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Abstract: Cryptocurrencies are decentralized digital assets that operate on
block chain technology, enabling secure peer-to-peer transactions without
reliance on central authorities. Since Bit coin’s introduction in 2009, these
systems have increasingly influenced modern financial markets. A key
component is mining, which validates transactions, maintains the distributed
ledger, and generates new currency units. However, cryptocurrencies
are characterized by significant price volatility and face challenges such as
security vulnerabilities, regulatory uncertainty, and high energy consumption.
This study examines the underlying technology, mining strategies, and
potential risks associated with cryptocurrencies. It also investigates the
effectiveness of machine learning techniques for price prediction. A dataset
covering the period from 2017 to 2022, including price and trading volume
data for Bitcoin, Ethereum, Binance Coin, and Tether (USDT), was analyzed.
Models such as K-Nearest Neighbors, Decision Tree, Random Forest, XGBoost,
and CatBoost were evaluated using R-squared, Mean Squared Error, and Root
Mean Squared Error metrics. Experimental results show that ensemble
methods, particularly Random Forest and CatBoost, achieve better predictive
performance. The findings demonstrate both the potential and limitations of
cryptocurrencies, highlighting the importance of data-driven decision-making
in this volatile domain.
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I. INTRODUCTION

Cryptocurrency is a digital form of currency that uses cryptographic techniques
and operates on blockchain technology, a decentralized and secure distributed
ledger maintained across multiple nodes. Unlike traditional financial systems, it
does not rely on central authorities such as banks, as transactions are verified
through consensus mechanisms like mining. Users access cryptocurrencies
through digital wallets secured by public and private keys.

Since the introduction of Bitcoin in 2009, cryptocurrencies have enabled
peer-to-peer transactions without intermediaries, improving transparency and
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reducing single points of failure. Over time, several cryptocurrencies, including
Ethereum, Binance Coin, and Tether, have gained widespread adoption due to
their functionality and market growth.

However, the cryptocurrency market is highly volatile, influenced by
regulatory policies, technological advancements, and economic factors, creating
both opportunities and risks for investors. This paper studies blockchain
fundamentals, mining techniques, and machine learning models for
cryptocurrency price prediction.

II. LITERATURE SURVEY

Several studies have explored crypto currency price prediction using statistical
and machine learning techniques. Shah et al. applied Bayesian regression on Bit
coin price data collected from the Okcoinexchange, achieving high returns with
strong risk-adjusted performance. Salivate al. utilized time-segmented datasets
and machine learning models; however, the absence of proper validation raised
concerns about model over fitting.

Greaves et al. incorporated transaction graph data and implemented models such
as linear regression, logistic regression, SVM, and neural networks, though
accuracy remained moderate due to exclusion of exchange-related features.
Almeida et al. employed artificial neural networks using publicly available datasets,
demonstrating profitability over long-term trading.

McNally et al. compared LSTM, RNN, and ARIMA models using historical price and
blockchain data, achieving moderate predictive accuracy. Velankaret al. used
normalization techniques with random forest and Bayesian models to classify
price trends. Phaladisailoed and Numnonda applied deep learning models and
achieved high prediction performance. Other studies highlight the effectiveness of
ensemble models and LSTM-based approaches, with some achieving accuracy
above 90%.

Overall, existing work shows promising results but suffers from issues such as

limited feature sets, overfitting, and lack of generalization.

III. METHODOLOGY

This work proposes a machine learning-based framework for crypto
currency price prediction using historical and market-related data. The
methodology consists of the following stages:

“The overall architecture of the proposed system is shown in Fig. 1.”
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Fig. 1. Proposed system architecture
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A.Data Collection

Crypto currency datasets are collected from reliable sources such as exchange
platforms and public repositories. The dataset includes features like opening price,
closing price, high, low, and trading volume over a multi-year period.

B.Data Pre-processing

The collected data is cleaned to remove missing and inconsistent values.
Normalization techniques are applied to scale features, ensuring improved model
performance. The dataset is then divided into training and testing subsets.

C.Feature Selection

Relevant features influencing price movements are selected, including market
indicators and historical trends. This step improves model efficiency and reduces
computational complexity.

D.Model Implementation

Multiple machine learning models are implemented, including:

Linear Regression

Random Forest

Support Vector Machine (SVM)

Gradient Boosting

Long Short-Term Memory (LSTM) Each model is trained on the dataset to capture
different patterns in price behavior.

E.Model Evaluation

The models are evaluated using performance metrics such as accuracy, Root
Mean Square Error (RMSE), and R-squared values. Cross-validation is applied to
avoid over fitting and ensure robustness. “The step-by-step workflow of the
proposed approach is illustrated in Fig. 2.”
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Fig. 2. Methodology flowchart
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F. Prediction and Analysis

The best-performing model is selected based on evaluation results and used to
predict future cryptocurrency prices. Comparative analysis is conducted to
understand model efficiency.

Blockchain serves as the core technology behind cryptocurrencies, enabling
secure and decentralized transactions without the need for a central authority. It
is structured as a sequence of interconnected blocks, where each block stores
transaction details, a unique hash value, and the hash of the preceding block

This linkage creates a secure chain that preserves data integrity and makes
unauthorized modifications extremely difficult. A simplified representation of this
structure is illustrated in Fig. 3

Fig. 3. Blockchain structure
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Mining is a fundamental process in cryptocurrency systems that validates
transactions and adds them to the blockchain. It involves solving complex
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computational problems through consensus mechanisms such as Proof of Work,
ensuring the authenticity and security of transactions while preventing issues like
double spending. Theprocess of transaction validation through mining is
illustrated in Fig. 4.

Fig, 4. Mining process using Proof of Work
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Cryptocurrency systems employ diverse mining algorithms and consensus
mechanisms to achieve secure, decentralized transaction validation. These
algorithms differ in computational complexity, memory requirements, and
resistance to specialized hardware such as ASICs, thereby influencing network
security, scalability, and energy efficiency. For instance, SHA-256, used by Bitcoin,
is computation-intensive and optimized for high-throughput hashing, whereas
Scrypt emphasizes memory hardness to mitigate hardware centralization.
Similarly, Ethash is designed to be GPU-efficient and ASIC-resistant, promoting
Decentralization. Hybrid approaches, such as those used in Peercoin, combine
Proof of

This section presents the experimental outcomes of applying multiple machine
learning models for cryptocurrency price prediction and discusses their
performance in relation to the dataset spanning 2017-2022, which includes major
assets such as Bitcoin, Ethereum, Binance Coin, and Tether (USDT).

1. Model Performance Analysis The evaluated models include K-Nearest
Neighbors (KNN), Decision Tree, Random Forest, XGBoost, and CatBoost.
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Table 1. Research Works on Cryptocurrencies Mining Algorithms

Cryptocurrency | Mining Algorithm | Consensus Type Key Characteristics

Bitcoin SHA-256 Proof of Wark Highly secure, requires ASIC hardware
Litecoin Serypt Proof of Work Memory-intensive, faster block generation
Ethereum Ethash Proof of Work ~ GPU-based mining, designed to resist ASIC dominance
Monero RandomX Proof of Work CPU-friendly, privacy-focused

Leash Equhash Proof of Work Memory-oriented, enhanced privacy
Dash X1 Proof of Work Chain of multiple hashing algorithms
Peercoin SHA-256 Hybrid (PoW + PoS) | Energy-efficient with staking support
Ethereum Classic Etchash Proof of Work Modified Ethash, optimized for GPUs
Ravencoin KAWPOW Proof of Work ASIC-resistant, GPU-friendly

Work and Proof of Stake to balance security and energy consumption. Emerging
algorithms like RandomX further enhance CPU efficiency and privacy preservation.
The selection of a mining algorithm significantly impacts consensus robustness,
transaction throughput, and resistance to attacks such as the 51% attack. A
comparative summary of widely adopted cryptocurrencies and their corresponding
mining algorithms is presented in Table 1.

Model performance was evaluated using widely accepted regression metrics,
including the coefficient of determination (R?), Mean Squared Error (MSE), and
Root Mean Squared Error (RMSE). The results indicate that ensemble-based
approaches consistently surpassed standalone models. Notably, Random Forest
and CatBoost delivered superior predictive performance, exhibiting strong
generalization when applied to unseen data. These methods were effective in
modeling nonlinear patterns and capturing the complex dynamics of
cryptocurrency market behavior. On the other hand, simpler techniques such
as KNN and Decision Tree demonstrated relatively weaker results, primarily due to
their limited capacity to handle high volatility and complex temporal relationships
inherent in financial datasets
2. Comparative Evaluation

The evaluation results indicate the following trends:

a. Random ForestAchieved reliable predictions with reduced

dispersion, making it well-suited for noisy market environments.

541



NCERC Int. J. Adv. Sci. Eng. and Tech. (NIJASET), Vol. 6, No.1, 2026

b. CatBoost demonstrated superior handling of categorical and
nonlinear patterns, achieving the best overall accuracy among all
tested models.

c. XGBoost also performed strongly but showed slightly higher error
values compared to CatBoost.

d. Decision Tree tended to overfit the training data, leading to
reduced performance on test samples.
e. KNN exhibited the weakest performance due to sensitivity to
scaling and high-dimensional market fluctuations.
A comparative summary of model performance (R?, MSE, RMSE) confirms that

ensemble-based approaches are more suitable for volatile financial datasets such
as cryptocurrencies.

3. Discussion

The results highlight that cryptocurrency markets are highly nonlinear and
influenced by multiple dynamic factors such as trading volume, investor sentiment,
and external economic conditions. Conventional models often fail to effectively
represent such complexities, while ensemble-based techniques offer greater
flexibility and more stable predictive performance. The results further indicate
that although machine learning approaches can enhance forecasting accuracy,
achieving perfect predictions remains difficult due to the inherent unpredictability
of markets and the influence of external factors. Consequently, these models are
better suited as decision-support tools rather than definitive forecasting solutions.

Additionally, the study demonstrates that the integration of feature-rich datasets
with advanced ensemble methods substantially improves prediction reliability.
This highlights the critical role of data preprocessing, feature engineering, and
model optimization in financial forecasting application

4. Key Insight
The experimental analysis demonstrates that:

o Ensemble methods outperform standalone algorithms in cryptocurrency
prediction tasks.

e Market volatility limits absolute prediction accuracy.

e Data-driven approaches can still provide meaningful insights for
investment decision-making.

IV. SUMMARY

In summary, the results validate that machine learning—especially ensemble
models like Random Forest and CatBoost—offers strong predictive capability for
cryptocurrency price trends. However, due to the unpredictable and highly volatile
nature of the market, these predictions should be interpreted as probabilistic
insights rather than exact forecasts.
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Table 2. Performance Comparison of Machine Learning Models

T

K-Nearest Neighbors (KNN) 0.78 0.0124 0.111
Decision Tree 0.82 0.0101 0.100
Random Forest 0.91 0.0053 0.072
XGBoost 0.93 0.0041 0.064
CatBoost 0.95 0.0032 0.056

Cryptocurrency systems and machine learning-based prediction models face
several practical and technical limitations that affect accuracy, reliability, and
real-world deployment.

“A major difficulty lies in the high level of market volatility, where sudden and
unpredictable price movements make it challenging for models to deliver
consistently accurate forecasts. Such uncertainty elevates prediction errors and
gradually affects model reliability. Another significant concern is the presence of
data irregularities and non-stationary characteristics within cryptocurrency
markets. Historical trends are frequently shaped by external influences, including
regulatory developments, global economic conditions, and investor sentiment,
which are not always adequately represented in structured datasets. As a result,
models often struggle to generalize effectively to unseen  data.

Moreover, the effectiveness of predictive models is highly dependent on the quality
and relevance of selected features. Missing Irrelevant or low-value input features
can impede the learning process, especially in simpler approaches such as KNN
and Decision Trees. Another limitation arises from issues of overfitting and
underfitting. Certain models may memorize training data too closely and perform
poorly on new data, while less complex algorithms may fail to capture the
nonlinear patterns inherent in financial time-series data. Computational
complexity is also a notable concern, particularly for ensemble methods
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V. CONCLUSION

This study examined the core components of cryptocurrencies, covering
blockchain functionality, mining mechanisms, security challenges, and the use of
machine learning techniques for price prediction. The findings indicate that while
cryptocurrencies offer decentralized, transparent, and efficient transaction
frameworks, they continue to face significant challenges, including extreme price
fluctuations, security vulnerabilities, regulatory ambiguity, and environmental
issues associated with energy-intensive mining activities.

The comparative analysis of machine learning models, based on data from 2017 to
2022, reveals that ensemble approaches—particularly Random Forest and Cat
Boost—achieve superior predictive performance compared to simpler algorithms
such as KNN and Decision Tree. These advanced models are better equipped to
identify complex, nonlinear patterns within cryptocurrency markets. However,
prediction accuracy is still constrained by highly volatile and unpredictable nature
like Random Forest, XGBoost, and CatBoost. Although these techniques often
achieve higher accuracy, they demand substantial computational resources and
longer training durations when handling large datasets.

Furthermore, the lack of integration of external factors—such as news sentiment,
regulatory developments, and macroeconomic indicators limithe models’
predictive effectiveness, given the sensitivity of cryptocurrency markets to such
influences. Lastly, the limited interpretability of advanced models presents a
challenge for financial decision-making. Despite their strong performance,
ensemble methods operate as complex systems with low transparency, which may
reduce user confidence and hinder real-world adoption of the market. Overall,
machine learning methods can play a valuable role in wunderstanding
cryptocurrency trends and aiding investment-related decisions, but they are not
capable of providing perfectly accurate forecasts. Future improvements require
better data quality, integration of external influencing factors, and the
development of more robust modelling techniques.

VI. FUTURE WORK

“While the study highlights the effectiveness of machine learning techniques for
forecasting cryptocurrency prices, there remains considerable potential to further
improve accuracy, consistency, and practical applicability. Future
investigations could incorporate a wider range of external influences, such as
social media sentiment, financial news, macroeconomic indicators, and regulatory
developments. Given the strong impact of real-time events on cryptocurrency
markets, the inclusion of such factors may significantly enhance predictive
performance.

Another promising avenue involves the adoption of advanced deep learning and
hybrid frameworks, including LSTM-based models integrated with attention
mechanisms or transformer architectures. These methods are well-suited for
capturing long-term dependencies and complex nonlinear patterns in price
behavior. Enhancing feature engineering is equally important. The integration of
on-chain data, technical indicators, and user activity metrics can provide more
informative inputs and strengthen the model’s learning capability.

Future work may also emphasize the development of real-time forecasting systems
capable of processing continuous data streams, thereby increasing their
usefulness in trading and financial decision-support scenarios.
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Moreover, improving the interpretability of sophisticated models is essential. The
application of explainable Al techniques can offer insights into prediction
processes, thereby increasing transparency and user confidence.

Finally, the design of adaptive learning systems that update dynamically with
incoming data can help sustain prediction performance in highly volatile and
rapidly evolving cryptocurrency markets
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