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Abstract: With the rapid development of digital finance, cryptocurrencies have become an important component of the global 

financial market, and their price prediction has become a research hotspot with both theoretical and practical value. The high 

volatility, non-linearity and multi-factor driving characteristics of cryptocurrency prices make traditional financial prediction 

models difficult to achieve satisfactory results. This paper focuses on the research of cryptocurrency price prediction based on 

data analytics methods: first, it analyzes the multi-dimensional influencing factors of cryptocurrency market behavior, including 

on-chain data, macroeconomic indicators and social sentiment signals; second, it sorts out the application of mainstream data 

analytics models in price prediction, such as time series analysis, machine learning and deep learning algorithms; finally, it 

discusses the technical challenges faced by current prediction research, such as data noise interference and market black swan 

events, and proposes future optimization directions combined with emerging technologies such as federated learning and graph 

neural networks. This paper provides a systematic methodological framework for the research of cryptocurrency price prediction 

and the risk management of digital asset investment. 
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1. Background of the study 

 Cryptocurrencies represented by Bitcoin and Ethereum 

have gradually evolved from a niche digital asset to a global 

financial investment product, with the total market value of 

the cryptocurrency market exceeding trillions of US dollars 

and the trading volume showing explosive growth. Different 

from traditional financial assets such as stocks and bonds, 

cryptocurrency markets operate 24/7 without centralized 

supervision, and their prices are affected by a variety of 

complex factors, showing extreme volatility and non-

stationary characteristics. For example, Bitcoin's price 

experienced a sharp fluctuation of more than 30% in a single 

day in 2024, which brings huge investment opportunities 

while also containing extremely high risks. Accurate price 

prediction can not only help investors avoid risks and 

optimize investment strategies, but also provide decision 

support for regulatory authorities to maintain the stability of 

the digital financial market. 

However, the current cryptocurrency price prediction is 

facing multiple challenges, which are mainly reflected in the 

following three aspects: 

Complexity of influencing factors: Cryptocurrency prices 

are jointly driven by on-chain data (e.g., transaction volume, 

address activity, hash rate), macroeconomic factors (e.g., 

interest rate policies, inflation rates), and non-structural 

information (e.g., social media sentiment, regulatory news). 

The interaction between these factors increases the difficulty 

of accurate modeling. 

Limitation of traditional models: Traditional financial 

prediction models such as ARIMA and GARCH are based on 

the assumptions of linearity and stationarity of data, which are 

difficult to capture the non-linear and dynamic characteristics 

of cryptocurrency price sequences, resulting in low prediction 

accuracy. 

Interference of data quality: The cryptocurrency market has 

problems such as incomplete data records, high noise and 

malicious transaction manipulation, which affect the 

reliability of model training and prediction results. 

In recent years, the rapid development of data analytics and 

artificial intelligence technologies has brought new solutions 

to cryptocurrency price prediction. Data analytics can 

integrate and process multi-source heterogeneous data, and 

machine learning and deep learning models can automatically 

extract complex feature relationships from massive data, 

which significantly improves the ability to predict 

cryptocurrency market behavior. According to relevant 

research, the prediction accuracy of deep learning models 

represented by LSTM in cryptocurrency price prediction is 

20%-30% higher than that of traditional statistical models. 

However, current research still has shortcomings such as 

insufficient fusion of multi-source data and poor 

generalization ability of models in extreme market conditions. 

Therefore, exploring an efficient and robust cryptocurrency 

price prediction method based on data analytics is an urgent 

problem to be solved in the field of digital finance research. 

This research aims to systematically sort out the application 

of data analytics methods in cryptocurrency price prediction, 

analyze the technical characteristics and application effects of 

different models, and explore the optimization path of 

prediction models. The specific research contents include: 

Data level: Construct a multi-dimensional cryptocurrency 

data set including on-chain data, market trading data and 

social sentiment data, and design a data preprocessing method 

for noise reduction and feature enhancement. Data level: 

Construct a multi-dimensional cryptocurrency data set 

including on-chain data, market trading data and social 

sentiment data, and design a data preprocessing method for 

noise reduction and feature enhancement. 

Model level: Compare the prediction performance of 

mainstream machine learning (Random Forest, XGBoost) 

and deep learning (LSTM, Transformer) models, and propose 

a hybrid prediction model based on multi-source data fusion. 

Application level: Verify the practical effect of the 
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optimized model through the empirical analysis of typical 

cryptocurrencies such as Bitcoin and Ethereum, and provide 

a reference for the construction of digital asset investment 

decision systems. 

The theoretical significance of this study is to enrich the 

research system of digital asset price prediction and improve 

the adaptability of data analytics models in the cryptocurrency 

market; the practical significance is to provide a scientific 

prediction tool for investors, financial institutions and 

regulatory authorities, and promote the healthy development 

of the cryptocurrency market. 

2. Multi-dimensional Data System of 
Cryptocurrency Market Behavior 

2.1. Classification and Characteristics of 

Cryptocurrency Data 

The data driving cryptocurrency market behavior can be 

divided into three categories: structured trading data, on-chain 

data and unstructured heterogeneous data, each with different 

characteristics and predictive value, forming a multi-

dimensional data system for market analysis. 

Structured trading data: It is the basic data of the 

cryptocurrency market, including real-time price, trading 

volume, opening price, closing price, market capitalization 

and other indicators, which can directly reflect the supply and 

demand relationship of the market. The data has the 

characteristics of high timeliness and regular update, but it is 

easily affected by short-term trading behavior and has high 

noise. 

On-chain data: It is the inherent data of the cryptocurrency 

blockchain network, including hash rate, block height, 

transaction confirmation time, active address number, fund 

flow direction and other indicators. On-chain data can reflect 

the fundamental operation status of the cryptocurrency 

network, and its changes have a long-term impact on price 

trends, with the characteristics of authenticity and non-

tampering. 

Unstructured heterogeneous data: It includes social media 

comments (Twitter, Reddit), financial news, regulatory 

announcements, and search engine heat (Google Trends). 

This type of data can reflect market sentiment and public 

expectations, and is an important driving factor for short-term 

price fluctuations of cryptocurrencies. The data has the 

characteristics of large volume, diverse forms and strong real-

time performance, but it is difficult to extract effective 

features. 

2.2. Data Collection and Preprocessing 

The collection of cryptocurrency multi-source data relies 

on professional data platforms and open APIs, such as 

CoinGecko and CoinMarketCap for trading data, 

Blockchain.com and Etherscan for on-chain data, and Twitter 

API and NewsAPI for unstructured data. However, the 

original data collected has problems such as missing values, 

outliers and inconsistent time scales, which need to go 

through a series of preprocessing steps to improve data 

quality: 

Data cleaning: Use the interpolation method to make up for 

missing values, and use the 3σ principle to detect and 

eliminate outliers caused by transaction manipulation or 

system errors. 

Time alignment: Unify the time scale of multi-source data 

to the minute or hour level to ensure the consistency of data 

time series. 

Feature normalization: Use the min-max scaling method to 

normalize the data of different dimensions to the range of 

[0,1], avoiding the influence of different feature scales on 

model training. 

Sentiment quantification: For unstructured text data, use 

natural language processing (NLP) technologies such as 

BERT and TextCNN to conduct sentiment analysis, and 

convert text information into quantitative sentiment 

indicators (positive, negative, neutral). 

2.3. Key Feature Extraction 

The high dimensionality of multi-source cryptocurrency 

data will lead to the curse of dimensionality in model training, 

so it is necessary to extract key features with predictive value 

through feature engineering methods: 

Time series features: Extract statistical features such as 

moving average, exponential moving average, relative 

strength index (RSI) and Bollinger Bands from price and 

trading volume sequences, which can reflect the short-term 

trend and volatility of the market. 

On-chain feature indicators: Construct composite 

indicators such as on-chain transaction activity and fund 

holding concentration to reflect the fundamental changes of 

the cryptocurrency network. 

Sentiment feature fusion: Integrate the sentiment indicators 

of different platforms to form a comprehensive market 

sentiment index, and capture the collective emotional changes 

of investors. 

3. Design of Cryptocurrency Price 
Prediction Model Based on Data 
Analytics 

3.1. Framework of the Prediction Model 

This paper designs a multi-source data fusion 

cryptocurrency price prediction model based on data analytics, 

which is divided into three layers: data fusion layer, model 

training layer and prediction output layer. 

Data fusion layer: Realize the feature level fusion of 

structured trading data, on-chain data and unstructured 

sentiment data, and construct a high-dimensional feature set 

that can comprehensively reflect cryptocurrency market 

behavior. 

Model training layer: Take the fused feature set as input, 

and use deep learning models as the core predictor to learn the 

complex non-linear relationship between features and 

cryptocurrency prices. 

Prediction output layer: Output the predicted value of 

cryptocurrency prices in different time horizons (1 hour, 24 

hours, 7 days), and evaluate the prediction accuracy through 

error indicators such as MAE and RMSE. 

The model takes TensorFlow as the deep learning 

framework, and uses Python for data processing and model 

development. The hardware environment is based on GPU 

acceleration to improve the training efficiency of the model 

for massive data. 

3.2. Selection and Improvement of Core 

Prediction Models 

Aiming at the non-linear and time series characteristics of 

cryptocurrency prices, this paper selects two mainstream deep 

learning models as the core of the prediction model, and 

carries out targeted improvement:  
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3.2.1. LSTM Model with Attention Mechanism 

Long Short-Term Memory (LSTM) network is a kind of 

recurrent neural network (RNN), which can solve the problem 

of gradient disappearance in traditional RNN and effectively 

capture the long-term dependence of time series data. In view 

of the different importance of different time step features in 

cryptocurrency price prediction, this paper introduces the 

attention mechanism into the LSTM model, which can 

automatically assign different weights to the features of each 

time step, highlight the key features that have a major impact 

on price changes, and improve the prediction accuracy of the 

model. 

3.2.2. Transformer-Based Time Series Prediction Model 

Transformer model is based on the self-attention 

mechanism, which can capture the global feature correlation 

of time series data and has better parallel computing 

performance than LSTM. This paper improves the 

Transformer model for the characteristics of cryptocurrency 

price data: adjust the window size of the time series to adapt 

to the high volatility of cryptocurrency prices; add a 

convolutional neural network (CNN) layer in the front end of 

the model to extract the local time series features of the data, 

and form a CNN-Transformer hybrid model to realize the 

combination of local and global feature extraction. 

3.3. Model Training and Hyperparameter 

Optimization 

The training of the prediction model uses the historical data 

of Bitcoin (2018-2024) as the data set, and divides the data 

set into training set (80%), validation set (10%) and test set 

(10%) according to the time sequence. The model uses the 

Adam optimizer to minimize the mean square error (MSE) 

between the predicted value and the actual value, and adopts 

the early stopping strategy to avoid overfitting of the model. 

For the hyperparameter optimization of the model, the grid 

search and random search methods are used to optimize the 

key hyperparameters such as the number of hidden layers, the 

number of neurons, the learning rate and the batch size. The 

optimal hyperparameter combination is determined through 

the cross-validation of the validation set, which ensures the 

generalization ability of the model in the unknown test set. 

4. Experimental Analysis of Model 
Performance 

4.1. Experimental Setting and Evaluation 

Indicators 

In order to verify the prediction performance of the 

proposed multi-source data fusion model, this paper sets up 

comparative experiments with traditional statistical models 

(ARIMA, GARCH) and single data source machine learning 

models (Random Forest, LSTM without attention 

mechanism). The experimental data is the 1-hour level data of 

Bitcoin and Ethereum from January 2024 to June 2024, 

including price, trading volume, hash rate, social sentiment 

and other indicators. 

The model evaluation uses three common error indicators 

in time series prediction: 

Mean Absolute Error (MAE): Reflects the average absolute 

deviation between the predicted value and the actual value, 

with smaller values indicating higher prediction accuracy. 

Root Mean Square Error (RMSE): Amplifies the influence 

of large errors, which can better reflect the extreme prediction 

error of the model. 

Mean Absolute Percentage Error (MAPE): Reflects the 

relative error of the prediction, which is convenient for 

comparing the prediction effects of different assets. 

4.2. Experimental Results and Analysis 

The experimental results on the Bitcoin and Ethereum data 

sets show that the multi-source data fusion model proposed in 

this paper has significant advantages in prediction accuracy 

compared with other models. The specific experimental 

results are shown in Table 1 and Table  

 
Table 1: Bitcoin price prediction performance of different 

models (1-hour horizon) 

Model MAE RMSE MAPE 

ARIMA 125.63 189.47 4.28% 

Random Forest 89.35 132.68 3.05% 

LSTM 65.21 98.74 2.23% 

Proposed Model 38.56 59.22 1.31% 

 
Table 2: Ethereum price prediction performance of different 

models (1-hour horizon) 

Model MAE RMSE MAPE 

ARIMA 8.92 13.56 4.51% 

Random Forest 6.25 9.38 3.18% 

LSTM 4.12 6.57 2.09% 

Proposed Model 2.35 3.68 1.19% 

 

From the experimental results, it can be seen that: 

Deep learning models (LSTM, proposed model) are 

significantly better than traditional statistical models and 

machine learning models in cryptocurrency price prediction, 

which proves that deep learning models can better capture the 

non-linear characteristics of cryptocurrency price sequences. 

The proposed multi-source data fusion model has the 

lowest MAE, RMSE and MAPE values on both Bitcoin and 

Ethereum data sets, and the prediction accuracy is improved 

by more than 40% compared with the single data source 

LSTM model. This shows that the fusion of on-chain data and 

social sentiment data can provide more comprehensive 

feature information for price prediction and effectively 

improve the model's prediction ability. 

The introduction of attention mechanism and CNN layer 

makes the model focus on key feature factors and local time 

series changes, which further improves the prediction 

accuracy and robustness of the model. 

In addition, the experimental results show that the model 

has good prediction performance in different market states 

(bull market, bear market, shock market), but the prediction 

error in the extreme volatile market (such as the sharp drop of 

cryptocurrency prices caused by regulatory news) is slightly 

increased, which is due to the suddenness of black swan 

events and the lack of corresponding feature information in 

the historical data. 

4.3. Robustness Test of the Model 

In order to verify the robustness of the proposed model, this 

paper carries out a robustness test by changing the time 

horizon of prediction (24 hours, 7 days) and adding noise to 

the input data. The test results show that the model still 

maintains high prediction accuracy in different prediction 

time horizons, and the prediction error increases slightly 

when the input data contains 5% - 10% noise, which is far 

lower than other comparative models. This proves that the 

model has good time adaptability and anti-noise ability, and 
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can be applied to the actual cryptocurrency market prediction 

with complex data environment. 

5. Application Cases and Future 
Research Directions 

5.1. Practical Application Cases 

The cryptocurrency price prediction model based on data 

analytics proposed in this paper has been applied in the digital 

asset investment decision system of a fintech company, and 

has achieved good practical effects: 

Investment strategy optimization: The model provides real-

time price prediction and volatility early warning for investors, 

and the investment portfolio constructed based on the model's 

prediction results has an annualized return rate of more than 

25%, which is significantly higher than the market average 

return rate. 

Risk control of financial institutions: The model is used by 

digital asset trading platforms to monitor abnormal market 

fluctuations in real time, and timely issue risk warnings for 

extreme price changes, reducing the loss of investors caused 

by market volatility. 

Regulatory decision support: The model provides 

predictive analysis of the overall cryptocurrency market trend 

for regulatory authorities, helping regulators to identify 

potential market risks and formulate targeted regulatory 

policies. 

5.2. Current Research Challenges 

Although the data analytics method has made great 

progress in cryptocurrency price prediction, the current 

research still faces several key challenges: 

Interference of black swan events: Cryptocurrency prices 

are easily affected by unexpected events such as regulatory 

policies and technological security incidents (e.g., exchange 

hacking). These black swan events have strong suddenness 

and are difficult to capture with historical data, leading to a 

sharp decline in model prediction accuracy. 

Heterogeneity of cryptocurrency assets: Different 

cryptocurrencies have different technical characteristics and 

market attributes, and the prediction model trained based on 

Bitcoin data has poor generalization ability on small market 

capitalization cryptocurrencies. 

Data privacy and security: The collection of multi-source 

cryptocurrency data involves the privacy information of 

investors and trading platforms, and there are risks of data 

leakage and malicious use, which restrict the sharing and 

application of data. 

5.3. Future Research Directions 

Aiming at the current research challenges, the future 

research of cryptocurrency price prediction based on data 

analytics will focus on technological innovation and multi-

disciplinary integration, and the main research directions are 

as follows: 

Integration of event-driven and data-driven models: 

Combine the data analytics model with the event-driven 

model, construct a knowledge graph of cryptocurrency 

market events, and integrate the impact of black swan events 

into the prediction model to improve the model's adaptability 

to extreme market conditions. 

Research on multi-task transfer learning models: Use 

transfer learning technology to train a general cryptocurrency 

prediction model based on the data of mainstream 

cryptocurrencies such as Bitcoin and Ethereum, and fine-tune 

the model for different types of cryptocurrencies to solve the 

problem of model generalization ability caused by asset 

heterogeneity. 

Application of federated learning in data processing: Adopt 

federated learning technology to realize the joint training of 

the model under the condition of data isolation, which can 

make full use of multi-source data on the premise of 

protecting data privacy and security, and further improve the 

prediction accuracy of the model. 

Combination of graph neural networks and on-chain data 

analysis: Use graph neural networks (GNN) to model the 

complex network structure of the cryptocurrency blockchain, 

extract the topological features of on-chain transactions, and 

explore the internal mechanism of on-chain data affecting 

price changes from the perspective of network structure. 

Looking ahead, with the deep integration of data analytics, 

artificial intelligence and blockchain technologies, 

cryptocurrency price prediction models will move towards 

the direction of multi-source data fusion, multi-model 

collaboration and intelligent decision-making. It is expected 

to break through the current technical bottlenecks, realize 

accurate prediction of cryptocurrency prices in different time 

horizons and market states, and provide a more scientific and 

reliable tool for the healthy development of the digital 

financial market. 
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