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Abstract. This paper systematically reviews the evolutionary process from clas-
sical statistical models to deep learning models, providing a detailed comparison
specifically on the problem of Bitcoin price prediction. Compared with tradi-
tional statistical models, machine learning models can better capture nonlinear
relationships. Deep learning models, which demonstrate powerful automatic fea-
ture extraction and predictive capabilities, perform better on the Bitcoin price
prediction problem. Furthermore, deep learning models possess potential for fur-
ther improvement through combination with same or different type models and
enhanced utilization of multimodal data.
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1 Introduction

The birth of Bitcoin stemmed from a response to the profound flaws of the traditional
financial system. In 2008, the global financial crisis exposed the fragility and opacity
of centralized financial system. Against this backdrop, Satoshi Nakamoto officially
launched the Bitcoin network on January 3, 2009, establishing a decentralized, anony-
mous electronic transaction system with a fixed supply (21 million coins). Since its
inception, Bitcoin has undergone a remarkable evolution from a niche experiment for
tech enthusiasts to a global alternative asset. From its first physical transaction in 2010
(a Florida programmer purchased pizza coupons for 10,000 Bitcoins) to experiencing
multiple market cycles of high volatility, Bitcoin's market has been continuously re-
shaped. In 2025, the price of Bitcoin reached a new historical high, breaking through
the $120,000 mark for the first time.

With the rapid development of the cryptocurrencies market, the trading scale of dig-
ital assets like Bitcoin continues to expand globally. Their extreme price volatility has
not only attracted widespread attention from financial practitioners and investors but
also posed significant challenges for academia in modeling and prediction. In this con-
text, constructing high-precision, robust, and interpretable prediction models is not only
a core demand for quantitative trading and fintech but also a typical application of the
integrated development of artificial intelligence and financial engineering.

Driven by increased computational power and the explosion of big data, deep learn-
ing rose to prominence in the early 21st century. Models such as Convolutional Neural
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Networks (CNN) and Recurrent Neural Networks (RNN) drove breakthroughs in fields
like image recognition and natural language processing. Today, machine learning has
permeated various scenarios, including healthcare, finance, and autonomous driving,
becoming a key technology for solving complex problems. Its development relies on
algorithmic innovation, upgrades in computing power, and data accumulation, contin-
uously reshaping the technological paradigms of various industries. For asset price pre-
diction, Machine Learning (ML) also holds multidimensional advantages compared to
traditional statistical models (e.g., ARIMA, GARCH).

Existing literature often focuses on comparing the predictive performance of
ARIMA and machine learning models. Given the increasing number of prediction mod-
els available today, analyses of the evolution and core distinctions among various types
of prediction models are often insufficient, and research questions and prediction sce-
narios are relatively scattered. This paper systematically reviews the evolutionary pro-
cess from classical statistical models to deep learning models and provides a detailed
comparison specifically on the Bitcoin price prediction problem. This helps researchers
understand, from a methodological perspective, the differences in predictive capability
and data dimensionality among various models, as well as their respective strengths and
weaknesses in predicting Bitcoin prices.

The evolution of asset price prediction models follows a process from modeling lin-
ear relationships to nonlinear relationships, and further to mining deep temporal struc-
tures. Specifically, it can be divided into three stages: Stage 1: Linear relationship mod-
eling, represented by statistical models such as ARIMA and ARMA-GARCH; Stage 2:
Nonlinear feature modeling, represented by machine learning models such as Support
Vector Machine (SVM) and Artificial Neural Networks (ANN); Stage 3: Deep tem-
poral structure modeling, represented by deep learning models such as Long Short-
Term Memory networks (LSTM), Gated Recurrent Unit(GRU), and CNN. Statistical
models emphasize linearity and stationarity assumptions, making them suitable for sce-
narios with clear structures and relatively low noise; machine learning models can bet-
ter capture nonlinear relationships but rely somewhat on feature engineering and sam-
ple size; deep learning models demonstrate powerful automatic feature extraction and
predictive capabilities under big data conditions, albeit with higher computational costs.
Following the stages above, this paper conducts a comparative analysis of the applica-
tion of traditional statistical models, machine learning methods, and deep learning mod-
els to the Bitcoin prediction problem and reviews the relevant literature. Notably, some
studies have also integrated deep learning models with the design of the trading strate-
gies, using prediction results to guide trading decisions and thereby providing a new
direction for the practical application of such models [1]. This paper discusses the prin-
ciples, applications, strengths, and weaknesses of these three types of methods point by
point, providing forward-looking references for researchers and investors.

2 Data Specification and Model Evaluation Framework

To strengthen the reproducibility and methodological rigor of this study, the source,
time span, sampling frequency, and preprocessing procedures of the Bitcoin dataset are
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explicitly defined. The empirical analysis is conducted using daily Bitcoin prices from
2005 to 2025. Preprocessing includes handling missing observations, constructing
moving-average and volatility features, and normalizing trading volume to ensure data
coherence. The dataset is chronologically partitioned into training and testing subsets
with an 80-20 split, preventing information leakage and ensuring fairness in model
comparison. In addition, unified performance metrics—RMSE, MAPE, and R>—are
adopted across all models, and a standardized comparison table is incorporated into the
experimental section to enhance interpretability and credibility.

Beyond empirical evaluation, the theoretical rationale for selecting specific deep
learning architectures is articulated. LSTM is employed for its strength in capturing
long-term dependencies, CNN for its efficiency in extracting local fluctuation patterns,
and Transformer for its capability to model global nonlinear structures through atten-
tion mechanisms. Considering the limited sample size and the inherent noise character-
istic of cryptocurrency markets, this study applies dropout, L2 regularization, and early
stopping to mitigate overfitting. Model generalization is further assessed across distinct
market regimes—bullish, bearish, and consolidation—thereby reinforcing the robust-
ness and practical relevance of the findings.

3 Statistical Models

Traditional statistical models such as ARIMA and ARMA-GARCH emphasize the
modeling of trends and volatility and have been widely applied in asset price prediction
problems. They possess strong capabilities for modeling linear relationships and per-
form robustly with a small number of input factors. The research by Anand and Sharan
(2025) compared the performance of statistical models and machine learning methods
in predicting Bitcoin returns. They conducted optimization experiments on ARMA and
ARMA-GARCH models using rolling window and expanding window approaches.
The results showed that when optimally selecting the AR and MA orders for each time
window, the ARMA model showed significant improvement in prediction error: its av-
erage Mean Absolute Error (MAE) decreased by approximately 10.7% and Root Mean
Square Error (RMSE) by approximately 11.3%, outperforming results in existing liter-
ature. ARMA-GARCH further incorporated volatility clustering effects on this basis,
achieving predictive performance close to ARMA but possessing greater advantages in
characterizing conditional variance and extreme volatility[2] .Karasu et al. (2018) stud-
ied daily Bitcoin price series data from 2012-2018 and tested the prediction perfor-
mance using ARIMA after preprocessing. Experiments showed that ARIMA performed
stably in short-term prediction tasks with strong stationarity, with an MAE of 48.25 and
RMSE of 89.75 [3]. Malhotra et al. (2022) modeled and predicted daily Bitcoin price
series data from 2018 to 2021. The authors tested the ARIMA model, which achieved
good prediction accuracy with an RMSE of 209.3 [4]. In empirical studies of prediction
models, common evaluation metrics include MAE and RMSE. The literature above
indicates that for daily Bitcoin price prediction, statistical models of the ARIMA and
GARCH types generally have MAE values in the range of 40-200, and RMSE is often
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slightly higher than MAE, revealing the models' shortcomings in capturing extreme
volatility.

4 Machine Learning

Machine learning studies how to enable computer systems to automatically improve
their performance through data and experience, rather than relying on explicit instruc-
tions for every task. Its core idea is that computers analyze large amounts of data, in-
duce patterns or regularities from it, build mathematical models, and then use these
models to make predictions or decisions about new situations. Some classic machine
learning algorithms include:

Support Vector Machine (SVM) separates data by an optimal hyperplane, maximiz-
ing the distance to the nearest data points on either side. Using kernel functions, it maps
nonlinear data to a high-dimensional space to achieve linear separability. It generalizes
well with small samples and high-dimensional data, suitable for text and image classi-
fication, but is less efficient with large-scale data. The Random Forest (RF) model in-
tegrates multiple decision trees, reducing overfitting through the randomization of sam-
ples and features. It uses voting or averaging to enhance performance, is insensitive to
noise, and can output feature importance. It is suitable for structured data, highly effi-
cient, and a commonly used model in industry. The K-Nearest Neighbors (KNN) algo-
rithm belongs to instance-based learning methods: its prediction principle is based on
comparing the similarity of the current sample to historical price patterns for regression
or classification. The core idea of Artificial Neural Networks (ANN) is to fit the com-
plex relationship between price and time features through a multi-layer perceptron
structure.

Compared with traditional statistical models, machine learning models are better at
handling nonlinear features. Typical representatives include SVM, RF, KNN, and ANN
mentioned earlier. Statistical models are adept at handling long-term dependencies in
time series, while machine learning demonstrates advantages in extracting local fea-
tures and similarity-based classification prediction.

For the Bitcoin price prediction problem, common machine learning models and al-
gorithms demonstrate good applicability. For example, models like SVM and RF can
extract associations from high-dimensional input features without explicit prior struc-
tures. Demir et al. (2019) implemented a comparison of multiple machine learning
models on a dataset from 2017-2019, where the SVM model achieved an RMSE of
126.5, the ANN model 118.7, and the KNN model 134.3 [5].

Karasu et al. (2018) studied daily Bitcoin price series data from 2012-2018 and per-
formed predictions using ARIMA and SVM models respectively after preprocessing.
Experiments showed that ARIMA performed stably in short-term tasks with strong sta-
tionarity, while the multi-kernel SVM achieved better performance in nonlinear phases,
with an R? reaching 0.84 [3].

The advantage of ANN lies in its relatively simple structure and high training effi-
ciency, but its capability for modeling long-term temporal dependencies is limited. Al-
meida and collaborators, before predicting the next day's Bitcoin price direction, used
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price and volume data from previous days to construct an ANN-based prediction model.
The single-layer feedforward network model constructed in this study outperformed
online complex models in performance [6].

Compared with traditional statistical models, the incorporation of nonlinear relation-
ship modeling capabilities enables machine learning models to achieve better predictive
performance for Bitcoin prices. Rathore et al. (2022) constructed a real-world Bitcoin
price prediction model that also considered the impact of multi-dimensional factors
such as market liquidity and investor sentiment on prediction performance, further ex-
panding the application boundaries of machine learning models in practical scenarios

[7].

5 Deep Learning Models

Deep learning is a subfield of machine learning. The most fundamental difference be-
tween them lies in the method of feature extraction: Machine learning typically relies
more on manual feature engineering, while deep learning can automatically learn fea-
tures from data. Deep learning was developed based on artificial neural networks and
is the branch of machine learning focused on multi-layer neural networks. Currently,
deep learning models applied in asset price prediction mainly include:Convolutional
Neural Networks (CNN) are a very common algorithm (model) in deep learning. Their
core idea involves extracting local features through convolutional layers, compressing
information through pooling layers, and finally performing tasks like classification or
regression through fully connected layers. They are widely used in image recognition,
object detection, and other fields.

Recurrent Neural Networks (RNN) are typical models in deep learning for pro-
cessing time series data. Their core idea is to use a recurrent structure in the hidden
layer to pass the state from the previous time step to the next, thereby modeling dynamic
sequential information. In Bitcoin price prediction, RNNs can capture the temporal de-
pendencies of price data but are prone to vanishing or exploding gradient problems,
leading to limited performance when modeling long sequences.

Long Short-Term Memory networks (LSTM) are a variant of recurrent neural net-
works designed for processing sequential data. To overcome the vanishing/exploding
gradient problems of RNNSs, researchers proposed improved models like LSTM, which
enhance the memory and control over long-term dependencies while maintaining the
sequential modeling capability of RNNs. Through gating mechanisms (input gate, for-
get gate, output gate), they control the flow of information, solving the long-term de-
pendency problem of traditional RNNs and enabling them to remember key information
over long sequences. Consequently, they are widely adopted in financial time series
prediction. LSTMs are also applicable to tasks like text generation and speech recogni-
tion, making them a core model for sequential tasks.

Compared to deep learning methods, traditional machine learning models like ANN
and KNN show certain feasibility in Bitcoin prediction, but their limitations are also
evident. While ANNs can handle nonlinear relationships, their limited number of layers
restricts their ability to capture long-term temporal dependencies; KNN relies on the
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similarity of historical samples, resulting in limited prediction accuracy in the high-
noise, non-stationary cryptocurrencies market. In contrast, deep learning methods like
LSTM and CNN demonstrate stronger advantages in handling long-term dependencies
and extracting local features within time series. For instance, LSTM can effectively
memorize and utilize past price fluctuation information, while CNN excels at capturing
short-term patterns and local structures. Therefore, deep learning methods have gradu-
ally become the mainstream direction in recent Bitcoin price prediction research. LSTM
is currently one of the mainstream models for cryptocurrency price prediction, pos-
sessing the ability to handle long-term dependencies in time series.

Malhotra et al. (2022) directly compared LSTM with the ARIMA model using data
from 2018 to 2021. The results showed that LSTM outperformed ARIMA in terms of
RMSE (197.5 vs. 209.3), indicating the clear advantage of deep learning methods in
modeling nonlinear structures [4].

Demir et al. (2019), in their multi-model comparison on the 2017-2019 dataset,
found that LSTM achieved the best prediction performance, with an RMSE of 89.2,
significantly better than SVM (126.5), ANN (118.7), and KNN (134.3), demonstrating
the advantage of deep neural networks in modeling nonlinear features [5].

Zhang et al. (2021) studied the performance of the LSTM model in Bitcoin price
prediction and further expanded its application boundaries [8]. They proposed various
enhanced prediction models based on LSTM , such as WT-LSTM (Weighted Long
Short-Term Memory), CEEMDAN-LSTM (Complete Ensemble Empirical Mode De-
composition with Adaptive Noise combined with LSTM), CEEMDAN-SE-LSTM (SE
stands for Squeeze-and-Excitation network), WT-SE-LSTM. By introducing methods
like wavelet transform and Complete Ensemble Empirical Mode Decomposition with
Adaptive Noise, they decomposed and reconstructed the original Bitcoin sequence, then
used LSTM to predict sub-sequences of different frequencies. The results showed that
the enhanced prediction models significantly outperformed the single LSTM model in
terms of RMSE, MAPE, and TIC metrics. Among them, the CEEMDAN-SE-LSTM
model, which incorporated adaptive noise complete ensemble empirical mode decom-
position and sample entropy methods, achieved a MAPE of only 0.04%, far lower than
the baseline LSTM's 28.23%][8]. This indicates that LSTM not only possesses endoge-
nous advantages in dealing with complex financial time series but can also further en-
hance prediction accuracy through integration with signal decomposition methods.

Sestanovi¢ and Mili¢evié (2025) focused on optimizing the LSTM model architec-
ture. By comparing the performance of models with different numbers of hidden layer
nodes and activation function combinations, they identified the optimal neural network
architecture suitable for Bitcoin return prediction, and the optimized model achieved
significant improvements in both prediction accuracy and stability [9].

6 Hybrid Models

Beyond using the aforementioned models individually, combining different models can
leverage the strengths of each type.
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For example, CNN can be combined with other models to form a feature extraction
+ sequence modeling architecture. CNN can serve as a front-end module to perform
convolution operations on the original price series or decomposed sub-sequences, ex-
tracting short-term local fluctuation features. Subsequently, these features are fed into
LSTM or GRU networks to model long-term temporal dependencies. Such a CNN-
LSTM hybrid structure endows the model with both the rapid feature extraction capa-
bility of CNN and the long-term dependency capture ability of LSTM. Another type of
hybrid approach combines CNN with autoregressive models or wavelet decomposition,
using CNN to extract multi-scale local patterns, which are then processed by statistical
models or deep recurrent networks for overall trend and volatility. Singh et al. (2022),
when using fusion structures (such as CNN-LSTM and stacking models) to predict
Bitcoin data from 2020-2021, achieved excellent performance across multiple evalua-
tion metrics (e.g., R?), with the R? metric reaching 0.95, demonstrating the potential of
ensemble models in improving prediction accuracy [10]. Furthermore, CNN-LSTM
outperformed single structures in identifying volatility rhythms.

The ARIMA-LSTM hybrid model can combine the advantages of linear trend pre-
diction and nonlinear volatility prediction, making it suitable for different market con-
ditions. Additionally, both Singh [10] and Malhotra [4] proposed stacking-based en-
semble learning strategies, using RF, GLM, and LSTM as base models to build an en-
semble, which outperformed single models in terms of R2.

Overall, statistical models are effective in capturing linear trends but perform limit-
edly when faced with nonlinear characteristics in financial markets. Therefore, despite
their simplicity and strong interpretability, they often underperform compared to ma-
chine learning and deep learning methods when predicting complex price se-
quences.Notably, in "Exploring Optimal Trading Strategies Based on Neural Network
Prediction Models", Dong Han et al. (2023) used the LSTM model to predict the future
prices of investment products in financial transactions and forecast their ups and downs.
Considering transaction commission costs, they analyzed the optimal strategies for two
trading methods—long and short positions—and further integrated the LSTM predic-
tion model with portfolio trading decisions. By guiding long and short operations on
multiple assets such as Bitcoin, crude oil, and gold through price trend predictions, this
study provides a reference for the application of hybrid models in practical trading sce-
narios[1].

7 Data Utilization in Machine Learning Models

Furthermore, regarding data types, most statistical model studies are based on Bitcoin
price series (e.g., open, close, high, low prices), while some machine learning and deep
learning studies further incorporate trading volume data, and even integrate social me-
dia text (e.g., Twitter sentiment, news reports) to enhance predictive performance. Jang
and Lee, based on blockchain data related to Bitcoin supply and demand, conducted an
experimental study on Bitcoin price prediction and modeling using Bayesian Neural
Networks (BNN). They validated the performance of their constructed model by com-
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paring it with other linear and nonlinear models [11]. Hamadou et al. (2023) used Eco-
nomic Policy Uncertainty (EPU) and Financial Stress Index (FSI) extracted from tex-
tual information, which showed improvement effects on the predictive ability of CNN
and LSTM models during specific periods [12]. Greaves and Au (2015) introduced
graph analysis techniques into machine learning methods, applying them to the Bitcoin
price prediction problem [13].

Overall, statistical models that solely use price data have limited predictive effec-
tiveness, whereas machine learning and deep learning models incorporating multi-
modal data often significantly outperform traditional methods in reducing error met-
rics.Chen (2023) further verified this conclusion by fusing multi-source data in "Anal-
ysis of Bitcoin Price Prediction Using Machine Learning". After incorporating multi-
modal data into the constructed machine learning model, the prediction error was re-
duced by 15%-20% compared with the input of single price data [14].

8 Conclusion and Outlook

This paper systematically reviewed the evolutionary process from classical statistical
models to deep learning models and provided a detailed comparison specifically on the
Bitcoin price prediction problem. Traditional statistical models emphasize linearity and
stationarity assumptions, making them suitable for scenarios with clear structures and
relatively low noise. Their accuracy in Bitcoin price prediction is relatively less effec-
tive, with limited room for improvement, and they are often constrained to price data.
Machine learning models can better capture nonlinear relationships but rely somewhat
on feature engineering and sample size. Deep learning models demonstrate powerful
automatic feature extraction and predictive capabilities albeit with higher computa-
tional costs. Compared to statistical models, machine learning and deep learning mod-
els perform better on the Bitcoin price prediction problem and possess potential for
further improvement through model combination and enhanced utilization of multi-
modal data.

Future research can further explore the integration of models with practical trading
scenarios, such as the attempt by Dong Han et al. (2023) in "Exploring Optimal Trading
Strategies Based on Neural Network Prediction Models" to embed the LSTM predic-
tion model into trading strategy design. Meanwhile, it can draw on the model architec-
ture optimization ideas of Sestanovi¢ and Mili¢evié (2025), as well as the multi-method
fusion strategy proposed by Zhang Ning et al. (2021) in "Bitcoin Price Prediction Based
on LSTM Hybrid Models"-which combines wavelet transform, Complete Ensemble
Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) with LSTM-to
continuously improve the practicality and prediction accuracy of models [8,9,1].
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