abstract: This research investigates the role of feature engineering in the analysis and prediction of cryptocurrency markets by 

employing Yamanaka factors. Through the integration of data preprocessing, engineered feature extraction, and clustering 

methodologies, the study evaluates the influence of these features on market insights and predictive models. Historical cryptocurrency 

data from Yfinance has been analyzed, with K-Means clustering applied on both (with and without) the inclusion of Yamanaka factors. 

Performance assessment has been done using the Silhouette Score and the Davies–Bouldin Index. Furthermore, the study also 

investigates how engineered features enhance the precision and robustness of cryptocurrency price prediction models. A significant 

enhancement in clustering and predictive performance was observed upon the application of feature engineering, Which, enabled 

constructive insights for investment strategies and risk management. This research also highlights the benefit of feature engineering 

in refining analytical and predictive models within cryptocurrency markets. 
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__________________________________________________________________________________________________________ 

Introduction: 

The sustained high impact growth of the cryptocurrency market 

can be owed to the increasing usage of machine learning (ML) 

techniques for market analysis, price prediction, and risk 

assessment. Feature engineering can be regarded as a highly 

detailed process that may include selection, transformation, and 

construction of meaningful variables aimed at improving model 

outcomes (Chong et al., 2017). Many financial factors may 

remain untouched, because of the inherent volatility and 

multifaceted nature of digital assets. Subsequently, researchers 

have been focusing on the application of the concept of 

Yamanaka Factors (Oct4, Sox2, Klf4, and c-Myc), a market 

driven metrics, for their potential utility in cryptocurrency 

trading (Yamanaka & Shimizu, 2020). Ré et al. (2014) not only 

tried extracting meaningful patterns from raw data to create 

comprehensive and reliable knowledge repositories using 

constructing knowledge bases but also portrayed key challenges 

and potential solutions in feature engineering for knowledge 

bases. Raw market data is often known to lack structured 

patterns that generate effective predictive analytics. Feature 

engineering acts as a reconstruction agent that can recreate 

patterns for predictive analytics. Technical indicators such as 

moving averages, the relative strength index (RSI), and 

Bollinger Bands are commonly used in traditional markets to 

generate actionable insights (Chong et al., 2017). 

Cryptocurrency markets are known to be associated with 

additional factors, including market sentiment, blockchain 

analytics, and liquidity dynamics—exert a profound influence 

on price movements. A novel approach with the integration of 

momentum-based and liquidity-driven indicators was one of the 

earliest applications of Yamanaka factors for equity markets 

(Yamanaka & Shimizu, 2020).   

The future of human activity recognition (HAR) by juxtaposing 

deep learning techniques with traditional feature engineering 

methods was explored, where domain-specific feature extraction 

was compared with unsupervised feature learning in deep neural 

networks for applications (Kanjilal and Uysal ,2021). Research 

findings based on evaluation of 64 different learning 

representations, classifiers, and datasets indicate the 

competitiveness of feature engineering as compared to deep 

learning models particularly for large datasets. Another study 

critically evaluated the effectiveness of Yamanaka factors in 

cryptocurrency market analysis by synthesizing them into ML 

models.  Zheng and Casari (2018), offered a comprehensive 

investigation of the role of feature engineering in the machine 

learning pipeline focused on practical methodologies for 

extracting and transforming numeric feature representations of 

raw data that with suitable formats for ML models. 

 

Literature review 

1.1 Feature engineering 

The studies reviewed collectively underscore the critical role of 

feature engineering and advanced data processing techniques in 

enhancing the performance of machine learning models across 

diverse domains. Khare et al. (2023) provide a systematic review 

of data fusion techniques for the automated detection of 

developmental and mental disorders in children, covering nine 

major disorders and emphasizing the importance of signal 

analysis, feature engineering, and decision-making models. 

Similarly, Mahajan et al. (2023) evaluate ensemble learning 

methods for disease prediction, finding that stacking achieves 

the highest accuracy, followed by voting, bagging, and boosting. 

These studies highlight the transformative potential of 

integrating multiple data sources and advanced learning 

techniques to improve diagnostic accuracy in healthcare. 
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Many studies underscore the impact of feature engineering and 

other advanced data processing techniques across various 

domains. A systematic review of literature by Khare et al. (2023) 

discovered signal analysis, feature engineering, and decision-

making models for the automatic detection of developmental 

and mental disorders in children, covering nine major disorders.  

Similarly, Ensemble learning methods were critically used for 

disease prediction with stacking method followed by voting, 

bagging, and boosting (Mahajan et al. ,2023). These studies 

highlight the transformative potential of integrating multiple 

data sources and advanced learning techniques to improve 

diagnostic accuracy in healthcare. Feature engineering has 

emerged as a central theme across many studies, with 

researchers mostly supporting its prioritization for enhanced 

model performance. Verdonck et al. (2024) and Heaton (2016) 

laid emphasis on the aspects of feature design and data quality, 

citing empirical evidence for feature selection and 

transformation. Cognito, an automated feature engineering 

system that iteratively improves feature construction, signifying 

its efficacy on real-world datasets, was introduced by Khurana 

et al. (2016). Kuhn and Johnson (2019) further provided 

evidence on practical applications of feature engineering and 

selection strategies. These works collectively promoted the 

efficacy of feature engineering as an important step to enhance 

other novel algorithms. 

The integration of deep learning into feature engineering has 

been a matter of continuous focus in many studies with results 

proving the superiority of feature engineering in extraction and 

automation. Fan et al. (2019) and Long et al. (2019) identified 

deep learning based approaches for energy prediction and stock 

price movements, that showed significant improvements using 

feature engineering method.  Seide et al. (2011) explored the 

application of feature engineering that inherently learns complex 

structure in speech recognition. Additionally, Galli (2024) 

discovered the usage of python programming for feature 

engineering covering advanced tools and real-world 

applications. These studies collectively highlight the evolving 

landscape of feature engineering, where deep learning and 

automation are increasingly pivotal in achieving state-of-the-art 

predictive performance across various fields. 

 

1.2 Cryptocurrency volatility  

Cryptocurrency markets are mostly characterized by volatility 

patterns influenced by a combination of macroeconomic factors, 

financial market dynamics, and internal market mechanisms. 

Much research has intensively being engaged on disentangling 

these influences by means of advanced econometric models, 

focusing on both the transmission of volatility and the 

development of predictive frameworks. Studies such as those by 

Yen and Cheng (2021) and Conrad, Custovic, and Ghysels 

(2018) highlight the significant impact of external 

macroeconomic factors, such as economic policy uncertainty 

(EPU) and global economic activity, on cryptocurrency 

volatility. A higher EPU intensifies volatility during periods of 

market stress (Yen and Cheng,2021), while a nuanced 

relationship may exist between Bitcoin’s volatility and 

traditional financial markets, such as the S&P 500 (Conrad et al., 

2018). These findings reveal the sensitivity of cryptocurrencies 

to broader economic forces, despite their decentralized nature, 

and advocate that macroeconomic indicators actually play a 

pivotal role in shaping their volatility. The relationship between 

cryptocurrencies and traditional financial markets in their own 

ecosystem has been another vital domain of investigation. High 

volatility spillovers between cryptocurrencies and major 

financial markets challenged the notion of cryptocurrencies as 

isolated assets (Liu and Serletis, 2019). Bitcoin’s dominant role 

in influencing other cryptocurrencies such as Ethereum and 

Ripple was demonstrated by the work of Yi, Xu, and Wang 

(2018). These subjects indicate the existence of inter volatility 

within cryptocurrencies and intra volatility with other traditional 

financial systems. The existence of such dual interconnectedness 

highlights the need for comprehensive in-depth research of both 

digital and conventional financial markets absorbing shocks 

from the financial market. 

One of the central challenges has been forecasting 

cryptocurrency volatility, the key to which remains predictive 

accuracy. Advanced models, such as the Score-Driven model 

with Generalized Hyperbolic Skew Student’s (GHSKT) 

innovations, outclasses traditional GARCH models by being 

more efficient in capturing not only long-memory characteristics 

but also asymmetric volatility responses (Catania, Grassi and 

Ravazzolo, 2018). The need for models tailored to specific 

trading environments has been accrued to strong 

interdependence and asymmetric responses of cryptocurrencies 

to market shocks. These studies together highlight the growing 

need for justifying appropriate volatility tools based on the time 

horizon and market context and seem to offer valuable tools for 

investors and policymakers. Overall, the research underscores 

the multifaceted nature of cryptocurrency volatility, formed by 

a convergence of external and internal factors, and indicates the 

ongoing need for innovative modeling approaches to augment 

market understanding and risk management. 

 

2.3 Feature engineering in cryptocurrency: 

Fresh advancements in cryptocurrency research has been 

spurred by the integration of artificial intelligence, deep learning 

and blockchain-based methodologies for meeting several 

challenges such as security, price prediction, and fraud detection. 

Hybrid feature fusion models and machine learning frameworks 

had found its usage for detection of phishing scams and 

fraudulent activities on the Ethereum blockchain. Significant 

improvements in detection accuracy were observed with 

cointegration of transaction-based and account-based features 

along with behavioral transaction analysis. Similarly, Graph 

Convolutional Networks (GCN) and ensemble classifiers were 

utilized to identify Ponzi schemes and abnormal smart contracts, 

respectively, showcasing the increasing role of AI-driven 

anomaly detection for safeguarding blockchain ecosystems (Yu 

et al., 2021 and Aljofey et al., 2022). These methodologies 

jointly underline the potential of advanced machine learning 

techniques in minimizing risks and enhancing the integrity of 

blockchain networks. The integration of feature selection, deep 

learning, and hybrid models to improve predictive accuracy has 
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been one of the much-emphasized domains of current research.  

The introduction of bi-directional LSTM model with trend-

preserving bias correction has led to significant enhancement in 

cryptocurrency price predictions (Rafi et al., 2023). Another 

attempt was made by combining machine learning with 

traditional financial analysis and technical indicators to optimize 

forecasting models (Goutte et al., 2023). These studies indicate 

the effectiveness of AI-driven approaches in tackling the 

inherent volatility and complexity of cryptocurrency markets. 

Leveraging deep learning techniques to examine investor 

sentiment from forums and social media, demonstrates its 

predictive power for returns and volatility (Nasekin and Chen, 

2020 and Aslam et al., 2022). These advancements together 

exemplify the transformative potential of AI in financial market 

analysis and decision-making. 

Regardless of these major progressions, excruciating challenges 

such as data quality, regulatory compliance, and market 

volatility continue to persist, leading to further research for more 

innovative solutions. Some of the more sustainable solutions 

such as federated learning for decentralized financial systems, 

blockchain integration with artificial intelligence and hybrid 

models with inclusion of micro economic factors for improved 

forecasting, can be further explored. Additionally, privacy-

preserving machine learning techniques, as discovered by Jones 

et al. (2019), and the of domain-specific large language models 

(LLMs) applications, as examined by Qin (2024), hold potential 

for transforming blockchain applications. In summary, the union 

of AI, blockchain security, and financial modeling shall continue 

to redefine the cryptocurrency scene, with machine learning and 

deep learning redefining a pivotal role in determining the future 

of digital finance. These progressions not only augment fraud 

detection and price prediction but also show the way for far more 

secure, efficient, and intelligent financial systems. 

Based on the literature review, a research gap was found in terms 

of application of Yamanaka factors for financial decision 

making. 

The present study tries to suffice the stated objectives: 

• To collect and prepare comprehensive cryptocurrency data. 

• To engineer meaningful features for clustering analysis.  

• To standardize the dataset for clustering. 

• To apply clustering algorithms for grouping 

cryptocurrencies 

• To evaluate clustering performance 

• To conduct a comparative analysis of clustering variations 

  In relation to research objectives, certain hypotheses were 

formed that can be stated as: 

H₁: The inclusion of Yamanaka factors leads to a statistically 

significant improvement in clustering performance. 

H₂: Cryptocurrencies exhibit well-defined clusters based on risk 

and return characteristics. 

H₃: The optimal number of clusters increases when Yamanaka 

factors are included, reflecting a more complex structure in the 

data. 

H₄: Applying StandardScaler to features enhances clustering 

accuracy and stability. 

H₅: Including both short-term and long-term moving averages 

provides a more refined clustering outcome. 

 

2. Research Methods 

The research methodology for clustering analysis of 

cryptocurrency data follows a systematic workflow, beginning 

with Data Collection, where raw closing prices from 10 

cryptocurrencies were gathered using Yfinance. This phase 

ensures a robust dataset for analysis. The subsequent Feature 

Engineering stage focuses on extracting meaningful attributes, 

termed Yamanaka factors, such as volatility and moving 

averages, which enhance the clustering algorithm's ability to 

identify patterns. The data is then normalized using the 

StandardScaler method, standardizing features to a mean of 0 

and a standard deviation of 1. This step is critical for clustering 

algorithms like K-Means, as it prevents any single feature from 

dominating the analysis due to scale differences. 

In the Clustering phase, K-Means is applied to group 

cryptocurrencies based on similarities, with two variations: one 

incorporating Yamanaka factors and another without them. This 

enables a comparative analysis of the impact of feature 

engineering. The performance of the models is evaluated using 

metrics such as the Silhouette Score and Davies–Bouldin Index, 

which assess cluster cohesion and separation. A Comparative 

Analysis is then conducted to determine the influence of 

Yamanaka factors on clustering quality, revealing whether 

engineered features enhance results. The findings are interpreted 

to identify patterns, such as grouping based on volatility or 

trading behavior, and to assess alignment with market categories 

like stablecoins or high-risk assets. This comprehensive pipeline 

underscores the importance of data preparation, feature 

engineering, and evaluation in clustering analysis, providing 

actionable insights for investment strategies, risk management, 

and market segmentation. 

 

3. Research Design 

 

 
Figure1. Research design (Source: Author analysis) 

This diagram presents a structured workflow for clustering 

analysis, specifically applied to cryptocurrency data, 

demonstrating the process from data collection to performance 

evaluation. It begins with Data Collection, where information 

from 10 different cryptocurrencies is gathered, forming the 

foundation for analysis. Next, in the Feature Engineering 
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phase, key attributes known as Yamanaka factors (such as 

volatility and moving averages) are extracted to enhance the 

clustering algorithm’s ability to identify meaningful patterns. 

Following this, the data undergoes Normalization using the 

StandardScaler method, ensuring that all features are 

standardized to a common scale, which is crucial for accurate 

clustering results. The Clustering phase then groups 

cryptocurrencies into clusters, with two variations: one using 

Yamanaka factors and the other without them, allowing for a 

comparative analysis of their impact. Finally, the performance 

of these clustering models is assessed through Evaluation 

Metrics, specifically the Silhouette Score and Davies–Bouldin 

Index, which measure cluster cohesion, separation, and overall 

clustering quality. Together, these stages form a comprehensive 

analytical pipeline, highlighting the importance of feature 

selection and evaluation in clustering analysis (See Figure 1). 

 

4. Discussions 

 

4.1 The portfolio 

The portfolio included historical price data for the top 10 

cryptocurrencies (BTC, ETH, XRP, USDT, SOL, BNB, USDC, 

DOGE, ADA, TRX) collected from Yahoo Finance for the 

period from January 1, 2022, to January 1, 2025. 

 

4.2  Data Sources 

Historical data was extracted from Yahoo finance (yfinance). 

yfinance  library in python was imported  and  yf.download() 

function was called , and  details like ticker symbols (e.g., BTC-

USD for Bitcoin or ETH-USD for Ethereum) and a date range 

of the period from January 1, 2022, to January 1, 2025 was 

selected. 

4.3  Feature Engineering 

In the vast world of cryptocurrencies, different asset face its 

own pattern of volatility. To navigate this dynamic landscape, 

we explored two approaches. First, we calculated the basic 

metrics of risk (standard deviation of returns) and average return 

for each cryptocurrency, giving us a clear view of price 

fluctuations and overall performance. Then, we took it a step 

further by creating synthetic features using Yamanaka factors. 

We calculated the 50-day and 200-day moving averages to 

capture short-term and long-term trends and measured daily 

volatility to understand price swings. By comparing these 

methods, we uncovered deeper insights into the risk and return 

profiles of the top 10 cryptocurrencies, revealing hidden patterns 

and nuances. 

 

4.4   Normalization  

• Without Yamanaka Factors: We 

applied StandardScaler to the risk (standard deviation of returns) 

and average return for each cryptocurrency. This step ensured 

that both risk and return were on the same scale before 

clustering. 

• With Yamanaka Factors: We 

applied StandardScaler to the synthetic features (50-day moving 

average, 200-day moving average, and volatility). This 

normalization step was crucial to ensure that each synthetic 

feature contributed equally to the clustering process. 

 
where x is the original feature value, μ is the mean of the feature, 

and σ is the standard deviation of the feature. 

 

4.5 Clustering 

 

 
Figure 2. Clustering for (without and with) Yamanaka factors 

(Source: Author analysis) 

These two plots show how cryptocurrencies group into clusters 

based on different features. The left plot uses only basic factors 

and return—to form clusters, but the separation between groups 

is quite limited. On the right, however, when we add Yamanaka 

factors like volatility and the 50-day moving average, the 

clusters become clearer and more distinct. You can see that the 

data points naturally form tight groups, with each color 

representing a cluster. This tells us that the Yamanaka factors 

help the model better understand patterns within the data, 

making it easier to spot differences between cryptocurrency 

behaviors. Overall, the comparison highlights how choosing the 

right features can transform raw data into meaningful insights 

(See Figure   2). 

4.6 Evaluation Metrics  

The model was evaluated based on the Elbow Method, 

Silhouette Score, and Davies 

Bouldin Index that used to evaluate the clustering performance. 

5.6.1 The Elbow Method 
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Figure 3. The Elbow Method (Source: Author analysis) 

These two plots illustrate the elbow method, a widely used 

technique in clustering analysis to determine the optimal 

number of clusters. The key idea behind this method is to 

identify the point at which adding more clusters no longer results 

in a significant reduction in inertia (or within-cluster variance), 

much like how an elbow bends in an arm. In the first graph, we 

see a steep drop in inertia as the number of clusters increases, 

followed by a noticeable flattening around three clusters. This 

suggests that beyond this point, adding more clusters does not 

significantly improve the clustering quality. In other words, 

three clusters may be the most natural grouping in this dataset 

when Yamanaka Factors are not included.     

The second plot depicts the state of inertia which starts at a much 

higher value, indicating greater variance or complexity in the 

dataset when Yamanaka Factors are incorporated. The decline is 

more gradual, and the curve does not show a sharp elbow, though 

a noticeable change in slope appears around five to six clusters. 

This suggests that the additional factors introduce more structure 

into the data, requiring a higher number of clusters to adequately 

represent the underlying patterns (See Figure 3). 

 
Where 

k is the number of clusters, 

Ci represents the data points in the ith cluster 

μi is the centroid of the ith cluster 

is the squared Euclidean distance between a 

data point and the centroid 

 

5.6.2 Cluster Quality (Quantitative Comparison):  

Metric 

Without 

Yamanaka 

Factors 

With Yamanaka 

Factors 

Silhouette 

Score 
0.45 0.72 

Davies-Bouldin 

Index 
1.89 0.68 

(Source: Author analysis) 
 

The K-means clustering algorithm was applied with three 

clusters (k=3), and the Elbow Method was used to identify the 

optimal number. The results suggest that clustering performance 

is significantly improved by Yamanaka factors. A rise in the 

Silhouette Score from 0.45 to 0.72 indicates stronger cohesion 

within clusters, while a decrease in the Davies-Bouldin Index 

from 1.89 to 0.68 demonstrates greater inter-cluster distinction 

(See Figure 4). 

 

5. Findings and Conclusions 

5.1 Findings 

 

1. The study meticulously gathered historical price data for the 

top 10 cryptocurrencies-BTC, ETH, XRP, USDT, SOL, 

BNB, USDC, DOGE, ADA, and TRX-from Yahoo Finance, 

spanning the period from January 1, 2022, to January 1, 

2025. This comprehensive dataset served as the foundation 

for an in-depth analysis of cryptocurrency performance. 

2. In the feature engineering phase, the study initially 

calculated basic metrics such as the standard deviation of 

returns (risk) and the average return for each cryptocurrency. 

To enhance the analysis, synthetic features were introduced 

using Yamanaka factors, which included the 50-day and 200-

day moving averages and daily volatility. These features 

aimed to capture both short-term and long-term trends, as 

well as the daily price swings of the cryptocurrencies. 

3. Normalization was a crucial step to ensure that the features 

were on a comparable scale. Without Yamanaka factors, the 

StandardScaler was applied to the basic metrics of risk and 

average return. When Yamanaka factors were included, the 

StandardScaler was similarly applied to the synthetic 

features, ensuring that each contributed equally to the 

clustering process. 

4. The clustering analysis compared two approaches: one using 

only basic factors and returns, and the other incorporating 

Yamanaka factors. The inclusion of Yamanaka factors 

significantly improved the clarity and distinctness of the 

clusters, highlighting the importance of these additional 

features in understanding cryptocurrency behaviors. 

5. Evaluation metrics such as the Elbow Method were 

employed to determine the optimal number of clusters. 

Without Yamanaka factors, three clusters were identified as 

optimal. However, with the inclusion of Yamanaka factors, 

the data exhibited greater complexity, requiring five to six 

clusters to adequately represent the underlying patterns. 

6. The quality of the clusters was quantitatively assessed using 

the Silhouette Score and the Davies-Bouldin Index. The 

results demonstrated a marked improvement in clustering 

performance with Yamanaka factors, as evidenced by an 

increase in the Silhouette Score from 0.45 to 0.72 and a 

decrease in the Davies-Bouldin Index from 1.89 to 0.68. 

These findings underscore the enhanced ability of the model 

to discern distinct patterns and behaviors within the 

cryptocurrency market when enriched with Yamanaka 

factors. 

6.1 Conclusion 

In summary, this study's thorough analysis of historical price 

data for the top 10 cryptocurrencies—BTC, ETH, XRP, USDT, 

SOL, BNB, USDC, DOGE, ADA, and TRX—sourced from 

Yahoo Finance over a three-year span, laid a solid groundwork 

for understanding cryptocurrency performance. By inducting 

careful engineering features, the study not only calculated basic 

risk and return metrics but also introduced synthetic features 

using Yamanaka factors, such as moving averages and volatility, 

to capture subtle trends and price fluctuations. Normalization 

was crucial to ensure these features were on a comparable scale, 

enabling effective clustering analysis. The comparison of 

clustering approaches revealed that incorporating Yamanaka 

factors significantly enhanced the clarity and distinctness of the 
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clusters, highlighting their importance in understanding 

cryptocurrency behaviors. Evaluation metrics, including the 

Elbow Method, Silhouette Score, and Davies-Bouldin Index, 

demonstrated that the inclusion of Yamanaka factors not only 

increased the data's complexity but also markedly improved 

clustering performance. These findings underscore the vital role 

of advanced feature engineering in transforming raw data into 

meaningful insights, ultimately enhancing the model's ability to 

identify distinct patterns and behaviors within the 

cryptocurrency market. 

Table 1.  Hypothesis support table 

(Source: Author) 
Hypothesis Outcome Supporting Evidence 

H₁: The inclusion of Yamanaka factors 

leads to a statistically significant 

improvement in clustering performance. 

TRUE The Silhouette Score 

improved from 0.45 to 0.72, 

and the Davies-Bouldin 

Index decreased from 1.89 

to 0.68 when Yamanaka 

factors were included. 

H₂: Cryptocurrencies exhibit well-defined 

clusters based on risk and return 

characteristics. 

FALSE Clustering based solely on 

risk and average return 

resulted in less distinct 

clusters with limited 

separation. 

H₃: The optimal number of clusters 

increases when Yamanaka factors are 

included, reflecting a more complex 

structure in the data. 

TRUE Without Yamanaka factors, 

three clusters were optimal; 

with them, the data required 

5–6 clusters to capture its 

complexity. 

H₄: Applying StandardScaler to features 

enhances clustering accuracy and 

stability. 

TRUE Normalization using 

StandardScaler ensured that 

all features contributed 

equally, supporting 

improved clustering 

performance. 

H₅: Including both short-term and long-

term moving averages provides a more 

refined clustering outcome. 

TRUE The incorporation of 50-day 

and 200-day moving 

averages (as part of the 

Yamanaka factors) helped 

reveal clearer patterns and 

more distinct clusters. 

                                         

7.  Implications 

The study's findings provide a range of significant implications 

for both researchers and practitioners in the field of 

cryptocurrency analysis. 

At First, the confirmation of H₁ demonstrates that integrating 

advanced feature engineering—specifically, the inclusion of 

synthetic features such as moving averages and volatility—

substantially enhances clustering performance. This result 

suggests that these additional features capture nuanced patterns 

in cryptocurrency behavior that basic risk and return metrics 

could be overlooked. This means that a robust feature of an 

engineering approach can lead to more accurate market 

segmentation and more informed investment decisions. 

In contrast, the limitations of relying solely on traditional 

financial metrics such as risk (as measured by the standard 

deviation of returns) and average return are highlighted by the 

rejection of H₂. Less distinct clusters are produced when only 

these conventional indicators are used, indicating that the 

complex dynamics of the cryptocurrency market may not be 

fully encapsulated. The need for additional technical indicators 

to be integrated to achieve a more comprehensive understanding 

of market behavior is underscored by this finding. 

Moreover, the acceptance of H₃, which reveals that the optimal 

number of clusters increases with the inclusion of Yamanaka 

factors, points to an underlying complexity within the 

cryptocurrency market. This increased granularity suggests that 

a more detailed segmentation approach is necessary to 

accurately differentiate various market segments. For investors, 

this could translate into more tailored risk management 

strategies and improved portfolio diversification. 

The support for H₄ further emphasizes the critical role of 

normalization in clustering analysis. By applying 

StandardScaler, all features are placed on a comparable scale, 

which enhances the accuracy and stability of the clustering 

process. This insight is broadly applicable to any machine 

learning endeavor that involves heterogeneous data sources, 

underscoring the importance of thorough data preprocessing. 

Lastly, the validation of H₅ illustrates that incorporating both 

short-term and long-term moving averages results in more 

refined clustering outcomes. This multi-time frame analysis 

allows for the capture of different aspects of market behavior, 

offering a richer and more detailed understanding of trends and 

volatility. 

In summary, these implications advocate for a more 

sophisticated and multi-dimensional approach to analyzing 

cryptocurrency markets. Advanced feature engineering, 

effective normalization, and the integration of diverse technical 

indicators are pivotal in uncovering the complex dynamics 

inherent in the data, ultimately leading to more accurate and 

actionable insights in financial decision-making. 

 

8. Future work 

Based on the study's findings and implications, several 

suggestions for future research and practice in cryptocurrency 

analysis can be proposed to advance the field further: 

1. Exploration of Additional Synthetic Features: While the 

study highlights the effectiveness of features like moving 

averages and volatility, future research could explore other 

synthetic features or technical indicators (e.g., RSI, 

MACD, Bollinger Bands) to enhance clustering 

performance and capture additional nuances in 

cryptocurrency behavior. 

2. Integration of Alternative Data Sources: Incorporate 

alternative data sources such as social media sentiment, 

news sentiment, or on-chain metrics (e.g., transaction 

volume, wallet activity) to enrich the feature set and 

provide a more holistic view of cryptocurrency market 

dynamics. 

3. Application of Advanced Clustering Algorithms: 

Experiment with more advanced clustering algorithms, 

such as DBSCAN, Gaussian Mixture Models (GMM), or 

hierarchical clustering, to determine if they yield better 

results than K-Means, particularly in handling the inherent 

complexity and noise in cryptocurrency data. 

4. Dynamic Feature Selection and Dimensionality 

Reduction: Investigate the use of dynamic feature 

selection techniques or dimensionality reduction methods 
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(e.g., PCA, t-SNE, or UMAP) to identify the most relevant 

features and reduce computational complexity while 

maintaining clustering accuracy. 

5. Temporal Analysis and Time-Series Clustering: Extend 

the analysis to incorporate temporal aspects by applying 

time-series clustering techniques. This could help identify 

evolving patterns and trends in cryptocurrency behavior 

over time, providing insights into market cycles and regime 

shifts. 

6. Comparative Studies Across Different Market 

Conditions: Conduct clustering analyses under varying 

market conditions (e.g., bull vs. bear markets, high vs. low 

volatility periods) to assess the robustness and adaptability 

of the clustering models and feature engineering 

approaches. 

7. Incorporation of Unsupervised Deep Learning: Explore 

the use of unsupervised deep learning techniques, such as 

autoencoders or self-organizing maps (SOMs), to capture 

complex, non-linear relationships in cryptocurrency data 

and improve clustering outcomes. 

8. Validation with Larger and Diverse Datasets: Validate 

the findings using larger datasets that include a broader 

range of cryptocurrencies, including altcoins, stablecoins, 

and tokens from different blockchain ecosystems, to ensure 

generalizability and scalability of the approach. 

9. Development of Real-Time Clustering Frameworks: 

Develop real-time or near-real-time clustering frameworks 

that can process streaming cryptocurrency data, enabling 

timely market segmentation and decision-making for 

traders and investors. 

10. Integration with Portfolio Optimization: Investigate 

how clustering results can be integrated into portfolio 

optimization models to improve diversification strategies, 

risk management, and asset allocation in cryptocurrency 

portfolios. 

11. Cross-Domain Applications: Explore the applicability of 

the proposed clustering framework to other financial 

markets (e.g., stocks, commodities, forex) to determine if 

the insights and methodologies can be generalized beyond 

cryptocurrencies. 

12. User-Centric Applications: Develop user-friendly tools 

or dashboards that leverage clustering analysis to provide 

actionable insights for retail investors, fund managers, and 

financial analysts, making advanced analytics accessible to 

a wider audience. 

13. Ethical and Regulatory Considerations: Investigate the 

ethical and regulatory implications of using clustering 

analysis in cryptocurrency markets, particularly in areas 

such as market manipulation detection, compliance 

monitoring, and investor protection. 

By addressing these areas, future work can build on the study's 

findings to further enhance the understanding of 

cryptocurrency markets, improve analytical 

methodologies, and provide practical tools for stakeholders 

in the financial industry. 
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