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This study provides a comprehensive analysis of the existing body of work 
on predicting the price of Bitcoin using deep learning techniques. It discusses 
the fundamental concepts behind deep learning and Bitcoin, including 
recurrent neural networks, convolutional neural networks, and long short-
term memory networks. The study also examines the data sources used in 
training these models, including historical Blockchain transaction data, social 
media sentiments, and Bitcoin prices. The report also highlights the 
importance of metrics like mean absolute error, mean squared error, and 
root mean squared error for evaluating the effectiveness of various models. 
It also discusses future research topics, such as incorporating external 
factors into prediction models. The article offers valuable insights for 
academics, practitioners, and policymakers interested in cryptocurrency 
prediction. 
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A. Introduction 
The markets for cryptocurrencies are characterized by a high degree of 

volatility, which is caused by several factors that go beyond the price moves that 
have occurred in the past [1]. Attempts to fathom this complexity using 
conventional methods are not without their challenges. A solution that is both 
compelling and effective is provided by neural networks. Because they can handle 
non-linear connections and derive insights from huge datasets, such as social 
sentiment and news, they are exceptionally well-suited for analyzing complicated 
dynamics. Furthermore, neural networks, particularly recurrent ones, have an 
outstanding capability of identifying patterns in time series data such as historical 
prices, which may potentially result in more accurate price projections [2]. This is 
because neural networks can recognize patterns so well. As the dynamic coin 
company continues to evolve, their adaptability helps them to continually gain new 
expertise and improve their talents [3].  

The power of neural networks to navigate the complex nature of the market 
has contributed to the rise in importance and relevance of neural networks in the 
process of predicting the prices of cryptocurrencies. In addition to historical price 
data, neural networks can analyze a broad variety of criteria, such as the attitude 
expressed on social media platforms, the volume of trades, and the number of 
articles published in the news [4]. The fact that they are not typical procedures 
distinguishes them. Because of this, they can capture the intricate and subtle 
mechanisms that are responsible for the price of cryptocurrencies, including non-
linear correlations in the market. Furthermore, specific neural network 
architectures like as long short-term memory (LSTM) networks have an 
outstanding competence in spotting patterns in time series data, which may result 
in more accurate price projections [5]. Given that neural networks have the power 
to continually learn information and improve performance via the incorporation of 
new data, the ability to adapt is vital in the ecosystem of the coin, which is always 
developing. The use of neural networks is a powerful tool for investors and 
researchers who wish to study and maybe forecast the future of Bitcoin values. 
Although it is difficult to achieve perfect prediction, neural networks are a 
formidable instrument for this purpose [6].  

The field of neural networks and their use in predicting the value of coins are 
the subjects of investigation in this theoretical paper. The framework may begin 
with an introduction section that will explain the inherent volatility and 
complicated features of the crypto currency market, with a particular emphasis on 
the limitations of traditional methods. The next step of the research will include an 
investigation of the objectives, with a specific focus on the benefits of neural 
networks [7]. The capacity of neural networks to efficiently interpret non-linear 
connections and enormous datasets, such as those observed in social media and 
news, which influences the prices of crypto currencies, would be elucidated as a 
result of this. It is reasonably anticipated that the article would study certain 
structures, such as Long Short-Term Memory (LSTM), to evaluate historical price 
sequences, which has the potential to improve projections. In the end, the 
framework may be able to address the limitations of neural networks, such as over 
fitting, while simultaneously emphasizing the overall relevance and pertinence of 
neural networks in this dynamic market [8].  
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This article provides an analysis of the fundamental reasons and the inherent 
worth of cryptocurrencies. The process of doing a fundamental analysis entails 
conducting an exhaustive investigation of all the pertinent information that is 
associated with a coin. To do this, it makes use of both quantitative and qualitative 
metrics of financial outcomes. The determination of the value that is intrinsic to a 
coin is the ultimate goal of basic analysis [9]. 

The complicated structure of the human brain serves as a source of 
inspiration for neural networks, which are a kind of artificial intelligence. The 
processing of information is carried out hierarchically via neural networks, which 
are made up of interconnected nodes, which are also referred to as artificial 
neurons in some instances. It is via the process of training with huge datasets that 
these networks can gain knowledge of subtle patterns and relationships [10]. Back 
propagation, which alters the weights of connections between nodes to reduce the 
number of errors, and activation functions, which integrate non-linearity to solve 
more complicated challenges, are two examples of common approaches that are 
used in this context [11].  

Neural networks are increasingly used in various industries due to their 
ability to understand complex patterns from large datasets. They are 
revolutionizing finance by identifying fraudulent activity through transaction 
patterns. They are also gaining interest in algorithmic trading and financial 
forecasting by predicting market trends. Neural networks also play a significant 
role in cryptography, evaluating and weakening existing encryption methods, and 
developing innovative, more resistant methods. They are also used in secure 
communication protocols and blockchain data analysis to identify system 
vulnerabilities. The study of neural networks is expected to continue, increasing its 
significance across various industries [12, 13]. 

The aim of this article review studies using deep learning algorithms to 
estimate Bitcoin price, analyzing techniques, methodologies, and performance 
metrics. It discusses challenges, opportunities, and potential areas for further 
study in cryptocurrency forecasting. 

The rest of this paper is structured as follows: section 2 gives a 
comprehensive overview of the background and theory including Deep Learning, 
(RNNs), (LSTM),(GRU),(CNN), AlexNet, and GoogLeNet. Section 3 provides an 
overview of related works (literature review) conducted about the previous 
studies using a set of algorithms related to Bitcoin. The findings from the literature 
are thoroughly discussed in Section 4. Finally, Section 5 concludes this paper 
Summarize the main ideas derived from the models used to estimate Bitcoin 
prices. 

 
B. Deep Learning (DL) 

 Artificial neural networks that are fashioned after the structure and function 
of the human brain are used in deep learning, which is an advanced branch of 
machine learning that focuses on interpreting and digesting massive quantities of 
data [14]. Deep learning is comprised of artificial neural networks. The several 
layers of interconnected neurons that are characteristic of deep learning 
architectures are what set them apart [15].  
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To forecast the price of Bitcoin, deep learning, which is a subcategory of 
machine learning, is a very efficient approach. It does very well when it comes to 
automatically recognizing intricate patterns and connections by analyzing vast 
volumes of historical data automatically. The analysis of historical Bitcoin price 
data and the forecasting of future price patterns may be accomplished via the use 
of deep learning techniques. These techniques include recurrent neural networks 
(RNNs), long short-term memory (LSTM) networks, and convolutional neural 
networks (CNNs) [16]. When it comes to predicting the price of Bitcoin, deep 
learning has a big advantage in that it can effectively capture the complex temporal 
dependencies and nonlinear correlations that are present in the data. Specifically 
designed to handle sequential data, Recurrent Neural Networks (RNNs) and Long 
Short-Term Memory (LSTM) networks are well suited for modeling time-series 
data, such as Bitcoin values. These networks were developed with the express 
purpose of processing sequential data [17]. These networks can learn information 
from the sequential properties of the data, which enables them to recognize and 
comprehend patterns such as seasonality, trends, and other patterns that have the 
potential to influence price variations [18].  

Furthermore, Convolutional Neural Networks (CNNs) have the potential to 
be used in the evaluation of Bitcoin price data in both the temporal and feature 
domains. CNNS can use convolutional filters to examine price data and identify 
relevant qualities and patterns that are associated with pricing fluctuations in the 
future. The use of this tactic in conjunction with other types of data, such as 
sentiment analysis or technical indicators, has the potential to provide 
exceptionally fruitful outcomes [19].  

Moreover, deep learning models hold the potential to dynamically adapt and 
update their projections in real time as fresh data becomes available [20]. The 
flexibility of deep learning models allows them to constantly improve their 
accuracy and reliability over time. As a result, these models are extremely ideal for 
markets that are dynamic and unpredictable, such as Bitcoin. Nevertheless, it is of 
the utmost importance to note that deep learning models that are used to predict 
the price of Bitcoin may face challenges such as overfitting, restricted data 
availability, and the inherent volatility of financial markets [21, 22]. Consequently, 
to ensure the reliability and robustness of deep learning-based models for 
forecasting Bitcoin values, it is essential to validate and evaluate models rigorously 
[23].  

A framework that is both strong and adaptive is provided by deep learning to 
forecast Bitcoin values. It does this by using complex neural network topologies 
and doing significant data processing to offer insightful predictions and useful 
information. Investing methods and judgments on risk management in the 
cryptocurrency market may be influenced by these forecasts, which can be used to 
guide investment plans [24].  
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Figure 1: Deep Learning Algorithms 

 
2.1  Recurrent Neural Networks (RNNs) 
The Recurrent Neural Network (RNN) algorithm plays in the analysis and 

prediction of Bitcoin prices. RNNs, which stand for recurrent neural networks, are 
particularly well-suited for the analysis of time-series data, such as variations in 
the price of Bitcoin. This is because RNNs are particularly adept at capturing the 
links that exist between data points over time and recognizing patterns that occur 
in a certain sequence [25]. When it comes to predicting the price of Bitcoin, 
Recurrent Neural Networks (RNNs) can learn from historical price data to make 
predictions about future price variations. The research will look at several 
different reinforcement neural network (RNN) designs and methods that are used 
in Bitcoin price prediction competitions [26]. These include Gated Recurrent Unit 
(GRU) networks and long Short-Term Memory (LSTM) networks. The issue of 
vanishing gradients is resolved by these topologies, which also make it possible for 
RNNs to effectively learn from extensive sequences of data sources. In addition, the 
research will investigate the challenges that arise when attempting to forecast the 
price of Bitcoin using RNNs [27]. These challenges include the management of 
noisy data, the handling of non-stationarity, and the reduction of overfitting. The 
purpose of this research is to investigate the benefits and drawbacks of using RNN-
based algorithms throughout the process of forecasting Bitcoin prices. The 
purpose of this study is to investigate the effectiveness of deep learning methods in 
the field of financial forecasting, with a special focus on the cryptocurrency 
markets [28]. 
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Figure 2: Recurrent Neural Networks 

 
 
2.2  LSTM (Long Short-Term Memory)  
When it comes to assessing and forecasting Bitcoin values, the LSTM 

algorithm is a very important component [29]. Long Short-Term Memory, often 
known as LSTM, is a special kind of Recurrent Neural Network (RNN) that was 
built expressly to address the problem of vanishing gradient. This problem 
frequently prevents regular RNNs from effectively capturing long-term 
associations in sequential data [30]. LSTM was developed to address this issue. As 
a result of the ephemeral quality of Bitcoin price data, LSTM networks are an 
excellent choice for modeling and forecasting price movements over some time. An 
examination of LSTM networks is the primary emphasis of this paper, which is 
conducted in the context of Bitcoin price prediction tasks. The investigation 
focuses on their organizational structure, training methodology, and assessment 
standards [31]. Because LSTM networks are so adept at gaining and preserving 
long-term connections in sequential data, they are particularly well-suited for 
deciphering the complicated patterns of Bitcoin price fluctuations. This is because 
LSTM networks can effectively acquire and maintain long-term connections. The 
research may also involve an investigation into the possibility of improving the 
accuracy of LSTM-based models for forecasting Bitcoin values. Approaches like 
feature engineering, hyperparameter tweaking, and ensemble techniques are 
examples of methodologies that might fall under this category [32]. The purpose of 
this study is to provide insights into the applicability and limitations of deep 
learning technologies in the analysis of cryptocurrency markets. This will be 
accomplished by conducting a thorough examination of the performance of LSTM 
networks in projecting Bitcoin prices [33]. 
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Figure 3: Long-Short Term Memory 

 
 
2.3  Gated Recurrent Unit (GRU)  
A significant amount of weight is given to the Gated Recurrent Unit (GRU) 

algorithm when it comes to the evaluation and analysis of models that are used to 
forecast Bitcoin values [34]. The Gated Recurrent Unit, often known as the GRU, is 
a particular kind of recurrent neural network (RNN) that was developed to 
address the problem of disappearing gradients and to facilitate effective learning 
from extensive sequences of data. GRU networks are very ideal for gathering and 
assessing the complicated patterns and linkages that are inherent in price 
fluctuations over time [35]. The ephemeral nature of Bitcoin price data, GRU 
networks are particularly suitable for this purpose. In this study, we will 
investigate the usage of GRU networks in tasks that are associated with forecasting 
Bitcoin values. We will also analyze the structure of these networks, as well as 
their training techniques and performance characteristics. GRU networks, which 
are distinguished by their streamlined architecture in comparison to Long Short-
Term Memory (LSTM) networks, can effectively train and model abilities for time-
series data, such as Bitcoin prices [36]. In addition to this, the essay will investigate 
the advantages and disadvantages of using GRU-based models in the process of 
forecasting Bitcoin values. Additionally, it may take into consideration the efficacy 
of these algorithms in contrast to other deep learning algorithms, such as LSTM, or 
traditional statistical methods. By evaluating the efficiency of GRU networks in 
predicting Bitcoin prices, the purpose of this study is to improve the understanding 
of deep learning techniques in the context of financial forecasting, especially in the 
context of cryptocurrency markets [37].  
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Figure 4: Gated Recurrent Unit (GRU) 

 
2.4  Convolution Neural Networks (CNNs) 
 The Convolutional Neural Network (CNN) approach is a powerful instrument 

that can be used in the area of deep learning-based Bit-coin price prediction to 
evaluate and forecast the values of this cryptocurrency. The analysis of time-series 
data, such as the fluctuations in the price of bitcoin, is another potential use for 
convolutional neural networks (CNNs), which are often utilized for computer 
vision applications. When it comes to identifying relevant features from input data, 
convolutional neural networks (CNNs) perform very well, which enables them to 
make accurate predictions about future price movements [38]. 

Convolutional Neural Networks (CNNs) may be trained to anticipate the price 
of Bitcoin by utilizing historical price data, in addition to other relevant 
information such as trading volumes, market sentiment indicators, and technical 
analysis metrics. This allows CNNs to make more accurate predictions. By 
acquiring the capacity to discern patterns and relationships within the data, the 
CNN model can accurately capture the complicated dynamics of the fluctuations in 
the price of bitcoin over time [39]. 

When it comes to predicting the price of Bitcoin, the capacity of 
Convolutional Neural Networks (CNNs) to recognize and analyze spatial and 
temporal patterns within the data is a significant advantage since it allows for 
more accurate forecasting. By applying convolutional filters to the time series of 
Bitcoin prices across a wide range of periods, CNNs can effectively identify major 
traits and patterns in the history of Bitcoin prices. In addition, Convolutional 
Neural Networks (CNNs) have the potential to independently acquire hierarchical 
representations of the data, enabling them to capture both instant fluctuations and 
long-lasting trends in the price of Bitcoin [40]. Nevertheless, it is of the utmost 
importance to admit that Convolutional Neural Networks (CNNs) may have 
limitations when they are used to assess financial time-series data, such as Bitcoin 
prices. During the process of training models and attaining accurate predictions, 
the inherent noise and volatility in the data may provide challenges that need to be 
overcome. Additionally, Convolutional Neural Networks (CNNs) may have 
difficulty capturing the complex nonlinear connections that exist in the oscillations 
of Bit-coin values, particularly during periods of extreme volatility or market 
uncertainty. This is especially true when the market is unclear [41]. 
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In conclusion, Convolutional Neural Networks (CNNs) have the potential to 
be an effective instrument for forecasting the price of Bitcoin by using deep 
learning methods. Using them, major insights and patterns in the data might be 
revealed with their assistance. On the other hand, the effectiveness of these 
strategies could be different depending on factors such as the quality of the data, 
the choice of model architecture, and the characteristics that are unique to the 
Bitcoin market. Therefore, when incorporating Convolutional Neural Networks 
(CNNs) into Bitcoin price forecasting models, it is essential to conduct exhaustive 
testing and validation [42]. 

 
      

 
Figure 5: Convolution Neural Networks 

 
2.5  AlexNet 
AlexNet, a convolutional neural network (CNN) architecture, has significantly 

influenced deep learning, particularly in computer vision. Originally designed for 
image classification, AlexNet can be adapted to handle various data types, 
including time-series data, for Bitcoin price prediction [43]. The network's 
architecture, consisting of convolutional and pooling layers and fully connected 
layers, allows it to independently acquire hierarchical representations of input 
data [44]. 

To use AlexNet for Bitcoin price prediction, historical price data must be 
preprocessed and entered into the network. The network can then derive major 
features like trends, volatility patterns, or seasonal changes, which can be used as 
input for independent models like recurrent neural networks or fully connected 
neural networks [45]. 

Despite not being specifically designed for time-series data analysis, 
AlexNet's ability to acquire hierarchical representations and recognize detailed 
patterns may be useful in identifying relevant traits from Bitcoin price data. 
Transfer learning techniques can be used to fine-tune pretrained AlexNet models 
for better accuracy in forecasting prices [46].However, the use of AlexNet for 
Bitcoin price prediction may present challenges in model modification, data 
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preprocessing, and feature extraction. Further research and simulations are 
needed to determine the feasibility and effectiveness of AlexNet's application in 
this context [47]. 

 
2.6  GoogLeNet 
 Also known as Inception-v1 is a convolutional neural network architecture 

developed by Google for photo classification jobs [48]. Its design aims to achieve 
high accuracy in photo classification jobs while maintaining low processing 
requirements. However, it can be modified for analyzing various types of data, 
such as time-series data, to make predictions about Bitcoin price [49]. GoogleNet 
extracts patterns and features from historical price data using a large number of 
convolutional layers and a module called "Inception" that uses simultaneous 
convolutional techniques [50]. 

To use GoogleNet for Bitcoin price prediction, historical price data must be 
preprocessed and input into the network. The network then recognizes key 
features like trends, volatility patterns, or seasonal swings, which can be used as 
input for a different model, such as a recurrent neural network or fully connected 
neural network [51]. 

GoogleNet's advantage is its ability to recognize complex patterns and 
correlations within the data while preserving computer system efficiency. 
However, it may face challenges in model adaptation, data preparation, and feature 
extraction. A comprehensive evaluation and comparison of GoogleNet-based 
models for Bitcoin price forecasting with other deep learning architectures is 
crucial [52]. 

 
2.7  Deep Neural Networks (DNNs) 
Deep Neural Networks (DNNs) are a type of artificial neural network that is 

widely used for predicting Bitcoin's price using deep learning. These networks can 
identify intricate patterns in historical price data, allowing them to uncover 
seasonality and other factors that impact Bitcoin values. By analyzing large 
amounts of historical data, DNNs can acquire complex features at each level, 
helping them understand complex market dynamics [53]. 

One common method for training DNNs is to evaluate historical data, with 
the objective variable being the projected price movements. By constantly 
adjusting the network's parameters, DNNs can learn to correlate input attributes 
with the target variable, enabling them to accurately predict future price 
variations. However, DNNs face limitations such as high data demand, processing 
resources, and hyperparameter tuning. Additionally, they may struggle with 
interpretability, which can hinder their ability to understand the fundamental 
factors driving their predictions. Despite these challenges, DNNs offer valuable 
insights and forecasts that can influence investment strategies and risk 
management decisions in the constantly shifting and unpredictable cryptocurrency 
market [54, 55]. 
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Figure 6: Deep Neural Networks 

 
 

C. Literature Review 
In [56], with the use of different machine learning algorithms, the purpose of 

this study was to identify the model that was both the most effective and accurate 
in predicting Bitcoin values. During the period beginning January 1, 2012, and 
ending January 8, 2018, a number of alternative regression models were tested 
using the scikit-learn and Keras libraries. These models were applied to trade data 
that had been collected at intervals of one minute on the Bitcoin exchange website 
known as bitstamp. 

In [57], the aim of this research was to assess the degree of accuracy in 
forecasting the movement of Bitcoin price in USD. The price data was sourced from 
the Bitcoin pricing Index. The task was completed with varying degrees of 
achievement by using a Bayesian optimized recurrent neural network (RNN) and a 
Long Short Term Memory (LSTM) network. The LSTM model achieved a 
classification accuracy of 52% and a root mean square error (RMSE) of 8%. The 
ARIMA model, a commonly used method for time series forecasting, was 
constructed specifically for the aim of comparing it with deep learning models. 

In [58], this study conducted a comparative investigation of many 
parameters that impacted the prediction of Bitcoin values. The study relied on the 
Root Mean Square Error (RMSE) measure and employed several deep learning 
models, such as Convolutional Neural Network (CNN), Long Short Term Memory 
(LSTM), and Gated Recurrent Unit (GRU). The correlation between the price of gold 
and the price of Bitcoin was analyzed. 

In [59], the study employed a multiple input LSTM-based prediction model 
and the Black-Scholes model to analyze Bitcoin option pricing. It predicted price 
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volatility for the next 30 days based on on-chain and off-chain transactions, using 
Blockchain statistical data and social network trends. The model evaluated 
Blockchain wallet activity, active nodes, and platforms like Google, Reddit, and 
Twitter. Performance was compared with a baseline model without Blockchain 
statistical inputs. 

In [60], the research used experimentation methods to analyze data from 
May 1, 2013, to June 7, 2019, utilizing data from www.coingecko.com. 
Preprocessing involved eliminating characteristics, conducting a stationary test, 
and applying data differentiation. The model candidate was determined using 
correlationogram methodology, and the Autoregressive Integrated Moving 
Average (ARIMA) method was used for accurate short-term forecasts. 

In [61], the objective of this work was to assess and compare three separate 
machine learning models in terms of their capacity to forecast time series. For our 
time series analysis, we used the Bitcoin price information to construct forecasts 
and make our judgments. Based on the results, it could be inferred that the ARIMA 
model yielded better results than the regression models based on deep learning. 

In [62], both Litecoin and Monero were the primary objectives of that study, 
which focused on a hybrid approach to cryptocurrency prediction. Long Short-
Term Memory (LSTM) and Gated Recurrent Unit (GRU) architectures served as the 
conceptual foundations upon which the system was built. The results showed that 
the approach that was advised was capable of precisely anticipating prices with a 
high level of accuracy, which suggested that it could forecast the values of various 
cryptocurrencies to a substantial degree.  

In [63], the study examined how global currencies such as the US Dollar and 
foreign exchange rates affected Bitcoin values, and investigated if Bitcoin had the 
potential to replace global currencies and become the primary means of exchange. 
The work sufficiently assisted in predicting price, achieving a 94.89% accuracy in 
predicting Bitcoin prices using a machine learning-based neural network. This led 
to a reduction of over 13.7% in price prediction in April 2020 during evaluation, 
considering all technical trade indications. 

In [64], this research offered a prediction model based on deep learning to 
forecast and classify the price and movement direction of bitcoin. Due to the 
extreme volatility of cryptocurrency prices, it was difficult to perform these two 
tasks. The cryptocurrency trading market did not demonstrate ideal market 
characteristics, indicating that price movements were not fully random. This study 
showed that both the price value estimate and the classification of the direction of 
price movement were trustworthy. A prediction model using recurrent neural 
networks was constructed to perform regression and categorization of prices. The 
recommended approach achieved an unprecedented degree of performance in 
movement classification. This was achieved by using external dependable 
components and choosing dynamic features that were flexible. 

In [65], this study introduced a hybrid model including deep learning 
techniques, namely Gated Recurrent Units (GRU) and Long Short-Term Memory 
(LSTM). The model was created to predict the prices of Litecoin and Zcash by 
considering the interrelationship with the main currency. The proposed model was 
extensively trained and evaluated using standard datasets, demonstrating its 
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suitability for real-time applications. The findings showed that the recommended 
model outperformed other models in properly forecasting prices. 

In [66], for the purpose of analyzing the market for digital currencies and 
forecasting the daily price of Bitcoin, this research made use of a model that 
contained both machine learning and deep learning. A daily examination of the 
data for 1,691 different cryptocurrencies was conducted, beginning in November 
2017 and continuing through April of the following year. Using complex artificial 
intelligence algorithms in straightforward trading operations had successfully 
satisfied the conditions that were established, according to the research. 

In [67], used ARIMA, FBProphet, and XG Boosting for time series analysis as 
machine learning approaches.  assessed these models based on Root Mean Square 
Error (RMSE), Mean Absolute Error (MAE), and R2. After completing trials on 
three methodologies, time series analysis determined that ARIMA is the most 
effective model for predicting Bitcoin price in the crypto-market, with an RMSE 
score of 322.4 and an MAE score of 227.3. Moreover, this information might benefit 
investors in the cryptocurrency industry. 

In [68], this study presented a prediction system using a genetic algorithm 
(GA) and XGBoost approach, with an enhanced feature engineering process. The 
process included expanding the feature set, preparing data, and selecting the 
optimum feature set using the hybrid GA-XGBoost algorithm. The study 
demonstrated the relevance of this feature engineering method in anticipating 
stock price direction through empirical validation, comparing generated feature 
sets with the initial dataset and improving prediction performance to outperform 
benchmark models. 

In [69], within the confines of this essay,  studied the uses of machine 
learning, as well as its weaknesses and ways to strengthen it, from the perspective 
of information technology security. We had a discussion about the possible areas of 
study that could be conducted in the future, and as a consequence, we created a 
roadmap for the hardware security community in general. 

In [70], this research investigated Bitcoin manipulations using machine 
learning and statistical forecasting techniques. It assessed the impact of social 
media attitudes on manipulations and their correlation with price changes. The 
study investigated claims that prediction techniques used before the Covid-19 
crisis were more effective. The Covid-19 epidemic was considered a global 
catastrophe, and relevant research was scrutinized. 

In [71], users could have used this research to examine projected price 
trends of existing cryptocurrency coins, allowing them to make well-informed 
decisions and investments based on the cryptocurrency's value. We created a 
system that used two Machine Learning algorithm models, ARIMA and LSTM, to 
examine the daily price fluctuations of five cryptocurrencies: Bitcoin, XRP, 
Ethereum, Dogecoin, and SHIBA INU. Once connected, blockchain technology 
secured the database. When the user selected the currency and forecast date, the 
system provided data and a graph using Smart Contract code and Time Series 
Forecasting. This allowed the user to engage in the present financial 
cryptocurrency market. The technology enhanced bitcoin assessment by using 
machine learning methods to train and update its dataset. 
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In[72], this paper presented a self-attention-based multiple long short-term 
memory (SAM-LSTM) system for the prediction model. This system consisted of 
many LSTM modules for on-chain variable groups and the attention mechanism. 
Experiments were carried out utilizing actual Bitcoin price data and different 
approach configurations to showcase the effectiveness of the proposed framework 
in forecasting Bitcoin prices. 

In [73], this study aimed to provide a Long Short-Term Memory (LSTM) 
algorithm designed to anticipate the values of four distinct cryptocurrencies. The 
cryptocurrencies mentioned included AMP, Ethereum, Electro-Optical System, and 
XRP. The LSTM model was evaluated using mean square error (MSE), root mean 
square error (RMSE), and normalized root mean square error (NRMSE) 
experiments. The gathered findings showed that the LSTM algorithm 
outperformed in predicting various coins. Therefore, it could be deemed the most 
efficient algorithm. 

In [74], this research aimed to develop a predictive framework for 
cryptocurrency prices using two advanced deep learning architectures: BiLSTM 
and GRU. The current study utilized three public real-time bitcoin datasets 
obtained from "Yahoo Finance." Deep learning methods using Bidirectional Long 
Short-Term Memory and Gated Recurrent Unit were used to forecast the prices of 
three major cryptocurrencies: Bitcoin, Ethereum, and Cardano. The Grid Search 
approach optimized hyperparameters during operations. 

In [75], automated identification of ancient Roman coins was established 
based on their features. The approach incorporated a CNN-based category 
classifier together with a hierarchical knowledge structure of coins. We focused on 
Roman Republic photo datasets for currency identification using the CNN AlexNet 
architecture. Recognition was the act of identifying comparable pictures by 
analyzing their intrinsic characteristics. Identifying and characterizing sites of 
interest was achieved by the use of local elements, such as their appearance. 

In [76], this study presented the cryptocurrency exchange rate using the 
machine learning XGBoost algorithm and blockchain architecture to enhance the 
safety and transparency of the system. This system utilized data mining techniques 
for precise data analysis. XGBoost was the machine learning algorithm that was 
used for achieving the highest prediction accuracy performance. Various filters and 
coefficient weights were used in developing the prediction program. Cross-
validation was used throughout the training phase to improve the system's overall 
performance. 

In [77], the paper introduced DL-Gues, a robust and adaptable framework for 
forecasting cryptocurrency values. DL-Gues considered the interconnectedness 
between cryptocurrencies and market sentiments. We performed a price 
forecasting research for Dash using historical price data and tweets pertaining to 
Dash, Litecoin, and Bitcoin. We assessed the efficacy of many loss functions for the 
purpose of validation. Furthermore, we evaluated the efficacy of DL-GuesS on 
alternative cryptocurrencies by examining the price projection of Bitcoin-Cash 
based on its historical price data and tweets from Bitcoin-Cash, Litecoin, and 
Bitcoin. 

In [78], this document detailed a system that identified several 
interconnected cryptocurrencies as data sources, aiming to enhance accuracy. To 
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illustrate this concept, we analyzed the price projection of Dash cryptocurrency 
using past values of Dash, Litecoin, and Bitcoin. These cryptocurrencies exhibited 
hierarchical dependency at the protocol level. The proposed methodology 
effectively predicted prices with minimal error and high precision. The model 
could be utilized to evaluate various forecasts of digital currency expenses. 

In[79], the study presented an ensemble learning approach for detecting 
fraudulent bitcoin transactions by combining convolutional neural networks 
(CNN) with long short-term memory (LSTM). This strategy was founded on the 
notion that these two methods were mutually beneficial. Accuracy and losses of 
off-the-shelf convolutional neural networks (CNN) and long short-term memory 
(LSTM), as well as ensemble CNN and ensemble LSTM employing bagged and 
boosted techniques, were compared while analyzing training and test datasets. The 
10-fold cross-validation approach was used to evaluate the efficiency of the given 
methodology. 

In [80], this research aimed to find the most effective model for forecasting 
Bitcoin and Ethereum values using Deephaven data curation. Data from both 
cryptocurrencies was retrieved, and correlated characteristics were identified. 
Models like Artificial Neural Networks, Long-Short Term Memories, and Gated 
Recurrent Units were trained using a trial-and-error approach. The models were 
then assessed using statistical measures like MAE, RMSE, and MAPE for both 
training and testing datasets. The study aimed to improve cryptocurrency 
forecasting. 

In [81], this paper introduced a specialized deep-learning system created to 
classify Brazilian coins. Our proposed solution to address these problems utilized 
state-of-the-art convolutional neural networks (CNNs) in deep learning 
architecture. This presentation introduced an RFE-CNN model, which stood for 
Repetitive Feature Extractor Convolution Neural Network, designed to efficiently 
and precisely detect currency. 

In [82], the study suggested using Long Short-Term Memory (LSTM) 
networks to predict cryptocurrency values. The LSTM model used historical price 
data and technical indicators to understand patterns and trends. To improve 
forecast precision, a Change Point Detection (CPD) approach using the Pruned 
Exact Linear Time (PELT) algorithm was added. This method identified significant 
fluctuations in cryptocurrency values and adjusted the LSTM model accordingly, 
enhancing forecasting capabilities. 

In [83], the aim of this study was to create a forecasting model that was both 
more efficient and accurate. Our main objective was to enhance the accuracy of 
forecasting fluctuations in the Bitcoin price, given its significant implications for 
traders, investors, and the wider financial community. To achieve this, we first 
analyzed 14 unique data categories, including various types of information such as 
price and volume statistics, social media sentiments, and trending topics. This 
dataset was considered capable of representing the complexities of the Bitcoin 
market. 

In [84], this research highlighted the need for using an approach that 
carefully balanced the complexity of models, their interpretability, and processing 
efficiency in order to accurately anticipate bitcoin values. Further investigation 
might have explored hybrid models that leveraged the benefits of many 
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techniques, using external factors such as sentiment analysis and market dynamics 
to enhance the accuracy of predictions. This study laid the groundwork for future 
advancements in developing robust models for forecasting bitcoin values, 
facilitating informed decision-making in financial markets. 

In [85], this paper introduced a hybrid model that combined Long Short-
Term Memory (LSTM) and Gated Recurrent Unit (GRU) neural networks for the 
purpose of predicting Bitcoin prices. The model was built using the TensorFlow 
and Keras frameworks and evaluated using historical Bitcoin price data obtained 
from Yahoo Finance. The objective of our approach was to use the benefits of both 
LSTM and GRU architectures to enhance the accuracy of price predictions. 

  
Table 1: Comparison of Bitcoin Price Prediction Based On Deep Learning 

Ref 
Author 

Name 
Year Algorithms Results Pros Cons Accuracy 

[56] 

(Phaladi

sailoed 

& 

Numnon

da, 

2018) 

2018 

(SVM), 

(LSTM), 

(RNN), 

(ARIMA) 

The Gated 

Recurrent Unit 

model outperforms 

other machine 

learning models for 

Bitcoin value 

forecasting, 

suggesting data 

collection and 

updating should be 

prioritized. 

The study explores 

machine learning 

models for Bitcoin 

price prediction 

strategies, offering 

insights into 

potential new 

methods or model 

changes for 

investors and 

traders. 

 

Data limitations, 

biases, overfitting, 

and ethical 

concerns in bitcoin 

market may impact 

model accuracy, 

performance 

metrics, and 

interpretation in 

high-stakes 

financial decision-

making. 

 

(MSE)=0.000

02, 

(R2)=99.2%. 

[57] 

(McNall

y et al., 

2018) 

2018 

(RNN),(LST

M),( 

ARIMA) 

The research 

introduces a hybrid 

model that 

integrates statistical 

and machine 

learning techniques 

for Bitcoin price 

forecasting, thereby 

filling a knowledge 

gap in digital 

currency trading. 

Machine learning is 

being utilized to 

predict Bitcoin 

prices, aiding 

traders and 

investors, and 

potentially58develo

ping new 

techniques for other 

financial markets 

and asset classes. 

Machine learning 

algorithms' biases, 

overfitting, and 

interpretability 

issues can 

potentially skew 

bitcoin price 

projections, raising 

ethical concerns in 

volatile markets 

and potentially 

unsuitable in real-

world scenarios. 

RMSE=6.87% 

RMSE= 

5.45% 

RMSE= 

53.74% 

 

[58] 

(Aggar

wal et 

al., 

2019) 

2019 
(CNN),(LST

M) ,(GRU) 

Deep learning 

models effectively 

predict Bitcoin 

price, with LSTM 

algorithm 

providing the 

lowest RMSE 

This article utilizes 

deep learning to 

predict Bitcoin 

prices based on 

socio-economic 

factors, potentially 

Socio-economic 

data challenges 

include data 

quality, 

accessibility, and 

overfitting in deep 

RMSE for 

(CNN)=201.3

4 

RMSE for 

(LSTM)=15.6
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figure. Twitter 

sentiment reflects 

pleasure and 

negativity, 

influencing price. 

improving forecasts 

and introducing 

new research 

opportunities. 

 

learning models, 

necessitating 

ethical 

considerations and 

market analysis for 

accurate 

predictions and 

financial decisions. 

7 

RMSE for 

(GRU)=179.2

3 

 

[59] 

(Li et 

al., 

2019) 

2019 (LSTM) 

A multi-input 

LSTM-based 

prediction model 

offers risk-

informed pricing 

for Bitcoin call 

options, reducing 

RMSE by up to 

46.2% through 

Blockchain data 

analysis. 

The paper 

introduces a novel 

Bitcoin option 

pricing method 

utilizing LSTM 

prediction models 

and blockchain 

data, which can 

identify intricate 

patterns in prior 

data. 

 

Data quality, 

blockchain 

statistics, and 

opaque structure of 

LSTM models 

may affect model 

accuracy, 

overfitting, and 

application to 

other markets or 

cryptocurrencies, 

necessitating 

ethical 

considerations. 

reduce the 

root-mean-

square error 

(RMSE) by up 

to 46.2%. 

[60] 

(Wirawa

n et al., 

2019) 

2019 ARIMA 

The proposed 

method accurately 

predicts prices with 

high precision, 

suggesting its 

potential for use in 

other 

cryptocurrencies. 

The ARIMA model 

is utilized in this 

research to predict 

short-term Bitcoin 

values, providing a 

reliable and 

practical tool for 

traders and 

investors. 

 

The ARIMA 

model's 

effectiveness may 

be hindered by the 

intricate nature and 

unpredictability of 

Bitcoin markets, 

which may not be 

accurately 

represented by 

linear trends and 

stationary data. 

Least MAPE: 

0.87 (1 day), 

5.98 (7 days) 

[61] 

(Yamak 

et al., 

2019) 

2019 

ARIMA, 

LSTM, 

GRU 

The ARIMA model 

demonstrated 

superior results 

compared to deep 

learning-based 

regression models. 

This paper 

compares ARIMA, 

LSTM, and GRU 

time series 

forecasting 

methods, 

highlighting their 

advantages and 

disadvantages, 

aiding in selecting 

the most suitable 

technique and 

improving 

understanding of 

The article's 

findings may be 

limited by the need 

for fair model 

parameterization, 

dataset and 

evaluation criteria, 

and the time range 

analyzed, 

potentially 

affecting 

comparisons. 

RMSE 

ARIMA: 

302.53, 

LSTM: 

603.68, GRU: 

381.34 
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their applications. 

[62] 

(M. M. 

Patel et 

al., 

2020) 

2020 LSTM, GRU 

High accuracy in 

price prediction is 

shown by the 

suggested 

technique, making 

it suitable to 

numerous 

cryptocurrencies. 

The paper 

introduces a deep 

learning-based 

bitcoin price 

prediction system 

for financial 

institutions, 

enabling accurate 

market projections 

and smart 

investment 

decisions based on 

subtle bitcoin data 

patterns. 

Deep learning 

models pose 

challenges in data 

accuracy, 

comprehension, 

and market 

volatility, while 

ethical concerns 

regarding their 

effectiveness and 

forecast accuracy 

need to be 

addressed. 

RMSE: 1-day: 

L=2.2986, 

M=3.2715,3-

days: 

L=2.0327, 

M=5.5005, 

7days: 

L=4.5521, 

M=20.2437 

[63] 

(Khalid 

Salman 

& Abdu 

Ibrahim, 

2020) 

2020 

Keras 

framework as 

the neural 

network 

model 

The models 

demonstrated 

superior accuracy 

in forecasting 

Bitcoin values 

compared to other 

cryptocurrencies, 

with the most 

effective approach 

being a 

combination of 

technical trading 

indicators and 

machine learning. 

This study explores 

the use of technical 

indicators and 

machine learning in 

predicting 

cryptocurrency 

prices in unstable 

markets, providing 

valuable insights 

for investors and 

traders. 

Poor performance, 

overfitting, and 

opaqueness in 

machine learning 

models can be 

attributed to issues 

in data accuracy, 

feature selection, 

model 

comprehension, 

and market 

conditions. 

94.89% 

[64] 

(El-

Berawi 

et al., 

2021) 

2021 (RNN) 

The study reveals 

that implementing 

an adaptive feature 

selection strategy 

significantly 

improves 

classification 

performance. 

The paper 

introduces a deep 

learning method for 

classifying bitcoin 

price movements, 

improving market 

dynamics 

understanding and 

adapting to 

changing market 

conditions for real-

time trading 

analysis. 

The effectiveness 

of deep learning 

models should be 

evaluated for their 

potential issues in 

other 

cryptocurrencies 

or market 

conditions. 

 

92% 

MAPE=2.4 

[65] 

(Tanwar 

et al., 

2021) 

2021 

Gated 

Recurrent 

Units (GRU), 

Long Short 

Term 

Memory 

(LSTM) 

The study indicates 

that the proposed 

model outperforms 

the current models 

in accurately 

predicting prices. 

 

Deep learning is 

utilized to 

accurately predict 

bitcoin values, 

capturing intricate 

connections 

between 

Deep learning 

models face 

challenges in data 

accuracy, 

comprehension, 

and applicability 

due to their black-

(LSTM) 

MSE=31126 

MAE=130.29 

RMSE=176.4
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cryptocurrencies 

and market 

conditions, thereby 

aiding investors and 

traders in making 

informed decisions. 

box nature and the 

need for proper 

analysis for other 

market conditions 

or 

cryptocurrencies. 

2 

MAPE=9.41 

(GRU) 

MSE=38166 

MAE=141.44 

RMSE=195.3

6 

MAPE=10.22 

[66] 
(P et al., 

2021) 
2021 BILSTM 

The model, with a 

13% Mean 

Absolute 

Percentage Error, 

effectively tracked 

the test dataset, 

making it beneficial 

for users in making 

Bitcoin investment 

decisions. 

The paper 

introduces a Bi-

LSTM network for 

precise Bitcoin 

price predictions, 

utilizing deep 

learning algorithms 

to assist investors 

and traders in a 

rapidly evolving 

market. 

Deep learning 

methods like Bi-

LSTM networks 

face challenges in 

data pretreatment, 

model tweaking, 

interpretability, 

and success 

depend on data 

quality, feature 

selection, and 

hyperparameter 

adjustment. 

Mean 

Absolute 

Percentage 

Error of 13% 

[67] 

(Iqbal et 

al., 

2021) 

2021 

ARIMAX, 

XGBoost, 

and 

FBProphet 

FBProphet 

outperformed all 

three models, 

achieving the 

lowest RMSE of 

229.5 and the 

highest R2 score of 

205.4 

This article 

explores the use of 

machine learning in 

predicting the 

bitcoin market, 

highlighting its 

ability to identify 

and analyze price 

trends, aiding 

informed 

investment 

decisions 

Issues in data 

accuracy, model 

selection, and 

application of 

machine learning 

models, as well as 

potential 

overfitting and 

inaccurate 

predictions due to 

laws and market 

sentiment. 

RMSE=322.4, 

MAE=227.3, 

and R2=205.4 

[68] 

(Yun et 

al., 

2021) 

2021 
hybrid GA-

XGBoost 

The study 

demonstrates that 

precise outcome 

prediction is 

achieved by 

combining feature 

engineering 

techniques with a 

foundational 

learning model, 

The study employs 

genetic algorithms 

and XGBoost to 

predict stock 

values, improving 

accuracy through 

feature engineering 

and incorporating 

complex price 

The technique's 

complexity, 

difficulty in 

scaling, and 

reliance on large 

computer 

resources may 

limit its suitability 

for specific stocks 

validation 

accuracy=93.6

8% test 

accuracy= 

93.82%, 
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balancing the 

benefits and 

drawbacks of 

dimensionality. 

trends for investors 

and traders. 
 

or market 

conditions. 
 

[69] 

(Liu et 

al., 

2021) 

2021 (DNNs) 

The study 

highlights the 

advantages of 

machine learning in 

hardware security 

applications but 

also identifies areas 

that require further 

research for the 

development of 

reliable solutions. 

This paper explores 

the potential of 

machine learning in 

hardware security, 

highlighting its 

potential to detect 

irregularities, 

enhance 

authentication, and 

mitigate system 

attacks. 
 

Machine learning 

in hardware 

security 

applications faces 

challenges like 

adversary attacks, 

biases, and privacy 

concerns, 

necessitating 

ethical and 

efficient solutions. 
 

RMSE of 

implied 

volatility=0.18

8 the 

minimum 

RMSE of 10% 

call option 

price is 

82.012, and 

the minimum 

RMSE of 50% 

call option 

price= 38.794 

[70] 

(Akba et 

al., 

2021) 

2021 
SVM , 

SARIMAX 

The weekly 

successful 

sentiment analysis 

data was utilized to 

identify 

abnormalities in the 

research 

continuation. 

The study uses 

prediction 

abnormalities to 

detect market 

deception in 

bitcoin, enhancing 

market monitoring, 

boosting investor 

confidence, and 

ensuring market 

integrity. 
 

The effectiveness 

of manipulator 

detection systems 

in cryptocurrency 

markets depends 

on data quality, 

model accuracy, 

and detecting false 

positives, which 

can affect its 

applicability and 

legality. 

93% 

[71] 

(Parab 

& 

Nitnawa

re, 

2022) 

2022 

(ARIMA),(L

STM) 

 

The goal of the 

technique is to 

improve the 

evaluation of 

bitcoin coins by 

using a machine 

learning approach 

to educate and 

update the dataset. 

The study 

introduces a novel 

method for 

assessing bitcoin 

coins using 

machine learning 

and blockchain 

technology, offering 

transparency, 

reliability, and 

valuable insights 

for investors and 

regulators. 

Cryptocurrency 

assessment 

methods rely on 

accurate data, 

machine learning 

models, and 

understanding 

bitcoin market 

dynamics, but 

challenges persist 

in data quality, 

accuracy, and 

interpretability. 

99.87% 

[72] 

(Kim et 

al., 

2022) 

2022 
(SAM-

LSTM) 

Empirical studies 

utilizing BTC price 

data and different 

approach setups 

show that the 

proposed 

The study 

introduces a deep 

learning-based 

cryptocurrency 

price prediction 

model that utilizes 

Deep learning 

models are crucial 

for cryptocurrency 

price forecasting 

due to their 

accuracy, 

MAE= 0.3462 

RMSE=0.503

5 
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framework predicts 

BTC price. 
on-chain data to 

analyze intricate 

patterns, offering 

valuable insights 

for investors and 

traders. 

applicability, and 

adaptability, which 

rely on on-chain 

data and market 

behavior. 

MSE=0.2536 

MAPE=1.325

1 

[73] 

(Ammer 

& 

Aldhyan

i, 2022) 

2022 (LSTM) 

The study's results 

show that the 

proposed model 

demonstrated 

exceptional 

accuracy, with 

minimal prediction 

errors. 

The study 

introduces a deep 

learning system for 

predicting bitcoin 

price fluctuations, 

enhancing 

investors' 

understanding of 

the cryptocurrency 

market and 

potentially 

increasing 

investment 

participation. 

Challenges in deep 

learning models 

include data 

precision, model 

interpretation, and 

applicability. 

Factors like 

hyperparameter 

optimization, 

model architecture, 

and transparency 

affect prediction 

accuracy and 

effectiveness. 
 

Training 

Phase(96.73

%) 

Testing 

Phase( 96.09

%) 

 

[74] 
(Aljadan

i, 2022) 
2022 

(BiLSTM), 

(GRU) 

The proposed 

framework 

demonstrated 

exceptional 

performance, 

achieving minimal 

Mean Squared 

Error (MSE) and 

Root Mean Squared 

Error (RMSE) 

values in the 

experimental 

findings. 

 

The article 

introduces 

DLCP2F, a deep 

learning-powered 

framework for 

cryptocurrency 

price prediction, 

which enhances 

forecast accuracy 

and aids market 

decision-making by 

analyzing bitcoin 

price data. 

DLCP2F faces 

challenges in data 

quality, model 

complexity, and 

interpretability due 

to noisy 

cryptocurrency 

price data and 

complex deep 

learning 

algorithms, 

requiring further 

examination and 

resolution. 

(GRU) 

MSE=0.00029

, 

RMSE=0.017

11, 

MAE=0.0221

4, 

MAPE=0.070

36 

(BiLSTM) 

MSE=0.00210

, 

RMSE=0.045

82, 

MAE=0.0335

8, 

MAPE=0.109

42 

[75] 

(Manzo

or et al., 

n.d.) 

2022 
CNN Alex-

net 

A sophisticated 

convolutional 

neural network may 

produce 

considerable results 

using supervised 

learning, and coin 

The study 

investigates the 

application of deep 

learning algorithms 

for the 

classification of 

Ancient currency 

categorization 

using deep 

learning models 

faces challenges in 

data availability, 

96% 
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visuals are crucial 

to training and 

analyzing coin 

sizes. 

ancient coins, 

highlighting their 

potential for 

enhanced accuracy 

and automation in 

numismatic 

research. 

model resilience, 

and understanding, 

necessitating 

rigorous validation 

and improvement 

for reliability and 

relevance. 

[76] 

(Shahba

zi & 

Byun, 

2022) 

2022 XGBoost 

The study aims to 

predict daily 

exchange rates of 

digital currency 

using a novel 

technique and 

utilizing diverse 

information. 

The study employs 

machine learning 

pipelines to predict 

bitcoin exchange 

rates, enhancing 

market 

comprehension and 

aiding traders in 

devising investment 

strategies and risk 

management 

measures. 

Issues in bitcoin 

exchange rate 

prediction include 

data quality, model 

complexity, and 

interpretability, 

necessitating 

validation and 

improvement for 

reliable and 

practical 

knowledge 

discovery. 

MAE= 0.608 

RMSE= 0.765 

MAPE= 0.005 

[77] 

(Parekh 

et al., 

2022) 

2022 DL-Gues 

The DL-GuesS 

model outperforms 

existing methods in 

accurately 

predicting bitcoin 

values. 

DL-GuesS, a deep 

learning and 

sentiment analysis 

technique, enhances 

bitcoin price 

prediction by 

analyzing market 

trends and investor 

sentiment, 

potentially aiding 

traders and 

investors in 

investment 

strategies. 

DL-GuesS, a deep 

learning model for 

cryptocurrency 

price prediction, 

faces challenges in 

data accuracy, 

model 

comprehension, 

and application 

due to noisy, 

biased, and 

complex data. 
 

MSE = 0.0185 

MAE = 

0.0805 

RMSE=4.792

8 

[78] 

(N. P. 

Patel et 

al., 

2022) 

2022 LSTM,GRU 

The research article 

introduces a deep 

learning model that 

utilizes fusion 

techniques to 

forecast bitcoin 

prices, combining 

LSTM and GRU 

units to extract 

characteristics from 

various 

cryptocurrencies. 

This paper explores 

fusion bitcoin price 

prediction methods, 

highlighting their 

improved accuracy 

and robustness 

through ensemble 

learning, deep 

learning, and hybrid 

models, providing 

insights for sector 

advancement. 

Fusion methods 

for bitcoin price 

prediction face 

challenges like 

data accessibility, 

model complexity, 

and processing 

resources, which 

must be addressed 

for feasibility and 

reliability. 
 

MSE= 0.0187 
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[79] 

(Umer 

et al., 

2023) 

2023 
(CNN), 

(LSTM) 

The bagged LSTM 

ensembled strategy 

outperforms other 

approaches in 

accuracy, with a 

statistically 

significant 96.4% 

accuracy. 

The study 

introduces an 

ensemble deep 

learning technique 

for predicting 

fraudulent bitcoin 

transactions, 

enhancing accuracy 

and reliability in 

identifying complex 

patterns and 

anomalies in 

blockchain 

networks. 

Ensemble deep 

learning 

effectively detects 

fraud in bitcoin 

transactions 

through accurate 

data, model 

comprehension, 

and addressing 

biases and 

incorrect positive 

results. 
 

96.4% 

[80] 

(Syed et 

al., 

2023) 

2023 

(ANN), 

(LSTM), 

(GRU) 

The proposed 

approach's 

effectiveness could 

be enhanced by 

implementing 

neural network 

models on other 

cryptocurrencies 

like Binance, 

Tether, and Ripple. 

This essay uses 

predictive deep 

learning algorithms 

and Deephaven 

data curation to 

predict bitcoin 

values quickly and 

reliably, providing 

traders with 

actionable data. 

Deephaven's 

prognostic deep 

learning 

algorithms face 

challenges in 

model accuracy, 

data curation, and 

computational 

power, affecting 

real-time 

forecasting's 

scalability and 

addressing noise 

and biases. 

MAE=0.079, 

RMSE=1.16, 

MAPE=0.000

6 

[81] 

(Swain 

et al., 

2023) 

2023 CNN 

Our proposed deep 

learning system 

provides a reliable 

and efficient 

method for 

categorizing coins 

in real-world 

scenarios. 

The study 

introduces a deep 

learning method for 

Brazilian currency 

classification, 

enhancing 

numismatic 

research and coin 

identification, 

potentially 

improving 

collection 

management and 

conservation. 

The proposed deep 

learning 

architecture for 

coin classification 

faces challenges 

such as data 

access, model 

interpretability, 

and efficiency 

varying based on 

coin types and 

conditions. 
 

98.34% 

[82] 

(V. et 

al., 

2023) 

2023 (LSTM) 

The study suggests 

that integrating 

LSTM with change 

point detection 

techniques could 

enhance 

cryptocurrency 

The paper 

introduces a deep 

learning-based 

bitcoin price 

prediction model 

that enhances 

The proposed 

cryptocurrency 

price forecasting 

system faces 

challenges in data 

accuracy, model 

MSE = 

846529.29 

MAE = 

920.07 

RMSE=829.3
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price prediction 

accuracy, 

benefiting 

investors, traders, 

and analysts. 

predictions by 

analyzing complex 

data patterns and 

trends, improving 

cryptocurrency 

market prediction 

modeling. 

comprehension, 

and application 

due to noise, 

biases, and 

complex deep 

learning models. 
 

6 

[83] 

(Mumin

ov et al., 

2024) 

2024 (DQN) 

Our findings serve 

as a foundation for 

future research on 

this intricate and 

constantly evolving 

field of study. 

Deep Q-Networks 

(DQN) is utilized in 

a study to estimate 

Bitcoin values, 

improving market 

trend prediction and 

enhancing market 

forecasting 

modeling, 

potentially aiding 

informed decision-

making. 

DQN-based 

Bitcoin price 

direction 

forecasting 

requires 

addressing issues 

like data accuracy, 

model complexity, 

and result 

comprehension, as 

well as market 

conditions, to 

ensure reliability 

and feasibility. 

95% 

[84] 

(Ahmed 

& 

Abdulaz

eez, 

n.d.) 

2024 

Random 

Forest, 

Linear 

Regression, 

SVM, 

LSTM, and 

GRU 

The study reveals 

that combining 

order book data 

with historical 

volatility data 

improves the 

precision of short-

term Bitcoin price 

volatility forecasts. 

This study 

compares machine 

learning and deep 

learning models for 

predicting Bitcoin 

price, providing 

insights for future 

research and 

implementation in 

bitcoin trading. 

Data accuracy, 

model selection, 

and applicability 

issues in Bitcoin 

price prediction 

research require 

attention to ensure 

reliability and 

relevance, despite 

potential 

limitations in real-

world settings. 

Random 

Forest 

(R2=0.988) 

Linear 

Regression 

( R2= 0.842) 

SVM 

(R2=0.945) 

LSTM 

(R2= 0.926) 

GRU 

(R2= 0.952) 

[85] 

(Salih & 

Abdulaz

eez, 

n.d.) 

2024 
(LSTM),(GR

U) 

The hybrid LSTM-

GRU model 

effectively captures 

the intricate 

dynamics of 

cryptocurrency 

markets, 

overcoming the 

limitations of 

The study utilizes 

LSTM and GRU 

models to predict 

Bitcoin prices, 

enhancing the 

accuracy of these 

predictions and 

providing valuable 

Hybrid LSTM-

GRU models face 

challenges in data 

quality, 

complexity, and 

interpretability, 

necessitating 

validation and 

RMSE= 

496.077 
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traditional time-

series analysis 

methods. 

insights for 

investors and 

traders. 

optimization for 

accurate and 

practical 

predictions of 

bitcoin price. 

 
D. Results and Discussion  

This study aimed to explore the effectiveness of deep learning models in 
predicting Bitcoin's price using three fundamental designs: recurrent neural 
networks (RNNs), convolutional neural networks (CNNs), and long short-term 
memory (LSTM) networks. RNNs are known for their ability to identify sequential 
patterns in data, making them suitable for time-series prediction tasks like Bitcoin 
price forecasting. However, the vanishing gradient problem revealed their 
limitations in capturing long-term associations. Convolutional neural networks 
(CNNs), originally designed for image identification, were adapted for time-series 
analysis but showed potential in capturing local patterns but were unable to 
accurately capture long-term trends. Long short-term memory (LSTM) networks 
outperformed both RNNs and CNNs in forecasting Bitcoin price due to their ability 
to capture both short-term volatility and long-term trends in Bitcoin prices. 

 
E. Conclusion  

This article provides a comprehensive analysis of the use of deep learning 
algorithms to predict Bitcoin's price. It explores the fundamental concepts of deep 
learning architectures, including recurrent neural networks (RNNs), convolutional 
neural networks (CNNs), and long short-term memory (LSTM) networks. These 
models are well-suited for analyzing time-series data, such as Bitcoin prices. The 
study uses historical Blockchain transaction data, social media sentiment studies, 
and past Bitcoin price fluctuations as data sources. Evaluation metrics like mean 
absolute error (MAE), mean squared error (MSE), and root mean squared error 
(RMSE) are also highlighted. The review suggests that further research could 
incorporate external factors affecting Bitcoin price fluctuations. Demand, supply, 
economic and political events, technology, legislation, and psychology affect 
Bitcoin's price. More individuals using it as payment or investment boosts its 
value. Economic crises, inflation, and political actions affect its value. The findings 
offer valuable insights for scholars, practitioners, and policymakers seeking to 
improve Bitcoin price prediction using deep learning techniques. 
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