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Abstract: This comprehensive survey paper explores the diverse landscape of cryptocurrency forecasting, tracing
its evolution from an alternative to traditional monetary systems to its significant growth in the global financial
arena. It consolidates existing research by categorizing and analyzing 234 scholarly articles, organizing them
into machine learning, deep learning, deep reinforcement learning, and statistical methodologies, and evaluating
the related metrics. The case study titled “Examining the performance differences between backtesting and
forward testing” highlights the challenges investors face, as strategies that appear effective in backtesting often
fail in practical use. Another case study, “Social Data Exploration in Cryptocurrency Trends,” examines how
social media data can provide insights into market movements and investor sentiment, revealing the impact of
social trends on cryptocurrency prices. The findings section provides a detailed view, illuminating trends such as
yearly publication rates, methodological distributions, input features, training/testing splits, the total number
of data samples considered, and forecasting time horizons. This survey paper serves as a valuable resource,
providing researchers and investors with a solid foundation for understanding and navigating the dynamic field

of cryptocurrency forecasting.
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1. Introduction

In human history, currency systems have always played a vital role in shaping economies,
societies, and the global financial landscape. The evolution of currency systems has been continuous,
progressing from ancient barter systems to modern central banks and fiat currencies [1]. Traditional
monetary systems are predominantly based on fiat currencies, characterized by government and
central bank control over the issuance and regulation of money. However, this system faces several
challenges, including inflation risk, dependence on intermediaries like banks, and centralization.
Moreover, traditional currencies may not be accessible to unbanked individuals, limiting their ability
to save money, make investments, or engage in financial activities. This exclusion underscores the
importance of exploring alternative economic systems to address these limitations.

Figure 1. From bartering shells to digital wallets: the journey of currency evolution in one glance.
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Table 1. Abbreviations for Al models used in cryptocurrency forecasting literature.

Name Abbreviation Type
Adaptive Neuro Fuzzy Inference System ANFIS Machine Learner
Advantage Actor-Critic A2C Deep Reinforcement Learner
Artificial Neural Network ANN Deep Learner
Asymmetric Power Autoregr.es.sive Conditional APARCH Statistical Learner
Heteroskedasticity
Auto Regressive Integrated Moving Average ARIMA Statistical Learner
Bidirectional Long Short-Term Memory BiLSTM Deep Learner
Binary Auto Regressive Tree BART Statistical Learner
Convolutional Neural Network CNN Deep Learner
Convolutional Neural Network Long Short-Term CNN- Deep Learner
Memory LSTM
Deep Feedforward Neural Networks DFFNNs Deep Learner
Deep Q-Network DON Deep Reinforcement Learner
Exponential Generalized Autoregressive .
; Conditional Heteroskedasticgity EGARCH Statistical Learner
Exponential Smoothing ES Statistical Learner
Extreme Gradient Boosting XGBoost Machine Learner
Financial BERT FinBERT Deep Learner
Gated Recurrent Unit GRU Deep Learner
Generalized AutoregreSS{Vf.e Conditional GARCH Statistical Learner
Heteroskedasticity
Gradient Boosting Classifiers GBC Machine Learner
K-Nearest Neighbours KNN Machine Learner
Local Gaussian Mixture Model LGTM Machine Learner
Logistic Regression LR Machine Learner
Long Short-Term Memory LSTM Deep Learner
Naive Bayes NB Machine Learner
Neural Networks NN Deep Learner
Proximal Policy Optimization PPO Deep Reinforcement Learner
Random Forest RF Machine Learner
Recurrent Neural Network RNN Deep Learner
Support Vector Machines SVM Machine Learner
Support Vector Regression SVR Machine Learner
Temporal Convolutional Network TCN Deep Learner

Digital currencies can be traced in 2008 when an anonymous figure using the pseudonym Satoshi
Nakamoto published a groundbreaking whitepaper “Bitcoin: A Peer-to-Peer Electronic Cash Sys-
tem” [2]. This whitepaper introduced a decentralized digital currency system that operates indepen-
dently of traditional financial intermediaries. The year 2009 marked the birth of the first cryptocurrency
Bitcoin. Bitcoin was built upon blockchain technology which revolutionized the concept of trust by
relying on cryptographic proofs rather than centralized authorities. Anyone can facilitate direct
peer-to-peer transactions on a blockchain network without any processing times.

The cryptocurrency market experienced a significant surge in December 2017 [247], marked by
Bitcoin’s price skyrocketing to nearly $20,000, garnering global attention. This period also witnessed
the emergence of numerous alternative cryptocurrencies alongside Bitcoin. Among these, Ether stands
out as a notable creation introduced by Vitalik Buterin and his team in July 2015 [248]. Ether, the
native cryptocurrency of the Ethereum platform, introduced groundbreaking concepts such as smart
contracts, enabling developers to build decentralized applications on its blockchain. In January 2018,
Ether reached an all-time high of around $1,400 [247]. It’s crucial to note that while Bitcoin primarily
serves as digital currency, Ethereum is a decentralized platform facilitating various applications beyond
currency, making it a prominent player in the blockchain space.
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The cryptocurrency market disrupted traditional financial systems. Investors, traders, businesses,
and researchers seeking tools and technologies to know about the volatility of the cryptocurrency
market and earn maximum profit. Researchers have recognized the importance of cryptocurrency
forecasting to uncover underlying factors driving market dynamics, adoption, and liquidity. The
cryptocurrency market operates 24/7 which allows traders and investors to take advantage at any
time.

The cryptocurrency boom created new exciting opportunities for investors due to its high market
volatility. This volatility is due to multiple factors like speculative trading, regulatory developments,
market sentiment, and macroeconomic events. Therefore 24/7 trading environment causes market
volatility as compared to traditional financial markets.

Table 2. List of cryptocurrencies and their abbreviations.

Name Abbreviation Name Abbreviation

Avalanche AVAX Binance Coin BNB
Bitcoin BTC Bitcoin Cash BCH
Bitcoin SV BSV Cardano ADA

Chainlink LINK Dogecoin DOGE
Ether ETH Ethereum Classic ETC
Litecoin LTC Maker MKR
Monero XMR NEM XEM

Polkadot DOT Polygon MATIC
Ripple XRP Solana SOL
Stellar XLM Tether USDT
TRON TRX Zcash ZEC

This survey paper holds significant importance within the realm of cryptocurrency research
and market analysis. It undertook a comprehensive examination of 234 scholarly articles about
cryptocurrency forecasting. Given the inherent volatility of the cryptocurrency market, this survey
offers a thorough exploration and data-driven analysis of recent research endeavors. By synthesizing a
wide array of literature, this survey paper aims to furnish a comprehensive overview of prevailing
trends, methodologies, and challenges in the domain of cryptocurrency forecasting. Its findings are
poised to furnish invaluable insights to a diverse audience encompassing traders, investors, businesses,
and researchers.

Moreover, this survey endeavors to arm its readership with a nuanced understanding of both the
challenges and opportunities inherent in cryptocurrency forecasting. By serving as a conduit between
academic research and practical applications, this paper endeavors to foster a deeper appreciation
for the intersection of theoretical insights and real-world implementations in the cryptocurrency
landscape.

2. Contribution of This Survey Article

This section highlights the significant contributions of this survey article to the field of cryptocur-
rency forecasting.

2.1. Existing Surveys

This survey paper highlights the lack of comprehensive surveys focused on cryptocurrency
forecasting. Olvera et al. [3] conducted a study exclusively on Bitcoin price forecasting. However, their
investigation was confined to Bitcoin price prediction and primarily relied on hybrid models such as
ARIMA. Kervanci et al. [4] conducted a review encompassing both Machine Learning and Statistical
methods for Bitcoin price forecasting, providing a broader scope compared to Olvera et al. [3] Fang
et al. [5] undertook an extensive analysis of 146 research papers spanning from 2013 to June 2021,
covering various aspects of cryptocurrency trading systems, crypto assets, forecasting volatility and
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returns, as well as addressing topics like bubbles and extreme market conditions. Their survey also
delved into research trends and distributions among research objects and datasets.

Sina et al. [6] focused on forecasting cryptocurrency market volatility, albeit with a narrow
emphasis on Artificial Neural Networks. Abubakar et al. [7] provided a survey specifically targeting
the forecasting of digital assets using Machine Learning-based technologies from 2014 to 2022. Their
review comprised 75 research articles focusing primarily on classification problems, covering aspects
such as datasets, data sources, features, evaluation metrics, Machine Learning models, and model
efficiency.

Biju et al. [8] conducted a bibliometric analysis of the financial sphere, specifically exploring the
integration of Artificial Intelligence, Deep Learning, and Machine Learning. Utilizing the Web of
Science bibliographic repository, they retrieved 723 publications from 1993 to 2022 indexed in the
Social Sciences Citation Index. Their analysis revealed that institutions in the USA and China were at
the forefront of applying Al and ML techniques in the financial domain. It is worth noting that they
exclusively considered publications in the fields of ML and DL within the financial sphere.

2.2. Our Contributions

2.2.1. Comprehensive Coverage

One of the primary contributions of this survey is its comprehensive coverage. This survey con-
ducted an extensive review of 234 research papers, encompassing various cryptocurrencies, including
but not limited to Bitcoin, Ether, Ripple, Litecoin, and others. This broad coverage ensures that our
survey provides insights into the latest developments and trends across multiple currencies.

2.2.2. Coverage of ML, DL, DRL, and Statistical Models

Our survey article covers a wide range of forecasting models, including Machine Learning,
Deep Learning, Deep Reinforcement Learning, and Statistical Models. By exploring these different
methodologies, this study offers readers a holistic understanding of the diverse approaches used in
cryptocurrency forecasting.

2.2.3. Social Data Analysis

In addition to reviewing existing literature, this survey includes insightful case studies and
analyses of social data. This study explores the impact of social media data, Google Trends, and other
external factors on cryptocurrency price movements. These case studies provide practical examples
and real-world insights into the complexities of cryptocurrency forecasting.

2.2.4. Investigation of Performance Disparities

This survey investigates the performance disparities between backtesting and forward-testing
methodologies. By examining the effectiveness of these testing approaches, this survey sheds light on
the challenges and limitations faced by cryptocurrency forecasters in practical settings.

2.2.5. Findings and Insights

Through comprehensive analysis, this survey extracts key findings and insights from the re-
viewed literature. These findings encompass Statistical analyses, trends, and patterns observed in
cryptocurrency forecasting research. By synthesizing and presenting this information, this survey
article contributes valuable knowledge to the field. Overall, this survey article offers a thorough exami-
nation of cryptocurrency forecasting, building upon existing literature and providing new insights
into the field.

3. Background

In this survey paper, an exploration unfolds across key Al paradigms. Each subsection delves
into the details of Machine Learning, Deep Learning, Deep Reinforcement Learning, and Statistical
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Learning. The goal is to break down these concepts for readers, whether new to the field or experienced,
providing a clear understanding of different techniques in Al research. This paper aims to be a helpful
resource, explaining how these methods work and their significance in the broader field of artificial
intelligence.

3.1. Machine Learning

Machine Learning is a diverse field with a variety of algorithms that serve as powerful tools in
cryptocurrency forecasting. Each algorithm has distinct strengths, making them suitable for various
tasks within the dynamic landscape of financial markets.

Machine learning

v v v v v v

Support Vector Support Vector . . . K-Nearest
Machine Regression Random Forest Linear Regression Naive Bayes Neighbours

Figure 2. Comprehensive overview of Machine Learning and its key algorithms. Machine Learning
encompasses various algorithms including SVM, SVR, RFE, LR, NB, and KNN, each representing distinct
methodologies within the field.

3.1.1. Support Vector Machines

Support vector machines [9] serve as robust classifiers in the ML toolkit. They excel in finding
optimal decision boundaries within data, making them particularly useful for binary classification tasks
in cryptocurrency analysis. SVM seeks to maximize the margin between different classes, ensuring a
clear separation. In the context of cryptocurrency forecasting, SVM can effectively determine market
trends, aiding traders and investors in decision-making. From a technological viewpoint, SVM employs
a kernel trick to transform input data into higher-dimensional spaces, where complex relationships
become more apparent. This transformation enables SVM to handle nonlinear relationships in the
cryptocurrency data, providing a more nuanced understanding of market dynamics.

3.1.2. Support Vector Regression

Support vector regression [10] extends SVM'’s capabilities into the realm of regression tasks. In
cryptocurrency forecasting, SVR becomes a valuable ally for predicting numerical values, such as
future price movements. Its ability to accommodate non-linear patterns in data makes SVR well-
suited for capturing the complex dynamics of cryptocurrency markets. Technically, SVR employs
support vectors and a specified epsilon-insensitive tube to guide the prediction process. The algorithm
minimizes errors within this tube, allowing for flexibility in handling fluctuations in cryptocurrency
prices. SVR’s adaptability and predictive accuracy make it a powerful tool for traders seeking precise
forecasts.

3.1.3. Random Forest

Random forest [11] represents an ensemble learning technique in which multiple decision trees
collaborate to make predictions. In the cryptocurrency realm, RF acts as a wise council of trees, each
providing its opinion on potential market movements. This ensemble approach enhances prediction
accuracy and robustness, making RF a reliable tool for understanding the complexities of cryptocur-
rency markets. At a technical level, RF constructs decision trees through a process called bagging
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(Bootstrap Aggregating). Each tree is trained on a subset of the data, and their collective wisdom is
harnessed during the prediction phase. Moreover, RF introduces randomness during tree construction,
further diversifying the perspectives considered in cryptocurrency forecasting.

3.1.4. Linear Regression

Linear regression [12] serves as a fundamental yet powerful tool for understanding the relationship
between independent and dependent variables. In cryptocurrency analysis, LR becomes a guiding
force in unveiling how specific factors influence market trends. For instance, it can elucidate how
trading volume correlates with price movements. From a technological viewpoint, LR minimizes the
sum of squared differences between observed and predicted values, finding the line (or hyperplane in
multidimensional space) that best represents the relationship. This straightforward approach makes
LR interpretable and valuable for identifying linear patterns in cryptocurrency data.

3.1.5. Naive Bayes

Naive Bayes [13] takes on the role of a probabilistic classifier, leveraging Bayesian principles for
cryptocurrency sentiment analysis. In the vast sea of discussions surrounding cryptocurrencies, NB
acts as a clever detective, discerning positive or negative sentiments from textual data. Technically,
NB assumes that features are conditionally independent, simplifying the computation of probabilities.
Cryptocurrency sentiment analysis processes textual data to estimate the probability of positive or
negative sentiment. NB’s simplicity, efficiency, and effectiveness in handling large datasets make it a
valuable asset in understanding market sentiment.

3.1.6. K-Nearest Neighbors

K-Nearest Neighbors [14] is a versatile algorithm employed in both classification and regression
tasks. In the context of cryptocurrency forecasting, KNN acts as a neighborly guide, making predictions
based on the majority class or average of its k-nearest data points. From a technological viewpoint,
KNN relies on distance metrics, such as Euclidean or Manhattan distance, to determine the proximity
of data points. The algorithm then classifies or predicts based on the collective behavior of its neighbors.
KNN’s simplicity and adaptability make it a useful tool, especially in scenarios where local patterns in
cryptocurrency data are crucial for accurate predictions.

3.2. Deep Learning

Deep Learning [15] is a powerful tool in the world of cryptocurrency forecasting. It has lots of
different methods, and each one is good at different tasks. They're good at spotting tricky patterns in
cryptocurrency data, which helps make better predictions about what might come next in the digital
money world.

Deep Learning

Atrtificial Neural Convolutional Recurrent Neural Long Short-Term Gated Recurrent

Network Neural Networks Networks Memory Units flaisees

Figure 3. Deep Learning encompasses a diverse array of architectures including artificial neural
networks, Convolutional Neural Networks, Recurrent Neural Networks, Long Short-Term Memory
networks, gated recurrent units, and transformers. Each architecture represents a unique paradigm
within Deep Learning, collectively shaping the landscape of modern artificial intelligence.
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3.2.1. Artificial Neural Network

Artificial neural networks [16] are computational models inspired by the structure and functioning
of the human brain. Comprising interconnected nodes organized into layers, ANNs are designed to
process and learn from data, making them powerful tools for a diverse range of tasks. Each node takes
in information, processes it, and gives an answer. When we train the network by showing it examples,
it gets better at understanding complex patterns and connections in the data. ANNs can learn from
one set of data and then use that knowledge to make predictions or sort things out in new, unseen data.
They’re super versatile, helping with tasks like recognizing pictures, understanding language, looking
at trends over time, and solving all kinds of tricky problems by learning and recognizing patterns.

3.2.2. Convolutional Neural Networks

A convolutional neural network [17] is a neural network that is specially designed for understand-
ing image data. Imagine we have a picture of a cat and each small piece of image has some details
like colors and shapes. Convolutional neural network process at each small piece and then put all
these small pieces together to understand the whole image. Convolutional neural network uses special
filters to understand specific parts of the image such as zooming in, sharpening, etc. Convolutional
neural networks can be used in lots of places like recognizing faces, and in self-serving cars to figure
out what is around them. CNN also has applications beyond visual data it can also be effectively
implemented for time series analysis.

3.2.3. Recurrent Neural Networks

RNNSs [18] are a class of artificial neural networks that is specifically designed to understand and
work with data that comes in a specific order, making them particularly well-suited for tasks such as
natural language processing, time series analysis, and speech recognition. The special thing about
RNNSs is that they remember stuff from the past and use it to make sense of what’s happening next.
Imagine reading a story— you need to remember what happened in the beginning to understand the
later parts. RNNs do something similar with data. This recurrent structure enables RNNs to capture
sequential dependencies, making them particularly valuable in scenarios where the order of input
data is crucial. Sometimes, they struggle to learn if the information is too far back in the past or if it
becomes too big. We call these problems the vanishing and exploding gradient problems. It’s like
trying to remember something from a really long time ago — it can be tough for the program. Even
though there are challenges, RNNs are super useful. RNNs find application in a wide array of fields,
including natural language processing, speech recognition, and time series analysis. This ability of
RNNSs to understand and remember sequential dependencies makes them valuable in tasks where
understanding the context and order of input data is essential.

3.2.4. Long Short-Term Memory

A specialized variant of Recurrent Neural Networks is designed to address the challenges of
modeling long-term dependencies in sequential data. LSTMs [18] have gained prominence in various
applications due to their unique architecture, allowing for improved information retention and selective
processing over extended time intervals. The key innovation of LSTMs lies in their ability to mitigate
the vanishing gradient problem, a limitation in traditional RNNs. LSTMs achieve this through a
more complex architecture involving specialized memory cells, and input, forget, and output gates.
These components allow LSTMs to selectively retain or discard information over different time steps,
facilitating the modeling of both short and long-term dependencies. The selective memory retention
mechanism of LSTMs equips them with the ability to capture and remember patterns over extended
time intervals. This feature makes LSTMs particularly well-suited for tasks where understanding
long-term dependencies is essential, such as natural language processing, speech recognition, and time
series analysis.
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3.2.5. Gated Recurrent Units

Gated recurrent units [19] are a type of Recurrent Neural Network architecture, and they’re
like smart memory systems for computers. Inspired by the way our brains remember and forget
information, GRUs are designed to capture and store important details from past data. In a GRU,
information is processed through special gates that decide what to keep and what to forget. These gates
help the network learn and remember over time. This makes them useful for tasks like understanding
the context in language, predicting future values in time series data, or anything where remembering
and adapting to past information is important.

3.2.6. Transformers

Transformers [20] refers to a type of neural network architecture introduced to handle sequential
data more efficiently, with a particular focus on natural language processing tasks. Transformers
consist of an encoder-decoder structure, where the encoder processes input data and the decoder
generates output. The Transformer architecture has been highly successful in tasks such as language
translation, text summarization, various natural language understanding applications, and notably,
time series analysis.

3.3. Deep Reinforcement Learning

Deep reinforcement learning! [21] brings a level of sophistication to cryptocurrency forecasting by
combining neural networks with reinforcement learning principles. These algorithms learn optimal
strategies through interactions with the environment, making them well-suited for dynamic and
evolving cryptocurrency markets.

Deep
Reinforcement
Learning

|

Deep Q-Network

Proximal Policy
Optimization

Advantage
Actor-Critic

Figure 4. Illustration demonstrating the breadth of Deep Reinforcement Learning algorithms, encom-
passing various techniques and methodologies.

3.3.1. Proximal Policy Optimization

Proximal policy optimization [22] acts as a smart assistant in the DRL toolkit. It belongs to the
family of policy optimization algorithms that focus on iteratively improving the policy governing an
agent’s actions. In cryptocurrency trading, PPO continuously refines trading strategies by efficiently
utilizing past experiences. Technically, PPO incorporates a clipped surrogate objective, preventing
policy updates from deviating too far from the current policy. This stability ensures safer exploration
and exploitation in the volatile cryptocurrency market. PPO’s adaptability and ability to handle
continuous action spaces make it a valuable asset for refining trading strategies.

3.3.2. Advantage Actor-Critic

Advantage actor-critic [23] operates as a dynamic duo within DRL. This algorithm combines
elements of policy iteration and value iteration, with an actor suggesting actions and a critic evaluating
the quality of those actions. A2C’s collaborative approach enhances the learning process by providing
a balance between exploration and exploitation. From a technological viewpoint, the actor determines
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the optimal policy, while the critic estimates the value of state-action pairs. By leveraging advantages
(differences between actual and expected returns), A2C fine-tunes strategies for navigating the intricate
landscape of cryptocurrency markets. The algorithm’s ability to adapt to changing conditions makes it
a valuable tool for real-time decision-making.

3.3.3. Deep Q-Network

Deep Q-Network [21] stands out as a fearless explorer in the DRL domain. It operates on the
principles of Q-learning [24], using a deep neural network to approximate the Q-function, which
represents the expected cumulative reward for taking a particular action in a given state. Technically,
DQN employs experience replay and target networks to stabilize training and improve sample effi-
ciency. Experience replay involves storing and randomly sampling past experiences, facilitating better
exploration and learning. DQN’s capacity to make decisions based on learned experiences makes it
adept at navigating the intricate and ever-changing landscape of cryptocurrency markets.

3.4. Statistical Learning

Statistical models have a rich history in financial forecasting, and cryptocurrency markets are
no exception. In this section, this survey reviews research that relies on Statistical models, such as
autoregressive integrated moving averages, GARCH, and regression analysis, to predict cryptocurrency
prices and trends. This survey analyzes the efficacy of Statistical approaches, their limitations, and
their place in the landscape of cryptocurrency forecasting.

3.4.1. Autoregressive Integrated Moving Average

The Autoregressive integrated moving average [25] model is a fundamental Statistical method
extensively applied in financial forecasting, including cryptocurrency markets. ARIMA models are
particularly adept at analyzing and predicting time-series data by incorporating the autoregressive,
differencing, and moving average components. The autoregressive facet elucidates the correlation
between an observation and its preceding values, while differencing transforms non-stationary data
into a stationary form to stabilize the mean. The moving average component captures the error of the
model as a linear combination of past error terms. In cryptocurrency forecasting, ARIMA models excel
at capturing short-term trends and patterns based on historical price data.

3.4.2. Generalized Autoregressive Conditional Heteroskedasticity

Generalized Autoregressive Conditional Heteroskedasticity [26] models are pivotal tools in
financial time series analysis, renowned for their ability to model and forecast volatility, a crucial aspect
of cryptocurrency markets. GARCH models extend the autoregressive conditional heteroskedasticity
model by encompassing time-varying volatility dynamics. In cryptocurrency forecasting, where
volatility fluctuations are prevalent, GARCH models provide invaluable insights into the evolving
risk landscape. By capturing volatility clustering and persistence, GARCH models aid investors and
analysts in comprehending and managing risk exposure within cryptocurrency portfolios.

4. Methodological Landscape in Cryptocurrency Forecasting Literature

In cryptocurrency forecasting, the past decade has glimpsed an outbreak of research activity.
As cryptocurrencies continue to reshape the financial sphere, scholars and practitioners alike have
ventured into the depths of historical data, employing a diverse array of methodologies to decipher
price trends, market dynamics, and investment opportunities.
This comprehensive survey, containing a comprehensive analysis of 234 research papers, is poised
to unravel the multifaceted landscape of cryptocurrency forecasting. The survey will systematically
present the literature review, categorized by the methodologies employed, offering insights into the
evolution and current state of this dynamic field. The approaches considered include Machine Learning,
Deep Learning, Statistical Models, and Deep Reinforcement Learning. Each category represents a
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unique aspect of the methodologies adopted by researchers in their quest to forecast cryptocurrency
movements.

As this study ventures on this journey through the cryptocurrency forecasting literature, this study
will delve into the specific insights, trends, and challenges presented by each of these methodological
approaches, providing readers with a holistic perspective on the vast and developing landscape of
cryptocurrency prediction. Exploring the methodological landscape of Machine Learning literature
further, this survey analyzes the distribution of publications across key methodologies.

Figure 5 visualizes the prevalence of different approaches, with the y-axis indicating the count
of publications and the x-axis representing categories including Deep Learning, Machine Learning,
Deep Reinforcement Learning, and Statistical methods. Deep Learning emerges as the most frequently
employed methodology, with the longest bar indicating its prevalence in current research. Machine
Learning follows closely behind, reflecting its sustained relevance in the field. Statistical methods
exhibit a significant presence, albeit less pronounced compared to DL and ML. Deep Reinforcement
Learning shows the shortest bar, indicating its comparatively lesser utilization in recent literature.
Figure 5 distribution sheds light on the dominant methodologies driving Machine Learning research,
offering insights into the evolving landscape of techniques and approaches.

160 155

DL DRL Statistical
Methodology wise distribution

Figure 5. Frequency of research papers across learning domains: Machine Learning, Deep Learning,
Deep Reinforcement Learning, and Statistical Learning for cryptocurrency forecasting.

5. Use of ML in Cryptocurrency Forecasting

In this section, this survey will delve into the comprehensive body of research that harnesses
machine-learning methodologies for cryptocurrency forecasting. ML, with its ability to identify
patterns and relationships within vast datasets, has become a cornerstone of predictive analytics in the
cryptocurrency domain. Machine Learning is a fascinating field in computer science that empowers
computers to understand and make decisions from data, much like how humans learn from experience.
At its core, ML is about building algorithms that can automatically identify patterns, make predictions,
or take actions without being explicitly programmed to do so. It works by providing a computer with
a large amount of data, allowing it to discover hidden insights and relationships within that data.
Think of ML as teaching a computer to recognize cats in photos by showing it thousands of cat images
until it learns the defining features of a cat. Once trained, an ML model can generalize its knowledge
to identify cats in new, unseen images.

The Section 5 unfolds into three distinct categories, each offering a specialized perspective on
the application and evolution of Machine Learning in cryptocurrency forecasting. Firstly, Section 5.1,
the detailed analysis and trends in Machine Learning studies examine the methodological intricacies
and emerging patterns prevalent in recent research endeavors. Secondly, Section 5.2, studies utilizing
Machine Learning for cryptocurrency delve into specific case studies and methodologies employed to
forecast digital asset prices. Lastly, Section 5.3, the summarized literature review of Machine Learning
approaches encapsulates a synthesis of existing literature, distilling key insights and advancements in
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the field. Together, these subsections provide a comprehensive overview of the landscape, facilitating
a deeper understanding of the complexities and innovations driving Machine Learning applications in
cryptocurrency forecasting.

5.1. Detailed Analysis and Trends in Machine Learning Studies

In this dedicated section, the utilization of Machine Learning techniques to predict changes in
the cryptocurrency market will be explored. Machine Learning involves the application of algorithms
and Statistical models to analyze data, identify patterns, and make predictions without explicit
programming. This study will delve into the specific methods used, the cryptocurrencies that are
commonly analyzed, and how researchers consider time-related factors to improve prediction accuracy.
By examining these aspects, this study aims to elucidate the significance of Machine Learning in
comprehending and forecasting trends within the cryptocurrency market.

5.1.1. Methodological Trends in Machine Learning Literature

In investigating the methodological landscape of Machine Learning research, a comprehensive
analysis reveals distinct patterns in the distribution of methodologies across the literature. A pie
chart representation demonstrates the prevalence of various Machine Learning techniques utilized
in recent research papers. Figure 6 illustrates that Linear Regression has been prominently featured
in 29 research papers, closely followed by Random Forest with 28 instances. SVM techniques have
been employed in 27 papers, while KNN has been utilized in 14 papers. This distribution not only
reflects the popularity of certain methodologies within the Machine Learning domain but also provides
insights into the preferences and trends shaping contemporary research practices.

ML Methodologies
LR: 29 (25.0%)
I RF: 28 (24.1%)
SVM: 27 (23.3%)
mm KNN: 14 (12.1%)
SVR: 12 (10.3%)
I NB: 6 (5.2%)

Figure 6. Methodological distribution in Machine Learning literature: A breakdown of techniques
employed in studied research papers.

5.1.2. Currency-Wise Distribution in Machine Learning Literature

Examining the currency-wise distribution within Machine Learning literature provides valuable
insights into the preferences and trends prevalent in the field. Figure 7 illustrates the proportional
representation of various cryptocurrencies utilized in recent research papers. Bitcoin emerges as
the dominant cryptocurrency, constituting 36.2% of the literature examined. Following BTC, Ether
holds a significant share at 15.8%. Ripple and Litecoin account for 9% and 7.9% of the literature,
respectively This distribution not only reflects the prevalence of specific cryptocurrencies within
Machine Learning research but also highlights the diverse applications and interests within the
intersection of cryptocurrency and Machine Learning domains.
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ML Currencies
BTC: 64 (36.2%)
ETH: 28 (15.8%)
XRP: 16 (9.0%)
LTC: 14 (7.9%)
ADA: 5 (2.8%)
BNB: 5 (2.8%)
XLM: 3 (1.7%)
DOGE: 3 (1.7%)
ETC: 2 (1.1%)
Others: 37 (20.9%)

Figure 7. Currency-wise distribution in Machine Learning literature: proportional representation of

cryptocurrencies in recent research papers.

5.1.3. Time Horizon-Wise Distribution in Machine Learning Literature

An examination of the time horizon-wise distribution within Machine Learning literature offers
insights into the temporal aspects considered in research studies. A pie chart visually represents the
prevalence of various time intervals utilized for analysis. Figure 8 reveals that the 24-hour time horizon
dominates the distribution, constituting 68.6% of the literature surveyed. Meanwhile, shorter intervals

such as 1 hour, 1 minute, and 15 minutes each represent 4.3%

of the literature. This distribution

underscores the significance of different time horizons in Machine Learning research and highlights

the emphasis on analyzing data across various temporal scales.

ML Time Horizon
24h: 48 (68.6%)
15m: 3 (4.3%)
1h: 3 (4.3%)
1m: 3 (4.3%)
10m: 2 (2.9%)
5m: 2 (2.9%)
60m: 2 (2.9%)
120d: 1 (1.4%)
1d: 1 (1.4%)
Others: 5 (7.1%)

Figure 8. Time horizon-wise distribution in Machine Learning literature: proportional representation

of time intervals in recent research papers.

5.2. Studies Utilizing Machine Learning for Cryptocurrency Forecasting

Cryptocurrency markets are known for their volatility and complexity, making accurate forecast-

ing a challenging task. In recent years, researchers have turned

to Machine Learning techniques to

analyze historical data and predict future price movements in cryptocurrency markets. This subsection
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delves into a variety of Machine Learning methods applied in cryptocurrency prediction research. It
covers traditional algorithms such as Support Vector Machine, Random Forest, linear regression, and
Support Vector Regression models, alongside ensemble methods and time series prediction techniques
like Prophet and boosting models. Researchers utilize a wide range of strategies to detect trends and
patterns in cryptocurrency data. Exploring these methodologies helps develop reliable forecasting
models that provide valuable insights into the ever-changing cryptocurrency markets, supporting
investors and stakeholders in making well-informed decisions. This subsection highlights the complex-
ities of Machine Learning applications in cryptocurrency forecasting and emphasizes the burgeoning
trends in this swiftly advancing field.

5.2.1. Support Vector Machine, Random Forest, Linear Regression and Support Vector Regression
Models

In the realm of cryptocurrency forecasting, a consistent thread weaves through several notable
studies, offering a glimpse into the evolving landscape of predictive analytics. One such foundational
study was conducted by Nor et al. [27] laid a sturdy foundation in 2018 by embarking on an extensive
exploration encompassing seven major cryptocurrencies, such as Bitcoin, Ether, Litecoin, NEM, Ripple,
and Stellar. Leveraging Machine Learning techniques, specifically Support Vector Machines, they
examined daily trading data to predict price movements within a 24-hour horizon. Remarkably, their
SVM-based classifier displayed exceptional performance, boasting a remarkable 95% accuracy rate—a
testament to the power of ML. Furthermore, their commitment to robustness shone through their
adaptation to varying data sample sizes for each cryptocurrency.

Shifting our focus exclusively to Bitcoin, Majid et al. [28] embraced both Statistical and Deep
Learning methodologies in their 2019 cryptocurrency forecasting study. Centering their analysis on
closing price data, they harnessed Support Vector Machines, Random Forest, and DL models, all within
the familiar 24-hour prediction window. It's noteworthy that the Random Forest model distinguished
itself by yielding the smallest root mean square error and mean absolute percentage error values within
their Bitcoin-exclusive dataset.

Building upon these insights, Franco et al. [29] ventured into cryptocurrency forecasting in 2019,
echoing Nor et al.[27] temporal scope of a 24-hour prediction window. However, they introduced
a unique twist by incorporating sentiment data alongside price data for Bitcoin, Ether, Ripple, and
Litecoin. Employing support Vector machines and Random Forests as Machine Learning classifiers,
supplemented by Deep Learning models, they conducted meticulous evaluations. While SVM and
Random Forest excelled with price data, an intriguing revelation emerged—the Multi-Layer Perceptron
model, asserting itself as the top performer with an impressive accuracy of 0.72 and a precision score
of 0.76.

Support vector machines have been a prominent option among researchers for cryptocurrency
price prediction. Ismail et al. [27] utilized SVM on price data for Bitcoin, Ether, Litecoin, and others,
achieving forecasts with Mean Absolute Percentage Error metrics. Similarly, Cohen et al. [30] applied
Support Vector Machines to cryptocurrency price forecasting, though specific cryptocurrencies and
evaluation metrics are not mentioned. The time horizon is 24 hours. Alahmari et al. [31]applied
Support Vector Regression for BTC, XRP, and ETH price predictions. Their evaluation criteria included
mean absolute error, mean squared error, root mean squared error, and R-squared. The use of SVR is
similar to previous studies.

Hakan et al. [32] conducted a cryptocurrency forecasting study centered on Bitcoin. Their ap-
proach incorporated price data, technical indicators, and various classifiers, including Support Vector
Machines and Random Forests. They also assessed model performance using metrics like Accuracy,
Mean Absolute Error, and Root Mean Square Error. Their research dataset encompassed a significant
sample size, contributing to their findings.

Khedmati et al. [33] focused their study on Bitcoin, utilizing closing price data and Statistical models
to predict price movements within a 24-hour time horizon. Their evaluation metrics included Root
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Mean Square Error and Mean Absolute Percentage Error, and despite a relatively small dataset, their
study provided valuable insights into the accuracy of Bitcoin price predictions. In the year 2020, Saad
et al. [31] included Bitcoin, Ripple, and Ether in their study on cryptocurrency forecasting. They exclu-
sively utilized Support Vector Regression by integrating price data with external economic indicators.
Their study used a 24-hour prediction horizon and evaluated performance using metrics like Mean
Absolute Error, Mean Squared Error, Root Mean Square Error, and R-squared, which were consistent
with previous studies.

In a unique departure from conventional methodologies, Alireza et al. [34] introduced sentimental
data as input features exclusively for Bitcoin forecasting. Their Machine Learning-based neural
network achieved impressive accuracy, contributing to a reduction in prediction errors.

Lokesh et al. [35] conducted a cryptocurrency forecasting study concentrating on Bitcoin. Their
research encompassed Linear Regression and DL algorithms With a 24-hour time horizon, they
emphasized the growing prominence of DL techniques in cryptocurrency forecasting.

In 2020, Vidyulatha et al. [36] undertook a comprehensive study in the domain of cryptocurrency
forecasting, with a specific focus on Bitcoin. Their research incorporated historical price data and
applied Linear Regression in conjunction with Statistical Models, extending the time horizon to 120
days for price prediction. Their dataset encompassed a substantial sample size of 2,191 data points for
Bitcoin. Remarkably, the study aimed to leverage BTC information to enhance future price movement
predictions. Notably, they introduced a time series analysis Statistical model to forecast Bitcoin
prices over the subsequent four months. The study’s outcomes revealed the superior performance
of Statistical models in comparison to the LR model, underscoring the efficacy of incorporating time
series analysis techniques for accurate and robust cryptocurrency price predictions.

In 2021, Patrick et al. [37] conducted a focused study on Bitcoin price prediction. They used
a wide range of input features, including technical indicators, blockchain data, and sentimental
data, and applied Machine Learning models such as Random Forest, Gradient Boosting Classifiers,
Logistic Regression, and Deep Learning models. The study assessed various time horizons, from 1
minute to 60 minutes. Their evaluation metric was accuracy, and they had an extensive dataset with
403,440 minute-level data points for Bitcoin. The findings revealed that Recurrent Neural Networks
(RNNs) and Gradient Boosting Classifiers consistently provided more accurate predictions, with the
choice between Gated Recurrent Unit and Long Short-Term Memory depending on the prediction
horizon. Additionally, tree-based models, like GBC and Random Forest, showed notable differences
in predictive accuracy primarily on the 5-minute prediction horizon, where GBC outperformed RF.
These results highlight the importance of model selection and prediction horizon in cryptocurrency
forecasting, especially for Bitcoin.

In 2021, Mohamed et al. [38] conducted a cryptocurrency prediction study, focusing on multiple
cryptocurrencies, including BTC, ETC, and more. They employed price data as their primary input
feature and utilized Support Vector Machines in conjunction with other Deep Learning models for
a 24-hour time horizon. Their evaluation metric was accuracy, and for each cryptocurrency, they
had a dataset comprising 1826 data samples. Notably, the paper introduced an enhanced Scatter
Search Algorithm approach to optimize SVM. Through comprehensive experiments, the proposed
SCA approach outperformed both the standard SVM method and the SVM-PSO method, achieving
the highest accuracy among all methods analyzed. This highlights the effectiveness of their novel
approach to cryptocurrency price prediction.

Table 3. Comparison to find the best classifier [38].

Classifiers BTC ETH LTC XRP XEM XLM
SVM 78.90 95.50 82.40 70.00 47.70 58.70
SVM-PSO 90.40 97.00 92.10 82.80 57.80 64.50
SVM-eSCA 91.21 97.44 92.31 84.07 58.86 66.23
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In 2021, Erdinc et al. [39] focused on cryptocurrency price prediction, considering various cryp-
tocurrencies including BTC, ETC, and more. Their study utilized price data as input features and
employed a range of Machine Learning models, including SVM and other Deep Learning models, with
a time horizon of 24 hours. Notably, the authors proposed an enhanced SCA (Sine Cosine Algorithm)
approach to optimize SVM for cryptocurrency prediction. They compared this approach with the
standard SVM method and the SVM-PSO (Particle Swarm Optimization) method. The experiments
conducted indicated that the proposed SCA approach outperformed all other methods in terms of
accuracy, highlighting its effectiveness in enhancing cryptocurrency price prediction [38].

In 2021, Mohamed et al. [39] conducted a comprehensive study on cryptocurrency price prediction.
They considered several cryptocurrencies, including BTC, ETH, and more. They utilized price data as
input features. The authors employed SVM along with other Deep Learning models and adopted a
24-hour time horizon for their predictions. Notably, they proposed an enhanced SCA (Sine Cosine
Algorithm) approach to optimize SVM and compared it to the standard SVM method and SVM-PSO
(Particle Swarm Optimization) method. The results of their experiments unequivocally demonstrated
that the proposed SCA approach achieved the highest accuracy among all the methods considered in
their analysis, highlighting its efficacy in enhancing cryptocurrency price prediction [39].

In 2021, Andrew et al. [40] conducted a cryptocurrency forecasting study focusing on three
major cryptocurrencies: Bitcoin, Ether, and Ripple. They utilized price data as the primary input
feature and considered a 24-hour time horizon for predicting price movements. To build predictive
models, the researchers employed a diverse set of Machine Learning classifiers, including Linear
Regression, Support Vector Machines, k-nearest Neighbors, Decision Trees, Random Forest, AdaBoost,
and XGBoost, along with other Deep Learning models. The main evaluation metric used in their
analysis was accuracy. Their dataset consisted of a total of 1579 data samples for each cryptocurrency.
Interestingly, the study found that Support Vector Machines provided the most accurate classifications
when forecasting the sign of next-day returns, achieving a log return of 3.72, which corresponds to a
rate of return of approximately 41.3% on a $100 investment [40].

In 2021, Ashutosh et al. [41] conducted a cryptocurrency price prediction study with a focus on
Bitcoin. Their analysis incorporated price data as input features and employed various regression
models, including Linear Regression, Theil-Sen Regression, and Huber Regression, in addition to
other Deep Learning models. The study utilized a 24-hour time horizon for predicting BTC prices
and evaluated model performance using metrics such as accuracy, R-squared, and Mean Squared
Error. Notably, the research found that all the models exhibited similar levels of accuracy, with Linear
Regression standing out for its superior execution time. However, the authors acknowledged that
factors such as Twitter sentiment analysis, gold price analysis, economic crises, parameter settings,
and differing policies and laws across countries could potentially impact the results [41].

In a parallel effort, Mudassir et al. [42] delved into cryptocurrency forecasting, extending their
analysis to various time horizons, including 1 day, 7 days, 30 days, and 90 days, exclusively focusing on
Bitcoin. They employed Support Vector Machines and Deep Learning models while adopting metrics
such as Mean Absolute Error and Root Mean Square Error for evaluation. Their dataset included a
substantial sample size, enabling robust analysis.
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Figure 9. Accuracy of the classification models for nth day forecast in Interval III [42].

Martin-Barreiro et al. [43] utilized Support Vector Machines for multi-cryptocurrency price fore-
casting, including Binance Coin, Bitcoin, Cardano, Dogecoin, Ether, and Ripple. The forecasting
time horizon was 24 hours. Evaluation metrics included Mean Absolute Percentage Error, RMSE,
and Normalized RMSE. The study did not specify the number of data samples used, and the train-
ing/testing split was 75/25. SVM proves to be a robust technique for devising profitable trading
strategies, demonstrating its ability to provide accurate results both before and during the current
pandemic. Our findings are valuable for stakeholders seeking to understand cryptocurrency dynamics
and make informed investment decisions, particularly during periods of uncertainty such as the
COVID-19 pandemic.

Rena et al. [44] conducted multi-currency forecasting, considering Bitcoin, Ether, Ripple, Cardano,
Dogecoin, Polkadot, and Litecoin. Their approach involved Support Vector Machines for predictions
with a 24-hour time horizon. Evaluation metrics included accuracy, precision, recall, F1-score, Sharpe
Ratio, Sortino Ratio, Conditional Expected Quadratic Return, and Return Loss. The study reported
181 data samples for each currency but did not mention the training/testing split.The proposed
multi-source data effectively aids in forecasting cryptocurrency price movements. Furthermore, the
proposed portfolio strategy outperforms traditional approaches in terms of out-of-sample Sharpe ratio,
Sortino ratio, and certainty equivalent return. Importantly, these conclusions are robustly verified
in our testing. Valdés-Aguirre et al. [29] integrated price data and sentiment analysis using Support
Vector Machines and Random Forest for forecasting BTC, ETH, XRP, and LTC prices. Their evaluation
criteria included accuracy, precision, recall, and F1-score metrics. This approach extends the analysis
to consider market sentiment alongside historical data.The MLP emerged as the top-performing model
for BTC, achieving an accuracy exceeding 0.72 and a precision of 0.76, significantly outperforming
random predictions. SVM and RF also demonstrated superior performance when utilizing market
data. However, incorporating Twitter data alone did not contribute to predicting market movements
across SVM and RF models; in fact, its inclusion appeared to degrade their performance. Nevertheless,
it marginally enhanced precision in the MLP model.

Rabbania et al. [45] employed regression models, including Linear Regression, Gradient Boosting
Regression, Support Vector Regression, and Random Forest Regression, for BTC, ETH, ZEC, and LTC
price forecasting. They evaluated the models using metrics like Mean Squared Error, Mean Absolute
Percentage Error, Mean Absolute Error, Akaike Information Criterion, and Bayesian Information
Criterion (BIC).

Pinellas et al. (2020) explored Support Vector Regression, Linear Regression, K-nearest neighbors,
and Decision Tree Regression for short-term cryptocurrency forecasting. They evaluated their models
based on Root Mean Squared Error, Accuracy, Area Under the Curve, and Fl-score metrics [46]. Azizi


https://doi.org/10.20944/preprints202411.2330.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 December 2024 d0i:10.20944/preprints202411.2330.v2

17 of 100

et al. (2020) and Azizi et al. (2019) explored Bayesian models alongside SVM and RF for BTC price
prediction, with a focus on RMSE and MAPE metrics [28,33]. Their work is relevant to price prediction
methodologies. Anbarasi et al. (2022) [47] adopted a straightforward Linear Regression model to
predict cryptocurrency prices. Focusing on BTC, ETH, LTC, MKR, and BNB, this study targeted both
short-term and long-term forecasting without specifying a time horizon. The evaluation was based on
commonly used metrics, with a 70/30 training-testing data split.

Amirhosseini et al. [48] integrated sentiment data with Machine Learning, employing K-Nearest
Neighbors, Logistic Regression, Gaussian Naive Bayes, Support Vector Machine, and Extremely
Randomized Trees models to predict BTC prices over a 24-hour horizon. The F1 score served as the
primary evaluation metric, emphasizing model precision and recall. They trained on 80% of the data,
reserving 20% for testing.

Johari et al. [49] conducted research into cryptocurrency forecasting, concentrating on AVAX,
XRP, SOL, DOGE, MATIC, and SHIB. Their approach involved utilizing Linear Regression, Stochastic
Gradient Descent Regression, and Random Forest Regression as forecasting methodologies. The time
horizon for predictions in this study was 24 hours. The models” performance was assessed using
multiple metrics, including Mean Absolute Error, Root Mean Squared Error, and Mean Percentage
Error .

Godinho et al. [50] conducted multi-currency forecasting, considering BTC, ETH, and LTC. Their
models included Linear Regression, Random Forest, and Support Vector Machine. With a 24-hour time
horizon, their evaluation involved a variety of metrics, focusing on the accuracy of predictions.The
trading strategies are constructed through model assembling. The ensemble approach, where five
models generate identical signals (Ensemble 5), demonstrates the highest performance for Ethereum
and Litecoin. It achieves annualized Sharpe ratios of 80.17% and 91.35%, along with annualized
returns (after proportional round-trip trading costs of 0.5%) of 9.62% and 5.73%, respectively. Geetha
et al. [51] explored an array of regression models for Bitcoin price prediction. These models included
Linear Regression, Gradient Boosting Regression, Random Forest, Decision Trees, Adaboost Regression
(AdaboostR), Ridge Regression (Ridge), and Lasso Regression (Lasso). This study did not specify a
particular time horizon but evaluated predictions using metrics such as Root Mean Squared Error,
R-squared, Mean Absolute Error, and E (unclear without further context). No details were provided
regarding data samples and the training/testing split.

Arpitha et al. [36] utilized Linear Regression to predict Bitcoin prices over a 120-day time horizon.
Although they didn’t specify the evaluation metric used, their dataset comprised 2,191 BTC data
samples. Jatto et al. [52] focused on Bitcoin price forecasting using Support Vector Machines and
K-Nearest Neighbors models. Their predictions had a 24-hour time horizon. Evaluation metrics
included accuracy, standard deviation, mean, RMSE, ROC, and AUC. The study’s dataset consisted
of 2,760 BTC data samples, with an 80/20 training/testing split. Bhat et al. [53] employed Linear
Regression and Support Vector Regression for short-term Bitcoin price forecasting with a 1-hour time
horizon. The primary evaluation metric used was accuracy. Their dataset encompassed 29,592 BTC
data samples. Lee et al. [54] explored Bitcoin price prediction using various models, including Bayesian
Neural Networks (BNN), Support Vector Regression, and Support Vector Machines. The forecasting
time horizon was 24 hours. The evaluation focused on RMSE and Mean Absolute Percentage Error.
They had access to 1,213 BTC data samples and did not mention a specific training/testing split.

Das et al. [55] investigated Bitcoin price forecasting using various models, including Adaptive
Neuro-Fuzzy Inference System, Random Forest, Support Vector Regression, Multivariate Adaptive
Regression Splines, and Lasso Regression. Their predictions were made with a 24-hour time horizon.
The study did not provide specific evaluation metrics but reported a dataset size of 2,237 BTC data
samples with an 80/20 training/testing split. Bhosale et al. [56] explored classification models,
including Support Vector Machine, Linear Regression, K-Means Clustering, Naive Bayes, Random
Forest, K-Nearest Neighbors, and Decision Trees, for Bitcoin price forecasting with a 1-minute time
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horizon. The study did not provide specific details on the dataset, data samples, or the training/testing
split.

Qusef et al. [57] conducted multi-currency forecasting, encompassing Bitcoin, Ether, and Litecoin.
Their approach involved Support Vector Machines, K-nearest neighbors, and Light Gradient Boosting
Machines as forecasting methodologies. The time horizon for predictions was 24 hours, and the
evaluation criteria included the F1 score and accuracy. They reported 17 data samples for each
currency, although the training/testing split was not specified.

Vijayakumar et al. [58] employed Linear Regression models for cryptocurrency forecasting,
covering Bitcoin, Dash, Litecoin, Dogecoin, Ether, and Monero. The time horizon for predictions was
24 hours. The evaluation was based on Mean Squared Error, but details about data samples and the
training/testing split were not provided.

Neha et al. [53] cast an exclusive spotlight on Bitcoin, meticulously examining price data within a
1-hour prediction horizon. Their arsenal included Linear Regression, Support Vector Regression, and
various Statistical models. Notably, their extensive dataset, exclusive to Bitcoin, marked a standout
feature.

Prakash et al. [35] utilized price data and blockchain data as input for models. They used the LR
model for BTC with a 24-hour time horizon, evaluating using Accuracy. Qusef et al. [57] used Price
Data for BTC, ETH, and LTC, applying SVM, KNN, and LGBM models with a 24-hour time horizon.
They evaluated using F1 and Accuracy. [59] focused on Price Data for ETH, LTC-BTC, and ZEC-BTC
with a 4-hour time horizon. They used EGB, and RF models, evaluating using Accuracy.

Ioannis et al. [46] expanded their research to encompass BTC, ETH, and XRP. They employed a
range of ML classifiers and assessed model performance with metrics including Root Mean Square
Error and Accuracy. Their dataset consisted of a substantial number of data samples, enabling
a comprehensive analysis of their models” performance. In 2020, Lekkala et al. [60] conducted a
comprehensive study focused on Bitcoin price prediction over a 24-hour time horizon. Their analysis
encompassed the application of various Machine Learning algorithms, including LASSO, Decision
Trees, and K-Nearest Neighbors, with the primary objective of enhancing predictive accuracy. Notably,
they leveraged both price data and blockchain data as input features, ensuring a holistic approach to
cryptocurrency forecasting. The evaluation of their models centered on the accuracy metric, facilitating
rigorous performance assessment. Impressively, their findings highlighted that Linear Regression
exhibited superior efficiency compared to other algorithms. Building on this insight, they successfully
implemented the LASSO algorithm, emphasizing its effectiveness in reducing time complexity and
further improving Bitcoin price prediction accuracy. This research by Lekkala et al. [60] contributes
valuable insights into algorithm selection and its impact on cryptocurrency forecasting, particularly
underscoring the significance of the LASSO algorithm in achieving superior predictive outcomes.

In 2020, several research studies focused on cryptocurrency forecasting, collectively contributing
to a comprehensive understanding of this evolving field. Tri et al. [61] conducted a study that
concentrated on predicting cryptocurrency prices, primarily Bitcoin, using the Adaptive Neuro-Fuzzy
Inference System and Statistical models. Their research assessed model performance with metrics such
as Root Mean Square Error and Mean Squared Error. Notably, they examined a 24-hour time horizon
for forecasting BTC prices, similar to many prior studies. Afif et al. [61] utilized Price Data for BTC
and employed the ANFIS model with a 24-hour time horizon. They evaluated using RMSE and MSE.
Gessl et al. [62] incorporated RF on external economic, price, and blockchain data to predict BTC and
LONA prices, emphasizing R-squared, Mean Absolute Error, and Mean Squared Error. Kaushik et
al. [63] applied Random Forest for short-term price forecasting of BTC, emphasizing Mean Squared
Error and R-squared as their evaluation metrics. KP et al. [64] employed the Random Forest model for
short-term Bitcoin price forecasting with a 24-hour time horizon. Evaluation criteria included Mean
Squared Error, Mean Absolute Error, and Root Mean Squared Error. The study had access to BTC price
data and utilized 4,700 data samples.
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5.2.2. Ensemble Strategies Based

Ensemble learning methods have shown promise in cryptocurrency forecasting, as evidenced by
recent studies. For instance, the ensemble approach combines various models to enhance predictive
accuracy. Gyameraha et al. (2019) [65] explored cryptocurrency price forecasting, particularly
focusing on BTC. Their approach involved utilizing Random Forest and Support Vector Regression
as forecasting methodologies. RF is an ensemble learning method known for its ability to handle
complex relationships in data, while SVR is a powerful tool for regression tasks, often used in financial
forecasting. The time horizon for predictions in this study was 24 hours. The models were evaluated
using multiple metrics, including Mean Absolute Percentage Error, Root Mean Squared Error, Mean
Absolute Error, and R-squared. Similarly, Ensemble techniques, including Random Forest, AdaBoost,
XGBoost, and others, have been employed to improve prediction accuracy. The MAPE, RMSE, MAE,
and R-squared values for the stacking ensemble model were 0.0191%, 15.5331 USD, 124.5508 USD, and
0.9967 respectively.

Lyu et al. [40] integrated multiple ensemble methods for forecasting BTC, ETH, and XRP prices,
emphasizing accuracy . These ensemble models combine the strengths of various algorithms. Their
analysis indicates that AdaBoost and XGBoost produce the most inaccurate classifications in the context
of our study. In contrast, the Support Vector Machine (SVM) model, when utilized with a probability-
based trading strategy, demonstrates a log return of 3.72. This translates to an approximate rate of
return of 41.3%. Consequently, an initial investment of $100 would yield a profit of $41.30. Zhang et
al.[66] harnessed ensemble models, including Logistic Regression, SVM, Random Forest, XGBoost, and
LightGBM, while incorporating technical indicators for BTC price forecasting [66]. Their approach
blends ensemble techniques and technical indicators. Balci et al.[67] explored a comprehensive set of
Machine Learning models, including Support Vector Regression, Decision Tree Regression, Random
Forest Regression, Linear Regression, Logistic Regression, and Gaussian Process Regression (GPR), to
forecast the prices of major cryptocurrencies (BTC, ETH, ADA, XRP). Their analysis encompassed a 24-
hour time horizon and utilized the Root Mean Squared Error as the evaluation metric. Remarkably, they
trained individual models for each currency to capture unique market dynamics. The ARIMA model,
commonly used by economists, is found to be unsuitable for cryptocurrency prediction. In contrast,
the LSTM architecture, a deep learning model designed for time series prediction and classification,
performs more effectively in this domain. Notably, the MM-LSTM architecture, an enhancement of
LSTM, exhibits a lower RMSE value compared to traditional machine learning algorithms frequently
employed in regression studies. However, machine learning methods such as Gaussian Process
Regressor and Logistic Regressor demonstrate very successful results in cryptocurrency prediction.
Similarly, Weinhardt et al. (2022) introduced lagged data analysis with Logistic Regression, Random
Forest, and Gradient Boosting Classifier for predicting cryptocurrency prices. They employed a wide
range of evaluation metrics, including Mean Return, Sharpe Ratio, and Value at Risk, demonstrating
the versatility of ML in cryptocurrency forecasting [68]. All employed models produce statistically
viable predictions, with average accuracy values across all cryptocurrencies ranging from 52.9% to
54.1%. These accuracy values increase to a range of 57.5% to 59.5% when calculated on the subset of
predictions with the top 10% highest model confidence per class and day. Our analysis shows that
a long-short portfolio strategy based on the predictions of the employed LSTM and GRU ensemble
models yields an annualized out-of-sample Sharpe ratio of 3.23 and 3.12, respectively, after accounting
for transaction costs. In comparison, the buy-and-hold benchmark market portfolio strategy yields a
Sharpe ratio of only 1.33.

Similarly, Gregorio et al. (2023) integrated external economic data into their models, leveraging LR,
SVM, and RE. They evaluated their approach using Recall, Accuracy, Precision, and F1-score metrics,
concentrating on BTC price predictions [69]. The inclusion of external factors adds complexity to the
forecasting process. Sentiment analysis and the incorporation of textual data have gained popularity.
Souza et al. (2022) employed LightGBM, XGBoost, and LR models to predict BTC, ETH, BNB, ADA,
and XRP prices, emphasizing accuracy, Sharpe Ratio, and Return on Investment [70]. Analyzing
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market sentiment provides a unique perspective on price movements. Technical indicators, coupled
with ML, have been explored extensively. Ongan et al. (2020) employed Support Vector Machines,
Naive Bayes, Random Forest, and Logistic Regression on BTC price data, focusing on metrics such as
F-statistic and AccuracyStat [32]. Technical indicators offer valuable insights into short-term price
trends.

Uddin et al. (2021) utilized KNN, LR, Naive Bayes, RF, SVM, and Ensemble Gradient Boosting
with various time intervals for BTC price forecasting [39]. They evaluated models using the Sharpe
Ratio and Mean Return. KNN, a distance-based method, allows for flexible predictions. Several studies
have expanded their focus beyond a single cryptocurrency. Kate et al. [71] applied KNN, RE, and
Support Vector Regression to predict the prices of XRP, BTC, LTC, ETH, and XMR. This multi-currency
approach provides a broader view of the cryptocurrency market.

Table 4. Average ensemble performance against individual models ranked by RMSE in ascending

order [71].
Ensemble RMSE MAE MAPE R2
LSTM 0.0222 0.0173 3.86% 0.73
GRU, LSTM 0.0225 0.0174 3.89% 0.73
HYBRID, LSTM 0.0225 0.0174 3.89% 0.73
HYBRID, GRU, o
LSTM 0.0226 0.0175 3.90% 0.73
LSTM, KNN 0.0227 0.0175 3.92% 0.73
GRU, LSTM, o
KNN 0.0227 0.0176 3.91% 0.72
GRU, LSTM, o
TCN 0.0227 0.0176 3.92% 0.72
LSTM, TCN 0.0227 0.0176 3.93% 0.72
HYBRID, LSTM, o
KNN 0.0227 0.0175 3.92% 0.72
HYBRID, GRU 0.0227 0.0175 3.91% 0.72
and more

Asgarim et al. (2022) [72] utilized a multi-model ensemble approach for Bitcoin price prediction,

incorporating models such as Multilayer Perceptron, Linear Regression, Bayesian Ridge Regression
(BRR), Random Forest Regression, Lasso Regression, Support Vector Regression, and Differential
Evolution (DE). Their predictions had a 24-hour time horizon, with evaluation based on Mean Squared
Error. The study reported 1,002 BTC data samples but did not specify the training/testing split.
Many researchers have combined ML models with traditional technical indicators for cryptocurrency
forecasting. Zhang et al. (2020) utilized Logistic Regression, Support Vector Machines, Random Forest,
XGBoost, and LightGBM, while also considering technical indicators [66]. The inclusion of technical
indicators adds a layer of insight into price predictions.
Samuel et al. [65] honed their research, concentrating solely on Bitcoin’s cryptocurrency forecasting.
They introduced the concept of ensemble models, with a meta-learner encompassing two base learners:
Random Forest and Generalized Linear Model via penalized maximum likelihood, alongside Support
Vector Regression with a linear kernel. Their meticulous analysis, employing various evaluation
metrics, unearthed the ensemble model’s prowess, yielding impressive MAPE, RMSE, MAE, and R2
values.

Further expanding the horizon, Kwon et al. [54], also in 2019, navigated cryptocurrency forecasting
through the prism of Deep Learning and Machine Learning. Their Long Short-Term Memory DL model
and Gradient Boosting ML classifier embraced a 10-minute prediction window, spanning multiple
cryptocurrencies. Impressively, LSTM consistently demonstrated superior predictive capabilities
across all cryptocurrencies.
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Meanwhile, Malekia et al. [45] conducted a comprehensive study involving various cryptocurren-
cies, including BTC, ETH, ZEC, and LTC. Their research primarily employed price data and diverse
Machine Learning classifiers, evaluating models with metrics such as Mean Squared Error and Mean
Absolute Percentage Error. Notably, their innovative approach involved using the Lasso Regression
algorithm to forecast BTC prices when direct price information was unavailable. Hammoudeh et al.
(2020) [42] incorporated Blockchain Data and Price Data for BTC with various time horizons (1d, 7d,
30d, 90d) for SVM with other DL methods. They evaluated using MAE, RMSE, MAPE, Accuracy, F1,
AUC, and ROC.

5.2.3. Time Series Forecasting with Prophet and Boosting Models

Time series forecasting, employing Prophet and boosting models, has emerged as a prevalent
Machine Learning approach in cryptocurrency forecasting, showcasing promising results in recent
studies. For instance, Igbal et al. (2021) used Prophet and XG Boosting models for BIC price predictions,
focusing on RMSE, Mean Absolute Error, and R-squared [73]. These models offer insights into short-
term price fluctuations and trends. Their developed random forest model helps anticipate such regime
changes by incorporating features from the analysis of user-generated data from Google Trends,
Twitter, and Reddit. Similarly, Lim et al. (2022) utilized the Prophet and XGBoost models for BTC,
ETH, and XRP price forecasting. Their evaluation criteria included RMSE [74]. The proposed 1DCNN-
GRU model outperformed existing methods, achieving the lowest RMSE values of 43.933 on the BTC
dataset, 3.511 on the ETH dataset, and 0.00128 on the XRP dataset. Han et al. (2019) [54] utilized
gradient-boosting models for cryptocurrency forecasting, covering BTC, ETH, XRP, BCH, LTC, DASH,
ETC, and KRW. Their evaluation criteria included accuracy, recall, precision, and F1-score, with a time
horizon of 10 minutes. A substantial dataset with 48,816 samples per currency allowed for robust
model training.

Sunny et al. (2021) [75] examined Time Series models, including Prophet, alongside XGBoost
for Bitcoin price forecasting. The study did not specify the time horizon or evaluation metric but
mentioned using Mean Absolute Percentage Error and R-squared. No information was given regarding
data samples or the training/testing split. Dhawale et al. (2020) focused on sentiment analysis for BTC
using XGBoost models. Their study delves into the role of sentiment data in predicting cryptocurrency
price movements [76].

Abbasib et al. (2022) expanded their focus to BTC and utilized Random Forest, XGBoost, and
LightGBM models. Their work is relevant to multi-currency forecasting, similar to Carraro et al. (2023)
in the previous section [77]. Zhang et al. (2023) leveraged the Light Gradient Boosting Machine
and XGBoost models for price predictions of BTC, ETH, BNB, AVAX, and SOL. Their focus was on
accuracy, emphasizing the potential of gradient-boosting techniques in cryptocurrency forecasting
[78]. Kolokotronis et al. (2021) used the XGBoost model for Ether price prediction, incorporating
blockchain data and technical indicators. Their evaluation criteria included MAE, RMSE, Mean
Absolute Percentage Error, and R-squared metrics [79]. This study is relevant to the integration of
blockchain data and technical indicators mentioned earlier.

Khasteh et al. (2021) [59] conducted a study in cryptocurrency forecasting with a focus on
multiple digital assets, including ETH, LTC-BTC, and ZEC-BTC. Their approach involved employing
K-Nearest Neighbors, Extreme Gradient Boosting, and Random Forest as forecasting methodologies.
The time horizon for predictions was 4 hours, providing insights into short-term cryptocurrency price
movements. The models’ performance was assessed using accuracy as the primary evaluation metric.

Tapan et al. [76] concentrated on Bitcoin price prediction, utilizing sentimental data as input
features and the XGBoost algorithm. Their study highlighted the efficacy of XGBoost in predicting
Bitcoin price trends within a 24-hour horizon.

In 2021, Dimitrios et al. [79] conducted a cryptocurrency price prediction study focused exclusively
on Ether. Their research integrated blockchain data and technical indicators as input features and
applied the XGBoost Machine Learning classifier, alongside other Deep Learning models. The analysis


https://doi.org/10.20944/preprints202411.2330.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 December 2024 d0i:10.20944/preprints202411.2330.v2

22 of 100

was limited to a 24-hour time horizon, with an 80/20 training/testing data split. The study evaluated
model performance using metrics such as Mean Absolute Error, Root Mean Squared Error, and R-
squared. Notably, the research highlighted the significance of technological features in predicting ETH
prices and suggested that Deep Learning approaches outperformed the XGBoost model in this specific
forecasting context [79].

In 2021, Mabhir et al. [73] conducted a cryptocurrency forecasting study exclusively focusing on
Bitcoin. Their research centered on historical price data, employing Machine Learning models such
as XGBoost and the Prophet model, alongside Statistical models, to predict BIC price movements
within a 24-hour time horizon. For the evaluation of their predictive models, they utilized key metrics
including Root Mean Squared Error, Mean Absolute Error, and R-squared. Notably, their study
identified Statistical models as the most effective for forecasting BTC prices in the cryptocurrency
market, achieving a notable RMSE score of 322.4 and an MAE score of 227.3. These results underscore
the robustness and accuracy of Statistical approaches in predicting cryptocurrency prices, particularly
for Bitcoin.

Han et al. (2019) [54] used Price Data for multiple cryptocurrencies with a 10-minute time horizon.
They applied the GB model and evaluated using Accuracy, Recall, Precision, and F1. Igbal et al.
(2021) [73] focused on Price Data for BTC, using the Prophet and XG Boosting models with a 24-hour
time horizon. They evaluated using RMSE, MAE, and R2. Gessl et al. In (2023) [62] incorporated
External Economic Data, Price Data, and Blockchain Data for BTC and LONA. They employed the RF
model with a 24-hour time horizon and evaluated using R2, MAE, and MSE. Sunny et al. (2021) [75]
focused on BTC Price Data and Technical Indicators. They employed ARIMA, Prophet, and XGBoost
models and evaluated using MAPE and R2. Lim et al. (2022) [74] used Price Data for BTC, ETH, and
XRP, applying the Prophet and XGBoost models. They evaluated models using RMSE.

5.3. Summarized Literature Review of Machine Learning Approaches

In this section, this survey presents a summarized literature review of Machine Learning ap-
proaches utilized in cryptocurrency price prediction. The table A1 provides an overview of various
methodologies, time horizons, currencies, evaluation metrics, data samples, and training/testing
strategies employed in the literature. This summary aims to provide insights into the diverse range of
machine-learning techniques applied to analyze cryptocurrency price movements and trends.

6. Use of DL in Cryptocurrency Forecasting

Deep Learning has emerged as a powerful tool for cryptocurrency price prediction, owing to its
capability to capture intricate patterns and dependencies in data. The section 6 unfolds into three
distinct categories, each offering a specialized perspective on the application and evolution of Deep
Learning in cryptocurrency forecasting. Firstly, the detailed analysis and trends in Deep Learning
studies (6.1) examine the methodological difficulties and emerging patterns prevalent in recent research
endeavors. Secondly, studies utilizing Deep Learning for cryptocurrency (6.1.1) delve into specific
case studies and methodologies employed to forecast digital asset prices leveraging Deep Learning
architectures. Lastly, the summarized literature review of Deep Learning approaches (6.3) encapsulates
a synthesis of existing literature, clarifying key insights and advancements in the field of Deep Learning
applied to cryptocurrency forecasting. Together, these subsections provide a comprehensive overview
of the landscape, facilitating a deeper understanding of the complexities and innovations driving Deep
Learning applications in cryptocurrency forecasting.

6.1. Detailed Analysis and Trends in Deep Learning Studies

In this dedicated section will explore how Deep Learning techniques are utilized to predict
changes in the cryptocurrency market. Deep Learning involves using advanced computer algorithms
to analyze vast amounts of data, identifying patterns and making forecasts. This study investigation
will delve into the specific methods employed, which cryptocurrencies are most commonly studied,
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and how researchers analyze time-related factors to make accurate predictions. By examining these
aspects, this study aims to shed light on the role of Deep Learning in understanding and forecasting
trends within the cryptocurrency market.

6.1.1. Methodological Trends in Machine Learning Literature

Deep Learning methodologies serve as fundamental pillars in shaping research endeavors and
scholarly studies within the Machine Learning domain. In Figure 10 an examination of the distribution
of methodologies specific to Deep Learning sheds light on prevalent trends across various research
papers. Among the surveyed studies, Long Short-Term Memory networks emerge as the predominant
methodology, featured in 108 research papers, constituting 51.4% of the pie chart. Following LSTM,
Gated Recurrent Unit architectures are employed in 32 papers, representing 15.2% of the distribution.
RNN employed in 20 papers, representing 9.5%. Multilayer Perceptrons, Artificial Neural Networks,
and Convolutional Neural Networks each find application in 14 papers, accounting for 6.7% of the
literature per methodology. This distribution underscores the substantial utilization of LSTM networks
and GRU architectures in Deep Learning studies, indicating their prominence in addressing various
research inquiries and challenges. Furthermore, the presence of MLPs, ANNSs, and CNNs reflects
the diversity of methodologies employed in advancing Deep Learning applications within academic
research.

DL Methodologies
LSTM: 108 (51.4%)
EEE GRU: 32 (15.2%)
RNN: 20 (9.5%)
BN MLP: 14 (6.7%)
ANN: 14 (6.7%)
HEEE CNN: 14 (6.7%)
DL: 6 (2.9%)
mmm Transformer: 2 (1.0%)

Figure 10. Methodology-wise distribution in Deep Learning studies: utilization of various architectures
across research papers.

6.1.2. Currency-Wise Distribution in Deep Learning Studies

The currency-wise distribution within Deep Learning studies provides valuable insights into
the prevalence of various cryptocurrencies across research papers. Bitcoin emerges as the dominant
cryptocurrency, utilized in 39.9% of the surveyed studies. Ether follows with a significant presence,
being employed in 14% of the research papers. Litecoin and XRP are also notable, utilized in 6.5% of
the studies. This distribution reflects the diverse applications and interests within the intersection of
Deep Learning and cryptocurrency domains, offering researchers a glimpse into the prevalent trends
and preferences in utilizing cryptocurrencies for Deep Learning experiments and investigations.
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DL Currencies
BTC: 134 (39.9%)
ETH: 47 (14.0%)
LTC: 22 (6.5%)
XRP: 22 (6.5%)
XLM: 7 (2.1%)
BNB: 7 (2.1%)
ADA: 6 (1.8%)
BCH: 6 (1.8%)
EOS: 5 (1.5%)
Others: 80 (23.8%)

Figure 11. Currency-wise distribution in Deep Learning studies: proportional utilization of cryptocur-
rencies across research papers.

6.1.3. Time Horizon-wise Distribution in Deep Learning Studies

An examination of time horizon-wise distribution within Deep Learning studies reveals patterns
in temporal considerations across research endeavors. The analysis indicates that a significant majority
of studies, 59.5%, focus on a 24-hour time horizon. Additionally, a smaller proportion of studies delve
into shorter time intervals, with 5.8% considering a 1-hour horizon and 5.2% interpreting data at a
minute-level granularity. This distribution underscores the importance of temporal considerations in
Deep Learning research, highlighting the prevalence of investigations spanning varying time scales.
Such insights are crucial for understanding the methodologies and applications within the Deep
Learning domain.

DL Time Horizon
24h: 103 (59.5%)
1h: 10 (5.8%)
1m: 9 (5.2%)
30m: 5 (2.9%)
7d: 5 (2.9%)
10m: 4 (2.3%)
30d: 4 (2.3%)
4h: 4 (2.3%)
5m: 4 (2.3%)
Others: 25 (14.5%)

Ny

Figure 12. Time horizon-wise distribution in Deep Learning studies: proportional analysis of temporal
considerations across research papers.
6.2. Deep Learning Techniques Utilized in Cryptocurrency Forecasting

Deep Learning has become a powerful tool in predicting cryptocurrency prices due to its capability
to capture complex patterns and dependencies in data. In this survey paper, various applications of
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DL techniques such as Recurrent Neural Networks, Convolutional Neural Networks, Long Short-Term
Memory Networks, Artificial Neural Networks, Multilayer Perceptrons, Gated Recurrent Units, and
Transformers are explored for cryptocurrency forecasting.

This study explores the evolution of Deep Learning models, their performance, and the valuable
insights they offer in predicting cryptocurrency prices. By thoroughly investigating the use of Deep
Learning techniques in cryptocurrency forecasting, this research paper aims to reveal patterns and
dynamics within cryptocurrency markets. This will enable more precise predictions in the rapidly
changing landscape of digital currencies.

6.2.1. Artificial Neural Network

In 2015, Jodo et al. [80] embarked on a significant study dedicated to cryptocurrency forecasting,
with a specific focus on Bitcoin’s historical price. Their research harnessed the capabilities of an
Artificial Neural Network as a predictive model for forecasting Bitcoin prices within a 24-hour time
frame. This pioneering work marked a significant effort in the field of cryptocurrency price predict ion,
employing ANNs as a methodology to address the challenges of short-term price forecasting.

In 2018, Nor et al. [27] and Brandon et al. [81] conducted research studies to predict the prices of
various cryptocurrencies within a 24-hour time horizon. Their approach involved utilizing price data
as the primary input feature for predicting price values. In the study conducted by Nor et al. [27],
the research methodology incorporated the use of Artificial Neural Networks, in addition to other
Machine Learning and Deep Learning methods as discussed in Sections 5 6. The aim was to forecast
the prices of six distinct cryptocurrencies, specifically BTC, ETH, and more. The findings from Nor et al.
[81] indicated that ANN yielded the most promising results, particularly in the context of predicting
BTC prices. In the research conducted by Brandon et al. [81], their research methodology focused on
the implementation of a Deep Learning model for predicting Bitcoin prices. The conclusions drawn
by Brandon et al. [81] suggested that their proposed Deep Learning-based model achieved the most
favorable results when trained for 10 epochs.

In 2019, Franco et al. [29] conducted an insightful research study aimed at predicting the prices
of various cryptocurrencies over a 24-hour time horizon. Their approach was multifaceted, as they
integrated both price data and sentimental data into their predictive model. Specifically, they sought
to forecast the prices of four distinct cryptocurrencies, namely BTC, ETH, XRP, and LTC. Franco et al.’s
research methodology encompassed the utilization of Artificial Neural Networks, alongside a diverse
array of Machine Learning and Deep Learning methods discussed in Sections 5 6. Their comprehensive
analysis led to a compelling conclusion — their proposed Deep Learning model outperformed the
other methods employed, particularly in the context of predicting BTC prices. Remarkably, the Deep
Learning model they proposed demonstrated exceptional accuracy, surpassing 0.72, and an impressive
precision rate of 0.76. This underscores the significance of their findings in the realm of cryptocurrency
price prediction, and their research serves as a noteworthy contribution to this field.

That same year, Rini et al. [82] conducted a research study to predict Bitcoin prices within
a narrow 1-hour time horizon. Their approach revolved around the incorporation of price data
as the primary input feature for their predictive model. Rini et al.’s research methodology was
grounded in the application of an Artificial Neural Network. After thorough investigation and
analysis, they arrived at a compelling conclusion. Their findings indicated that an ANN-based model
utilizing the backpropagation method exhibited greater effectiveness in the prediction of Bitcoin prices,
underscoring the potential of this approach for accurate short-term price forecasting.

In 2020, Hakan et al. [32] conducted a comprehensive research study to predict Bitcoin prices.
Their approach entailed the utilization of price data in conjunction with technical indicators data as the
primary input features for their predictive model. Hakan et al. [32] research methodology encompassed
the deployment of Artificial Neural Networks, along with an array of other Machine Learning and
Deep Learning methods, as elucidated in Sections III-A and III-B. To assess the performance of their
models, they employed a range of key metrics, including the F-statistic, AccuracyStat, Mean Absolute
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Error, Root Mean Square Error, and Relative Absolute Error (RAE). Their findings revealed that their
ANN model performed the best, especially with discrete datasets.

In 2022, Jaehyun et al. [83] and Zubair et al. [84] conducted separate research studies with the
common goal of predicting the prices of various cryptocurrencies over a 24-hour time horizon. Their
chosen input feature was price data. Jaehyun et al. [83] employed a Deep Learning-based model as
their research methodology to predict the prices of BTC, ETH, and more. Their research findings were
remarkable, indicating that their proposed Deep Learning-based model achieved results that were
13% to 21% higher compared to alternative methods. On the other hand, Zubair et al. Ababneh2022
implemented an Artificial Neural Network in conjunction with various Machine Learning and Deep
Learning models to predict the prices of BTC and ETH. Interestingly, Zubair et al. found that their
ANN approach outperformed other Deep Learning and Machine Learning methods, highlighting
the efficacy of ANN in this context. Also in 2022, Si Chen et al. [85] conducted a research analysis
focused on Bitcoin price movements within a 1-hour time horizon. Notably, they integrated Blockchain
data as the primary input feature for their proposed Deep Learning-based model. The performance
evaluation of their model was based on two key metrics: the R-squared and Root Mean Square Error.
Impressively, their proposed methods yielded an accuracy of 53.4% and a Mean Squared Error score
of 1.02. These findings highlight the efficacy of their approach in accurately predicting Bitcoin price
movements, making a notable contribution to this field of research.

6.2.2. Multilayer Perceptrons

In 2017, a study conducted by N.I. Indra et al. [86], introduced a Multi-Layer Perceptron
base NARX (Nonlinear AutoRegressive with eXogenous inputs) prediction model. This model was
specifically designed to forecast Bitcoin’s price over 24 hours. To fuel their model’s predictions, the
researchers used historical Bitcoin prices ranging from March 12, 2012, to March 11, 2017. They
thoughtfully divided their dataset into three parts: 75% for training, 15% for validation, and another
15% for testing. The results from their validation tests confirmed the model’s accuracy and fitting tests
indicated that it performed well in capturing the dynamics of Bitcoin’s price fluctuations.

In 2022, Chuen et al. [74] and Stanley et al. [52] conducted research studies aimed at predicting
the price of Bitcoin within a 24-hour time horizon. Their primary input feature was price data. Both
research teams employed Multilayer Perceptrons as their research methodology, supplemented with
various other Deep Learning methods discussed in Section III-B. [74] proposed an MLP model that
demonstrated exceptional performance, achieving a remarkable 99.15% regression accuracy during
training and 98.80% accuracy during testing. This performance surpassed that of other implemented
algorithms. Meanwhile, Stanley et al. [52] concluded that they found MLP to be an efficient and highly
accurate method for predicting the future patterns of this target cryptocurrency. Their research adds to
the growing body of evidence supporting the effectiveness of MLP in cryptocurrency price prediction.

In 2023, Andrés et al. [87] and Tiago etal. [88] conducted research studies dedicated to predicting
the prices of various cryptocurrencies within a time horizon ranging from 1 to 24 hours. Their chosen
research methodology was the Multi-layer Perceptron, accompanied by additional Deep Learning and
Statistical models outlined in Sections III-B and III-C. In their respective studies, Andrés et al. [87]
incorporated price data to forecast the prices of BIC, ETH, BCH, Tether, LTC, Eos, BNB, BTC SV, XLM,
and TRX, whereas Tiago et al. [88] focused solely on predicting BTC prices. [87] found that MLP
models consistently delivered the most accurate predictive results. In contrast [88] emphasized the
strengths of MLP models, particularly their ability to provide smoother forecasts with reduced fluctua-
tion. However, they acknowledged that MLP models might face challenges in capturing significant
price spikes.
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6.2.3. Convolutional Neural Network

In 2017, Zhengyao et al. [89] embarked on a research endeavor focused on cryptocurrency
portfolio management. Their approach centered on utilizing price data as the primary input feature.
To forecast the value of various currencies over a concise 30-minute time horizon, they employed a
Convolutional Neural Network . Their selection comprised the 12 most volume-based assets for this
purpose. The outcomes of their research revealed the efficacy of their CNN-based trading approach,
which yielded lower risk and, consequently, a higher Sharpe ratio when compared to the Predictive
Asset Allocation Model. In 2019, Suhwan et al. [90] delved into the prediction of Bitcoin prices over
a 24-hour time horizon. Their research hinged on the utilization of blockchain data as the primary
input feature. In their quest, they implemented Convolutional Neural Networks alongside other Deep
Learning models discussed in Section 6. Suhwan et al. [90] intriguingly concluded that no clear winner
emerged among the Deep Learning models studied in their work. They found that the performance
of all these models was comparable, emphasizing the versatility and adaptability of CNN and other
Deep Learning methods in the cryptocurrency price prediction domain. This continuity over the years
showcases the evolving landscape of cryptocurrency research.

In 2019, extending the timeline of cryptocurrency research Yan Li et al. [91] undertook a research
study to predict Bitcoin prices over a more extended 3-day time horizon. Their approach was distinct,
incorporating both price data and external economic data to enhance their predictive model. To achieve
this, they devised a hybrid neural network that combined Convolutional Neural Networks and Long
Short-Term Memory networks. Their comprehensive evaluation encompassed various performance
metrics, including Mean Absolute Error, Root Mean Square Error, Mean Absolute Percentage Error,
Precision, Recall, and the F1 score. [91] arrived at a significant conclusion, suggesting that their
CNN-LSTM-based hybrid neural network demonstrated superior effectiveness in predicting both the
value and direction of Bitcoin compared to using a single neural network. This approach reflects the
dynamic nature of research in the field, where hybrid models show promise in enhancing predictive
capabilities.

In 2022, building on the research trends, A. Saran et al. [92] embarked on a study aimed at
forecasting the price of Bitcoin. Their unique approach involved utilizing price data optimized by
both the Ant Colony and Grasshopper Optimizers, which was subsequently fed into a Convolutional
Neural Network . The notable conclusion drawn from their research was that the synergy between
a Convolutional Neural Network and optimization algorithms significantly enhanced the efficiency
of Bitcoin price prediction. This amalgamation ultimately resulted in higher predictive accuracy,
underscoring the potential of combining advanced neural networks with optimization techniques to
further improve cryptocurrency price forecasting.

Comparison of various framework prediction values
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Figure 13. Graph showing performance of different models [92].
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In 2023, the journey of cryptocurrency research continued with Azeez et al. [93]. Their primary
goal was to predict the prices of various cryptocurrencies within a 24-hour time frame. To achieve
this, they relied on a combination of price data and technical indicators data as input features. Their
cryptocurrency focus encompassed BTC, ETH, BNB, LTC, XLM, and DOGE. [93] crafted a research
methodology grounded in Convolutional Neural Networks, in addition to exploring other Deep
Learning models discussed in Section 6. The comprehensive analysis they conducted led to an
intriguing discovery - the CNN model emerged as the most reliable approach. It achieved the lowest
Mean Average Percentage Error of 0.08 and a robust variance score of 0.96 on average. These outcomes
highlighted the supremacy of CNN over other strategies employed in their research, underscoring the
power of Convolutional Neural Networks in cryptocurrency price prediction.

In 2023, cryptocurrency research continued to evolve as Mingyu et al. [94] and Kaijian et al. [95],
both dedicated to predicting the prices of diverse cryptocurrencies. They harnessed the power of price
data as the primary input feature for their models, aimed at forecasting cryptocurrency values over a
24-hour time horizon. [94] adopted a research methodology centered solely around Convolutional
Neural Networks, highlighting the prowess of CNNs in capturing market dynamics and making
predictions effectively when market data is fed into them. [95], on the other hand, opted for a more
comprehensive approach. Their methodology featured Convolutional Neural Networks along with
a range of different Deep Learning models and Statistical models discussed in Sections 6 8. While
[94] emphasized the efficacy of CNNSs, [95]. proposed a versatile method that achieved effective
performances in terms of cryptocurrency price predictions. In another 2023 study, Abdellah et al.
[96] embarked on a focused investigation with their primary objective to predict the prices of ETH
within a 4-hour time horizon. To achieve this, they employed a holistic approach, utilizing price data,
technical indicators data, and sentimental data as input features. The dataset gathered comprises
OHLC (Open, High, Low, Close) prices recorded at four-hour intervals over one year, spanning
from November 2021 to November 2022. [96] adopted Convolutional Neural Networks as their
chosen research methodology. Their comprehensive evaluation was based on essential performance
metrics, including Accuracy, Precision, Recall, and the F1 score. The findings were resounding, as
they concluded that the combination of diverse data types, including price, sentiment, and technical
indicators data, significantly enhanced the effectiveness of CNN in forecasting inflection points and
trends. Notably, their model achieved an impressive accuracy rate of 98%. They emphasize the power
of incorporating multiple data sources for improved predictive accuracy.

6.2.4. Recurrent Neural Network

In 2016, Sean et al. [97] conducted a research study to predict Bitcoin prices within a 24-hour
time horizon. Their approach centered on the implementation of Recurrent Neural Networks, coupled
with various other Deep Learning algorithms as discussed in Section 6. They utilized both price data
and blockchain data as their input features, creating a comprehensive model for their predictions. In
contrast, in 2018, Ze Shen et al. [98] ventured into Bitcoin price prediction using a distinct strategy.
They solely relied on price data in OHLC (Open, High, Low, Close) format to forecast Bitcoin prices
over a 24-hour time horizon. Their research involved deploying Deep Learning techniques, including
RNN, alongside other Statistical models as discussed in Section 8. Interestingly, [98] found that
the Recurrent Neural Network method outperformed other applied methods in terms of predictive
accuracy, as evidenced by their performance metrics, which included Root Mean Square Error and
Mean Absolute Error.

In 2020, Aniruddha et al. [99], along with Dane et al. [100], embarked on research endeavors
dedicated to predicting cryptocurrency prices. These studies took different approaches [99] hinged
their research on price data and blockchain data to predict Bitcoin prices. [100], on the other hand,
employed price data and sentimental data to predict the prices of BTC, XRP, and LTC within a 24-hour
time horizon. Both studies shared a common research methodology involving Recurrent Neural
Networks and various Deep Learning algorithms discussed in Section 6. However, the specific data
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sources they used set them apart. In their respective conclusions, [100] noted that including Google
Trends data did not yield significant performance improvements in their models. These studies enrich
our understanding of cryptocurrency price prediction, emphasizing the role of data sources and their
impact on predictive outcomes.

In 2021, cryptocurrency research progressed with the works of Daniel et al. [101] and Dante et
al. [102] both dedicated to predicting cryptocurrency prices within a 24-hour time horizon. Their
common choice for input features was price data, yet the specifics of their approaches varied [101]
leveraged OHLCV data and changes in the percentage of the U.S. dollar to predict the prices of
an extensive range of cryptocurrencies, including BTC, ETH and more. [102] utilized OHLC data,
volume data (from and to), conversion type, and conversion symbol to predict the prices of BTC,
ETH and more. Both research studies implemented Recurrent Neural Networks in combination
with various Machine Learning algorithms, as discussed in Section 5, and Deep Learning algorithms
outlined in Section 6. Notably, [101] achieved impressive accuracy ranging from 88% to 100% in their
models, highlighting the power of their approach. On the other hand, [102] surpassed traditional
Machine Learning methods with their Deep Learning models, underscoring the efficacy of Deep
Learning in cryptocurrency price prediction. These studies contribute to the ever-expanding body of
cryptocurrency research, showcasing advancements in accuracy and methodology.

In 2022, the timeline of cryptocurrency research continued to evolve with several significant
contributions as Monish et al. [103] and Chuen et al. [74] conducted research aimed at predicting
cryptocurrency prices. They approached this task by utilizing the closing price as their primary input
feature. Monish et al. [103] stood out by considering both 30-day and 90-day time horizons to predict
the price of ETH. Their methodology involved the implementation of Recurrent Neural Networks in
conjunction with Deep Learning, Machine Learning, and Statistical models discussed in Sections 6, 5,
8.

Chuen et al. [74] focused on a 24-hour time horizon to predict the prices of three different
cryptocurrencies, namely BTC, ETH, and XRP. They also utilized RNN and explored various Deep
Learning, Machine Learning, and Statistical models outlined in the relevant sections 6, 5, 8. Meanwhile,
Hashem et al. [104] delved into predicting the price of Bitcoin over a 24-hour time horizon. Their
approach involved using price data and market capitalization as input features. They also relied on
Recurrent Neural Networks as their chosen methodology, supplemented with other Deep Learning
algorithms. n the same year Ema et al. [77], focused on Bitcoin price prediction over a 1-hour
time horizon. They utilized price data, specifically OHLCYV, as their input features for their model.
Adding to the 2022 research landscape, Patnaikuni et al. [105] conducted a study dedicated to
predicting the price of Bitcoin within a 24-hour time horizon. Their research methodology involved
price data, specifically OHLCYV, as input features, which were processed using Recurrent Neural
Networks, alongside other Deep Learning and Machine Learning methods as discussed in Sections 6, 5,
8. These studies collectively contribute to the ongoing advancement of cryptocurrency price prediction,
showcasing the diversity of approaches and methodologies employed in the field during the year 2022.

In 2023, cryptocurrency research was expanded more with the study of Dzaki et al. [106], J.
Sasikumara et al. [107], and K. Tejasri et al. [108]. These studies were dedicated to predicting the
prices of Bitcoin, with [106] extending their scope to include ETH in their price-prediction models.
Their primary input features consisted of price data and market capitalization data, forming the
foundation of their analyses. The common thread in their research methodology was the utilization
of Recurrent Neural Networks and other Deep Learning algorithms, as discussed in Section 6. These
advanced techniques allow for a more in-depth analysis of cryptocurrency price trends and patterns.
Of particular note, K. Tejasri et al. [108] observed that the Recurrent Neural Network proved to be
effective in predicting Bitcoin prices over a 24-hour time horizon. Their comprehensive evaluation
encompassed critical performance metrics, including Mean Squared Error, Mean Absolute Percentage
Error, and Root Mean Square Error. These studies in 2023 continue to contribute to the evolving field
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of cryptocurrency research, emphasizing the effectiveness of advanced neural network models like
RNN in predicting cryptocurrency prices.

In the same year 2023, Madhusekhar Yadla et al. [109] and Tiago et al. [88] contributed to the
ongoing exploration of cryptocurrency price prediction. Madhusekhar Yadla et al. [109] focused on
predicting Bitcoin prices by leveraging both price data and sentimental data. Their research revealed
that Recurrent Neural Networks outperformed Long Short-Term Memory Networks in their predictive
models. Simultaneously, Tiago et al. [88] conducted a research study to predict Bitcoin prices over
a 24-hour time horizon. Their methodology revolved around RNN, complemented by other Deep
Learning and Statistical methods, as discussed in Sections 6 and 8. They utilized closing prices as their
primary input feature. In their respective conclusions, Tiago et al. [88] noted that RNN provided
smoother forecasting results but encountered challenges in capturing significant price spikes.

6.2.5. Long Short Term Memory

In 2016, Sean et al. [97] conducted a study to predict Bitcoin’s price. Their research strategy
included the utilization of Recurrent Neural Networks and Long Short-Term Memory models. What
set their approach apart was the incorporation of both price data and blockchain data as inputs, aimed
at enhancing predictive accuracy. To evaluate the model’s performance, Sean et al. [97] divided
their dataset into training and testing sets, following an 80/20 ratio. The dataset they employed
encompassed a time range spanning from the 19th of August 2013 to the 19th of July 2016. The findings
from their study were remarkable, as the LSTM model outperformed other methods, achieving the
highest classification accuracy at 52% and a Root Mean Square Error of 8%. This research represented
a pivotal moment in cryptocurrency price prediction, showcasing the potential of advanced neural
network models in addressing the complex task of forecasting cryptocurrency prices.

In 2018, Kejsi et al. [110] carried out a comprehensive study aimed at predicting the price of
Bitcoin. Their approach was notably multifaceted, incorporating price data, blockchain data, and
sentimental data to enhance their predictive model. To forecast Bitcoin’s price over varying time
horizons (30 days and 60 days), the researchers employed Long Short-Term Memory networks, known
for their effectiveness in modeling sequential data. The dataset utilized for their study spanned from
2014 to September 2018, with the last two months reserved for prediction purposes. This temporal
division ensured the model’s evaluation of unseen data, a crucial step in assessing its real-world
applicability. The researchers used Root Mean Square Error and Mean Absolute Error as performance
metrics to gauge the model’s accuracy and precision.

In 2019, Suhwan et al. [90] conducted an insightful study with the primary goal of predicting
Bitcoin’s price. To achieve this, they utilized Long Short-Term Memory networks. A distinctive aspect
of their research was the utilization of blockchain data, covering the period from November 29, 2011,
to December 31, 2018, as a crucial input feature for training the LSTM model. This extensive historical
data provided valuable insights into Bitcoin’s price behavior. Their research methodology integrated
LSTM alongside other Deep Learning methods discussed in Section 6, reflecting a comprehensive
approach to cryptocurrency price prediction. To rigorously assess the model’s performance, [90]
adopted a dataset split, allocating an 80% portion for training and 20% for testing. They also conducted
backtesting to validate the model’s predictive capabilities. The outcomes of their research revealed that
there was no clear standout among the various algorithms employed. However, the results obtained
were notably comparable, demonstrating the robustness of these approaches. Particularly noteworthy
was the effectiveness of Deep Learning models in predicting Bitcoin’s price, further establishing their
relevance in cryptocurrency price prediction.

In the same year,, Do-Hyung et al. [54] delved into the realm of time series classification
for cryptocurrency price trends, focusing on a 10-minute time frame. Their study encompassed
eight different cryptocurrencies, namely BTC, ETH, and more. The dataset utilized in their research
comprised essential metrics, including open, high, low, close, and volume, spanning from June 9, 2017,
to May 8, 2018. To classify and analyze these cryptocurrency price trends effectively, their research
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methodology integrated Long Short-Term Memory networks alongside other Machine Learning
algorithms, as discussed in Section 5. This diverse approach aimed to capture the complexities of
cryptocurrency markets. In terms of performance evaluation, their study employed crucial metrics such
as Accuracy, Recall, Precision, and F1-score. The findings of their research were noteworthy, as they
indicated that LSTM outperformed traditional Machine Learning models, resulting in approximately a
7% performance improvement.

Also in 2019, Hector et al. [111] embarked on a study that centered around the prediction of
high-frequency trends for Bitcoin, focusing on a 1-minute time frame. To achieve this, they harnessed
Long Short-Term Memory networks in combination with various Deep Learning architectures. Their
study leveraged technical indicators and OHLC (Open, High, Low, Close) data, encompassing the
period from January 1, 2020, to September 30, 2020. The dataset was thoughtfully divided into three
segments: 70% for training, 15% for validation, and the remaining 15% for testing. This division
allowed for a comprehensive assessment of the model’s performance, encompassing unseen data.

Table 5. Average testing accuracy bitcoin [111].

Model Accuracy
MLP 57.84%
LSTM 57.55%
CNN 51.14%
CNN-LSTM 57.29%

In 2019, Agha et al. [112] conducted a study in which they utilized LSTM, along with other
Deep Learning algorithms, to predict Bitcoin prices. Notably, their research demonstrated that LSTM
consistently outperformed the alternative methods they employed. The primary performance metric
they used for evaluation was Mean Squared Error.

In 2019, Anh-Dung et al. [113] conducted a study focused on predicting the price of Ether using
LSTM over a 24-hour time horizon. They employed OHLC data and sentiment data from news sources,
covering the period from 30 July 2017 to 5 October 2018. The dataset was divided into an 80% portion
for training and the remaining portion for testing. Remarkably, their research revealed that LSTM
exhibited strong predictive performance, even when not incorporating sentiment scores from news
data.

Takuya et al. [114] conducted research focused on predicting cryptocurrency price trends using
OHLC (Open, High, Low, Close) and blockchain data. They considered different time intervals,
specifically 1-minute and 30-minute ranges, covering the period from 13 June 2013 to 18 March 2017.
In this study, they employed LSTM along with other algorithms and evaluated their models using
metrics such as accuracy, recall, precision, and F1-score. Interestingly, LSTM did not emerge as the top-
performing model within the implemented methods. The profit rates derived from RSM outperformed
those from LSTM; however, they did not surpass those of the buy-and-hold strategy during the testing
data period. Consequently, they do not offer a viable basis for algorithmic trading.

In 2019, George et al. [115] conducted a study aiming to examine and predict the price of Bitcoin
over a 24-hour time horizon. To accomplish this, they incorporated both blockchain and price data.
Their research compared the effectiveness of LSTM and ARIMA models for predicting Bitcoin prices.
The study’s conclusion highlighted LSTM as the more proficient model for this specific forecasting
task.

Ashwini et al. [116] conducted a study in 2019 to forecast various cryptocurrencies, including
Bitcoin, Ether , and Litecoin, over a 24-hour time horizon. Their research findings indicated that the
LSTM model consistently outperformed alternative forecasting methodologies, such as Prophet and
ARIMA.

Yan Li et al. [91] in 2019 embarked on a research endeavor to predict Bitcoin prices. They
harnessed price data and external economic data, covering a dataset ranging from 30 December
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2016 to 31 August 2018. The study focused on predicting prices over 3-day intervals. Their findings
underscored the effectiveness of a CNN-LSTM hybrid neural network, which emerged as a valuable
tool for cryptocurrency price prediction.

Moving into 2020, Ihyak et al. [117] conducted a comprehensive study aimed at forecasting
Bitcoin’s price over a 24-hour time horizon. Their chosen methodology for this task was LSTM, and
they relied on price data. The dataset utilized in their research extended from 2014 to 2020. To assess the
predictive accuracy of their model, they adopted performance metrics such as Root Mean Square Error
and Mean Absolute Percentage Error. Impressively, their LSTM-based model achieved outstanding
results, boasting an accuracy rate of 97%, a MAPE error of 2.52%, and an RMSE of 329.15.

In 2020, [118-123] explored the use of LSTM among other methodologies for cryptocurrency
price prediction. [122] delved into the realm of cryptocurrency price prediction, focusing on a very
short time horizon of 5 seconds. Their research involved the application of LSTM and other techniques
discussed in sections related to Statistical models 8. Notably, LSTM emerged as a promising model
within this ultra-short-term context. Other researchers, including [118-123], undertook studies to
predict cryptocurrency prices over a 24-hour time horizon. These studies also employed LSTM along
with various other methodologies discussed in the sections on Machine Learning, Deep Learning,
and Statistical models 5, section6 and section8. Among these researchers, some observed that LSTM
outperformed alternative algorithms, emphasizing its effectiveness in cryptocurrency price prediction.

In 2020 Mohammed et al. [42] conducted a comprehensive research study focused on predicting
Bitcoin prices. Their approach encompassed the utilization of Blockchain data and price data to
forecast Bitcoin prices over various time intervals, ranging from 1 day to 90 days. This extensive
analysis featured the implementation of Long Short-Term Memory along with other algorithms, as
discussed in the respective sections dedicated to Machine Learning and Deep Learning 5 and 6. The
dataset under scrutiny spanned from 2013 to 2017 and was segmented into different time chunks
to facilitate in-depth analysis. The researchers meticulously divided this dataset into training and
testing subsets, following an 80/20 ratio, ensuring a robust evaluation of their predictive models.
What sets this study apart is its observation of LSTM’s superior performance in cryptocurrency price
prediction. Specifically, LSTM achieved an impressive 65% accuracy rate for next-day Bitcoin price
predictions, showcasing its prowess in short-term forecasting. Furthermore, LSTM demonstrated
consistent accuracy levels, ranging from 62% to 64%, for forecasts extending from the 7th day to the
90th day. In terms of forecasting accuracy, this study reported Mean Absolute Percentage Error scores,
highlighting a remarkable 1.44% for 1-day predictions and a range of 2.88% to 4.10% for the extended
horizons, namely from the 7th to the 90th day.

In the same year 2020, Tapan et al. [76] undertook a significant research study aimed at predicting
Bitcoin prices. Their approach involved the utilization of Long Short-Term Memory, a popular Deep
Learning model, as well as other Machine Learning methodologies, which were discussed in the
relevant section on Machine Learning 5. To bolster their predictive models, the researchers leveraged a
unique dataset comprising a broad spectrum of tweets. These tweets were categorized into positive,
neutral, and negative sentiment groups, each linked to corresponding mapped average Bitcoin prices.
This distinctive dataset allowed the researchers to explore the intricate relationship between sentiment
expressed in tweets and Bitcoin price predictions.

In 2021, Patrick et al. [37] embarked on a comprehensive research study to forecast Bitcoin prices.
Their approach was multifaceted, incorporating technical indicators, sentiment data, and blockchain
data to generate predictive models. The study spanned various time horizons, including 1 minute, 5
minutes, 15 minutes, and 60 minutes, thereby catering to different trading strategies and preferences.
The performance of these predictive models was evaluated using the accuracy metric. The findings
of the study indicated that, particularly for the 60-minute time horizon, Long Short-Term Memory
emerged as the top-performing algorithm among all those implemented. This means that LSTM
exhibited the highest accuracy when compared to the other algorithms discussed in the sections about
Machine Learning and Deep Learning 5 and 6.
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In 2021 [124,125] conducted separate research studies to predict the prices of Bitcoin and Dogecoin.
They utilized price data as their primary input feature, aiming to forecast cryptocurrency prices using
various time horizons and sentiment data. [124] focused on Bitcoin and employed both 1-minute
and 1-hour time horizons to capture minute-to-minute and hourly price dynamics. To evaluate the
performance of their predictive models, they utilized the Root Mean Square Error as a metric. Their
results demonstrated impressive accuracy, with an RMSE score of 0.014 for minute-level data and 0.018
for hourly data, highlighting the precision of their predictive models. [125] concentrated on Dogecoin
and adopted a 24-hour time horizon to assess and predict its price dynamics over a longer duration.
Like [124] they employed RMSE as their performance evaluation metric, although specific RMSE
scores were not provided in the available information. A noteworthy conclusion drawn from both
studies was that Long Short-Term Memory emerged as the top-performing algorithm, particularly
when focusing on a 60-minute time horizon. LSTM demonstrated the highest accuracy when compared
to other Machine Learning and Deep Learning algorithms discussed in the respective studies.

In the same year 2021, Sardar et al. [126] and [127] focused on predicting the price of Bitcoin over
a 24-hour time horizon. They employed Long Short-Term Memory along with other Deep Learning
and Machine Learning algorithms to enhance their predictive models. [126] evaluated the performance
of their models using metrics such as Accuracy, Precision, Recall, and F1, while [127] used metrics
like Mean Squared Error, Mean Absolute Percentage Error, Accuracy, and Precision for performance
assessment. while [102] extended their study to predict the prices of multiple cryptocurrencies,
including BTC, ETH, and more. Similar to the previous studies, they also utilized LSTM models in
combination with different Deep Learning and Machine Learning algorithms for price prediction. In
[102] study, they employed performance evaluation metrics such as Root Mean Square Error and Mean
Absolute Deviation (MAD) to assess their models” accuracy. Notably, their findings indicated that
multivariate LSTM outperformed other models in terms of predictive performance, suggesting its
suitability for cryptocurrency price prediction across multiple currencies.

In 2021 Dino et al. [128] conducted a study to forecast Bitcoin’s price over a 24-hour time horizon.
They employed Long Short-Term Memory as a primary component of their predictive model. The
study used Mean Squared Error as the primary performance metric. Their findings suggested that
LSTM is effective in predicting Bitcoin’s price, highlighting its suitability for this specific cryptocurrency.
Additionally, Liping et al. [129] and Ashutosh et al. [41] also conducted research studies aimed
at predicting the price of Bitcoin. They utilized price data and implemented LSTM along with
other algorithms to predict Bitcoin’s price over different time horizons. [41] employed performance
evaluation metrics such as Accuracy, R2, and MSE to assess their predictive models. In contrast, [129]
primarily used MSE as their performance metric to evaluate the accuracy of their price predictions.

Reem K et al. [130] conducted a research study in 2021, focused on predicting the price of Bitcoin
using various predictive models, including Long Short-Term Memory in conjunction with other Deep
Learning algorithms. They considered price data for Bitcoin over different time horizons, including 4
hours, 12 hours, and 24 hours. To assess the performance of their predictive models, the researchers
utilized several performance evaluation metrics, including Root Mean Squared Error , Mean Absolute
Percentage Error, and R-squared. Their study’s results and conclusions indicated that the LSTM-based
model performed exceptionally well when forecasting Bitcoin prices over 4-hour intervals. The specific
performance metrics for this model included a MAPE of 0.63, RMSE of 0.0009, MSE of 9e-07, MAE of
0.0005, and an impressive R2 value of 0.994. These findings highlighted the effectiveness of LSTM in
accurately predicting Bitcoin prices, especially over short-term intervals.

In 2021 Alvin et al. [131] Alvin et al. [Ravichandran2021] researched to predict the price of
Bitcoin over a 24-hour time horizon. They implemented LSTM alongside other machine-learning
algorithms. Their performance metrics included Mean Absolute Error and Mean Squared Error. The
results demonstrated a low error rate of approximately 0.08%, indicating the model’s ability to make
accurate price predictions. In the same year, Hari et al. [132] also used LSTM in their research study to
forecast the price of Bitcoin over a 24-hour time horizon. They employed various performance metrics
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such as Accuracy, Recall, Precision, and ST. Their study concluded that utilizing a large dataset with
LSTM can significantly enhance the accuracy of Bitcoin price predictions.

Dimitrios et al. [79] implemented LSTM and Machine Learning algorithms to predict the price of
Ether over a 24-hour time horizon. They leveraged blockchain data and technical indicators to make
their predictions. Performance metrics included Mean Absolute Error, Root Mean Squared Error, Mean
Absolute Percentage Error, and R-squared. Their findings indicated that LSTM outperformed the
Machine Learning algorithms in forecasting ETH prices. Following this, Olena et al. [133] conducted a
study aimed at predicting the prices of both Bitcoin and Ether. They worked with 1-minute-level open
price data. Their research concluded that LSTM excelled compared to other algorithms for modeling
exchange rates.

As 2022 started, Kamran et al. [134] conducted a study to predict the prices of four different
cryptocurrencies, including Bitcoin and Ether. Their research methodology involved using price
data and technical indicators as input features. They applied LSTM and various other deep-learning
methods. To assess the performance of their models, they used metrics such as Mean Squared Error,
Root Mean Squared Error, Mean Absolute Error, and the coefficient of determination. The study’s
findings revealed that the LSTM-based strategy was the most effective in predicting cryptocurrency
prices.

In 2022, researchers in the field of cryptocurrency analysis continued their endeavors to predict the
prices of various cryptocurrencies, with a focus on Bitcoin and Ether. Three notable studies, conducted
by [135], [136], and [104], stand out in this regard. These studies utilized price data and employed a
range of algorithms, including LSTM, as well as other Deep Learning and Statistical models, which
were discussed in section 6 8. The primary objective of these studies was to forecast cryptocurrency
prices, particularly over a 24-hour time horizon. After extensive analysis and experimentation, the
researchers observed that LSTM-based strategies were more effective and yielded better results in
predicting the prices of these digital assets.

In 2022, Bhaskar [137] conducted a study aimed at predicting cryptocurrency prices, particularly
Bitcoin, by utilizing both price data and technical indicators. The methodology involved employing
LSTM and other Deep Learning strategies discussed in section 6. This study considered various time
horizons, including 3 days, 5 days, and 7 days, to forecast price movements. The performance metrics
used to evaluate the models encompassed MAE, RMSE, and MAPE. Additionally, during the same
year in 2022, Mamoona et al. [138] conducted a similar research study to predict Bitcoin’s price. Like
[137] study, this research also utilized price data and technical indicators. The models employed
included LSTM, along with some other Deep Learning methods discussed in section 6, as well as
Statistical models discussed in section 8. [138] extended their analysis to time horizons of 7 days, 14
days, and 21 days. Notably, this study explored different combinations of hybrid models, ultimately
identifying LSTM as a crucial component of the best-performing model.

In the same year, several research studies were conducted to predict the price of Bitcoin also
using sentiment data as their input feature. Zelal et al. [139], L.J et al. [140], and AyAYenur et al.
[141] focused on leveraging sentiment data to forecast Bitcoin’s price movements over a 24-hour
time horizon. They employed LSTM as the primary strategy for predicting Bitcoin’s price based on
sentiment data. Concurrently, Huali et al. , Yiyang et al. [143], and Gil et al. [30] undertook research
projects that also incorporated sentiment data alongside price data for Bitcoin price prediction. Their
primary strategy was the utilization of LSTM, combined with other Deep Learning strategies discussed
in the Deep Learning section 6. Notably, both [142] and [143] concluded that LSTM was the most
effective algorithm for predicting Bitcoin’s price when using sentiment and price data. Furthermore, in
the same year, another study sought to predict the price of Bitcoin by integrating price data, sentiment
data, and technical indicators data as input features. Zi et al. [144] implemented a combination of
LSTM and GRU, which is further discussed in the Deep Learning section. They applied this strategy to
predict Bitcoin’s price over two different time horizons: 30 minutes and 24 hours. The performance
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metrics used in their study included MSE, MAE, MAPE, and sMAPE, with their findings indicating
particularly good results for the shorter time horizon of 30 minutes.
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Figure 14. Data collection and pre-processing steps [139].

[142] In 2022, several research studies focused on predicting the prices of Bitcoin over various
time horizons, with a specific emphasis on the 24-hour period. These studies included authors such as
[145], [146], [105], [147], and [148]. While [145] extended their analysis to include cryptocurrencies
such as ETH and ADA, [103] specifically targeted Bitcoin price predictions over different timeframes,
including 1 day, 7 days, 30 days, and 90 days. The input features for these studies primarily revolved
around price data. To predict cryptocurrency prices, the authors employed various strategies, including
LSTM and other methodologies discussed in sections 6, 5, and 8 of their respective research papers.
Across these studies, LSTM consistently outperformed the other implemented strategies, showcasing
its effectiveness in cryptocurrency price prediction. Notably, [146] reported an impressive accuracy
rate of 95.7% and achieved low RMSE scores of 0.05, as well as an error loss of 0.00065.

In 2022, a series of research studies were conducted by authors like [58,63,77,149,150] with a
focus on predicting the prices of various cryptocurrencies, with Bitcoin being the primary target.
These studies employed a range of Deep Learning and Machine Learning algorithms, but LSTM was
prominently featured across different time horizons. Most of these studies were designed to forecast
cryptocurrency prices over a 24-hour time horizon, except for [77] and [149], which specifically
examined 1-hour price predictions. The input features commonly included OHLC (Open, High, Low,
Close) data and trading volume. Among these studies, LSTM emerged as the preferred choice for
cryptocurrency price prediction, with some, like [149], reporting remarkable results. For instance,
[149] achieved an impressive correlation value of R=96.73% during training and 96.09% during testing
when forecasting cryptocurrency prices. Various performance metrics, such as Accuracy, Precision,
Recall, F1, MSE (Mean Squared Error), RMSE (Root Mean Squared Error), and NRMSE (Normalized
RMSE), were employed to evaluate the models’ performance.

In 2022, Ravikant et al. [151] conducted a research study aimed at predicting the prices of both
cryptocurrencies and stocks. They utilized price data, which included open, low, close, high, and
volume. Their chosen methodology was LSTM, and their analysis covered cryptocurrencies such as
Bitcoin, Ether, and Ripple, as well as stocks like Tesla, TCS, Google, Apple, and Infosys. Performance
evaluation was based on metrics including MAE, MSE, RMSE, and R2. Notably, they achieved an
RMSE score of 0.061 for cryptocurrencies and 0.029 for stocks.

In 2022, [103,152,153] conducted research studies focused on predicting the prices of Ether
over a 24-hour time horizon. While [152] utilized open, low, close, high, and volume as input
features, [103,153] exclusively used the close price as their input feature. A common element in
their methodologies was the use of LSTM, other than this also discussed in section 6 8. The studies
employed performance metrics such as MAPE, RMSE, MAE, ME, R2, and MSE, with [103] study
demonstrating the best results through the use of LSTM and Bi-LSTM.

In 2022, researchers including [154-156] conducted studies aimed at predicting the prices of
Bitcoin over a 24-hour time horizon. These studies utilized close prices as their input features for
price prediction and employed LSTM as the primary methodology. The performance metrics in these
studies focused on RMSE and MSE. Additionally, in 2022, [157] conducted a study to predict Bitcoin
prices over both 1-hour and 24-hour time horizons. The study highlighted the importance of tuning
hyperparameters, specifically emphasizing the need for small learning rates and dropout values for
the 24-hour predictions, while larger values were more suitable for the 1-hour forecasts.
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In 2023, a series of research studies were conducted by [49,67,109,158,159] aiming to predict the
prices of various cryptocurrencies, primarily over a 24-hour time horizon. These all studies leveraged
sentiment analysis and price data as their input to forecast cryptocurrency prices. The methodologies
employed in these studies encompassed various Machine Learning and Deep Learning strategies
discussed in sections 6 and 5, with LSTM being one of the key methods. The findings from these
studies varied, with some indicating that LSTM performed well in certain aspects but was average or
relatively less effective when compared to other implemented algorithms. To evaluate the performance
of their models, these studies used a range of metrics, including MAPE, MSE, R2, Forecast Bias, MAE,
ME, RMSE, and MPE.

In 2023, a set of research studies conducted by [71,88,95,160] aimed to predict the prices of various
cryptocurrencies over different time horizons. [160] study focused on a 10-minute time horizon, while
[71,88,95] primarily used a 24-hour time horizon to forecast cryptocurrency prices. These studies
employed a range of Machine Learning and Deep Learning algorithms, including LSTM, and utilized
closing prices as their input features. Among these studies, [71,160] both found LSTM to be the most
effective method for predicting cryptocurrency prices. [71] study concluded that LSTM achieved
an average RMSE of 0.0222 and MAE of 0.0173, while [160] study determined that the LSTM model
was the best approach for predicting both the direction and value of cryptocurrency prices at various
time horizons. To evaluate the performance of their models, these studies used a variety of metrics,
including RMSE, MAPE, R2, MAE, MAPE, DSTAT, and RMSE.

In 2023, a group of research studies led by [64,78,161,162] focused on predicting the prices
of various cryptocurrencies using price data OHLC. These studies employed a 24-hour price time
horizon for different cryptocurrencies and explored a range of Machine Learning, Deep Learning,
and Statistical models as part of their research, as discussed in sections 5, 6, and 8. Among these
studies, [78] concluded that LSTM was the most effective method for predicting the prices of different
cryptocurrencies.

In the same year, 2023, a set of research studies led by [106-108] aimed to predict the prices of
various cryptocurrencies, primarily focusing on Bitcoin, over a 24-hour time horizon. They employed
Recurrent Neural Networks, as discussed in section 6, and LSTM. The input features for their models
included price data OHLC and Market Capitalization. These studies evaluated the performance using
metrics such as MAPE, RMSE, and MSE. The consensus among these studies is that LSTM outperforms
other methods for predicting the prices of Bitcoin and other cryptocurrencies. For instance, in [106],
LSTM achieved an RMSE of 0.061 and a MAPE of 5.66% in predicting Bitcoin prices. When predicting
ETH, LSTM obtained an RMSE of 0.036 and a MAPE score of 4.58%.

In 2023, Junwei et al. [163] conducted a research study. Their study utilized a combination
of price data, technical indicators data, and external economic indicators data as input features to
predict the price of Bitcoin. They implemented LSTM along with other Machine Learning algorithms,
which are discussed in section 5. One of the key findings of their research was that as the number
of past periods for substituted explanatory variables increased, the prediction accuracy of the model
decreased. This suggests that the model’s accuracy may be influenced by the historical data used for
explanatory variables in predicting Bitcoin prices.

In 2023, several research studies were conducted to predict the prices of various cryptocurrencies,
such as BTC, ETH, and LTC. Notably, Phumudzo et al. [164] included all three of these cryptocurrencies
in their analysis, whereas Nrusingha et al. [165] focused specifically on Bitcoin. Additionally, Tiya
et al. [166] extended their research to cover a wide range of 10 different cryptocurrencies. These
studies utilized price data, specifically OHLC (Open, High, Low, Close), as their primary input feature.
To predict cryptocurrency prices, they implemented various Deep Learning and Statistical methods,
including LSTM. Their choice of performance metrics included RMSE (Root Mean Square Error),
MAPE (Mean Absolute Percentage Error), and MAE (Mean Absolute Error).
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6.2.6. Gated Recurrent Unit

In 2020, Xiangxi et al.[120] and Dane et al.[100] conducted research studies to predict the prices of
different cryptocurrencies. Xiangxi et al. focused on using price data to predict the price of Bitcoin,
while Dane et al. utilized both price data and sentimental data to predict the prices of BTC, XRP, and
LTC. Their implementations involved the use of GRU along with other deep-learning methods. In 2021,
Patrick et al. [37] conducted a research study aiming to predict the price of Bitcoin. They employed
technical indicators data, sentimental data, and blockchain data to make predictions over various
time horizons, including 1-min, 5-min, 15-min, and 60-min. Their research methodology included
GRU, combined with different Machine Learning and Deep Learning methods. The study’s findings
indicated that the GRU model produced better predictions, particularly on 15-minute horizons when
compared to other methods. In the same year, Basant et al. [125] conducted a research study to predict
the price of Dogecoin over a 24-hour time horizon. They used price data and sentimental data as their
input features and implemented GRU and LSTM in their research methodology. The study’s conclusion
revealed that the best results were achieved by using historical price data, excluding high and low
prices, and Twitter sentiment data in the GRU model. The performance metric used in this study was
RMSE. Additionally, in 2021, Ashutosh et al.[41] and Reem et al.[130] conducted research studies to
predict the prices of Bitcoin. Their research methodologies incorporated GRU along with other Deep
Learning and Machine Learning methods, as discussed in sections 6 and 5. The performance metrics
used in their studies included RMSE, MAPE, Accuracy, R2, and MSE.

In 2022, several research studies were conducted to predict the prices of different cryptocurrencies
over a 24-hour time horizon. Abdussalam et al.[167], Dr. M. Tanoo] et al.[150], Chuen et al.[74],
Jens et al.[145], and V. Derbentseva et al. [148] all employed GRU (Gated Recurrent Unit) as part of
their research methodologies, in addition to other Deep Learning and Machine Learning methods, as
discussed in sections 6 and 5. Abdussalam et al.[167] and Dr. M. Tanoo] et al.[150] concluded that GRU
performs better than other implemented methods in predicting various cryptocurrencies, including
BTC, ETH, ADA, and BTC, respectively. In the study by Lim et al. [74], a IDCNN-GRU model was
proposed and found to perform better than existing methods, achieving RMSE scores of 43.933 for
BTC, 3.511 for ETH, and 0.00128 for XRP. V. Derbentseva et al. [148] also concluded in their study that
GRU is the best method among others, achieving an RMSE of 2.2201 and MAPE of 0.8076. In 2022,
Yiyang et al. [143] conducted a research study to predict the price of Bitcoin over both 1-hour and
24-hour time horizons. Their research methodology included the use of price data and sentimental
data as input features. In their study, GRU outperformed other models, achieving an F1 score of 0.6720
for dataset 2 without emotion. Furthermore, in 2022, Caglar et al. [152] conducted research to predict
the prices of ETH over 15-minute and 30-minute time horizons, utilizing price data. Their research
methodology included GRU, along with different Deep Learning-based time series models. GRU
achieved the following performance metrics: a MAPE value of 5.57651, an RMSE value of 105.81920, a
MAE value of 72.15339, an ME value of 363.47583, and an R2 value of 0.97090.

In 2022, [150] conducted a research study in which they utilized Lagged Data as their input
feature for different Deep Learning models, including GRU. The study included the development of a
long-short portfolio strategy based on the predictions generated by the GRU model. This portfolio
strategy achieved an impressive Sharpe ratio of 3.12, indicating the effectiveness of the GRU-based
predictions in enhancing portfolio performance.

In 2023 Haritha et al. [158] conducted a research study to predict the prices of Bitcoin over
the 24-hour time horizon. They use price data and sentimental data as input features for different
deep-learning models. Their research methodology also includes GRU which achieves MAPE of 3.6%.
In the same year, Shruthi et al. [168] also conducted a research study to predict the prices of BTC.
Their research methodology includes GRU along with other Deep Learning models. Their research
concluded that GRU is best for time series prediction specifically cryptocurrency price prediction. In
2022 Tiya et al. [166], Stefano et al. [162] conducted a research study to predict the prices of different
cryptocurrencies over the 24-hour time horizon. [166] utilized the price data to predict the prices
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of 10 different cryptocurrencies while [162] used price data to predict the price of Bitcoin. Their
performance metrics include RMSE, MSE, DA, and MAE. [166] concluded that GRU performs best
and can be considered efficient and dependable amongst other implemented methods while [162] also
concluded that in case of ensemble based on GRU incorporated with the value of return or baseline
prediction brings a huge improvement in results.

Table 6. Mean square error obtained while prediction [166].

Model MSE

LSTM 0.0006063628663181186
Bi-LSTM 0.0013169118146140332
GRU 0.0013169118146140332
Ensemble 0.0005468361394868078

In 2023, Haritha et al. [158] conducted a research study focused on predicting the prices of Bitcoin
over a 24-hour time horizon. They utilized both price data and sentimental data as input features
for different deep-learning models. Among their research methodologies, they also incorporated the
use of GRU, which achieved a MAPE (Mean Absolute Percentage Error) of 3.6%. Similarly, in the
same year, Shruthi et al. [168] conducted a research study to predict the prices of Bitcoin. Their
research methodology included the use of GRU, along with other Deep Learning models. Their
research findings supported the effectiveness of GRU for time series prediction, particularly in the
context of cryptocurrency price prediction. In 2022, Tiya et al. [166] and Stefano et al. [162] also
conducted research studies aimed at predicting the prices of different cryptocurrencies over a 24-hour
time horizon. While [166] used price data to predict the prices of 10 different cryptocurrencies, [162]
specifically focused on predicting the price of Bitcoin. The performance metrics utilized in these studies
included RMSE (Root Mean Square Error), MSE (Mean Square Error), DA (Directional Accuracy), and
MAE (Mean Absolute Error). The research findings of [166] concluded that GRU performed the best
among the implemented methods and could be considered efficient and dependable for cryptocurrency
price prediction. On the other hand, [162] also emphasized the importance of ensembles based on GRU,
particularly when incorporated with return values or baseline predictions, as it led to a significant
improvement in results.

6.2.7. Transformers

In 2022, Huali et al. conducted a research study, as detailed in [142], aimed at predicting the
prices of BTC and ETH over a 24-hour time horizon. Their approach incorporated both price data and
sentiment data as input features into a Transformer model, alongside other Deep Learning methods.
The study evaluated the performance using metrics such as MSE, MAPE, and MAE, and the results
indicated that the Transformer model, when fed with both price and sentiment data, outperformed
other methods for BTC prediction but not for ETH. Furthermore, in 2022, Saikat et al. conducted
a research study [169] focused on forecasting the values of SOL, BTC, and ETH. The methodology
included the utilization of Transformer models, alongside Deep Learning and Statistical models
discussed in sections 6 and 8. In the same year, Dorien et al. [170] conducted a research study to predict
Bitcoin spikes, leveraging whale-alert data from Twitter and CryptoQuant data. They implemented
the Synthesizer Transformer model in combination with other Deep Learning and Statistical models
discussed in sections 6 and 8. The findings of this study indicated that the Synthesizer Transformer
model performed better than the other implemented methods.

6.3. Summarized Literature Review of Deep Learning Approaches

In this section, this survey presents a summarized literature review of Deep Learning approaches
utilized in cryptocurrency price prediction. The table A2 provides an overview of various method-
ologies, time horizons, currencies, evaluation metrics, data samples, and training/testing strategies
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employed in the literature. This summary aims to provide insights into the diverse range of Deep
Learning techniques applied to analyze cryptocurrency price movements and trends.

7. Use of DRL in Cryptocurrency Forecasting

This survey looks at how algorithms, specifically using a method called Deep Reinforcement
Learning, can help predict what might happen in the world of cryptocurrency. Imagine it as if the
computer is learning from its experiences to make better decisions, kind of like how we learn from
trying things out. DRL is like giving the computer a smart brain that learns from what it does. In the
cryptocurrency world, where things change a lot, this smart brain helps the computer figure out the
best strategies over time. Think of DRL as a computer learning to play a game, but instead of a game,
it’s learning to understand and predict what might happen in the cryptocurrency market. It gets better
by making decisions, getting feedback, and adjusting its strategies based on that feedback.

There are different types of smart algorithms in DRL, like Proximal Policy Optimization, Ad-
vantage Actor-Critic, and Deep Q-Network. These algorithms use a kind of computer brain called a
neural network to understand patterns and make smart decisions. Just like we learn by looking at old
photos, these algorithms learn by looking at old data about the cryptocurrency market. This helps
them understand how things changed in the past, so they can make better guesses about what might
happen in the future. This survey is like an exploration into how these smart algorithms work, helping
us understand how computers can be really useful in predicting what might happen in the exciting
world of cryptocurrencies.

The section 7 unfolds into three distinct categories, each offering a specialized perspective on
the application and evolution of Deep Reinforcement Learning in various domains. Firstly, the de-
tailed analysis and trends in DRL studies (7.1) scrutinize the methodological intricacies and emerging
patterns prevalent in recent research endeavors. Secondly, studies utilizing DRL for various applica-
tions (7.2) delve into specific case studies and methodologies employed to solve complex problems
leveraging DRL architectures. Lastly, the summarized literature review of DRL approaches (7.3)
encapsulates a synthesis of existing literature, distilling key insights and advancements in the field of
DRL. Together, these subsections provide a comprehensive overview of the landscape, facilitating a
deeper understanding of the complexities and innovations driving DRL applications across different
domains.

7.1. Detailed Analysis and Trends in Deep Reinforcement Learning Studies

In this dedicated section, the utilization of deep reinforcement learning techniques to forecast
changes in the cryptocurrency market will be explored. Deep reinforcement learning involves the
application of advanced computer algorithms to analyze extensive datasets, identifying patterns and
making predictions. This study will delve into the specific methodologies employed, the cryptocur-
rencies most frequently studied, and how researchers incorporate time-related factors to enhance
prediction accuracy. By scrutinizing these aspects, this study aims to illuminate the pivotal role of deep
reinforcement learning in comprehending and predicting trends within the cryptocurrency market.

7.1.1. Methodology-Wise Distribution in Deep Reinforcement Learning Studies

The distribution of methodologies within Deep Reinforcement Learning studies unveils the
prevalent algorithms employed across the studied corpus. Among the examined papers, Proximal
Policy Optimization (PPO) emerges as the most utilized methodology, featuring in 50% of the studies
with a total of 7 papers. Following closely, Advantage Actor-Critic (A2C) is implemented in 4 papers,
representing a significant portion of the distribution. Lastly, Deep Q-Networks (DQN) are utilized
in 3 papers, comprising a smaller yet notable fraction of the methodology-wise distribution. This
distribution sheds light on the adoption of various Deep Reinforcement Learning algorithms within
research endeavors, reflecting the diverse approaches employed to address challenges and advance
knowledge in the field.
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RL Methodologies
PPO: 7 (50.0%)
N A2C: 4 (28.6%)
DQN: 3 (21.4%)

Figure 15. Methodology-wise distribution in Deep Reinforcement Learning studies: utilization of
Various algorithms across studied corpus.

7.1.2. Time Horizon-Wise Distribution in Deep Reinforcement Learning Studies

Analyzing the time horizon-wise distribution within Deep Reinforcement Learning studies reveals
significant insights into temporal considerations across research papers. Among the studied corpus, a
notable portion of the research, accounting for 31.2%, focuses on a 24-hour time horizon. Additionally,
investigations into shorter intervals show distinct proportions: 1-hour and 1-minute time horizons
each hold 18.8% of the distribution, while the 15-minute interval accounts for 12.5%. This distribution
underscores the importance of temporal granularity in Deep Reinforcement Learning studies and
reflects the diverse temporal scales considered in research methodologies. Understanding these
temporal considerations is vital for designing effective algorithms and applications within the realm of
Deep Reinforcement Learning.

DRL Time Horizon
24h: 5 (31.2%)
mm 1h: 3 (18.8%)
1m: 3 (18.8%)
B 15m: 2 (12.5%)
30m: 1 (6.2%)
HE 4h: 1 (6.2%)
5m: 1 (6.2%)

Figure 16. Time horizon-wise distribution in Deep Reinforcement Learning studies: proportional
analysis of temporal considerations across research papers.
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7.2. Studies Utilizing Deep Reinforcement Learning for Cryptocurrency Forecasting

In 2022, Xiao et al. [171] addressed three prominent challenges confronting financial reinforcement
learning: the low signal-to-noise ratio of financial data, survivorship bias in historical data, and
the issue of model overfitting during backtesting. They introduced the FinRL-Meta library, actively
maintained by the Al4Finance community, which follows a DataOps paradigm. The library provides
diverse market environments, collecting dynamic datasets from real-world markets and transforming
them into gym-style market environments. Additionally, they contribute to knowledge dissemination
by reproducing popular papers and deploying libraries on cloud platforms, enabling users to visualize
their results and assess relative performance. Multiple Jupyter/Python demos, presented in the form
of courses and documentation, contribute to the facilitation of a rapidly growing community.

In 2021, Carlos et al. [172] utilized price and blockchain data as input features, focusing on a
30-minute time horizon. Their approach involved employing self-attention network models, with
mean and standard deviations serving as evaluatory metrics to gauge model performance. During the
training process, the SA-NET model incurred transaction fees, achieving a profit of 4.3%, and without
fees, it earned a profit of 3.4%.

Bo et al. [173] conducted a study in 2023 employing Deep Evolutionary Reinforcement Learning
(DERL), Q-learning, evolution strategy, and policy gradient. The investigation centered around BTC
with a 1-minute time horizon, utilizing cumulative log returns, maximum margin of returns, and
rate of returns for evaluations. Results indicated that the evolution strategy outperformed other
methodologies with returns of 59.18%, 25.14%, and 22.72%, showcasing the superior performance
of Deep Reinforcement Learning based on an evolution strategy compared to Q-learning and policy
gradient.

In 2021, Zeinab et al. [174] incorporated price data, blockchain data, and sentimental data in their
study of Litecoin and Monero. With a 24-hour time horizon, they employed MAE, MSE, RMSE, and
MAPE as evaluatory metrics. Utilizing 1850 daily samples of LTC and XMR with an 80:20 training
and testing split, their proposed scheme demonstrated superior performance compared to other state-
of-the-art methods, achieving better accuracy with a lower error rate. Denis et al. [175] focused on
Q-learning and DON methods in 2023, utilizing price data and technical indicators with Bitcoin as
the study currency. With a dataset comprising 3726 daily records and an 80:20 training and testing
split ratio, their results indicated that all models outperformed a buy-and-hold strategy in the absence
of transaction costs, albeit with some instability. Notably, one of the DON models demonstrated
consistent trading behavior and better performance.

In 2022, Pierre et al. [176] explored hierarchical reinforcement learning concepts by employing
PPO, A2C, and TradeR models. Across various experiments, their trading agents consistently achieved
profits in a realistic environment, even when transaction fees were involved. Jonathan et al. [177], in
2020, employed PPO and A2C models for a trading strategy, utilizing eight days of training data. Their
performance evaluation, based on a limit order book from Bitmex, demonstrated the superiority of the
A2C algorithm over the PPO agent in terms of both the greatest return and the number of profitable
experiments. On average, positive outcomes were observed, as the agent consistently generated
profits across most experiments, even in realistic settings that included transaction fees. However,
these experiments also revealed behavioral instability. Further research is needed to enhance the
explainability of decision-making processes.

Otabek et al. [178] utilized the DRL application neural model in 2020, exploring swing trading,
scalping trading, and a double-cross strategy across BTC, LTC, and ETH with hourly time horizons.
Their application, observing real-time price fluctuations, achieved notable profits, including 14.4% for
BTC, and 74% and 41% net profit for LTC and ETH, respectively, in just one month. In 2022, Yun et
al. [179] employed GAF-CNN and PPO using ETH/USD 15-minute data from January 1, 2020, to July
1, 2020. Their experiments revealed that transfer learning is suitable for US stock trading, showcasing
the adaptability of models in volatile market conditions.
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Shuyang et al. [180], in 2023, applied an ensemble policy and buy-hold strategy for automated
cryptocurrency trading. Using hourly data from 01/01/2018 to 06/30/2022, they considered BTC,
ETH, and more, employing technical indicators as input features for model training and testing. Their
proposed model outperformed the buy-hold strategy, achieving a 0.6832 annualized return and a
Sortino ratio of 1.2620 over 208 weekly periods.

Aisha et al. [181], in 2022, employed PPO and CNN-LSTM models with price data and technical
indicators for BTC, ETH and more. Their models demonstrated adaptability in volatile market
conditions, with BTC achieving the highest accuracy of 88.79% during a market downtrend from May
9,2021, to July 19, 2021. In their 2023 study, Vasileios et al. explored algorithmic trading strategies
using price data, technical indicators, and sentimental data as input features for models TraderNet-CR,
DDQN, and PPO, focusing on a 1-hour time horizon with data sourced from coinapi across Bitcoin,
Ether, ADA, Litecoin, and Ripple. The primary emphasis was on training TraderNet with the PPO
algorithm, also used in the previous TraderNet-CR architecture. The study compared the performance
of the integrated algorithm with a value-based method, DDQN, revealing sub-optimal performance
in all experiments, except in the Ether market. The evaluation, spanning from 2016 to November
2022, underscores the importance of algorithm selection in designing effective cryptocurrency trading
models, with PPO demonstrating more promising results within the specified time horizon and
dataset [182].

In their 2023 study, Berend et al.[183] investigated algorithmic trading strategies by leveraging
price data and technical indicators with PPO, TD3, and SAC models. The research focused on a
5-minute time horizon, evaluating the performance across various cryptocurrencies, including BTC,
ETH, and more. Cumulative return and volatility served as key metrics, and the study also involved
rigorous backtesting. The dataset, comprising five-minute-level data from February 2, 2022, to June 27,
2022, was divided into a training period (from February 2, 2022, to April 30, 2022) and a testing period
(from May 1, 2022, to June 27, 2022). This research contributes valuable insights into the performance
of different reinforcement learning models in cryptocurrency trading scenarios, with a specific focus
on short-term time horizons and a diverse set of digital assets[183].

In their 2022 study, Cem et al.[184] employed price data as an input feature for Deep Double Q-
Learning Network (DDQN), buy-hold, and cointegration methods, focusing on a 24-hour time horizon
across a diverse set of cryptocurrencies including BTC, ETH and more. Metrics such as annualized
return and max drawdown were utilized for evaluation. The study revealed the profitability of the
Deep Reinforcement Learning strategy combined with the cointegration method in selecting pairs for
crypto markets. Notably, the Statistical cointegration methods demonstrated an average annualized
return of 2.8%, while the proposed DRL method, applied to the same crypto coins and trading period,
exhibited a significantly higher annualized return of 16.95%. This underscores the efficacy of DRL
methods in financial and pairs trading, provided the careful selection of pairs and trading periods[184].

In their 2019 study, Giorgio et al.[185] focused on utilizing price data in conjunction with Double
Dueling Deep Q-Networks (DD-DQNs) models, employing a 1-minute time horizon specifically
for BTC. The investigation encompassed various trading systems, all of which consistently yielded
positive returns on average across different combinations of start and end dates for the trading
activity. Notably, trading systems based on Double Q-learning and incorporating a Sharpe ratio reward
function demonstrated larger return values. The SharpeD-DQN model was further tested over the
entire considered period, producing a positive percentage return with an average of 8%. These findings
highlight the efficacy of the SharpeD-DQN approach within short-term trading periods, emphasizing
its potential as a profitable strategy for BTC in the specified time frame[185].

In their 2023 study, Minh et al.[186] employed price data with Double Dueling Deep Q-Networks,
Deep Q-Network (DDQN), and Bayesian Optimization (BO) models, utilizing a 15-minute time horizon
specifically for BTC. The evaluation incorporated metrics such as average reward, average standard
deviation, and total cumulative reward, revealing that the DDQN setting with the Sharpe ratio as the
reward function emerged as the most effective Q-learning trading system. The results presented two
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viable options for traders: employing the Bayesian Optimization approach for constructing a highly
profitable long-term trading strategy or opting for the Deep Reinforcement Learning approach for
regularly updating strategies based on new market information, facilitating more effective decision-
making in short-term trading scenarios. Furthermore, the DRL settings were highlighted for their
ability to address the high-dimensional parameter problem inherent in Bayesian Optimization, enabling
the integration of diverse trading strategies, objective functions, and new data to enhance overall
performance[186].

In their 2023 study, Thanga et al.[187] employed a comprehensive dataset comprising price data,
blockchain data, and sentimental data to develop and evaluate predictive models, including Radial
Basis Function Neural Network, Autoregressive Integrated Moving Average, Backpropagation Neural
Network, and a proposed Reinforcement Learning (RL) method. The study focused on cryptocurrencies
XMR, LTC, ORY, and BTC, utilizing an 80/20 split ratio for training and testing. Metrics such as Mean
Squared Error, Mean Absolute Percentage Error, Root Mean Squared Error, and Mean Absolute Error
were employed for evaluation. The proposed RL method, integrated with a blockchain framework,
demonstrated superior performance when compared to other state-of-the-art strategies in the sector,
particularly exhibiting enhanced consistency in predicting the prices of Litecoin and Monero. Despite
achieving accurate predictions, the study acknowledged several limitations, including data availability,
public trust, human factors, hardware constraints, and processing power, all of which influenced the
prediction accuracy and highlighted the challenges associated with cryptocurrency prognosis[187].

In their 2021 study, Stephan et al.[188] utilized price data and various reinforcement learning al-
gorithms, including Proximal Policy Optimization, Advantage Actor-Critic, Asynchronous Advantage
Actor-Critic, Augmented Proximal Policy Optimization, Deep Q-Network, and Importance Weighted
Actor-Learner Architecture. The study focused on a 4-hour time horizon for BTC, employing an 80/20
split ratio for training and testing within the TensorTrade Python framework. This framework, de-
signed with TensorFlow-like methods, emphasizes cryptocurrency trading and facilitates the creation
of specialized trading environments. Notably, the A2C algorithm emerged as the overall winner,
outperforming the other algorithms, although the differences were marginal. The study highlighted
the potential influence of outcomes by adjusting settings and parameters. The findings underscored
the diversity of available reinforcement learning algorithms and the need for careful consideration of
their configurations in cryptocurrency trading applications[188].

In their 2020 study, Thomas et al.[189] employed a Direct Reinforcement Learning (DR) approach
for the cryptocurrencies BTC, ETH, and more, evaluating performance using the Sortino ratio. The
study focused on cumulative returns and risk-adjusted returns, as indicated by the Sharpe and
Sortino ratios. The results demonstrated that the DR model consistently outperformed a buy-and-hold
approach for all sampled cryptocurrencies, except Ether. The evaluation encompassed five of the
largest cryptocurrencies in circulation, namely bitcoin, Ether, litecoin, ripple, and monero, with a
sample range from August 26, 2015, to August 12, 2019, totaling 1447 data points. This timeframe
allowed for the examination of both well-established cryptocurrencies like bitcoin and relatively
newer ones like Ether, providing insights into the effectiveness of the DR model across different
cryptocurrency market conditions[189].

In their 2018 study, Yagna et al. [190] implemented a Deep Q-Network model using both price
data and bid-ask data for a 1-minute time horizon specifically for BTC. The researchers collected trade,
bid, and ask data by subscribing to Bittrex’s WebSocket, covering the date range from November
2nd, 2018, to November 17th, 2018. Utilizing the WebSocket data, the study involved constructing
a historical order book, representing a sequence of historical order book states over the specified
time period. Subsequently, a minute tick dataset was created using the collected trade data. In total,
the dataset for the study comprised 41,830,629 trade, bid, and ask data points, along with 10,945
minute tick data points. This comprehensive dataset facilitated the examination of the DQN model’s
performance in the context of high-frequency trading for BTC during the specified timeframe[190].
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7.3. Summarized Literature Review of Deep Reinforcement Learning Approaches

In this section, this survey presents a summarized literature review of Deep Reinforcement
Learning approaches utilized in cryptocurrency price prediction. The table A3 provides an overview
of various methodologies, time horizons, currencies, evaluation metrics, data samples, and train-
ing/testing strategies employed in the literature. This summary aims to provide insights into the
diverse range of Deep Reinforcement Learning techniques applied to analyze cryptocurrency price
movements and trends.

8. Use of Statistical Learning in Cryptocurrency Forecasting

Statistical Models have a rich history in financial forecasting, and cryptocurrency markets are no
exception. In this section, we review research that relies on Statistical models, such as autoregressive
integrated moving averages, GARCH, and regression analysis, to predict cryptocurrency prices and
trends. This survey paper analyzes the efficacy of Statistical approaches, their limitations, and their
place in the landscape of cryptocurrency forecasting.

The section 8 unfolds into three distinct categories, each offering a specialized perspective on the
application and evolution of Statistical Learning in various domains. Firstly, the detailed analysis and
trends in SL studies (8.1) scrutinize the methodological intricacies and emerging patterns prevalent
in recent research endeavors. Secondly, studies utilizing SL for various applications (8.2) delve into
specific case studies and methodologies employed to solve complex problems leveraging Statistical
Learning techniques. Lastly, the summarized literature review of SL approaches (8.3) encapsulates
a synthesis of existing literature, distilling key insights and advancements in the field of Statistical
Learning. Together, these subsections provide a comprehensive overview of the landscape, facilitating
a deeper understanding of the complexities and innovations driving SL applications across different
domains.

8.1. Detailed Analysis and Trends in Statistical Learning Studies

In this dedicated section, the application of Statistical Learning techniques to predict changes in
the cryptocurrency market will be examined. Statistical Learning involves the use of mathematical
models and algorithms to analyze data, identify patterns, and make predictions. This study will delve
into the specific methods used, the cryptocurrencies that are commonly analyzed, and how researchers
consider time-related factors to improve prediction accuracy. By investigating these aspects, this study
aims to highlight the importance of Statistical Learning in understanding and forecasting trends within
the cryptocurrency market.

8.1.1. Methodological Trends in Statistical Learning Literature

In the examined literature on cryptocurrency forecasting employing Statistical Learning, a pie
chart in Figure 17 analysis reveals the distribution of forecasting methods utilized. ARIMA emerges as
the most prevalent method, found in 38 out of the surveyed papers, accounting for approximately 62%
of the total papers. Following ARIMA, GARCH is utilized in 13 papers, representing roughly 21% of the
total, while the Prophet forecasting model is employed in 8 papers, constituting approximately 13.1% of
the total. This breakdown sheds light on the popularity and adoption of different forecasting techniques
within the domain of cryptocurrency forecasting utilizing Statistical Learning methodologies.
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Statistical Methodologies
ARIMA: 38 (62.3%)

B GARCH: 13 (21.3%)
Prophet: 8 (13.1%)

BN BART: 2 (3.3%)

Figure 17. Distribution of Forecasting Methods in Cryptocurrency Forecasting Literature Utilizing
Statistical Learning.

8.1.2. Currency-wise Distribution in Statistical Learning Studies

Examining the currency-wise distribution within Statistical Learning studies provides valuable
insights into the utilization of different cryptocurrencies across research papers. Bitcoin (BTC) emerges
as the dominant cryptocurrency in the studied corpus, constituting 27.9% of the pie chart. Ether
(ETH) follows with a significant presence, being utilized in 12.1% of the research papers. XRP holds
a notable proportion, accounting for 7.9% of the distribution. This distribution reflects the diverse
applications and interests within the intersection of Statistical Learning and cryptocurrency domains. It
highlights the prevalence of certain cryptocurrencies in Statistical Learning studies, offering researchers
valuable insights into the trends and preferences in utilizing cryptocurrencies for Statistical analyses
and learning methodologies.

Statistical Currencies
BTC: 49 (29.7%)
ETH: 20 (12.1%)
XRP: 13 (7.9%)
LTC: 11 (6.7%)
USDT: 6 (3.6%)
XLM: 5 (3.0%)
ADA: 5 (3.0%)
BNB: 5 (3.0%)
BCH: 4 (2.4%)
Others: 47 (28.5%)

Figure 18. Currency-wise distribution in Statistical Learning studies: proportional utilization of
cryptocurrencies across research papers.
8.1.3. Time Horizon-Wise Distribution in Statistical Learning Studies

The analysis of time horizon-wise distribution within Statistical Learning studies reveals signif-
icant insights into the temporal considerations across research papers. A predominant focus on a
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24-hour time horizon is observed, representing 73.1% of the distribution. Meanwhile, a smaller yet
notable proportion of studies delve into shorter time intervals: 9.6

This distribution underscores the importance of temporal considerations in Statistical Learning
studies and reflects the emphasis placed on analyzing data across various temporal scales. Understand-
ing these temporal nuances is critical for developing robust Statistical models and making informed
decisions in various domains.

Statistical Time Horizon
24h: 38 (73.1%)
1h: 5 (9.6%)

1m: 2 (3.8%)

7d: 2 (3.8%)
10m: 1 (1.9%)
14d: 1 (1.9%)
21d: 1 (1.9%)
5m: 1 (1.9%)
5s:1(1.9%)

Figure 19. Time horizon-wise distribution in Statistical Learning studies: proportional analysis of
temporal considerations across research papers

8.2. Studies Utilizing Statistical Learning for Cryptocurrency Forecasting

Statistical Models have a rich history in financial forecasting, and cryptocurrency markets are
no exception. In this section, this paper reviews research that relies on Statistical models, such as
autoregressive integrated moving averages, GARCH, and regression analysis, to predict cryptocurrency
prices and trends. We analyze the efficacy of Statistical approaches, their limitations, and their place in
the landscape of cryptocurrency forecasting.

8.2.1. ARIMA-Based Approaches

Jayadi et al. [191] employed ARIMA models for cryptocurrency price prediction with a 24-hour
time horizon, focusing on BTC, ETH, BNB, USDT, and ADA. They evaluated their models using MAPE
and RMSE.The LSTM method outperforms the ARIMA method in terms of both accuracy metrics and
visualization. In a similar vein, Afif et al. cite Afif2020 extended the ARIMA model by incorporating ES
and TS components for BTC price prediction, with RMSE and MSE as their evaluation metrics. Both
studies centered on time series analysis, making ARIMA a common choice. They emphasized the
potential for statistical methods to excel compared to artificial intelligence models in certain contexts.

Igbal et al. [73] also utilized the ARIMA model but with a specific focus on BTC price prediction
over a 24-hour horizon. Their evaluation encompassed RMSE, MAE, and R-squared as key metrics.
Dhavale et al. [192] presented a diverse approach by considering various models, including Prophet,
ARIMA, LSTM, XGBOOST, SVM, LR, and NB. The specifics of the time horizon, currencies, and
evaluation metrics were not provided in the table, but this study explored a wider range of modeling
techniques. Ampountolas et al. [193] focused on ARIMA models for BTC with a 24-hour time horizon.
They used MAE, RMSE, and MAPE as evaluation metrics, aligning with the time series analysis
methods used in Jayadi’s and Afif’s studies.

Azizib et al. [33] utilized ARIMA models for BTC price prediction with a 24-hour time horizon,
evaluating using RMSE and MAPE, aligning with the time series analysis approach. Azizi et al. [28]
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applied ARIMA models for BTC price prediction with a 24-hour time horizon and used RMSE and
MAPE as evaluation metrics, aligning with the time series analysis approach. Desai et al. [147] utilized
ARIMA models for BTC price prediction with a 24-hour time horizon, evaluating using RMSE and
MAE, aligning with the time series analysis approach. Ndunagu et al. [194] considered a wide range
of cryptocurrencies BIC, ETH, and more are used in both SM and ARIMA models with various
evaluation metrics, including MSE, RMSE, and MAE, maintaining a focus on Statistical and time series
analysis methods.

Lim et al [74] used ARIMA models for cryptocurrency price prediction with a 24-hour time
horizon, focusing on BTC, ETH, and XRP. They evaluated using RMSE, aligning with the time series
analysis approach. Bhattacharyya et al. [121] employed ARIMA models for cryptocurrency price
prediction with a 24-hour time horizon, targeting BTC, ETH, and more. They evaluated using Cor-
relation, MPE, MAPE, and RMSE. BALCI [67] considered both price data and sentimental data for
ARIMA-based BTC, ETH, ADA, and XRP price prediction with a 24-hour time horizon. They evaluated
their models using RMSE, incorporating both price and sentiment data into their analysis.

Zou et al [95] used ARIMA models for price prediction with a 24-hour time horizon, focusing
on EU-ETS, SHSE, and BTC. Their evaluation involved MAE, MAPE, DSTAT, and RMSE. Mishra
et al [165] concentrated on ARIMA models for BTC price prediction with a 24-hour time horizon,
evaluating using RMSE and MAE.

Bianchi et al [153] explored ARIMA, TCN, NBEATS, and TFT models for ETH price prediction
with a 24-hour time horizon. Their evaluation metrics included MSE, MAE, RMSE, R2, and MAPE,
showcasing a variety of modeling techniques. Convolutional neural networks outperformed other
architectures in terms of both accuracy and time objectives. Deep neural networks yield more accurate
results for ETH compared to the ARIMA model used as a reference. A step-ahead forecast window
size ensures continuous forecast information, ensuring availability despite combined lagged data
and model calculation times of less than 1 hour, achievable with two different off-the-shelf computer
hardware options. Chatterjee et al [169] applied ARIMA and GARCH models for price prediction for
SOL, BTC, and ETH with a 1-hour time horizon. They evaluated using MSE, RMSE, MAE, MAPE,
and MASE. LSTM and ARIMA-GARCH performed best in a scenario of low volatility, with LSTM
demonstrating superior performance during periods of higher volatility. Additionally, the data exhibits
short-term mean-reverting behavior and is adequately approximated by a simple naive walk. Jannat et
al [195] incorporated both price data and technical indicators for various cryptocurrencies (BTC, ETH,
LTC, USDT) using ARIMA models for price prediction with a 24-hour time horizon. They evaluated
using MAE, MSE, RMSE, Mean, and Accuracy.The autoregressive (AR) model exhibits the highest
accuracy in predicting the prices of BTC, ETH, LTC, and Tether-token, achieving accuracies of 97.21%,
96.04%, 95.8%, and 99.91%, respectively.

Chaudhari et al [116] used ARIMA models for BIC, ETH, and LTC price prediction with a 24-
hour time horizon, evaluating using MSE, RMSE, MAE, MAPE, and R2. Bhatiaa et al [196] applied
ARIMA models without specifying the time horizon or currency. They evaluated using Accuracy.
Upon evaluation, the LSTM model was found to outperform both the Prophet and the ARIMA model.
ROSTAMI et al [197] used Box-Jenkins, AR, MA, ARIMA, ACF, PACF, and GS models for BTC price
prediction with a 24-hour time horizon. They evaluated using FE, MFE, MAE, MSE, and RMSE. An
average accuracy of 86.424% is observed across 95% of the currencies. Following this validation,
forecasting is conducted for these cryptocurrencies, calculating the percentage change in price.

Hua et al [122] applied ARIMA models for BTC price prediction with a 5-second time horizon,
without specifying evaluation metrics. Bhat et al [53] utilized ARIMA models for BTC price prediction
with a 1-hour time horizon, evaluating using Accuracy. Sharma et al [160] applied ARIMA models
for BTC price prediction with a 10-minute time horizon. They evaluated using MAPE, MAE, and
RMSE. The ADF and AD tests indicate that BTC prices exhibit characteristics of nonlinearity and
nonstationarity. Consequently, classical forecasting methods are deemed unsuitable for predicting BTC
prices. Among the tested models, NARX achieves the lowest errors in MAE (23.415), MAPE (14.433%),
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RMSE (141.941), and MASE (1.149), establishing it as the preferred model for performing a 30-day
ahead forecast.

Das et al [55] employed MARS and LASSO models for BTC price prediction with a 24-hour
time horizon. They did not specify evaluation metrics. Sunny et al [75] considered price data and
technical indicators for BTC price prediction, utilizing ARIMA, Prophet, and XGBoost models, without
specifying evaluation metrics.

Thanaya et al. [159] utilized ARIMA models for BTC price prediction with a 24-hour time horizon.
They evaluated using RMSE.Emili et al [198] incorporated GARCH models for BTC, ETH, XRP, and
LTC price prediction with a 24-hour time horizon. They evaluated using MAE, HMSE, and R2. Duong
et al [199] considered sentimental data and price data for BTC price prediction, using VAR models with
a 7-day time horizon. Taylor et al. [200] used JRRS models for BTC, ETH and more. Price prediction
with a 24-hour time horizon, without specifying evaluation metrics. Dmitriy et al [201] employed
ARMA, GARCH, and HAR models for BTC, ES, and GSPC price prediction with a 5-minute time
horizon. They evaluated using MAPE and Accuracy.

Haruna et al. [202] explored GARCH and ARIMA models for cryptocurrency price prediction,
focusing on BTC, ETH, and BNB. The specifics of evaluation metrics were not provided in the table. Lee
et al. [203] concentrated on BSV and GARCH models for cryptocurrency price prediction, specifically
targeting BTC, ETH and more. The study did not specify the evaluation metrics. Koutmos et al. [138],
Ampountolas et al. [193], Carraro et al. [71], Jannat et al. [195], Lim et al. [74], and Bianchi et al. [153]
adopt RMSE and MAE metrics to predict cryptocurrency prices. They do not limit themselves to a
single time horizon or currency, showcasing the versatility of their methodologies.

Koutmos et al. explore GARCH models across various timeframes (7 days, 14 days, 21 days) for
BTC. Ampountolas et al. consider multiple cryptocurrencies, including BTC, LTSE, and more. Carraro
et al. utilize different models for BTC, ETH, and more. Jannat et al. focus on BTC, ETH, LTC, and
USDT. Lim et al. forecast prices for BTC, ETH, and XRP. Bianchi et al. extend their analysis to ETH and
employ ARIMA, TCN, NBEATS, and TFT models. The common thread is their adoption of traditional
Statistical models or neural networks, but they tailor their approaches to suit varying currencies and
timeframes.

Jayadi et al. [191] utilize ARIMA models to predict cryptocurrency prices with a 24-hour time
horizon for BTC, ETH, BNB, USDT, and ADA. They evaluate their models using MAPE and RMSE.
Afif et al. [61] extend ARIMA with ES and TS for BTC price prediction, utilizing RMSE and MSE as
evaluation metrics.

Shaikh et al. [204] utilize NNETAR and CSS models for BTC, ETH, XRP, and USDT price prediction,
evaluating their models using MAE and RMSE. [124] combine ARIMA models with sentiment analysis
for BTC price prediction at different time horizons (1m, 1h). They evaluate the models using RMSE
and consider a large dataset of BIC prices. Carraro et al. [71] explore a variety of Deep Learning
and advanced models, including LSTM, GRU, HYBRID, KNN, TCN, ARIMA, TFT, RF, and SVR, for
cryptocurrency price prediction with a 24-hour time horizon. They consider currencies like BTC, ETH
and more. They evaluate their models using RMSE, MAE, MAPE, and R2.

Azizib et al. [33] and Azizi et al. [28] both utilize ARIMA models for BTC price prediction with a
24-hour time horizon and evaluate model performance using RMSE and MAPE, although Azizib et
al. [33] have a smaller dataset. ARIMA and Bayesian approaches outperform other univariate models,
demonstrating smaller values for RMSE and MAPE.

Desai et al. [147] use ARIMA models for BTC price prediction with a 24-hour time horizon,
assessing model performance using RMSE and MAE. They observed remarkable results using LSTMs,
which significantly outperformed other models for most sequence tasks, as evidenced by the lower
RMSE scores. Increasing the number of epochs to 100 could further refine their model’s performance.
Additionally, augmenting the number of lag features beyond 100 may enhance their model’s learning
capabilities.


https://doi.org/10.20944/preprints202411.2330.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 December 2024 d0i:10.20944/preprints202411.2330.v2

49 of 100

ERGUN et al. [205] incorporate blockchain data and external economic data into ANFIS models
for BTC price forecasting, evaluating their models with RMSE. Ndunagu et al. [194] explore social
media and ARIMA models for BTC, ETH, and more, evaluating using MSE, RMSE, and MAE. For
all fifteen cryptocurrency datasets used accuracy levels ranged from 88% to 100%. Additionally, we
observed that the global COVID-19 pandemic significantly impacted the demand and supply dynamics
of cryptocurrencies worldwide.

Lim et al. [74] use ARIMA models for BTC, ETH, and XRP with a 24-hour time horizon and
evaluate their models using RMSE. Bhattacharyya et al. [121] employ ARIMA models for a variety
of cryptocurrencies and evaluate their models using correlation, MPE, MAPE, and RMSE. BALCI et
al. [67] use ARIMA models for BTC, ETH, ADA, and XRP and evaluate model performance with RMSE.
Zou et al. [95] explore ARIMA models for EU-ETS, SHSE, and BTC, assessing models with MAE,
MAPE, DSTAT, and RMSE. Ampountolas et al. [193] employ ARIMA models for multiple currencies,
including BTC, LTSE, N100, GDAXI, FCHI, and SSMI, and assess their models using MAE, RMSE, and
MAPE.

8.2.2. Bayesian Additive Regression Trees

Stepanenko et al. [206] investigate the use of Bayesian Additive Regression Trees (BART) for
predicting cryptocurrency prices with a 24-hour time horizon. They consider BTC, ETH, and XRP as
target currencies and evaluate their models using RMSE. The obtained results demonstrate that the
BART algorithm achieves greater accuracy across all investigated time series of cryptocurrencies and
subperiods. Specifically, the RMSE for this algorithm over horizons of 14, 21, and 30 days falls within
the range of 4%, 6%, and 8%, respectively. Dhavale et al. [192] consider a diverse range of models,
including Prophet, ARIMA, LSTM, XGBOOST, SVM, LR, and NB, without limiting certain currencies
or evaluation metrics.

Bezkorovainyi et al. [207] applied BART, CART, and ARIMA models for cryptocurrency price
prediction without specifying a time horizon. They used RMSE as an evaluation metric, in line with
the time series analysis approach. The results demonstrate that the BART algorithm outperforms all
investigated time series of cryptocurrencies and subperiods. Specifically, the RMSE for this algorithm
over horizons of 14, 21, and 30 days ranged within 4%, 6%, and 8%, respectively.

Carraro et al. [71] took a comprehensive approach, utilizing various models for cryptocurrency
price prediction BTC, ETH, and more with a 24-hour time horizon. They used RMSE, MAE, MAPE, and
R2 as evaluation metrics, demonstrating a diverse set of modeling techniques. Stepanenko et al. [206]
took a different approach by employing Bayesian Additive Regression Trees (BART) for cryptocurrency
price prediction, specifically targeting BTC, ETH, and XRP with a 24-hour time horizon. They used
the Root Mean Squared Error as their primary evaluation metric. The Bayesian approach represents a
divergence from the traditional time series models seen in previous studies.

Koutmos [138] explored GARCH models for cryptocurrency price prediction, with different time
horizons (7 days, 14 days, 21 days) for BTC. They employed HMSE and HMAE as their evaluation
metrics. This Statistical approach differs from the time series models in the earlier studies.

Xie et al. [208], Dorien et al. [170], and ROSTAMI et al. [197] incorporate alternative evaluation
metrics such as correlation, MPE, MASE, precision, and recall for cryptocurrency price forecasting. Xie
assesses BTC using LS models and various metrics. ROSTAMI et al. [197] apply Box-Jenkins, AR, MA,
ARIMA, ACFE PACEF, and GS models to BTC and assess their performance with various error metrics.
These papers offer unique perspectives by introducing diverse evaluation criteria for cryptocurrency
price prediction, beyond the traditional RMSE and MAE metrics.

Antulov-Fantulin [209] employed GTM models for BTC price prediction with a 1-hour time
horizon, evaluating using RMSE and MAE. Xie [208] used LS models for BTC price prediction with a
24-hour time horizon. They evaluated using Correlation, MPE, MAPE, RMSE, SD, and Sharpe Ratio.
Leatham [98] used SMA and GARCH models for BTC price prediction with a 24-hour time horizon.
They evaluated using RMSE and MAE.
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8.2.3. GARCH-Based Models

Koutmos et al. [138] examine GARCH models for cryptocurrency price forecast, assuming various
time horizons (7d, 14d, 21d) and evaluating models using HMSE and HMAE. The predictive perfor-
mance of the best triple hybrid model compared to the best single hybrid model improved by 18.61%,
19.88%, and 20.51% in HMAE, and 20.04%, 19.88%, and 20.51% in HMSE for the selected days-ahead
forecasts. The study proceeded with a rolling window scheme to generate one-day-ahead forecasts
and assess whether this approach minimizes errors and enhances model performance. Optimistic
results were achieved, demonstrating that the predictive performance of the best triple hybrid model
improved by 22.86%, 24.63%, and 24.87% in terms of HMAE and 29.70%, 31.05%, and 33.92% in HMSE
compared to the best single hybrid model using a fixed window size. Similarly, the rolling window
approach resulted in improvements of 29.70%, 31.05%, and 33.92% in HMSE for the best triple hybrid
model compared to the best single hybrid model for the selected days-ahead forecasts.

Lahmiri et al. [161] investigate GARCH, EGARCH, and APGARCH models for various cryp-
tocurrencies, assessing RMSE for each currency. Aguayo-Moreno et al. [87] employ GARCH models
for cryptocurrencies like BTC, ETH,and more. They consider different time horizons and evaluate
with HSE. Their findings revealed that not only do deep learning models enhance the forecasts of
GARCH-type models under any distribution assumption, but also that incorporating forecasts from
GARCH-type models as informative features can significantly increase the predictive power of the
studied deep learning models, namely the DFFNN and LSTM models.

Lahmiri et al. [161] focused on GARCH models for cryptocurrency price prediction with a
24-hour time horizon. They covered a wide range of currencies and used RMSE as their primary
evaluation metric, diverging from the time series analysis methods in earlier studies. Aguayo-Moreno
et al. [87] explored GARCH models for various cryptocurrencies with time horizons ranging from
1 hour to 24 hours. They used HSE as their evaluation metric, maintaining a focus on Statistical
approaches.The MLP models provide the best predictive results, although they do not show statistically
significant differences in accuracy compared to the LSTM and LSTM-GARCH versions under the
Diebold-Mariano test.

An et al. [170] considered DLST, VR, and GARCH models for BTC price prediction, evaluating
using RMSE, F1, Precision, and Recall. The diverse evaluation metrics and modeling techniques set
this study apart from traditional time series analysis.

Rubio [88] used GARCH models for BTC price prediction with a 24-hour time horizon, evaluating
using MAPE and MAE. Rubio et al. [88], Leatham et al. [98], and Das et al. [55] utilize RMSE and
MAE metrics for cryptocurrency price prediction without specifying alternative evaluation metrics.
Rubio employs ARCH and GARCH models for BTC, Leatham explores SMA and GARCH for BTC,
while Das focuses on MARS and LASSO for BTC. The emphasis on RMSE and MAE remains consistent
across these studies, showcasing the importance of these metrics in assessing model accuracy. This
research introduces the N-BEATS time series forecasting deep learning model trained on BTC data for
the first time. The developed model demonstrates promising results, achieving a MAPE of 2.261% on
daily data, 0.388% on hourly data, and 0.096% on up-to-the-minute data. These results slightly exceed
those of an ARIMA model and significantly outperform the results of an LSTM model.

8.3. Summarized Literature Review of Statistical Learning Approaches

In this section, this survey presents a summarized literature review of Statistical Learning ap-
proaches utilized in cryptocurrency price prediction. The table A4 provides an overview of various
methodologies, time horizons, currencies, evaluation metrics, data samples, and training/testing
strategies employed in the literature. This summary aims to provide insights into the diverse range of
Statistical Learning techniques applied to analyze cryptocurrency price movements and trends.
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9. Social Data Exploration in Cryptocurrency Trends

In this part, we're taking a closer look at how cryptocurrencies are talked about and searched for
online. We're checking out Google to see what people are searching for when it comes to Bitcoin and
BTC. We're also looking at how the prices of BTC connect with what people are saying on Reddit and
how they relate to the number of news articles about crypto. And don’t forget Twitter — we're checking
out what people are saying there, especially when it comes to BTC and Bitcoin. To make sense of all
this, we're using different charts to show you the big picture of how people’s online actions, market
changes, and cryptocurrency trends all come together.

9.1. Google Trends Bitcoin

Looking at how people search for "Bitcoin" from 2019 to 2024, interesting patterns show up. In
2021, a lot of folks were really curious about Bitcoin because Bitcoin experienced an all-time high in
2021, and the interest came back in 2022. At the end of 2020, there was a big jump in searches, even
more than what we saw in 2019, and early 2020. Even though the number of searches for Bitcoin went
up and down during this time, the overall trend is that more and more people kept searching for it.
This suggests that people are interested in Bitcoin, and their curiosity keeps growing. The data shows
some specific times when lots of people were looking up Bitcoin, making it clear that the interest is not
slowing down. In conclusion, the analysis of Google Trends data for the keyword "Bitcoin" spanning
from February 24, 2019, to Jan 31, 2024, reveals a compelling story of evolving public interest.
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Figure 20. Google Bitcoin Trends Line Chart: Visual representation of search interest in Bitcoin from
February 24, 2019, to Jan 31, 2024, indicating fluctuations in public curiosity over the five years.
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Figure 21. Google Bitcoin Trends Bar Chart: Illustration of search interest in Bitcoin from February 24,
2019, to Jan 31, 2024, highlighting fluctuations in public interest over the five-year duration through
distinct bar representations.
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9.2. Google Searches vs. Bitcoin Prices: A Closer Look

The examination of Google Trends data for the keyword "Bitcoin" from February 24, 2019, to Jan
31, 2024, reveals intriguing patterns in online search behavior. Notably, there were significant spikes in
Bitcoin searches in the early to mid-2021 period and a resurgence in mid-2022. The conclusion of 2020
witnessed a notable surge, surpassing levels seen in previous years. Despite occasional fluctuations, the
overarching trend points to sustained growth in Bitcoin searches during the study period, indicating
a dynamic and evolving public interest. The data underscores distinct peaks aligning with specific
timeframes, illustrating an overall upward trajectory in searches. Moreover, the heightened Google
Trends activity in 2021 correlates with a substantial surge in Bitcoin prices, reaching an all-time high
of over 65,000 USD [247]. This surge can be attributed to various factors, including the launch of a
Bitcoin ETF in the United States. Events involving Tesla and Coinbase also played a role, with Tesla’s
announcement in March 2021 that it had acquired 1.5 billion USD worth of Bitcoin [249] contributing
to the increased interest and searches surrounding the cryptocurrency in 2021. This comprehensive
analysis sheds light on the complex interplay between online search patterns, market dynamics, and
external events, offering valuable insights into the multifaceted nature of Bitcoin’s popularity and
public perception. In wrapping up our exploration the correlation analysis between Google search
trends and Bitcoin prices highlights a dynamic interplay, showcasing the impact of public interest on
cryptocurrency valuation. This exploration enhances our understanding of market behavior and the
evolving curiosity surrounding Bitcoin.
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Figure 22. Bitcoin Google Search Trends (Feb 2019 - Jan 2024) This line chart depicts the fluctuating
interest in Bitcoin searches over time, highlighting peaks coinciding with key events and market
movements.

9.3. Bitcoin Prices and Reddit Comments: Spotting Trends

The Reddit data specifically scraped from cryptocurrency-related discussions provides valuable
insights into the sentiments, discussions, and trends within the cryptocurrency community. The data
of Reddit comments versus Bitcoin prices, spanning from October 31, 2021, to Jan 31, 2024, reveals
intriguing dynamics between the two variables. Notably, starting from April 1, 2022, a discernible
trend emerges as the prices of Bitcoin begin to decline, coinciding with an increase in Reddit comments
discussing the cryptocurrency. This suggests a notable correlation between a decrease in Bitcoin prices
and a rise in Reddit discussions. The market landscape underwent significant changes towards the end
of 2022. Bitcoin experienced a sharp decline in mid-November 2022, dropping to $16,000 following
the collapse of FTX [249], a high-profile crypto exchange. During this period, there was a substantial
surge in the number of Reddit comments, indicating a heightened level of engagement and discussion,
possibly in response to the noteworthy event affecting the cryptocurrency market. Furthermore,
another noteworthy trend is observed in October 2023. As the prices of Bitcoin increased, there was
a corresponding rise in the number of Reddit comments. This suggests a consistent pattern where
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fluctuations in Bitcoin prices influence the level of engagement and discussion on Reddit. Specifically,
an increase or decrease in Bitcoin prices appears to trigger a proportional response in terms of Reddit
comments and discussions. In summary, the data illustrates a compelling relationship between Bitcoin
prices and Reddit comments, with discussions intensifying during periods of price decrease, especially
in response to significant market events, and increasing in tandem with rising Bitcoin prices.
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Figure 23. Reddit Comments vs. Bitcoin Prices (Oct 2021 - Jan 2024) This chart shows the relationship
between Reddit comments discussing Bitcoin and Bitcoin prices over time, indicating increased discus-
sion during periods of price decline and heightened engagement with rising prices.

9.4. Bitcon Prices and Cryptocurrencies News: Trends

The analysis of cryptocurrency news articles, spanning from June 2020 to December 2022, re-
veals a noteworthy correlation with Bitcoin prices. We specifically gathered news articles related to
cryptocurrencies. As our news data commences, a substantial increase in Bitcoin prices is observed,
accompanied by a corresponding rise in the count of news articles. This trend became particularly
pronounced in 2021 when Bitcoin reached its all-time high, aligning with a peak in the number of news
articles. Following this peak, as Bitcoin prices declined in January 2022, there was a corresponding
decrease in the count of news articles. However, a subsequent increase in Bitcoin prices in April
2022 coincided with a rise in the number of news articles once again. A significant event in the
cryptocurrency market was the crash of the FTX exchange [249], leading to a substantial decrease in
Bitcoin prices. Correspondingly, this period witnessed a surge in the number of news articles, reflecting
heightened media attention and discussions surrounding the market downturn. After this event, a
modest movement in both Bitcoin prices and the count of news articles is observed towards the end of
2022, indicating a period of relative stability. In conclusion, the analysis highlights a strong correlation
between the fluctuations in Bitcoin prices and the count of cryptocurrency news articles. Peaks in
news coverage align with periods of significant price movements, showcasing the interdependence of
media attention and cryptocurrency market dynamics. This relationship underscores the influence of
external events, market trends, and public perception on the cryptocurrency news landscape. The data
suggests that the cryptocurrency news ecosystem is reactive to shifts in Bitcoin prices, reflecting the
market’s dynamic nature and the impact of major events on media coverage.
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Figure 24. Bitcoin Prices vs. Cryptocurrency News Articles (Jun 2020 - Dec 2022) This chart illustrates
the correlation between Bitcoin prices and the count of cryptocurrency news articles over time, showing
increased media coverage during periods of price spikes and significant market events.

9.5. Cryptocurrency News Trends

The charts illustrate the monthly count of news articles about cryptocurrencies from June 2020 to
December 2022. One chart shows this information using bars, and the other uses a line to represent
the trends over time. Here’s what it illustrates : In 2020, there were not many articles in June, but the
count increased to 586 in July. The trend continued in 2021, with significant peaks in October (1,064
articles) and December (1,925 articles). This upward trend persisted into early 2022, maintaining high
counts in January, February, and March. From April 2022 onwards, there were fluctuations in the
number of articles, with a noticeable dip in June and a subsequent rise in July (1,837 articles). The
counts varied in the following months, showing a dynamic pattern. The highest count during this
period occurred in July 2022. Towards the end of 2022, the news article counts displayed a general
downward trend, reaching 1,254 articles in December. This suggests a potential shift in the frequency
of cryptocurrency-related news during this period. In summary, the chart provides insights into
the changing trends in cryptocurrency news, highlighting peaks, fluctuations, and potential shifts
in focus over the specified timeframe. The dynamic nature of these counts reflects the evolving the
cryptocurrency domain.
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Figure 25. Monthly Cryptocurrency News Articles (Jun 2020 - Dec 2022) This bar chart displays the
monthly count of cryptocurrency news articles, with notable peaks in late 2021 and mid-2022, indicating
periods of heightened coverage.
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Figure 26. Monthly Cryptocurrency News Articles (Jun 2020 - Dec 2022) This line chart shows the

monthly count of cryptocurrency news articles, highlighting peaks in late 2021 and mid-2022, with
potential shifts in coverage towards the end of 2022.

9.6. Twitter Keyword Data

In this research endeavor, a comprehensive word cloud analysis was conducted based on a dataset
encompassing various cryptocurrency keywords and corresponding tweet volumes. The dataset spans
from April 17, 2022, to December 20, 2022, with a meticulous breakdown of keywords such as bitcoin,
BTC, XRP, and others. the total number of tweets for all keywords sums up to 116,882,258. Specifically,
the breakdown for Bitcoin and BTC is as follows: Bitcoin: 8.7 million tweets BTC: 9.18 million tweets
In conclusion, the large number of tweets we looked at from April 17, 2022, to December 20, 2022, tells
us that more and more people are talking about cryptocurrencies. This suggests a clear increase in
interest and conversations about digital currencies. The data we gathered shows that on Twitter, more

and more folks are getting interested in and talking about cryptocurrencies, making them even more
popular in the online world during this time.
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Figure 27. Showcases a word cloud analysis capturing the essence of Twitter discussions surrounding
cryptocurrencies.
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10. Case Study: Investigating the Performance Disparities Between Backtesting and Forward
Testing

10.1. Background

Cryptocurrency forecasting algorithms have garnered significant attention in the domain of
financial technology, promising insights into the volatile and dynamic world of digital assets. These
algorithms, varying from traditional time series models like ARIMA to sophisticated Deep Learning
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techniques such as LSTM and Transformers, are designed to offer investors a predictive edge, ultimately
facilitating more informed trading decisions.

In recent years, a new phenomenon has emerged in cryptocurrency forecasting - a disconnect
between the impressive results achieved in controlled backtesting environments and the harsh realities
of real-world application. This paradox is not merely a niche concern among cryptocurrency enthusi-
asts but a matter of profound consequence, impacting the investments, portfolios, and strategies of
market participants. In this case, this study will address the performance gap that is causing concern.

10.2. The Problem

The problem, in its essence, revolves around the perplexing variation between backtesting and
forward-testing outcomes for cryptocurrency forecasting algorithms. In the controlled environment
of backtesting, these algorithms often exhibit remarkable predictive accuracy, effectively capturing
historical price trends and inferring profitable trading signals. These positive outcomes in hindsight
fueled investment excitement and increased the popularity of these models among traders.

However, the disturbing reality emerges when these algorithms are released into the unforgiving
waters of real-time trading scenarios. The forward testing phase, which seeks to simulate real-world
conditions with out-of-sample data, frequently yields outcomes far less favorable than anticipated.
Algorithmic strategies that seemed like goldmines during backtesting often crumble, resulting in
financial losses and scrambled expectations for investors.

10.3. The Objective

The goal of this case study is to investigate the performance differences between cryptocurrency
forecasting algorithms in both backtesting and real-world forward-testing scenarios. This case study
will seek to understand the complex dynamics that underlie this performance gap.

This study aims to explore the implications of differences for both cryptocurrency investors and
the broader field of algorithmic trading and financial technology research. The main objective is to
identify the contributing factors towards underperformance observed in forward testing and provide
valuable insights and recommendations to address these issues.

By bridging the gap between the exceptional promise of cryptocurrency forecasting algorithms
in backtesting and the often humbling reality of their performance in live markets, this study will
aspire to empower both investors and researchers with a deeper understanding of the challenges and
opportunities in this ever-evolving domain.

10.4. Data Collection

In the domain of cryptocurrency forecasting, the significance of data cannot be overstated. The
quality, timeliness, and comprehensiveness of the dataset directly influence the reliability of predictions
and the robustness of trading strategies. In this section, this case study will delve into the specifics of
data collection, elucidating the choices made and the motivation behind them.

10.4.1. Training Data (January 1, 2017, to July 1, 2022)

For the foundational training of our cryptocurrency forecasting algorithms, this case study
harnessed a wealth of historical data. Particularly, this case study utilized the 24-hour price data for
Bitcoin sourced from BitMEX. This extended four-year period of training data was meticulously chosen
for its substantial coverage of market conditions. By spanning from January 1, 2017, to July 1, 2022,
this dataset encompasses a variety of pivotal events in the cryptocurrency world, including bull and
bear markets, regulatory developments, and major technological shifts. The reason for this selection
was to give the algorithms a rich historical context, allowing them to capture diverse market dynamics
and adapt to various conditions.


https://doi.org/10.20944/preprints202411.2330.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 December 2024 d0i:10.20944/preprints202411.2330.v2

57 of 100

10.4.2. Backtesting Data (July 1, 2022, to July 1, 2023)

The backtesting phase is designed to simulate the performance of our forecasting models on
historical data following the training period. For this critical evaluation, we applied the algorithms to
data ranging from July 1, 2022, to July 1, 2023. The choice of this specific time frame stems from our aim
to assess the algorithms’ ability to predict cryptocurrency price movements during a recent historical
period. This range includes post-training but pre-forward testing data, providing an opportunity to
gauge how well the models adapt to changing market conditions.

10.4.3. Forward Testing Data (July 1, 2023, to January, 2024)

To assess the performance of the algorithms in a real-world scenario, this survey conducted
forward testing using data collected from January 1, 2023, to January 1, 2024. This forward-looking
period encompasses the latest available data at the time of this study. Its selection is deliberate, aiming
to evaluate the algorithms under recent, live market conditions. The use of out-of-sample data enables
us to gauge the models’ adaptability to dynamic, evolving market factors, reinforcing the real-world
validity of our study.

10.4.4. Rationale for Dataset Selection

The rationale for selecting this dataset is multi-faceted. Firstly, the training data’s time span allows
the algorithms to absorb and learn from a wide range of market scenarios, promoting adaptability to
diverse conditions. By covering both bullish and bearish market cycles and encapsulating significant
market events, this dataset equips the algorithms with a robust foundation for forecasting.

The study’s objective was met with a careful selection of backtesting and forward-testing peri-
ods. Backtesting utilized recent but historical data to assess algorithm performance in a controlled
environment with known historical outcomes. Conversely, forward testing with recent out-of-sample
data mirrors real-world applications, allowing us to gauge how well the algorithms perform under the
uncertainty and volatility characteristic of live trading.

In summary, the dataset selection is a strategic effort to capture the evolving dynamics of the
cryptocurrency market, enabling us to investigate the performance gap between backtesting and
real-world implementation with rigor and relevance.

10.5. Algorithm Selection and Rationale

The selection of algorithms for this survey paper arrived at the primary objective of encompass-
ing the breadth and depth of predictive methodologies employed in the domain of cryptocurrency
forecasting. This research survey meticulously reviewed a comprehensive 234 research papers to
determine the prevailing trends and identify the algorithms that have garnered prominence within the
academic and practical cryptocurrency forecasting landscape.

10.5.1. Prominence in Prior Research Literature

The selection process was driven by the collective wisdom of the research community. This
study specifically considered the algorithms that consistently appeared in the 234 research papers as
prominent choices for cryptocurrency forecasting. These algorithms included:

10.5.2. Long Short-Term Memory

A Recurrent Neural Network variant was renowned for its capacity to capture sequential de-
pendencies in time-series data. LSTM models are widely favored for their ability to model temporal
relationships, which is crucial for cryptocurrency price forecasting.

10.5.3. AutoRegressive Integrated Moving Average

A traditional time series model that has been widely applied in cryptocurrency forecasting due to
its effectiveness in capturing seasonality and trends in historical data.
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10.5.4. Support Vector Classification and Support Vector Regression

Support Vector Classification and Support Vector Regression are both versatile Machine Learning
models renowned for their ability to generalize effectively across diverse datasets. Due to this trait,
they have become favored options for cryptocurrency prediction tasks.

10.5.5. Random Forest

An ensemble learning method, RF combines multiple decision trees to provide robust and accurate
predictions, even when dealing with the noisy and volatile nature of cryptocurrency markets.

10.5.6. Transformers

The inclusion of Transformers is pivotal to ensure that our survey encompasses the most con-
temporary developments in predictive modeling. Transformers have recently gained prominence for
their remarkable performance in various natural language processing tasks and have demonstrated
potential in cryptocurrency forecasting due to their self-attention mechanisms and adaptability to
non-linear patterns.

10.6. Methodology

The methodology section of our study details the systematic approach, this case study followed
to implement, assess, and evaluate the selected cryptocurrency forecasting algorithms during both the
backtesting and forward-testing phases. In this comprehensive overview, this case study outlines the
specific preprocessing steps for each algorithm’s unique input requirements, the criteria employed for
performance evaluation, and the emphasis on real-world relevance.

Investigating performance disparities between backtesting and forward testing. The left figure
(Figure 28) illustrates the cumulative profit and loss (PNL) of algorithms during the backtest period,
spanning from the middle of 2022 to the middle of 2023. Meanwhile, the right figure (Figure 29)
displays the PNL of algorithms during forward testing, covering the last six months of 2023. These
figures highlight the challenges and disparities in algorithm performance when transitioning from
historical backtesting to real-world forward-testing scenarios.

1404 — Transformer
LSTM

120

100 -

80 ’J_,—/_I
60 -

40+

20
0-

-20-+

Cumulative PNL

A T R G I N
Q 4% 4% 42 4% 4% Q 4% Q 4% 4% Q 4% 4%
qp ﬂp ﬂ? Qp ﬂ9 49 ﬂp ﬂ? 49 ﬂp ﬂ? qP Q ﬂp

Figure 28. The x-axis represents the timeline, denoted by date and time, spanning from the middle
of 2022 to the middle of 2023. The y-axis represents the cumulative profit and loss (PNL) for each
algorithm studied during the backtest period.
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Figure 29. The x-axis represents the timeline, denoted by date and time, covering the last six months of
2023. The y-axis represents the cumulative profit and loss (PNL) for each algorithm studied during the
forward testing period.

10.7. Data Preprocessing and Customization for Algorithm Inputs

This study methodology begins with rigorous data preprocessing, tailored to accommodate the
unique input requirements of each forecasting algorithm. This process involved a series of essential
steps to ensure that the dataset was appropriately configured:

®  Feature Engineering: This study engaged in feature engineering to craft features specific to the
forecasting algorithms’ needs. For instance, for LSTM and Transformers, this study generated
sequential data enriched with lag features to capture temporal dependencies. In contrast, ARIMA
required time series differencing to achieve stationarity.

*  Scaling and Standardization: Given the sensitivity of many algorithms to the scale of input data,
this study applied scaling and standardization. SVM and SVR, for example, required standard-
ization to ensure consistent scaling across features. However, this survey noted that LSTM and

Transformers did not necessitate standardized data due to their adaptability to varying scales.
*  Train-Validation-Test Split: This survey partitioned the dataset into training, validation, and test

sets, enabling distinct phases of model development. The forward testing dataset was reserved
for simulating real-world scenarios, ensuring a robust evaluation of the models” performance
under out-of-sample conditions.

10.8. Performance Evaluation Criteria

A critical aspect of this study is the definition of performance evaluation criteria. These criteria
were selected based on their relevance to real-world trading conditions and included:

*  Profit and loss: This study emphasizes a fundamental measure of profitability, detailing how it

reflects real-world investment outcomes and is central to evaluating the success of each algorithm.
*  Accuracy: The accuracy metric measures the effectiveness of each forecasting algorithm in pre-

dicting buy and sell signals accurately. It quantifies the algorithm’s ability to make correct
predictions and is particularly relevant for assessing the precision of trading recommendations.

High accuracy indicates that the algorithm provides reliable signals for traders and investors.
¢ Cumulative profit and loss : To evaluate the overall performance of each forecasting algorithm, this

study calculated the cumulative PNL. This metric represents the total profit or loss generated over
the backtesting and forward-testing periods. The cumulative PNL encapsulates the algorithm'’s
ability to generate returns and reflects its effectiveness in real-world trading conditions, where
sustained profitability is a key consideration.
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10.9. Comparative Insights and Analysis

This study provides a detailed comparison of the Cumulative Profit and Loss visualizations for
each algorithm, analyzing their performance on both backtesting and forward-testing data. The graphs
plot cumulative PNL on the y-axis and time on the x-axis, allowing a clear visual representation of each
algorithm’s performance over the evaluation periods. Figure 28 and Figure 29 shows the performance
dynamics observed during both backtesting and forward testing phases, spanning mid-2022 to mid-
2023. Across various predictive models including Transformer, LSTM, RF, SVR, ARIMA, and SVM, a
consistent accumulation of cumulative profit and loss is evident during backtesting. These models
collectively showcase notable proficiency in generating gains over the specified period. However,
during the forward testing phase conducted over the last six months of 2023, there was a shift in the
observed dynamics. While some models continued to maintain their profitability, others struggled to
sustain consistent gains. This divergence highlights the challenges and uncertainties that arise when
transitioning from historical backtesting to real-world forward-testing scenarios.

11. Findings

In this section, the survey takes a thorough look at a wealth of insights derived from a meticulous
review of 234 research papers. Moving forward, the presentation employs engaging visualizations to
illuminate these findings, adding accessibility and depth to the analysis.

11.1. Yearly Publication Trends

In this segment of the study, this survey delves into the annual publication trends within the
realm of researched papers. As illustrated in Figure 30, the survey provides a visual representation of
the yearly publication patterns in the field of cryptocurrency forecasting. This figure vividly portrays
the changing landscape, signifying a growing interest in this domain. Notably, there was a significant
upswing in research papers related to cryptocurrency forecasting in 2022 and 2023 within the scope of
this study.
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Figure 30. Bar chart visualizes the distribution of published papers over the years within the scope of
the survey conducted in 2023.

Figure 31 presents a graphical portrayal of the annual distribution of published papers, expressed
in percentage terms. This representation succinctly showcases that in 2023, around 27.8% of total
publications transpired, indicating a notable zenith in research activity during that specific year.
The augmented interest among researchers in cryptocurrency forecasting can be attributed to the
pronounced surge in the cryptocurrency market in 2017 [247].
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Yearly Distribution
2023: 65 (27.8%)
B 2022: 62 (26.5%)
2021: 36 (15.4%)
2020: 34 (14.5%)
2019: 23 (9.8%)
2018: 9 (3.8%)
2017: 3 (1.3%)
2015: 1 (0.4%)
2016: 1 (0.4%)

Figure 31. Pie chart illustrates the proportion of published papers in percentage terms across different
years.

11.2. Methodology Distribution

In this section, the survey conducts a detailed analysis of methodologies employed within the
study corpus. Figure 32 presents a detailed visualization, depicting the count of each methodology
on the y-axis and corresponding methods on the x-axis. This visual representation enriches the
understanding of the specific procedures adopted across the cryptocurrency forecasting research
landscape. Notably, Long Short-Term Memory emerges as the most frequently utilized method among
the surveyed papers.
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Figure 32. Bar chart provides a comprehensive overview of the methodology distribution across all
research papers included in the survey.

Moreover, this section features graphical depictions of methodologies encapsulated in a word
cloud, as exemplified in Figure 33. This visualization benefits to aggregate terminologies extracted
from the study corpus, thereby highlighting the prevalence and significance of specific forecasting
models. The word cloud visually outlines the prominence of each term, offering insight into the
landscape of cryptocurrency forecasting. Noteworthy terms such as Long Short-Term Memory, Au-
toregressive Integrated Moving Average, Support Vector Machine, Random Forest, Linear Regression,
Recurrent Neural Network, Gated Recurrent Unit, Artificial Neural Network, Convolutional Neural
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Network, Multilayer Perceptron, Proximal Policy Optimization, Advantage Actor-Critic, Generalized
Autoregressive Conditional Heteroskedasticity, and k-Nearest Neighbors emerge as focal points within
the cryptocurrency forecasting domain.
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Figure 33. Visual representation aggregates terminology extracted from cryptocurrency forecasting
research papers, highlighting the prevalence of specific forecasting models such as LSTM, ARIMA,
SVM, RE LR, RNN, GRU, ANN, CNN, MLP, PPO, A2C, GARCH, and KNN.

11.3. Time Horizon Distribution

This section presents an in-depth analysis of the time horizons considered in the researched
papers. Figure 34 presents a bar chart with time horizon values on the x-axis and the count of each
time horizon considered in research surveys on the y-axis. The analysis of this chart reveals a notable
trend, indicating that in the majority of research papers, a 24-hour time horizon was considered.
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Figure 34. Bar chart shows the time horizons considered in cryptocurrency forecasting research papers,
highlighting a prevalent trend toward a 24-hour time horizon.

Figure 35 complements this analysis with a pie chart representing the percentage-wise distribution
of time horizons across the landscape of cryptocurrency forecasting in the studied research papers.
The pie chart highlights that 67.5% of the published research papers considered in this survey focused
on the 24-hour time horizon. The second-highest percentage-wise time horizon is 1 hour, accounting
for 8.1% of the total research papers studied in this survey.
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Time Horizon
24h: 141 (67.5%)
1h: 17 (8.1%)
im: 14 (6.7%)
5m: 6 (2.9%)
4h: 6 (2.9%)
7d: 6 (2.9%)
15m: 5 (2.4%)
30m: 5 (2.4%)
30d: 5 (2.4%)
10m: 4 (1.9%)

Figure 35. Pie chart illustrates the percentage-wise distribution of time horizons across cryptocurrency
forecasting research papers.

11.4. Evaluation Metrics Distribution Analysis

This section provides a comprehensive analysis of the evaluation metrics employed in the re-
searched papers, emphasizing their crucial role in the field of cryptocurrency forecasting.

Figure 36 presents a bar chart where each bar symbolizes a specific evaluation metric, and its
height quantifies the frequency of each metric across the studied research papers. The chart highlights
that certain evaluation metrics such as RMSE, MAE, and MAPE were widely utilized in research
papers for cryptocurrency forecasting.

Publication count

Evaluation Metric

Figure 36. Bar chart illustrates the frequency of evaluation metrics across cryptocurrency forecasting
research papers. Metrics like RMSE, MAE, and MAPE were prominently utilized in the surveyed
papers, as indicated by the varying heights of the bars.

The pie chart in Figure 37 clearly illustrates the distribution of evaluation metrics used across
a range of cryptocurrency forecasting research studies. With detailed attention to detail, the chart
showcases the prevalence and significance of various metrics in this domain. Notably, the preeminent
segment is occupied by the Root Mean Square Error, representing 25.3% of the distribution. RMSE,
renowned for its ability to quantify the disparity between predicted and observed values, stands as
a cornerstone metric in evaluating the predictive accuracy of forecasting models. Subsequently, the
Mean Absolute Error closely follows, commanding a notable 15.1% share of the distribution. MAE’s
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prominence underscores its utility in providing insights into the average magnitude of errors present
in forecasts, thus offering a straightforward measure of model performance.

Additionally, the Mean Absolute Percentage Error emerges as a pivotal metric, comprising
14.1% of the distribution. MAPE’s inclusion highlights its role in assessing forecast accuracy through
the calculation of percentage deviations between predicted and actual values, thereby offering a
comprehensive understanding of model performance across diverse scales and contexts.

Evaluation Metric
RMSE: 104 (25.3%)
MAE: 62 (15.1%)
MAPE: 58 (14.1%)
MSE: 49 (11.9%)
Accuracy: 45 (10.9%)
R2: 26 (6.3%)

F1: 23 (5.6%)
Precision: 21 (5.1%)
Recall: 18 (4.4%)
MPE: 5 (1.2%)

Figure 37. Pie chart depicts the percentage-wise distribution of evaluation metrics utilized in cryp-
tocurrency forecasting research papers.

Figure 38 employs line charts to trace the fluctuating popularity of various evaluation metrics
utilized in cryptocurrency forecasting research, delineated on an annual basis. The x-axis serves
to represent the progression of years, while the y-axis quantifies the prevalence of each evaluatory
metric within research papers. Noteworthy is the consistent prominence of RMSE, MAE, and MAPE
across the temporal spectrum. These metrics exhibit a persistent pattern of dominance, consistently
favored by researchers over successive years. Such steadfast prevalence underscores the enduring
significance and reliability of RMSE, MAE, and MAPE in the evaluation of forecasting models within
the cryptocurrency domain. This visual representation of yearly trends in metric preference provides
valuable insights into the enduring methodologies and preferences shaping cryptocurrency forecasting
research practices, offering a nuanced understanding of the evolving landscape in this dynamic field.
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Figure 38. Line charts to track the popularity of different evaluation metrics in cryptocurrency forecast-
ing year by year. The x-axis represents years, and the y-axis represents the counts of each evaluatory
metric used in research papers.
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11.5. Input Feature Analysis

In this section, this survey paper will provide a detailed analysis of the input features used
across all the research papers. To simplify this analysis, the survey categorizes input features into
five different categories. If any research paper includes features that belong to any of the following
categories, it will be categorized accordingly within the respective category. This categorization allows
for a clear understanding of the prevalent input features used in cryptocurrency forecasting research.

®  Price Data: This category includes historical prices of currencies like open, high, low, close, and
volume (OHLCV). Researchers use this data to identify price trends and patterns that can assist
in forecasting future price movements.

U Sentimental Data: Sentimental data holds information related to market sentiment, including
social media sentiment analysis, news sentiment, and other sentiment indicators. Researchers
leverage these sentiments to measure market sentiment and its potential impact on cryptocurrency
prices.

*  Technical Indicators: Technical indicators consist of various metrics and calculations used in
technical analysis, such as moving averages, Relative Strength Index, and Moving Average Con-
vergence Divergence. These indicators provide valuable insights into potential price movements.

e Blockchain Data: Blockchain data covers information extracted directly from blockchain net-
works, such as transaction volumes, block sizes, and other blockchain-specific metrics. Re-
searchers examine this data to understand the underlying blockchain dynamics and its influence
on cryptocurrency prices.

e  External Economic Data: Factors that can impact cryptocurrency prices from outside sources are
classified as external economic factors. These may include macroeconomic indicators, interest
rates, and economic news events.

In Figure 39, an overview of the distribution of input categories utilized in cryptocurrency
forecasting research is presented. The x-axis delineates the various input categories, while the y-axis
quantifies the frequency of each category’s usage across research papers. Remarkably, the graph
highlights a predominant reliance on price data among researchers, signifying its widespread usage
as a primary input category. Following closely behind price data, sentimental data emerges as the
second most utilized category, suggesting its considerable importance in shaping forecasting models.
Moreover, technical indicators rank third in terms of utilization, reflecting their significant role in
informing predictive analyses within the cryptocurrency domain. This visualization offers valuable
insights into the prevailing methodologies and priorities guiding cryptocurrency forecasting research,
showcasing the diverse array of input categories leveraged by researchers to enhance forecasting
accuracy and robustness.
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Figure 39. Distribution of input categories across research papers is depicted. The x-axis denotes the
input categories, while the y-axis represents the count of each category used in the research papers.
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In Figure 40 provides a percentage-wise distribution of input feature categories across the research
papers studied in this survey. The chart reveals that the majority of the input features fall under the
price data category, constituting a substantial portion of approximately 68.1%. Following closely is the
sentimental data category, comprising around 11.8% of the total input features. Technical Indicators
make up 9.19% of the input features, while blockchain data accounts for 7.6%. Lastly, the external
economic category represents approximately 3.5% of the input features. This visualization shows
the majority of each input feature category, highlighting the significant role of historical price data in
cryptocurrency forecasting research.

Input Category
Price Data: 196 (68.1%)
EmE Sentimental Data: 34 (11.8%)
Technical Indicators: 26 (9.0%)
mmm Blockchain Data: 22 (7.6%)
External Economic Data: 10 (3.5%)

Figure 40. Pie chart illustrates the percentage-wise distribution of input feature categories in cryptocur-
rency forecasting research papers.

11.6. Currency Analysis

In this section, this research survey will cover a detailed examination of the cryptocurrencies that

have been the focal point of analysis in the research papers under consideration. Cryptocurrency mar-
kets are diverse, with numerous digital assets available for trading and investment. Researchers often
select particular cryptocurrencies for their analyses, driven by factors such as market capitalization,
popularity, or unique characteristics of the chosen digital currencies. This section will shed light on
which cryptocurrencies have garnered the most attention and analysis within the corpus of research
papers, providing insights into the preferences and priorities of cryptocurrency researchers.
In Figure 41, the survey will present a visual representation of the distribution of research papers across
various cryptocurrencies. Each bar in the chart corresponds to a specific digital currency, and the height
of the bar represents the count of research papers that have focused on that particular cryptocurrency
forecasting research. As illustrated in the chart, Bitcoin stands out prominently with the highest
bar, signifying that it has been the subject of extensive research and analysis in the surveyed papers.
Ether follows closely behind as the second most studied cryptocurrency, with a substantial number
of research papers dedicated to its analysis. Ripple and Litecoin also make notable appearances in
the chart, signifying their significance in the realm of cryptocurrency forecasting research. This bar
chart offers a quick and informative overview of the distribution of research attention among different
cryptocurrencies. It highlights the dominance of Bitcoin and the presence of other prominent digital
assets in the cryptocurrency research landscape.


https://doi.org/10.20944/preprints202411.2330.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 December 2024 d0i:10.20944/preprints202411.2330.v2

67 of 100

Publication count

C R RS EEDRSLS R oG
& EEE &S +"‘°o° & ,bo\{,oo‘;, & & &S

Currencv
Figure 41. Bar chart visually represents the distribution of research papers across various cryptocur-
rencies. Each bar corresponds to a specific digital currency, with the height indicating the count of
research papers focused on that cryptocurrency.

In Figure 42 graphical representation of the percentage-wise distribution of research papers across
various cryptocurrencies. Each slice of the pie corresponds to a specific digital currency, and its size
is proportional to the percentage of research papers focused on that particular cryptocurrency. As
evident from the chart, Bitcoin commands the largest portion of the pie, constituting approximately
46.1% of the research papers in the surveyed corpus. Ether claims the second-largest slice, describing a
significant 18.6% of the research papers. Ripple and Litecoin also maintain notable shares, comprising
approximately 10.1% and 9.2%, respectively, of the total research papers. This pie chart offers a
clear visualization of the distribution of research emphasis among different cryptocurrencies. It
highlights the prevalent position of Bitcoin while acknowledging the significant presence of other
cryptocurrencies, such as Ether, Ripple, and Litecoin, in the cryptocurrency research landscape.

Currency

BTC: 201 (46.1%)
ETH: 81 (18.6%)
LTC: 44 (10.1%)
XRP: 40 (9.2%)
ADA: 15 (3.4%)
BNB: 14 (3.2%)
XMR: 11 (2.5%)
DOGE: 10 (2.3%)
XLM: 10 (2.3%)
BCH: 10 (2.3%)

Figure 42. Pie chart visually depicts the percentage-wise distribution of research papers across various
cryptocurrencies. Each slice represents a specific digital currency, with its size proportional to the
percentage of research papers focused on that cryptocurrency.

Figure 43 presents a line chart that represents the yearly trends in the selection of cryptocurrencies
for research within the surveyed papers. The chart provides valuable insight into how the choice
of cryptocurrencies has evolved over the years. As observed from the chart, Bitcoin maintains a
consistent position as the most frequently chosen cryptocurrency across all the years covered in the
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survey. Its count remains substantially higher than that of other cryptocurrencies, showcasing its
enduring significance in the field.

Ether emerged as the second most preferred cryptocurrency among researchers, with a noticeable
spike in usage in certain years. This spike in Ether’s selection suggests a growing interest in its
technology and ecosystem, leading to increased research attention. While Bitcoin and Ether dominate
the landscape, other cryptocurrencies, such as Litecoin, and Steller others, show relatively lower counts.
These alternative cryptocurrencies do have a presence in research papers, but their adoption is notably
less extensive than that of Bitcoin and Ether.
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Figure 43. Line chart tracks the yearly trends in the selection of cryptocurrencies for research across

surveyed papers, offering valuable insights into evolving preferences

11.7. Learner Type Distribution

In this section, the survey paper classified all the algorithms utilized in the research surveys
into different categories. This variety allows us to gain a deeper understanding of which types of
learners are especially used across all the research papers related to cryptocurrency forecasting. To
facilitate this research, the survey paper used visualizations to present an exhaustive overview of
learner usage trends in this field. Let’s analyze which learner types have been favored by researchers
in cryptocurrency forecasting. In this survey paper, all algorithms used in the studied research surveys
are divided into categories to draw an exhaustive analysis of which learner is used most frequently
across all research papers related to cryptocurrency forecasting. These learner categories include:

*  Machine Learning : This category encompasses a wide range of traditional Machine Learning
algorithms, which are widely used for classification, regression, and clustering tasks.

®  Deep Learning : Algorithms falling under this category typically involve neural networks with
multiple layers, enabling complex pattern recognition and feature extraction.

¢  Deep Reinforcement Learning : DRL algorithms integrate Deep Learning with reinforcement
learning principles to make sequential decisions and optimize actions in dynamic environments.

e  Statistical Models: Statistical models involve the application of Statistical techniques to analyze
and forecast cryptocurrency trends, often relying on historical data and probability distributions.

In Figure 44, the survey paper provides a visual representation of the distribution of learner types
among the surveyed research papers. This chart offers insights into the dominant learner choices in
the field of cryptocurrency forecasting. The distribution exposes that Deep Learning algorithms are
the most prominently used, constituting the largest slice of the pie at 50.3%. Following DL, ML at
23.7%, Statistical at 18.2%, and DRL at 7.1%. Other categories collectively make up the remaining
percentage, with each contributing less than 1% individually. This analysis provides useful insights
into the predominant learner types chosen by researchers in the cryptocurrency forecasting domain,
highlighting the substantial adoption of Deep Learning methods.
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Learner Type
DL: 155 (50.3%)
. ML: 73 (23.7%)
Statistical: 56 (18.2%)
BN DRL: 22 (7.1%)

Figure 44. Pie chart illustrates the distribution of learner types among surveyed research papers in
cryptocurrency forecasting.

In Figure 45 to gain a deeper understanding of the evolution of learner types used in cryptocur-
rency forecasting research, this survey presents a stacked bar chart that depicts the distribution of
learner types across different years. Each bar represents a specific year, while the segments within each
bar are color-coded to denote different learner types. Key observations from the chart demonstrate
trends in learner type preferences: Deep Learning has seen consistent use over the years, with a notable
surge in 2022. Statistical and Machine Learning models have been a prevalent choice, especially in
earlier years. This chart provides valuable insights into changing preferences, highlighting the growing
significance of Deep Learning and Machine Learning in recent years in cryptocurrency forecasting
research.

Learner Type
= DL: 155 (50.3%)
— ML 73 (23.7%)
= Statistical: 56 (18.2%)
m DRL: 22 (7.1%)
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Figure 45. A stacked bar chart illustrating the evolution of learner types used in cryptocurrency
forecasting research across different years. Each bar corresponds to a specific year, with segments
color-coded to denote different learner types.

11.8. Train/Test Split Distribution

In this section, the survey delves into the distribution of training and testing split ratios employed
in the research papers analyzed within this survey. This survey examines the practices of various
researchers to identify the most commonly used training and testing split ratios in the cryptocurrency
forecasting domain. Through the utilization of visualization techniques, this survey gain insights
into the overall preferences within the research community, shedding light on the standard practices
adopted in dividing datasets for model training and evaluation. In Figure 46, the bar chart shows the
distribution of training and testing split ratios found in the research papers examined in this survey.
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Among the various split ratios analyzed, it is evident that the 80/20 split ratio, signifying 80% of data
for training and 20% for testing, is the most frequently adopted practice among researchers. Following
closely is the 70/30 split ratio, where 70% of the data is allocated for training, and 30% for testing.
These findings shed light on the prevailing trends in the selection of training and testing split ratios
within the cryptocurrency forecasting research community.
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Figure 46. Bar chart displays the distribution of training and testing split ratios observed in the research
papers examined in this survey.

11.9. Training/Testing Data Samples Distribution

In this section, this survey paper delves into the quantity of data samples allocated for training
and testing in each research paper. Through the utilization of visualizations, an analysis is conducted to
distinguish the prevalent practice concerning the number of data samples used for training and testing
purposes in the domain of cryptocurrency forecasting research. In Figure 47, the scatter plot introduced
in this section showcases the distribution of training and testing data samples across various research
papers. It becomes evident from the plot that a significant portion of studies utilized training and
testing data samples falling within the range of 1000 to 3000, concerning the chosen training and
testing split ratios. This observation sheds light on the common practices employed by researchers
when it comes to the quantity of data samples for cryptocurrency forecasting.

The portion of data samples used for training and testing holds paramount importance in cryp-
tocurrency forecasting research. It directly impacts the performance and reliability of forecasting
models. An adequate number of data samples is essential to train models effectively, ensuring they do
not suffer from overfitting or underfitting issues. Furthermore, a significant dataset enables models
to generalize better to unseen market data and enhances their stability in the face of market changes.
It also allows for a more comprehensive evaluation of model performance, reducing the impact of
random variations. In the context of cryptocurrency trading and investment, where risk management is
critical, larger datasets contribute to more reliable risk assessments, empowering traders and investors
to make well-informed decisions. Therefore, the selection of an appropriate number of data samples is
a crucial consideration for researchers and practitioners in this field.
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Figure 47. The scatter plot illustrates the distribution of training and testing data samples across
various research papers.

12. Challenges and Open Problems

Cryptocurrency prediction is a challenging task faced by researchers and practitioners who en-
counter various issues and open problems in their goal of accurate and reliable forecasts. In this
section, this survey will delve into the key challenges that hinder the effectiveness of cryptocurrency
forecasting models and discuss open problems that remain to be addressed. From issues related to
model performance and validation to complexities arising from market dynamics and data limitations,
understanding and mitigating these challenges are essential for advancing the state-of-the-art in cryp-
tocurrency forecasting. This survey will explore each challenge in depth, highlighting its significance
and proposing potential routes for future research to tackle these critical issues.

12.1. Models QOuverfitting

Cryptocurrency forecasting often involves complex models trained on historical data. However,
overfitting occurs when a model learns to perform well on the training data but fails to generalize to
unseen data. In cryptocurrency forecasting, overfitting can lead to inaccurate predictions, as the model
may capture noise or random fluctuations in the historical data rather than underlying patterns.

12.2. Survivorship Bias

Survivorship bias occurs when the analysis only considers data from surviving entities, ignoring
those that have failed or dropped out. In the context of cryptocurrency forecasting, survivorship bias
can skew the analysis by only considering successful cryptocurrencies that have survived until the
present day. This can lead to overly optimistic forecasts and a misrepresentation of the risks involved
in cryptocurrency investment.

12.3. Backtesting and Forward Testing

Backtesting involves testing a model using historical data to assess its performance. However,
a common challenge is that models may perform well on backtesting but fail to perform adequately
when applied to new, unseen data (forward testing). This dissimilarity can occur due to changes in
market conditions, unforeseen events, or structural shifts in the cryptocurrency market.

12.4. Data Quality and Availability

The quality and availability of data in cryptocurrency forecasting present significant challenges.
Cryptocurrency markets are often characterized by limited historical data, data fragmentation across ex-
changes, and the presence of outliers and anomalies. Additionally, data may be subject to manipulation
or inaccuracies, further complicating the forecasting process.
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12.5. Model Interpretability and Transparency

Many cryptocurrency forecasting models, particularly those based on Machine Learning and
Deep Learning techniques, are often considered black-box models, making it difficult to interpret their
predictions. This lack of interpretability raises concerns regarding model transparency, accountability,
and the ability to understand the rationale behind forecasting outcomes, limiting their practical utility
for decision-making.

12.6. Volatility and Market Dynamics

Cryptocurrency markets are known for their high volatility and dynamic nature, driven by factors
such as speculative trading, regulatory developments, technological advancements, and macroeco-
nomic events. Forecasting accurate price movements in such volatile and rapidly evolving markets
poses a significant challenge, as traditional forecasting models may struggle to capture the complex
interplay of these factors.

12.7. Quantifying Risk and Uncertainty

Effectively quantifying risk and uncertainty is crucial for cryptocurrency investors and traders.
However, existing forecasting models often provide point estimates or deterministic predictions
without adequately accounting for uncertainty. Incorporating probabilistic methods, such as Bayesian
inference or Monte Carlo simulation, can enable the quantification of uncertainty and provide more
informative forecasts, enhancing decision-making processes.

12.8. Adaptability to Emerging Trends and Innovations

Cryptocurrency markets are continually evolving, with new cryptocurrencies, trading strategies,
and technological innovations emerging regularly. Forecasting models must adapt to these changes
and remain relevant in the face of evolving market dynamics. However, developing adaptable and
scalable forecasting frameworks that can accommodate emerging trends and innovations remains an
ongoing challenge in the field.

12.9. Seasonality Challenges

Seasonality poses a significant challenge in cryptocurrency forecasting, as price patterns may
exhibit recurring trends or cycles over specific time intervals. Identifying and accounting for seasonality
in cryptocurrency data is crucial for developing accurate forecasting models. However, the presence
of irregular and non-linear seasonal patterns, coupled with the inherent volatility of cryptocurrency
markets, complicates the modeling and prediction of seasonal effects.

12.10. Stationarity Challenges

Stationarity, or the lack thereof, presents challenges in cryptocurrency forecasting due to the non-
stationary nature of cryptocurrency price series. Traditional time series analysis techniques assume
stationarity, wherein Statistical properties such as mean and variance remain constant over time.
However, cryptocurrency price data often exhibit trends, volatility clustering, and structural breaks,
violating the stationarity assumption. Addressing stationarity challenges requires employing advanced
time series modeling techniques, such as differencing, detrending, or incorporating regime-switching
models, to capture the underlying dynamics of non-stationary cryptocurrency price series.

13. Conclusion

This thorough survey paper extensively examines the complex world of cryptocurrency fore-
casting, providing a detailed exploration of its challenges, methodologies, and trends. It traces the
historical development of cryptocurrency and delves into various forecasting techniques, offering
valuable guidance for researchers and investors navigating this rapidly changing landscape. The
case study highlights the practical challenges of implementing forecasting strategies and emphasizes
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the need for reliable models tested in real-world scenarios. Through extensive data analysis and
visualization, this paper not only provides an overview of current cryptocurrency forecasting practices
but also sets the stage for future exploration and research in this important field. As the cryptocurrency
market continues to expand, this paper serves as a guide for stakeholders making informed decisions
amid the uncertainties of the future.

Appendix A
Table A1. Machine Learning-based summarized literature review
. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
LR, GBR,
R DT, Ruis,
[51] - - BTC RMSE, R2, - -
aboostR, MAE
Ridge,
Lasso
MSE,
[64] Price Data RF 24h BTC MAE, BTC:4700 -
RMSE
[36] Price Data LR 120d BTC - BTC:2191 -
Accuracy,
Std
. SVM, Deviation, .
[52] Price Data KNN 24h BTC Mean, BTC:2760 80/20
RMSE,
ROC, AUC
[53] Price Data LR, SVR 1h BTC Accuracy | BTC:29592 -
Price Data,
Blockchain
Data, BNN, SVR, RMSE, .
[54] External SVM 24h ETH MAPE ETH:1213 -
Economic
Data
Price Data,
External
Economic MAPE,
[43] Data, SVM 24h BT;:’ ETC RMSE, - 75/25
Daily ANGmore 1 NRMSE
COVID-19
Cases
SVM, LR,
KMC, NB,
[56] - RE, KNN, Im BTC - - -
DT
Price Data, ARIMA,
[75] Technical Prophet, - BTC MAPE, R2 - -
indicators XGBoost
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Table A1. Cont.
. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
SVM, For each
[57] Price Data KNN, 24h BT(I}ECTH’ Accllzllr,a c currency -
LGBM y 17
Price Data, ];\f{]f{quI;:I;’
[72] Technical 4 ’ 24h BTC MSE BTC: 1002 -
Indicators LASSO,
SVR, DE
[58] Price Data | LSTM, LR 24h BTC, ETH MSE - 80/20
and more
Accuracy,
Precision,
Recall, F1,
SharpeRa-
Price Data, BTC, tio, For each
[44] Sentimen- SVM 24h ETH,and SortinoRa- currency -
tal Data more tio, 181
CEQRe-
turn,
Return-
Loss
BTC:1745,
ETH:897,
. BTC, ETH LTC:1745,
[27] Price Data SVM 24h and more MAPE XEM:1027, -
XRP:897,
XLM:1745
. RMSE,
[61] Price Data ANFIS 24h BTC MSE BTC:1000 75/25
Prophet, RMSE
[73] Price Data XG 24h BTC MAE, R2 - -
Boosting
External
Economic
Data, Price BTC, R2, MAE,
[62] Data, RE 24h LONA MSE ) )
Blockchain
Data
MR, RS,
DR, VaRl1,
VaRs, Top 100
Lagged LR, RE CVaR1, cryptocur-
[68] o 24h - CVaR5, AV, 63/19/18
Data GBC SharpeRa- ren-
. cies:1557
tio,
SortinoRa-
tio, ESR
Recall,
External Accuracy,
[69] Economic LR,RS;/ M, 24h BTC Precision, BTC:1679 80/20
Data Accuracy,
F1
Technical
Indicators,
[37] %‘a’igcgsr‘ln RF, GB, LR 1;2 Zgnr;l BTC Accuracy | BTC:403440 -
timental
Data



https://doi.org/10.20944/preprints202411.2330.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 December 2024

d0i:10.20944/preprints202411.2330.v2

75 of 100
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. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
MAE,
Blockchain 1d.7d 15[1\:18?%
[42] Data, Price SVM s BTC ’ BTC:2465 80/20
Data 30d, 90d Accuracy,
F1, AUC,
ROC
[210] - ML, SM - - - - -
Price Data, LR,
[70] Technical | LighGBM - Eigﬁgg ‘;;Cuéaocf” - 80/20
Indicators ,XGBoost ’
F-statistic,
Price Data, AccuracyS-
[32] Technical S\él;[f}l{B, - BTC tat, MAE, BTC:4382 -
Indicators ! RMSE,
RAE
Price Data, LR SVM, Accqrgcy,
[211] Technical 15m BTC Precision, | BTC:35040 80/20
. RF, VC
Indicators Recall
For each
[38] Price Data SVM 24h BTC, ETH Accuracy currency -
and more
1826
KNN, LR, 5m, 10m, 90/10,
[39] Price Data NB, RF, 15m, 30m, BTC SPR, MR BTC:72576 80/20,
SVM, EGB 60m 70/30
For each
[63] Price Data RF 24h BTC, ETH, MSE, R2 currency -
and XRP
1433
RMSE, For each
[71] Price Data Kl\él\\lli{RF’ 24h EEE’;T:I MAE, currency 80/20
O™ | MAPE, R2 1825
LR, SVM,
KNN, For each
[40] Price Data Gaussian, 24h BTC, ETH, Accuracy currency 80/20
DR,RF, XRP 1579
AdaBoost,
XGBoost
Price Data, Accuracy, For each
[29] Sentimen- SVM, RF 24h zig,mEcT)gl Precision, currency 70/30
tal Data Recall, F1 80
[76) | Sentimentall v yomv - BTC - - -
Data
[63] Price Data RF 24h BTC MSE, R2 BTC:1433 85/6/9
RF, Accuracy,
[77] Price Data Xgboost, 1h BTC Precision, | BTC:234816(0 70/20/10
LightGBM Recall, F1
LR, BTC, I\E/IIXSI]’E}IE For each
[45] Price Data GBR,SVR, - ETH,and 4 currency -
MAE, AIC,
RFR more 365
BIC
SVR, LR, BTC,ETH, | MSE For each
[46] - KNN. DTR 1h XRP Accuracy, currency 70/30
’ AUC, F1 15880
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Table A1. Cont.
. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
BTC:1011,
ETH:1011,
[78] Price Data X]&EZ)/IS’ t 24h EES'HEOTE - BNB:1011, 80/20
AVAX:593,
SOL:635
SVM, RF,
[33] Price Data Bayesian, 24h BTC RMSE, BTC:74 -
. MAPE
Kriging
Kriging,
[28] Price Data Bayesian, 24h BTC II\{/II\:?)% BTC:167 -
SVM, RF
Péfiﬁiﬁa BTC, XRP, MAE, BTC:2270,
[31] Economi SVR 24h E"i“H ! MSE, XRP:2149, 80/20
conoric RMSE, R2 | ETH:1391
Data
LR TSR
. JHR, Accuracy, .
[41] Price Data LSTM, 24h BTC R2, MSE BTC:1501 80/20
GRU
Price Data,
Technical
Indicators, RMSE, )
[163] External RF, LSTM 24h BTC MAPE BTC:2559 -
Economic
Data
Price Data, LR’RSIY M, Accuracy,
[66] Technical ’ 24h BTC Precision. BTC:3285 -
Indicators XGBoost, F1
lightGBM
Blolgl;igam LSTM MAE,
[79] . ’ 24h ETH RMSE, ETH:1980 80/20
Technical XGBoost
. MAPE, R2
Indicators
. RNN, .
[105] Price Data LSTM, LR 24h BTC - BTC:1076 -
[131] Price Data | LR,LSTM 24h BTC MAE, MSE | BTC:1076 -
MSE, For each
[194] Price Data ML 24h EIE’IE;FE RMSE, currency -
MAE 1277
For each
. Prophet, BTC, ETH,
[74] Price Data XGBoost 24h XRP RMSE currency -
3377
Price Data,
[30] Sentimen- SVM 24h - - - -
tal Data
Accuracy,
! For each
[54] Price Data GB 10m BTC, ETH Re§a.11, currency -
and more Precision,
Fl 48816
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Table A1. Cont.
. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
For each
[50] Price Data LR, R, 24h BTC, ETH, - currency 67/33
SVM LTC
1297
. RMSE, BTC:2577,
[84] Price Data | SETAR,SVR 24h BTC, ETH MAE ETH:2577 80/20
OLS, PLS,
. LASSO, MSFE, R2,
[212] Price Data ENET, 24h - MAE - 70/30
GBRT, RF
Sentimental
[34] Data TI, ML - BTC - - -
Price Data, BTC:1826,
[213] Technical RF, SGBM 24h BTS(’R};TH’ MAPE ETH:1826, 80/20
Indicators XRP:1608
For each
[214] Price Data I;\ljl\lj’ 1m BTS’H}?T?’ Accuracy currency 75/25
ahd more 1994400
Sensitivity,
Specificity,
NB,DT, PPV, NPV, For each
[101] Price Data BG, 24h BES,IET:I BACC, currency 77/23
SVM,RF and thore OA, 918
Kappa,
95% CI
Price Data,
[35] Blockchain LR 24h BTC Accuracy - -
Data
Accuracy,
[126] Price Data SVM 24h BTC Precision, - -
Recall, F1
Price Data,
[60] Blockchain LASSO,DT, 24h BTC Accuracy - -
KNN
Data
Price Data, AVAX, MAE,
[49] Sentimen- LR’I%(:;I? R 24h XRP and RMSE, - 70/30
tal Data ! more MPE
Price Data, | SVR, DTR, For each
[67] Sentimen- RFR, LR, 24h Ezg’rfgg RMSE currency -
tal Data LogR, GPR 27
[47] Price Data LR - BTC, ETH - - 70/30
and more
Price Data, | KNN, LR,
[48] Sentimen- GNB, 24h BTC F1 BTC:2922 80/20
tal Data SVM, EGB
Price Data, MAPE,
[65] Technical RF, SVR 24h BTC RMSE, BTC:2784 80/20
Indicators MAE, R2
For each
[59] Price Data KNNEGB, 4h BTC, ETH Accuracy currency 95/5
RF and more 1795
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Table A2. Deep Learning-based summarized literature review.
. Input . .
Cite Methods | Interval | Currency | Metrics Samples | Train/Test
Category
BTC:1745,
Price NN BTC, LElT(IZ_I 187%175,
[27] Data | SVM, DL 24h ETHEI jnd MAPE | yEMe1027, i
ore XRP:897,
XLM:1745
12 Most
Price FPV, SD, Volume
[89] Data CNN 30m - SR, MDD As- 70/30
sets:12528
Price
[118] Data LSTM 24h BTC MAE BTC:400 80/20
T | e | By
[215] - DL 24h ETH and MAPE USDT-1545 80/20
more BNB:1336
Pri BTC, Accurac For each
[83] ce DL 24h ETH and Y currency 70/30
Data F1
more 1339
MSE,
. . BTC, RMSE, BTC:2885,
[167] 13;‘;; B‘éi%M' 24h ETH, MAE, | ETH:1735, -
ADA MAPE, | ADA:1735
R2
MR, RS,
DR, VaR1,
VaR5,
RNN, CVaR1,
Liveed | CNN, Cvars, | 9P 190
[68] 88 TCN, 24h - AV, YP~ 1 625/375
Data tocurren-
LSTM, SharpeR- cies:1557
GRU atio, ’
Sortino-
Ratio,
ESR
LSTM, RMSE,
[168] - GRU - BTC MAPE - -
Sensitivity,
Price Speci-
Data, RNN, ficity, .
[971 Blockchain| LSTM 24h BTC Precision, BTC:1065 80/20
Data Accuracy,
RMSE
Price Bi-LSTM,
Data, Sen- GRU, . }
[158] timental FinBERT, 24h BTC MAPE BTC:376
Data GRU
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Table A2. Cont.
. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
Price Data, LSTM BTC, MSE, For each
[134] Technical GRU ! 24h ETH,and RMSE, currency 90/10
Indicators more MAE, R? 2208
Price Data, MAE,
External CNN RMSE,
[91] Economic LSTM 3d BTC MAPE, BTC:203 97/3
Data Precision,
Recall, F1
. LSTM,
[122] Price Data ARIMA 5s BTC - - 80/20
[192] - LSTM - - - - -
Technical
Indicators,
Blockchain LSTM, 1m, 5m, )
[37] Data, Sen- | GRU, FEN 15m, 60m BTC Accuracy | BTC:403440 -
timental
Data
MAE,
Blockchain ANN, 1d.7d 1{(/{1\2?)1;,
[42] Data, Price ANN, N BTC ! BTC:2465 80/20
Dat LSTM 30d, 90d Accuracy,
ata F1, AUC,
ROC
Technical LSTM,
[138] Indicators, GRU, 7d2’11:11d’ BTC I%III\I\//IIi% BTC:2283 -
Price Data BiLSTM
MAE, For each
[193] - ETS-ANN 24h BTC RMSE, currency 80/20
MAPE 1461
ANN,
[136] - LSTM, - R - - -
RNN
StdDev,
[133] Price Data BE, ELM, Im BTC, ETH MAD, - 90/10
LSTM
Accuracy
F-statistic,
Price Data, AccuracyS-
[32] Technical ANN - BTC tat, MAE, BTC:4382 -
Indicators RMSE,
RAE
90/10
MAE, g
[151] Price Data LSTM - BTC,ETH, MSE, - 80/20,
XRP RMSE. R2 70/30,
’ 60/40
[s5 | Blockchain DL 1h BTC R2, RMSE - -
Data
For each
[54] Price Data LSTM 10m Ezg’n]fg:: F1 currency -
47952
LSTM, For each
[164] Price Data GRU, 24h BTEZFE:TH’ I\R/II\:?’% currency 80/20
Bi-LSTM 1826
Price Data, RNN, For each
[100] Sentimen- LSTM, 24h BTE,'réRP' RMSE currency -
tal Data GRU 1888
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Table A2. Cont.
. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
[156] Price Data LSTM 24h BTC MSE BTC:1685 -
Price Data, MLP-
[86] Technical 24h BTC MSE BTC:1826 70/30
. NARX
Indicators
Blockchain 70/30,
[115] Data, Price LSTM 24h BTC RMSE - 80/20,
Data 90/10
MSE,
RMSE, )
[123] Price Data LFS gIIiT/[ ] 24h BTC, LTC MAE, ?%g;ggg’ -
MAPE, ’
MPE
. GRU, 1d, 7d, .
[103] Price Data LSTM 30d, 90d BTC - BTC:2078 80/20
ARIMA, MSE,
GARCH, RMSE, For each
[169] Price Data LSTM, 1h SOE%EITC’ MAE, currency -
Trans- MAPE, 3336
former MASE
. GRU, RMSE, LTC:2849,
[148] Price Data LSTM 24h LTC, XRP MAPE, ET XRP:2849 -
For each
[63] Price Data LSTM 24h BTC, ETH, MSE, R2 currency -
and XRP
1433
LSTM
’ RMSE, For each
[71] Price Data GRU, 24h BTC, ETH MAE, currency 80/20
HYBRID, and more MAPE R2 1825
TCN,TFT ’
For each
[40] Price Data MP 24h BTC, ETH, Accuracy currency 80/20
XRP
1579
Price Data, Accuracy, For each
[29] Sentimen- NN 24h EES’HET:I Precision, currency 70/30
tal Data ore Recall, F1 80
6] | Sentimentall yc 1sm - BTC - - -
Data
. Accuracy, .
[81] Price Data DNN 24h BTC MSLE MSE BTC:1744 -
Mean
[63] Price Data | RF, LSTM 24h BTC s%‘;?é‘;d BTC:1433 85/15
(MSE, R2
. RNN, MAPE, ]
[104] Price Data LSTM 24h BTC RMSE BTC:3377 80/20
LSTM,
[112] - GRU - BTC MSE - -
Sentimental CNN, Accuracy,
[141] Data LSTM, - BTC Precision, | BTC:152398 -
BiLSTM Recall, F1
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Table A2. Cont.
. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
LSTM Accuracy,
[77] Price Data ! 1h BTC Precision, | BTC:2348160 70/30
RNN
Recall, F1
RNX, MAPE,
. ’ 15-Min, RMSE, ETH:199584,
[152] Price Data .GRU, 30-Min ETH MAE, ME, | ETH:99792 80/20
Bi-LSTM, R2
Bi-GRU
For each
[161] Price Data DFFNNs, 24h BTC, ETH RMSE currency 80/20
LSTM and more
1461
CNN-
LSTM, BTC, ETH, RMSE, For each
[46] - . 1h Accuracy, currency 70/30
CNN-Bi- XRP AUC, F1 15880
LSTM !
BTC:1011,
ETH:1011,
[78] Price Data LSTM 24h ZES'IET?’ - BNB:1011, 80/20
ore AVAX:593,
SOL:635
[128] Price Data LSTM 24h BTC MSE BTC:1826 -
. RMSE, .
[28] Price Data ANN 24h BTC MAPE BTC:167 -
PI‘ICG. Data, MAPE,
[113] Sentimen- LSTM 24h ETH ETH:432 80/20
MANE
tal Data
Price Data, LSTM Acclzllr acy,
[143] Sentimen- GRU, TCN 24h,1h BTC Precision, BTC:1448 80/20
tal Data
Recall
MAPE,
[103] | PriceData | RNNSESTM, 304 904 ETH RMSE, - -
Bi-LSTM
MAE
EMD-
LSTM,
. VMD- MAE, .
[216] Price Data LSTM.and 24h BTC RMSE BTC:1098 80/20
its combi-
nations
MSE,
[149] Price Data LSTM 1h I:E?’ni(RrE RMSE, BTC:61416 70/30
° NRMSE
[154] Price Data LSTM 24h BTC - BTC:4017 70/30
. GRU, MSE,
[150] Price Data LSTM 24h BTC RMSE - 70/30
TSR HR, Accurac
[41] Price Data LSTM, 24h BTC uracy: | BTC:1501 80/20
R2, MSE
GRU
Price Data, MAE,
[137] Technical ]i‘g}[}II\IZI ! 3d, 5d, 7d BTC RMSE, BTC:3142 -
Indicators MAPE
For each
[87] - MLPLSTM | 1h to24h BTC, ETH HSE currency -
and more 21744
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Table A2. Cont.
. Input . .
Cite Category Methods Interval Currency Metrics Samples | Train/Test
[94] Price Data CNN 24h BTC RMSPE - 60/40
Price Data,
Technical
Indicators, RMSE, )
[163] External RF, LSTM 24h BTC MAPE BTC:2559 -
Economic
Data
MLP,
[120] PriceData | LSTM, 24h BTC MeanRMSE,| - 55573 80/20
GRU StdRMSE
Blockchain MAE
[79] Te]cjl'?rt?c,:al LSTM 24h ETH RMSE, ETH:1980 80/20
Indicators MAPE, R2
[147] Price Data LSTM 24h BTC RMSE, BTC:3166 -
MAE
[105] Price Data Iljgfllf/i 24h BTC - BTC:1076 -
. LSTM, 4h, 12h, RMSE, ]
[130] Price Data GRU oah BTC MAPE, R2 BTC:7962 80/20
[131] Price Data LSTM 24h BTC MAE, MSE | BTC:1076 -
MSE, For each
[194] Price Data ML, DL 24h Ezg’j;r:: RMSE, currency -
MAE 1277
Price Data, LSTM Accuracy,
[217] Technical ALEN’ Im BTC Precision, | BTC:1549440 60/40
indicators Recall, F1
RNN, For each
[74] Price Data I?SI;& 24h BTS(’RI;TH’ RMSE currency -
XGBoost 3377
LSTM, BTC ETH Coil/rlellaEtlon, For each
[121] Price Data | MA, CMA, 24h ’ ’ currency 80/20
ANN and more MAPE, 660
RMSE
Price Data, RMSE
[218] Blockchain | DRCNN,DNDT 24h BTC ! BTC:3166 70/30
Data MAPE
MSE,
[219] Price Data | GRU, MLP 24h BTC RMSE, PR, BTC:531 70/30
R2
Price Data, LSTM, For each
[67] Sentimen- MM- 24h EES'IEOTE RMSE currency -
tal Data LSTM 27
. MSE,
[81] Price Data DNN - BTC MSLE - -
[220] Price Data DFFNN 5m BTC RMSE BTC:231840 80/20
Price Data, RNN MSE, R2,
[109] Sentimen- LSTl\/i Im BTC FB, MAE, | BTC:129316 92/8
tal Data ME
. Accuracy,
Price Data, !
[114] Blockchain | ROM/MEE | 30m BTC Recall, | prc.1980000 -
Data LSTM Precision,
F1
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Table A2. Cont.
. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
Price ]?ata, CNN, BTC, ETH, NSE, EVS, For each
[93] Technical DFNN,GRU 24h and more t-test, currency -
Indicators , BT MAPE 1874
CNN,RW, MAE,
[95] Price Data MLP, 24h BTC MAPE,DSTAT, BTC:3107 80/20
LSTM RMSE
BART- Accurac
Sentimental Z5C, Recall Y For each
[221] Dat FinBERT, 24h BTC, ETH Precisio,n currency 75/25
ata EZU-NB, o 536
EZFU
For each
[155] Price Data LSTM 24h BTC, ETH RMSE currency -
and more
2058
[222] Price Data CA 24h - - - -
. RNN,
[223] Price Data LSTM 24h BTC - - -
[154] - LSTM 24h BTC - BTC:4016 70/30
[146] PriceData | LSTM 24h BTC Al‘fl\‘;rs%c” BTC:1460 80/20
Price Data, LSTM AVAX, MAE,
[49] Sentimen- R BER]’" 24h XRP, and RMSE, - 70/30
tal Data 0 a more MPE
Price Data
’ ANN
[30] Sentimen- ’ 24h - - - -
tal Data LSTM, FS
BTC, ETH, AIC{CG‘;Z‘ICY For each
[54] Price Data | LSTM, GB 10m ETH and L currency -
Precision,
more 48816
F1
Price Data, LSTM
[125] Sentimen- ! 24h DOGE RMSE DOGE:2168 -
GRU
tal Data
[165] Price Data LSTM 24h BTC RNI}/E]? ’ BTC:275 -
TCN, MSE,
. LSTM,GRU, MAE, ‘
[153] Price Data NBEATS, 24h ETH RMSE, R2, ETH:2594 70/30
TFT MAPE
For each
. RNN, MAPE,
[106] Price Data LSTM 24h BTC, ETH RMSE currency 80/20
2160
For each
. ANN, RMSE,
[84] Price Data SETAR 24h BTC, ETH MAE currency 80/20
2577
Price Data, ?:ecclgfocr}:'
[96] Sentimen- CNN 4h ETH 4 ETH:2190 -
Recall, F1,
tal Data
Support
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Table A2. Cont.
. Input . .
Cite C Methods Interval Currency Metrics Samples Train/Test
ategory
DLST, VR, RMSE, F1,
[170] Price Data LSTM, 24h BTC Precision, BTC:2096 70/30
GARCH Recall
ARCH,
GARCH,
[88] Price Data MLP, 24h BTC 1\1/\[/[AAP]§ ’ BTC:2798 -
RNN,
LSTM
For each
[145] Price Data IE;SI}[I{& 24h BTZ:’DI?EH’ 1;41\155, currency 80/20
1826
Accuracy,
[132] | PriceData | LSTM 24h BTC Recall, - 67/33
Precision,
ST
Sensitivity,
Specificity,
PPV, NPV, For each
[101] Price Data ?{A&lrff 24h BTC, ETH, BACC, currency 77/23
and more
OA, 918
Kappa,
95% CI
Price Data, RNN
[99] Blockchain / 24h BTC RMSE BTC:3520 -
LSTM
Data
Igglh;[ ’ RMSE,
[162] Price Data . ! 24h BTC MSE, DA, BTC:3282 -
BiGRU, MAE
LightGBM
RNN
’ for each 70/30,
[102] Price Data DLNN, 24h - RMSE, currency 80/20,
HEM, MAD 1641 90/10
LSTM
Price Data,
[35] Blockchain LSTM 24h BTC Accuracy - -
Data
LSTM, Accuracy,
[126] Price Data CDSA, 24h BTC Precision, - -
MLP Recall, F1
MSE,
. BTC, ETH, RMSE,
[116] Price Data LSTM 24h LTC MAE, - -
MAPE, R2
MAE,
. CNN, | 41, oh, 12h, | BTC,ETH, | RMSE, For each
[224] Price Data LSTM, 16h XRP Accurac currency -
BiLSTM L ¥ 14592
MSE,
[64] Price Data LSTM 24h BTC MAE, BTC:4700 -
RMSE
. RMSE,
[117] Price Data LSTM 24h BTC MAPE BTC:2049 90/10
ANN, MSE,
. CNN, MAPE, )
[127] Price Data LSTM, 24h BTC Accuracy, BTC:2551 70/30
CapsNet Precision
[36] Price Data ARIMA 120d BTC - BTC:2191 -
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Table A2. Cont.
. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
ANN- MAE,
[225] Price Data GARCH, 24h BTC RMSE, BTC:2922 80/20
HONN MAPE
CNN, PSO, RMSE,
. GHO, MAPE,
[92] Price Data BGHO- - BTC Precision, 70/30
CNN Recall, F1
Sentimental
[139] Data LSTM - - - - 80/20
Accuracy,
StdDevia-
[52] Price Data MLP 24h BTC tion, Mean, | BTC:2760 80/20
RMSE,
ROC, AUC
Price Data,
Blockchain RMSE,
[110] Data, Sen- LSTM 30d, 60d BTC MAE BTC:1611 -
timental
Data
MAPE,
[160] Price Data ALRSI,},VIMA’ 10m BTC MAE, BTC:52560 -
RMSE
MAE,
Price Data, FNN MEFE,
[226] Blockchain N AR),( 24h BTC RMSE, BTC:1035 -
Data MAPE and
MASE
SMA,
[98] Price Data GARCH, 24h BTC RMSE, BTC:2031 -
MAE
RNN
Price Data,
Blolgl;igam ANN, RMSE
[203] ’ BNN, SVR, 24h ETH ’ ETH:1213 -
External MAPE
. SVM
Economic
Data
MLP,
ANFIS, RF,
[55] Price Data SVR, 24h BTC - BTC:2237 80/20
MARS,
LASSO
[80] Price Data ANN 24h BTC MSE - -
For each
. SVM,KNN, BTC, ETH,
[57] Price Data LGBM 24h LTC F1, ccuracy Cur;e7ncy -
[129] Price Data iESI}Aﬁ’ 4h BTC MSE BTC:7884 70/15/15
MSE,
. 120d, 7d, RMSE, )
[227] Price Data LSTM 1d, 1h, 1m BTC MAPE, BTC:1314 90/10
MAE
. RNN, .
[107] Price Data LSTM 24h BTC MSE BTC: 1826 -
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Table A2. Cont.
. Input . .
Cite C Methods Interval Currency Metrics Samples | Train/Test
ategory
Price Data, ];\I/I{IIA{RI%FIT{,
[72] Technical 4 ’ 24h BTC MSE BTC: 1002 -
Indicators LASSO,
SVR, DE
Price Data, LSTM,
[159] Sentimen- ARIMA, 24h BTC RMSE BTC: 2922 80/20
tal Data LR
[58] Price Data LSTM, LR 24h BTC, ETH MSE - 80/20
and more
[108] Price Data RNN, 24h BTC - BTC: 3408 80/20
LSTM
[157] Price Data LST™M 24h, 1h BTC MSE BTC:36997 -
[a0] | Sentimentall popyy 24h BTC RMSE, | e 731 ;
Data Accuracy
ARMA, For each
[201] Price Data NN, 5m BTG, ES, MAPE, currency -
GARCH, GSPC Accuracy 630144
HAR
[82] Price Data ANN 1h BTC - - -
Table A3. Deep reinforcement learning-based summarized literature review.
. Input . .
Cite C Methods Interval | Currency Metrics Samples | Train/Test
ategory
Price MAE,
Data, LTC, MAPE, LTC:1276,
[228] Blockchain RL 24h XMR RMSE, XMR:1826 80/20
Data MSE
CumR,
BTC, Sharp eR- For each
[229] : DRL 24h | ETHand | (2" | currency -
more Sortlp o 1429
Ratio,
MD, VAT
Price
Data, Sen-
timental PPO,
[230] Data. Al- A2C, - - - - -
" DDPG
ternative
Data
SA-NET,
Price SA-NET- mean,
Data, NF, standard
[251] Blockchain| Betan- 30m ) devia- ) )
Data court and tions
Chen



https://doi.org/10.20944/preprints202411.2330.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 December 2024

d0i:10.20944/preprints202411.2330.v2

87 of 100
Table A3. Cont.
. Input . .
Cite Category Methods Interval Currency Metrics Samples | Train/Test
DERL, Q-
learning,
. evolution CLR,
[232] Price Data strategy, 1m BTC MDD, RR - -
and Policy
Gradient
Price Data, RL + MAE
Blockehain | g1 4 chain MSE, | XMR:1850
[228] [t)f;fnstearl‘ frame- 24h LTC XMR | pivisk, LTC:1850 80/20
D(; ta work MAPE
Price Data, Q-
[233] Technical learning, 24h BTC - BTC:3726 80/20
Indicators DQON
. PPO,
[234] Price Data A2C TradeR - - - -
[235] - PPO, A2C - prc | cumulative - -
return
DRL BTC, LTC,
[236] - neural 1h - - -
ETH
model
PPO, A2C,
A3C,
[237] Price Data APPO, 4h BTC - - 80/20
DOQON,
IMPALA
Direct
[229] . Reinforce- . BTC, ETH Sortino . )
ment and more
Learning
PPO, A2C,
A3C,
[237] Price Data APPO, 4h BTC - - 80/20
DON,
IMPALA
Direct
[229] ) Reinforce- ) BTC, ETH Sortino } }
ment and more
Learning
GAF-
[85] Price Data CNN, 15m ETH - - -
PPO-RL
Price Data, Ensoelri:ble BTC, Ssij;n(;’
[238] Technical poucy, 1h ETH,and narp - -
. FinRL, ratios and
Indicators more
Buy-hold more
Price Data, PPO,
[239] Technical CNN- - EIE'IEOTE Accuracy - 70/30
Indicators LSTM
Price Data,
Technical TradCeIENet- BTC,
ndicators, ,2an. - - -
[240] Indi DDQ’N 1h ETH,and
Sentimen- ! more
tal Data PPO
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Table A3. Cont.
. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
Price .Data, PPO, TD3, BTC, ETH cumulative
[241] Techincal 5m return, - -
. SAC and more .
Indicators volatility
annualized
DDQON,
[184] | PriceData | buyand oan | BTGETH | retumn, - -
and more | max draw-
hold
down
[242] Price Data | DD-DQNs Im BTC - - -
D-DDQN,
[243] Price Data DDQN, 15m BTC - - 80/20
BO
Price Data
. MSE,
Blockchain RBFNN, XMR, LTC, MAPE,
[244] Data, Sen- BPNN, - - 80/20
. ORY, BTC RMSE,
timental ARIMA
MAE
Data
BTC, For each
[204] Price Data NNETAR, - ETH,and MAE, currency 80/20
CSsS RMSE
more 1296
BART, For each
[207] Price Data CART, - BT(;(’RI;TH’ RMSE currency 80/20
ARIMA 789
Price Data,
[124] Sentimen- ARIMA 1m, 1h BTC RMSE BTC:187200 80/20
tal Data
BTC, MAPE For each
[191] Price Data ARIMA 24h ETH,and ’ currency 85/15
RMSE
more 1328
. ARIMA, RMSE, )
[61] Price Data ES, TS 24h BTC MSE BTC:1000 75/25
. RMSE,
[73] Price Data ARIMA 24h BTC MAE, R2 - -
RMSE,
[245] Price Data ECMs - BTC MAE, - -
MAPE
[206] Price Data BART 24h BTS(’RI;TH’ RMSE BTC:789 80/20
Prophet,
ARIMA,
LSTM,
[192] - XGBOOST, - - - - -
SVM, LR,
NB
Technical
[138] Indicators, GARCH 7d, 14d, BTC HMSE, BTC:2283 -
. 21d HMAE
Price Data
MAE, For each
[193] - ARIMA 24h Bfncoi;‘d RMSE, currency 80/20
MAPE 1461
MAPE,
[160] Price Data ARIMA 10m BTC MAE, BTC:52560 -
RMSE
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Table A4. Statistical learning-based summarized literature review.
. Input . .
Cite Methods Interval Currency Metrics Samples | Train/Test
Category
For each
. BTC, ETH, MAE,
[198] Price Data GARCH 24h and more HIMSE, R2 currency 98/2
1458
Box-
Jenkins, FE, MFE,
. AR, MAE, )
[197] Price Data MA ARIMA 24h BTC MSE, BTC:2028 98/2
ACF, RMSE
PACF, GS
. SMA, RMSE, )
[98] Price Data GARCH 24h BTC MAE BTC:2031 -
[196] Price Data ARIMA - - Accuracy - -
. RMSE,
[209] Price Data GTM 1h BTC MAE BTC:13896 -
. ARCH, MAPE, ]
[88] Price Data GARCH 24h BTC MAE BTC:2798 -
Blockchain 70/30,
[115] Data, Price ARIMA 24h BTC RMSE - 80/20,
Data 90/10
MSE,
. ARIMA, soL, BTC, | RMSE, For each
[169] Price Data GARCH 1h ETH MAE, currency -
MAPE, 3336
MASE
MAE,
Price Data, BTC, MSE, For each
[195] Technical ARIMA 24h ETH,and RMSE, currency 80/20
Indicators more Mean, 2121
Accuracy
MAPE, For each
[246] Price Data FG 24h BT(Ii’TIéTH’ MAE, currency -
RMSE 14
MSE,
. BTC, ETH, RMSE,
[116] Price Data ARIMA 24h LTC MAE, - -
MAPE, R2
LSTM,
GRU,
HEIEIII{\IID’ BIC ETH RMSE, For each
[71] Price Data ! 24h ! MAE, currency 80/20
TCN, andmore | 1 \pp Ro 1825
ARIMA, ’
TFT, RF,
SVR
GARCH, For each
[161] Price Data EGARCH, 24h BTC, ETH RMSE currency 80/20
AP- and more 1461
GARCH
. RMSE, )
[33] Price Data ARIMA 24h BTC MAPE BTC:74 -
. RMSE, )
[28] Price Data ARIMA 24h BTC MAPE BTC:167 -
For each
[87] - GARCH 1h to 24h ]ZEdC,n];:TrH HSE currency -
ore 21744
[147] Price Data ARIMA 24h BTC Rl\l/}/[ASE ’ BTC:3166 -



https://doi.org/10.20944/preprints202411.2330.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 December 2024

d0i:10.20944/preprints202411.2330.v2

90 of 100
Table A4. Cont.
. Input . .
Cite C Methods Interval Currency Metrics Samples Train/Test
ategory
Blockchain 50/50,
Data, 60/40,
[205] External ANFIS 24h BTC RMSE BTC:2858 70/30,
Economic 80/20,
Data 90/10
For each
[74] Price Data ARIMA 24h BTS('R};TH’ RMSE currency -
3377
Sentimental
[199] Data, Price VAR 7d BTC - BTC:208 -
Data
BTC: 1095
. BTC, ETH, ,ETH: 1095,
[200] Price Data JRRS 24h and more - LTC: 730, -
XRP: 730
' ARMA, BTC, ES, MAPE, For each
[201] Price Data GARCH, 5m GSPC Accurac currency -
HAR y 630144
For each
[202] Price Data iﬁlﬁ\ii’ 24h BTgi\IE];TH’ - currency -
1877
For each
[203] Price Data GEIS{\(/?’H 24h BTC, ETH MSE currency -
and more
100, 300
. MARS, )
[55] Price Data LASSO 24h BTC - BTC:2237 80/20
Price Data, ARIMA,
[75] Technical Prophet, - BTC MAPE, R2 - -
indicators XGBoost
Price Data,
[159] Sentimen- ARIMA 24h BTC RMSE BTC: 2922 80/20
tal Data
Correlation,
MPE,
. MAPE, ]
[208] Price Data LS 24h BTC RMSE, SD, BTC: 354 -
SharpeRa-
tio
[122] Price Data ARIMA 5s BTC - - 80/20
[53] Price Data ARIMA 1h BTC Accuracy | BTC:29592 -
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