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Past, present, and future of the application of machine

learning in cryptocurrency research

Abstract: Cryptocurrency has captured the interest of financial scholars and
become a major research topic in blockchain. In cryptocurrency research, the use of
machine learning algorithms is enabled by the presence of many types of data and
abundant resources. However, there is currently no comprehensive review on
cryptocurrencies using machine learning. Therefore, we collect papers on
cryptocurrency-related using machine learning in the web of science database, and
summarise these papers according to the algorithm, and draw the following conclusions:
(1) The application of machine learning for cryptocurrencies research is increasing
year over year; (2) Predicting cryptocurrency price trends and income fluctuations is
the most relevant research topic; (3) The machine learning algorithm utilised in
cryptocurrency research is not unique, and the practise of combining multiple machine
learning approaches has emerged; (4) Concerns such as overfitting and interpretability
still persist with machine learning methods.. Finally, we suggest future research

directions.
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1. Introduction

Cryptocurrency is a rapidly expanding global market. (Delfabbro et al., 2021;
Derbentsev et al., 2021). Cryptocurrencies are used for cross-border payments and
financial investments, making them a valuable digital and safe-haven asset (Kim et al.,

2021; Kamal and Hassan, 2022). There are over 9,000 cryptocurrencies with a total



market capitalization of $1.01T as of August 2022 !. The bottom layer of
cryptocurrencies is a distributed ledger known as blockchain (Nakamoto, 2008). The
data types and accessibility of cryptocurrencies provide a foundation for research in
this area. However, big data pose severe challenges to data-processing systems.
Machine Learning (ML) algorithm is suitable for large-scale data processing and has
achieved remarkable success (Jordan and Mitchell, 2015). Specifically, as processing
power and analytical tools develop, ML algorithms are increasingly utilised to design
cryptocurrency investment strategies, trade fraud identification, illegal transaction
identification, sentiment analysis, and predict cryptocurrency price and volatility
(Goodell et al., 2021). On the one hand, ML algorithms can assist investors in obtaining
larger profits. On the other hand, ML algorithms might cause a heightened sensitivity
to the price of cryptocurrencies, resulting in significant price fluctuation. As the
financial market pays more attention to cryptocurrencies, ML algorithms have
gradually attracted the interest of academics (Alhenawi et al., 2022; Ahmed et al., 2022;
Shahbazi and Byun, 2022). Bitcoin (BTC), the most well-known cryptocurrency, is the
first widely used decentralised digital currency (Ferdous et al., 2021). Bitcoin accounts
for the majority of cryptocurrency research, and price and volatility forecasts have
become popular topics (Jia et al.,2022). Therefore, ML algorithms should be given
specific consideration in cryptocurrency research and summarised as required.

A few literature papers on cryptocurrencies have compared the performance of
various ML algorithms in cryptocurrencies analysis and prediction. For example,
Anghel (2021) compared the differences in the application of ML algorithms and

technical analysis algorithms in cryptocurrency trading rules and found that both

! data source: https://cn.investing.com/crypto/currencies



algorithms could effectively predict the price of cryptocurrency; however, the
prediction effect was greatly reduced after controlling for some factors, indicating that
the cryptocurrency market is effective. In addition, ML algorithms outperformed
technical analysis in predicting the performance of small and illiquid cryptocurrencies.
Khedr et al. (2021) summarised the research of ML algorithms in cryptocurrency price
prediction from 2010 to 2020. Researchers believe cryptocurrency research is still in
its infancy, and the prediction performance of the neural network (NN) model is better
than that of the time series model. Models that rely on training tend to predict
cryptocurrency price and volatility better. Al-hashedi and Magalingam (2021) focused
on the application status of machine-learning algorithms for financial fraud detection.
They found that the support vector machines (SVM) is the most widely used detection
technology, followed by naive Bayes and random forest (RF). The aforementioned
works have offered a complete description and comparison of the application of ML
algorithms in various study domains, which can assist future researchers in gaining a
thorough grasp of the current state of the subject. However, these studies focus on a
specific aspect of cryptocurrencies and lack a comprehensive examination and analysis
of their condition as a whole.

To this end, we retrieve and classify the literature using ML algorithms in
cryptocurrency analysis from 2000 to 20222, conduct a systematic literature review,
and propose future directions based on the collected 431 papers (from the Web of
Science (WOS) database) that used or reviewed various ML algorithms, such as deep
learning, reinforcement learning, and random forest.

The contributions of our study are as follows. First, this study is the first

systematic review of the literature on ML algorithms in the cryptocurrency region. This

2 Note: the purpose of this paper is to collect as much literature as possible related to the research objectives
of this paper.



study has compiled a set of frontier methods for cryptocurrency research, including
supervised algorithms and unsupervised learning algorithms. Second, the literature
analysis method adopted in this study is objective and advanced. In our work, the
knowledge graph method is used to explore the relationship and structure in these
papers. In addition, this study also uses manual collection and sorting to determine the
application status of different types of algorithms in cryptocurrency research. Third,
our work reviews the essential topics of cryptocurrency research, including the price
prediction of cryptocurrency, identification of illegal cryptocurrency transactions, and
design of cryptocurrency investment portfolios, which provide a reference for future
research. Finally, we propose future research directions and discuss important research
topics in this field, which is a summary of cryptocurrency research.

The remaining sections of this work are structured as follows. This study's
literature review methodology and data are introduced in Section 2. Section 3 provides
a comprehensive overview of the literature we gathered and the corresponding findings.
In Section 4, the ML algorithm for cryptocurrency research is discussed. Section 5
presents the outlook for future research in this topic, while Section 6 provides the

conclusion.

2. Data and methodology

2.1 Background on Machine learning and Cryptocurrency
2.1.1 Machine learning

Researchers generally believe that ML algorithms are used to determine rules by
analysing massive data samples and conducting mathematical modelling on the
samples to complete tasks such as classification, clustering, and prediction. According

to Jordan and Mitchell (2015), "Machine learning addresses the question of how to



build computers that improve automatically through experience". Table 1 lists the four
definitions of ML algorithms. The differences in the algorithms are mainly reflected in
the representation of candidate programs and how the search is performed in the
program space.
Insert Table 1 here

ML algorithms are designed to accomplish two main tasks: supervised and
unsupervised learning. Supervised learning means that a sample includes both input
and output indicators. ML algorithms build a rule, and the input indicator is mapped to
the output using this rule. In unsupervised learning, the samples do not have the
original labels. In other words, there are no output indicators. ML algorithms can be
used in financial modelling, molecular and materials science (Suzuki et al., 2020),
cancer prognosis and prediction (Kourou et al., 2015), genetics, and genomics
(Libbrecht and Noble, 2015). Among them, supervised learning is the most commonly
used.

Moreover, ML algorithms can be divided into four categories, as shown in Figure
1. The first type is a supervised learning algorithm, such as linear regression, decision
tree, and SVM. The second type is an unsupervised learning algorithm, including a
dimensionality reduction algorithm, density estimation, clustering algorithm, etc. The
third type is a semi-supervised learning algorithm, which is between a supervised
learning algorithm and an unsupervised learning algorithm, such as a generation or co-
training model. The last type is other algorithms not covered by the above three
categories, such as reinforcement learning, combinatorial modelling, and text analysis.

Insert Figure 1 here

2.1.2 Cryptocurrency

According to Merriam Webster's definition, "cryptocurrency” refers to any form



of currency that only exists digitally?, that usually has no central issuing or regulating
authority, but instead uses a decentralised system to record transactions and manage
the issuance of new units, and that relies on cryptography to prevent counterfeiting and
fraudulent transactions.

Corbet et al. (2019) defined cryptocurrency as a peer-to-peer electronic cash
system that allows online payments to be sent directly from one party to another
without going through a financial institution. The other definition given by Delfabbro
et al. (2021) is "digital 'coins' or assets based on blockchain technology™.

2.2 Data collection
2.2.1 The source of data collection

WOS and Scopus are the primary sources of citation data (Mongeon and Paul-Hus,
2016), of which Thomson Reuters founded WOS, and Elsevier owns Scopus. For quite
a long time, WOS has been the only database of publications and citations covering all
scientific fields, thus becoming a valuable tool for bibliometric analysis (Vieira and
Gomes, 2009). Compared with Scopus, WOS has a much longer history, and users can
access earlier research records. In addition, WOS can carry out detailed citation
analysis of the literature (Falagas et al., 2008), and the literature records can be
downloaded and directly analysed using the Citespace software. Therefore, we selected
the WOS database for this study.

2.2.2 Keyword selection strategy and refinement process

According to the definition of important concepts, we set up retrieval statements
in the WOS (Core Collection). The retrieval statement defines the publication type and
retrieval subject. As shown in Table 2, the retrieval statement consists of three parts:

the retrieval statement related to ML algorithms and cryptocurrency and the two

8 Merriam-Webster. (n.d.). Cryptocurrency. In Merriam-Webster.com dictionary. Retrieved November 22,
2020, from https://www.merriam-webster.com/dictionary/cryptocurrency



document types, including articles and reviews. The paper we collected should
simultaneously meet these three conditions at the same time.
Insert Table 2 here
We searched the WOS (Core Collection) literature and obtained samples (see
Appendix 1). Within the full-time frame of the database, 431 pieces of paper met the
search criteria. Among them, the first article appeared in 2014. Figure 2 shows the
number of articles published from 2014-2021. One article was published from 2014 to
2022, and the number of relevant studies increased rapidly after 2018, reaching 179 in
2021.
Insert Figure 2 here
2.3 Study methodology and tools
In the bibliometric analysis of this study, co-citation networks, keyword bursting,
and performance analyses are selected. Co-citation analysis is a literature coupling
analysis method that can present a clear knowledge structure in a field (Small, 1973).
Burst analysis measures the sudden change in keyword frequency over time and
duration (Kleinberg, 2002), which can find potentially interesting works and attract

significant attention in a short time (Chen et al., 2009).

3. Findings
3.1 Performance analysis of ML research in cryptocurrency
3.1.1 Top cited article

Some studies have had an important academic status in researching this topic
because of their high citation counts. Therefore, a different explanation is required. As
shown in Table 3, the most cited article among the sample is Urquhart's (2017) study

on the BTC's inefficiency. This paper concludes that the cryptocurrency market, like



other financial markets, also has price clustering and that cryptocurrencies' price and
trading volume are closely related to this phenomenon. In addition, the first four papers
were published in short articles before 2017, the earliest influential exploration in the
cryptocurrency field.
Insert Table 3 Here

3.1.2 Important journal

As listed in Table 4, 43 articles were published on IEEE Access, and the specific
gravity was 9.885%. Journals' JCR classification is based on computer science, theory,
and methods. The journal names Applied Soft Computing and Neural Computing
Applications, which belongs to this field, also include many articles. In addition to
journals in the computing field, business-related journals (including business, finance,
and operations research and management science) have also published related papers.
For example, 20 articles in our sample were published in Finance Research Letters.
Ten articles were published in Expert Systems with Applications, and seven were
published in Research in International Business and Finance.

Insert Table 4 Here

3.2 Structure analysis of ML algorithms in cryptocurrency
3.2.1 Co-citation network

As shown in Figure 3, the co-citation network consists of 395 nodes and 730 edges.
The network was trimmed using the Pathfinder algorithm. The network modularity
value was 0.8623 (larger than 0.3), indicating that the network's community structure
is significant. The silhouette coefficient reflects network homogeneity. The higher the
silhouette coefficient, the better the result of network clustering. In this network, the
value of this indicator is 0.9359, indicating that the clustering results are credible.

In the co-citation network, nodes represent the corresponding articles, and the



connection between nodes indicates that the two connected articles are cited by one
article simultaneously. The denser the connection, the closer the relationship between
the literature in the group and the corresponding research topics. The colours of the
nodes in Figure 3 are also different, representing the different clusters to which the
literature belongs. According to the clustering algorithm provided by CiteSpace,
cluster labels were obtained, and the colours of the different clusters were also different.
In addition, CiteSpace also numbered the tags according to the size of each cluster.
The largest category is Bitcoin prediction, followed by liquidity connectivity and
technical trading.
Insert Figure 3 Here

3.2.2 Evolution of research topics

Figure 4 plots the burst emergence of keywords, and 15 keywords have been hot
topics for some time. This Figure shows the top 15 keywords and sorts them according
to the start and end time of emergence. Among them, the word expression appeared the
earliest, with the corresponding intensity of 2.52, and the period was from 2015 to
2018. The following keywords are price clustering and economic policy uncertainty.
Keywords can be divided into two categories: model keywords and topic keywords.
Model keywords include region, time series, prediction, predict predictive model,
Spillover etc.; topic keywords include price clustering, economic policy uncertainty,
inefficiency, return, smart contract, stock, Internet, etc. This indicates that since 2019,
researchers in this field have generally focused on the price prediction of
cryptocurrency. The research object has also transitioned from price accumulation to
economic policy uncertainty, smart contract and the Internet.

Insert Figure 4 Here

3.2.3 Application of machine learning in cryptocurrency



From the analysis of keyword emergence, we can see that regression, time-series,
and prediction-related models have become the corresponding research hotspots.
Researchers have also received special attention for cryptocurrency price prediction in
co-citation analysis. Therefore, this section introduces several algorithms commonly
used in cryptocurrency research, such as neural networks, deep learning, and
reinforcement learning. They play an essential role in the price characteristics of
cryptocurrencies, identifying illicit transactions, etc.

(1) Linear model

Researchers often use linear models to characterise the linear correlation between
variables. The advantages of linear models are their simplicity of operation and
interpretability. Table 5 presents the application of linear models in cryptocurrencies,
and we found that linear models are often used to predict the prices of cryptocurrencies
(Chen et al., 2020; Cohen, 2020; Poongodi et al., 2020; Saad et al., 2020; Uras et al.,
2020; Akyildirim et al., 2021; Mohamed et al., 2022; Sebastiao and Godinho, 2021).

Insert Table 5 Here

Linear models have also become important for analysing cryptocurrency adoption
behaviour (Nikic, 2018; Gagarina et al., 2019). In these studies, linear models can be
used alone or compared with other models. In addition, linear models can also be used
to build combinatorial models for price forecasting research.

For example, Chen et al. (2020) used linear model and ML algorithms to predict
Bitcoin price. They found that linear models were better than other ML models.
Poongodi et al. (2020) compared linear models and the SVM model in Ethereum price
prediction and found that linear models are better than the SVM model. Akyildirim et
al. (2021) compared the effects of linear models, SVM, neural networks, and ensemble

models on cryptocurrency prediction. They believed that ML algorithms could make



short-term predictions of cryptocurrencies. Researchers also have constructed
ensemble models based on linear models (Saad et al., 2020). In addition, media
sentiment is used to make cryptocurrency price predictions (Yasir et al., 2020).
Scholars have sought to improve model prediction accuracy by constructing linear
models. Borges and Neves (2020) also supported this conclusion. They found that ML-
based investment selection was better than random selection.

There are a few cases where the linear model is used alone for the analysis. In
their exploration, scholars mainly used a variety of algorithms, including linear models,
for comparison or integration. Researchers have generally used linear models to study
cryptocurrencies since 2018 and have achieved certain results. There are few cases in
which the linear model is used alone for analysis in their exploration. Therefore, it can
be said that linear models are a fundamental algorithm for conducting cryptocurrency
research, especially in cryptocurrency price forecasting.

(2) Decision tree

The decision tree model is a supervised learning algorithm that can deal with
classification tasks. Decision tree algorithms include ID3(Quinlan, 1979; Quinlan,
1986), C4.5(Quinlan, 2014) and CART (Breiman et al., 1984). The key to building a
decision tree is the selection of the optimal partition index, and the primary selection
bases are information gain and the Gini index. The tree must be pruned to avoid
overfitting. Recently, the random forest algorithm based on the decision tree has
attracted many researchers' attention.

The decision tree algorithm is primarily used for illegal transaction identification
and price prediction in cryptocurrencies. Relatively few studies on cryptocurrency use
the decision tree algorithm alone. As seen in Table 6, Most studies have combined

decision trees and optimisation algorithms to improve the efficiency and accuracy of



judgment. In our sample, at least nine articles used a decision tree.
Insert Table 6 Here

For example, Zhou et al. (2020) used a decision tree to classify commodities in an
ideal market to identify illegal trades involving cryptocurrencies. Al-Haija and
Alsulami (2021) used two supervised learning algorithms, including a decision tree, to
identify ransomware payments. Their research showed that the two-classification
algorithm based on the decision tree had an accuracy of 99.9%, and the multi-
classification algorithm had an accuracy of 99.4%. Nerurkar et al. (2021) proposed an
ensemble decision tree algorithm to identify illegal transactions and users in the BTC
exchange market, outperforming SVM and logistic regression with an accuracy rate of
91%.

In the identification of illegal transactions, researchers not only need to design
ensemble algorithms, including the decision tree model, but also need to compare the
partition accuracy of different algorithms. Among them, the decision tree algorithm
has high division accuracy. In addition to identifying illegal transactions, decision tree
algorithms are used for prediction. For example, Chen et al. (2021b) used the GARCH
model and decision tree algorithm to predict BTC's price and found decision tree has
higher accuracy. Sun et al. (2020) use a light gradient boosting machine (Light GBM)
to predict the prices of 42 currencies. Their research found that the comprehensive
strength of cryptocurrencies affects the prediction performance and that the Light GBM
algorithm is better than the other algorithms.

(3) Neural Network

An Artificial Neural Network (ANN) refers to a series of mathematical models
inspired by biology and neuroscience. These models simulate biological neural

networks by abstracting the human brain's artificial intelligence (A. I.) neural network.



ANN is also referred to as neural networks or neural models. According to different
network structures, neural network models can be divided into feedforward networks
(multilayer perceptron (MLP)), feedback networks (memory networks), and graph
networks. Feedforward networks include fully connected feedforward networks and
convolutional neural networks (CNN); memory networks include recurrent neural
networks (RNN), Hopfield networks, Boltzmann machines, and restricted Boltzmann
machines, which mainly include graph convolutional networks, graph attention
networks, and message-passing neural networks.

According to the universal approximation theorem (Cybenko, 1989; Hornik et al.,
1989), neural networks can approximate any given continuous function and, thus, have
powerful fitting capabilities. Therefore, neural network models have extensive
applications in cryptocurrency risk management. Among the articles we collected, 37
papers used neural network models (see Table 7), most of which were used in
prediction, and a few were used in investment strategy.

Insert Table 7 Here

Neural networks are primarily used to predict cryptocurrency prices or returns.
The algorithms they used include long short-term memory (LSTM) (Alonso-Monsalve
et al., 2020; Patel et al., 2020; Saad et al., 2020; Alkhodhairi et al., 2021), CNN,
Bayesian neural networks (Jang and Lee, 2018; Cocco et al., 2021), and deep neural
networks (Sattarov et al., 2020; Wei et al., 2021). The LSTM model is a time RNN that
can solve the disappearing and exploding gradient problems in a simple RNN. By
constructing LSTM models or constructing more complex models based on LSTM
models, researchers have found that LSTM models are highly accurate and robust.

In addition to the prediction problem, the investment strategy problem is

important for applying neural network models. Researchers use neural network models



alone when solving cryptocurrency investment strategy problems, such as LSTM, RNN,
CNN, and ANN. However, they use deep reinforcement learning (DRL) models for
portfolio management and trading system design (Lucarelli and Borrotti, 2020; Weng
et al., 2020). In addition, neural network models have been used to solve Bitcoin
address classification and blockchain node feature recognition (Michalski et al., 2020).

(4) Support Vector Machine

SVM (Cortes and Vapnik, 1995) is a critical classification model used in text
analysis (Table 8). SVM are typically used to predict cryptocurrency prices. Regression
models based on SVM have also been adopted to make more accurate predictions.
Furthermore, the SVM is used to design an automatic cryptocurrency trading model for
the investment strategy problem. Unfortunately, the SVM is more sensitive to the
choice of the kernel function, and thus, it is not suitable for large-scale datasets. This
has led researchers to combine SVM with other models in cryptocurrency risk
management research (Valencia et al., 2019; Akyildirim et al., 2020; Sun et al., 2020;
Sun et al., 2021).

Insert Table 8 Here

Additionally, SVM was also used as a benchmark model. Researchers have
compared it with other models to judge the prediction performance, but they have
obtained different conclusions (Chen et al., 2020; Sun et al., 2020). For example, Chen
et al. (2020) predicted the Bitcoin price and found that SVM performed best among
ML models. However, Sun et al. (2020) found that the light gradient boosting machine
(Light GBM) was better than the SVM in predicting cryptocurrency prices.

In addition, SVM and its extended form are also used in cryptocurrency portfolio
management (Madan et al., 2015; Zbikowski, 2016). For example, Zbikowski (2016)

compared the performance of simple technical indicators, the box SVM, and the



volume weight SVM in automatic Bitcoin trading. The authors found that using ML
models can improve overall trading performance. Madan et al. (2015) used an SVM to
design a Bitcoin automatic trading algorithm and found that the error rate of the SVM
was higher. SVM also has applications in other cryptocurrency areas (Michalski et al.,
2020; Akba et al., 2021).

(5) Clustering methods

Clustering algorithms are classic unsupervised ML algorithms. When a training
sample is unlabelled, and the researcher hopes to obtain the inherent law of the training
sample through data analysis, a clustering algorithm is often selected. There are two
main types of clustering algorithms: hierarchical clustering and k-means clustering.

Table 9 reports the application of clustering algorithms in cryptocurrency research.
In our sample, at least 18 papers use clustering algorithms to study cryptocurrency-
related problems. Such as the price characteristics of cryptocurrencies, market
structure, herd behaviour, etc. Clustering algorithms can be used in research in many
cryptocurrency fields. Researchers can work with clustering algorithms alone or in
combination with complex networks, decision trees, and Neural Networks. For example,
when a clustering algorithm is used to analyse the price characteristics of
cryptocurrencies, Papadamou et al. (2021) used the club-cluster algorithm to divide
cryptocurrencies into two groups, and their study found that out of 216
cryptocurrencies studied, 207 exhibited herding behaviour.

Insert Table 9 Here

Manavi et al. (2020) used a hierarchical clustering algorithm to analyse the
correlation between cryptocurrencies and other assets and showed that most assets and
cryptocurrencies had no significant correlations; the cryptocurrency and foreign

exchange markets belong to different clusters. Kondor et al. (2014) conducted a cluster



analysis of the Bitcoin transaction network when clustering algorithms were used in
related research on blockchain transactions. They found that the clustering coefficient
of the Bitcoin transaction stage is higher.

(6) Reinforcement learning

Reinforcement learning is an approach that continuously learns from interactions
to solve such problems. As shown in Table 10, reinforcement learning and deep
learning are often used in cryptocurrency research, called deep reinforcement learning
(DRL). DRL is performed by defining the problem using reinforcement learning and
optimising the objective function using deep learning. DRL algorithms can be divided
into policy gradient and Q-value learning methods.

Insert Table 10 Here

Reinforcement learning algorithm is mainly used to formulate and execute
cryptocurrency investment strategies. For example, Lucarelli and Borrotti (2020)
proposed a deep Q-learning portfolio-management framework. The framework consists
of a local agent that understands asset behaviour and a global agent that understands
global rewards. The framework was applied to a portfolio of encrypted assets composed
of four cryptocurrencies and achieved the expected results. Weng et al. (2020)
proposed a cryptocurrency portfolio management system based on a deep neural
network. The system used a deep CNN to update the reward signal for reinforcement
learning. The proposed method has a lower short-term risk index than the traditional
method. Sattarov et al. (2020) designed a cryptocurrency trading algorithm based on
DRL. Using this algorithm, researchers can find suitable trading points, increasing
Bitcoin's original return by 14%. Li et al. (2021a) proposed a novel ensemble portfolio
optimisation (NEPO) framework that combines LSTM models and reinforcement

learning algorithms. Empirical analysis shows that the NEPO framework can improve



prediction accuracy.

Reinforcement learning algorithms are used in blockchain transaction design and
identifying illicit transactions. For example, Lim et al. (2021) used the DRL algorithm
to identify criminal networks using cryptocurrencies. Reinforcement learning has also
been used to study Bitcoin mining mechanisms. For example, Rakkini and Geetha
(2021) used reinforcement learning algorithms to design an incentive mechanism to
motivate miners to continue linking new blocks after honest blocks.

(7) Other algorithms

This study cannot exhaust all ML algorithms. In addition to the above methods,
some algorithms, such as the ensemble model, are used in cryptocurrency research. The
combined model proposed by the authors can predict real-time data under a non-
stationary background. For example, Fang et al. (2021) constructed a neural network
model and added the LSTM model as a neuron into the framework of the combined

model to predict cryptocurrency prices.

4. Discussion on machine learning used in cryptocurrency research

Above, we provide a systematic review of ML in cryptocurrency research.
Although cryptocurrency market research using ML has been around for eight years
(2014-2022), this is just the beginning of cryptocurrency research (Goodell et al., 2021;
Ahmed et al., 2022). It is necessary to think dialectically about the breakthroughs and
problems faced after applying ML algorithms to cryptocurrency research to provide
theoretical guidance for research in this field.

4.1 The benefits of machine learning
ML algorithms can improve the accuracy of cryptocurrency price prediction. The

connotation of price prediction includes two aspects: the prediction of price trends and



the prediction of absolute prices. Traditional econometric models face challenges in
flexibly handling high-dimensional and high-frequency data. In addition, traditional
methods require more computational time. Therefore, ML has certain advantages in
processing cryptocurrency data. In the literature we have collected, deep learning
algorithms, such as neural networks, predict the price movements of cryptocurrencies.
The LSTM model introduces the concept of control gates, which the model can filter.
The most valuable information for forecasting activities is extracted, thereby
improving the accuracy of forecasting (Ji et al., 2019; Lahmiri and Bekiros, 2019)

ML algorithms can process different types of large-scale data to maximise the
value of the information. As the complexity of encrypted currency data, such as
transaction data, blockchain network data, transaction fees, and other block data,
increases, researchers must use different models to capture more complex data forms
(Jay et al., 2020). ML algorithms can process price-return data for cryptocurrencies,
such as Bitcoin (Sebastiao and Godinho, 2021) and data on blockchain node addresses
(Zheng et al., 2020). Chen et al. (2020) showed that machine-learning models
outperform traditional statistical methods in handling high-frequency data. The RMSE
comparison of different ML models showed that the mixed model had a lower error
level and better prediction accuracy (Nosratabadi et al., 2020). Kamisalic et al. (2021)
compared various algorithms in fraud detection, which need to deal with encrypted
data in the blockchain. They found that the best algorithms in the field of fraud
detection are random forest and gradient boosting.
4.2 The challenges of machine learning

ML algorithms still have the following shortcomings: first, this algorithm has the

problem of overfitting; second, the algorithm also has the problem of difficulty in



explaining and black box; third, the analysis through ML easily causes data security
problems.

Overfitting is an important problem in ML, and it also exists in cryptocurrency
research, especially when using multiparameter neural network models. This is a severe
problem in the generalisation of the model (Srivastava et al., 2014). According to
Hawkins (2004), overfitting has the following disadvantages. For example, an
overfitted model may incorporate irrelevant components into the model analysis, and
an overfitted model may also integrate invalid predictors in the analysis, resulting in
wasted computing resources. Worse of all, overfitting makes the model less portable
or completely non-portable.

Many machine-learning models fall into the black box and cannot be interpreted
in a human-comprehensible manner. Models that lack transparency can have serious
consequences (Rudin, 2019). If a model cannot make interpretable decisions, it is
challenging to achieve real-world reliability (Beniez et al., 1997). In addition,
unexplainable machine-learning models also face difficulties in practical operations

(Lundberg et al., 2018).

5. Suggestions for future research

ML is one of the most critical tools in cryptocurrency research. This study
proposes several possible future research topics in this field based on existing literature.
First, cryptocurrency-related research should not be limited to Bitcoin. Currently,
more than 9,000 cryptocurrencies exist worldwide, and the diversified cryptocurrency
landscape should attract the attention of researchers (Dastgir et al., 2019; Bouri and
Gupta, 2021; Li et al., 2021b). In addition, cryptocurrencies are often traded in U.S.

dollars, and future research should consider other currencies (Bouri et al., 2017). What



are the differences between cryptocurrencies and traditional assets as new assets? The
relationship between its value and traditional assets deserves further analysis (Urquhart
and Zhang, 2018; Qin et al., 2021; Su et al., 2020)

Second, cryptocurrencies are often used in underground transactions and money
laundering as private financial assets. Applying advanced ML algorithms to effectively
supervise the cryptocurrency market is an important direction for future research in
this field. (Foley et al., 2019). Countries worldwide have different regulatory attitudes
and practices towards cryptocurrencies, and the uncertainty of future regulatory
policies is an important research direction in this field (Guesmi et al., 2019; Hasan et
al., 2021; Lucey et al., 2022). In future research, new tools for measuring policy
uncertainty should be considered for a more in-depth analysis.

Third, since the end of 2019, COVID-19 has ravaged the world and has profoundly
impacted real industries and financial markets. Shocks to the cryptocurrency market
are becoming a new research hotspot (Aysan et al., 2019; Goodell and Goutte, 20214,
2021b; Jalal et al., 2021; Akhtaruzzaman et al., 2022). The network analysis method
can measure the spillover risk caused by COVID-19. Prediction algorithms used in
previous studies, such as regression models, neural network models, and SVM models,
can still be used to predict the price and return of cryptocurrency; however, the
epidemic impact needs to be included in the influencing factors. The text analysis
algorithm can also be used to measure public sentiment fluctuations caused by the
covid-19 outbreak. On this basis, researchers can analyse the impact of sentiment
fluctuations on the cryptocurrency market. In addition to COVID-19, other influencing
factors can also be valued in future research, such as the search volume of Bitcoin on
the Internet (Balcilar et al., 2017).

In addition, future research directions are also pointed out in the cryptocurrency



literature reviews. Garc m-Corral et al. (2022) argued that cryptocurrency inefficiencies
and mining costs are concerning. Yue et al. (2021) believed that the macroeconomic
effects, influence mechanisms, and legal digital currency of cryptocurrencies would
become a research hotspot in the future. In research on Bitcoin transaction networks,
compatible  transaction  network  modelling, network-based information
supplementation, dynamic analysis and online modelling of transaction networks, and

transaction auditing and tracking will become future research directions.

6. Conclusions

This article reviews the use of machine-learning algorithms in cryptocurrency
research since 2014. To systematically and comprehensively analyse the research
situation in this field, we adopted two methods: bibliometrics and thematic review.
Bibliometrics provides an overall picture of research in this field and the evolution of
research topics. A survey based on metrology described the application status of neural
networks, linear models, and discriminative models in cryptocurrencies. Finally, based
on the existing research, we propose possible future research directions in the field of
cryptocurrency. Machine-learning algorithms play a key role in the study of these
issues.

The findings of bibliometrics and thematic reviews are as follows. First, the use
of ML to conduct cryptocurrency research shows an upward trend yearly. Most of the
research objects are mainstream cryptocurrencies such as Bitcoin. Second, when
selecting research questions, predicting cryptocurrency price trends and income
fluctuations is a topic of interest to researchers. Research on cryptocurrency investment
strategies using reinforcement learning algorithms has also attracted attention. Third,

the ML algorithms used in cryptocurrency research are not single. Researchers are



more likely to have useful ensemble models to improve the accuracy of the model, but
this may lead to overfitting.

Our work has important management implications for both cryptocurrency
investors and cryptocurrency regulators. For investors in cryptocurrencies, price
fluctuations and earnings forecasts are hot topics, and ML algorithms are often used to
make predictions. To improve the accuracy of predictions, investors should collect
extensive, reliable, and timely data information, compare the prediction impacts of
various algorithms, enhance the model's interpretability and fitting effect, and prevent
over-fitting issues. For cryptocurrency regulators, illegal transactions based on
cryptocurrencies should be of particular concern. ML algorithms can also identify
illegal transactions in addition to traditional regulatory methods.

Due to the limitation of space, this paper cannot introduce the application of all
ML algorithms in detail, so the author only selects some widely used ML algorithms.
Such as neural network models and decision tree algorithms. It can not be ignored that
some new algorithms keep emerging, can better deal with high-dimensional and high-

frequency data, and have equal processing capacity for unstructured data.
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Tables

Table 1 Definition of machine learning

Number Article Definition
Jordan and A learning problem can be defined as the problem of
1 Mitchell improving some measure of performance when executing
(2015) some tasks, through some type of training experience.
Mahesh Machine learning is the scientific study of algorithms and
ahes
(2020) statistical models that computer systems use to perform a
specific task without being explicitly programmed.
Machine learning is an evolving branch of computational
El Naga and _ _
algorithms that are designed to emulate human
3 Murphy ) ) ) )
intelligence by learning from the surrounding
(2015)

environment.




Table 1 Literature search sentence

Topic Retrieval statement

TS = ("machine learning” OR " Supervised Learning” OR
"Support Vector Machine" OR "Random Forest™ OR
"Classification Tree" OR "Discriminant analysis™ OR "Data
Fluctuation Network™ OR "Recurrent Neural Network" OR "
Convolutional Neural Network™ OR "Long-Short Term Memory™
OR "Wavelet-Based Neural Networks™ OR "Feed-Forward Deep
Network" OR "Back propagation neural network™ OR
"Generative Adversarial Network" OR "Artificial Neural
Network" OR "Radial Basis Function Network™ OR "Kernel-
based Extreme Learning" OR "Simulated-Based Neural
Network” OR "REGRESSION" OR "bayes" OR "Conditional
Demand Analysis" OR "genetic programming” OR "particle
swarm algorithm"” OR "radial basis function” OR "decision tree"
OR "case based reasoning"” OR "k nearest neighbor” OR

Machine "Clustering” OR "self organising map™ OR "expectation
learning maximization" OR "restricted Boltzmann machine" OR "gaussian
mixture” OR "model low density separation™ OR "generative
models™ OR "graph based methods" OR "semi-superverised” OR
"g learning” OR "temporal difference™ OR "deep adversarial
network™ OR "reinforced” OR "Ensemble Empirical Mode
Decomposition” OR "Extreme Gradient Boosting” OR
"Ensemble Methods™ OR "statistics based learning " OR "logistic
regression” OR "naive bayes" OR "discriminant analysis" OR
"data envelop analysis" OR "isotonic separation” OR
"mahalanobis taguchi” OR "Auto-Encoder" OR "automated
machine learning” OR "deep neural networks™ OR "Deep
Learning" OR "Genetic Algorithm™ OR "group method of data
handling " OR "rough sets" OR "Agent-Based Algorithmic
Learning” OR "Restricted Boltzmann Machine™ OR "Particle
Swarm Optimization™ OR " Soft Computing” OR "Deep Stacking




Network" OR "fuzzy sets” OR " LSTM" OR "neural network™
OR "neural networks"))

TS= ("bitcoin™ OR "cryptocurrenc*" OR "crypto-currenc*" OR
Cryptocurrency  "litecoin” OR "ethereum™ OR "digital currenc*" OR "initial coin

offerings™ OR "Virtual assets"))
Type DT= (Article OR Review)




Table 2 Top ten most cited articles in this field*

Rank Title Article Topic Algorithms Cited
the
. . Urquhart .
1 Price clustering in Bitcoin (2017) Inefficiency of Random Walk 43
Bitcoin
Volatility estimation for ] Volatility
o . Katsiampa o
2 Bitcoin: A comparison of (2017) Estimation for GARCH 42
GARCH models Bitcoin
o Financial
Bitcoin, gold and the
Dyhrberg Asset
3 dollar-A GARCH o GARCH 39
. ] (2016) Capabilities of
volatility analysis o
Bitcoin
On the hedge and safe the Hedge and .
. . Dynamic
haven properties of Bouri et al. Safe Haven .
o ] ) Conditional 40
Bitcoin: Is it really more (2017) Properties of ]
o o Correlation
than a diversifier? Bitcoin
An empirical study on
modeling and prediction of ]
o ) Modeling and ]
Bitcoin prices with Jang and o Bayesian Neural
] Prediction of 37
Bayesian Neural Networks  Lee (2017) o Networks
) Bitcoin Prices
based on blockchain
information
Can volume predict o
o ) Predict Bitcoin )
Bitcoin returns and Balcilar et Quantiles-Based
N ] Returns and 33
volatility? A quantiles- al. (2017) N Approach
Volatility
based approach
Does Bitcoin hedge global
) i Wavelet-Based
uncertainty? Evidence ) o o
Bouri et al. Bitcoin's Quantile-in-
7 from wavelet-based ) ) 31
o ) (2017) Function Quantile
guantile-in-quantile ]
] Regressions
regressions
] o o o Multivariate
The economics of Bitcoin Ciaian et Bitcoin Price
) ) ] Vector Auto 30
price formation al. (2016) Formation .
Regressive

4 Note: @ The data in this table are calculated by CiteSpace. @Cited refers to the number of times that each paper
is cited by the literatures in the sample (including 363 articles, other 11 reviews are ignored).



10

Exploring the dynamic
relationships between
cryptocurrencies and

other. financial assets

Predicting the price of
Bitcoin using machine

learning

intensity of
Corbet et "

Sspiiovers
al. (2018) P

Prediction of
McNally et .

Bitcoin Prices
al. (2018)

Direction

measurement of
volatility
spillovers

Recurrent Neural
Network 29
LSTM




Table 3 Top ten Journals with the most papers published in this field

Number Journal Counts  Proportion JCR
Computer Science, Theory &
1 IEEE Access 43 9.885%
Methods
2 Finance Research Letters 20 4.640% Business, Finance
3 Mathematics 11 2.529% Mathematics
Physica A Statistical
4 Mechanics and Its 11 2.529% Physics, Multidisciplinary
Applications
. ) Computer Science,
5 Applied Soft Computing 10 2.299% o o
Interdisciplinary Applications
Expert Systems with Operations Research &
6 o 10 2.299% ]
Applications Management Science
7 Plos One 9 2.069% Multidisciplinary Sciences
PHYSICS,
8 Entropy 8 1.839%
MULTIDISCIPLINARY
9 Financial Innovation 8 1.839% BUSINESS, FINANCE
Research in International . .
10 1.609% Business, Finance

Business and Finance




Table 4 Application of linear model in cryptocurrency”

Number Author Title Journal Topic Algorithm
) Forecasting and trading cryptocurrencies with
Sebastiao and ] ) ] ] ] ] o LM
1 . machine learning under changing market Financial Innovation Prediction
Godinho (2021) o RF
conditions
Forecasting Bitcoin closing price series using ] o LR
2 Uras et al. (2020) ) ) PeerJ Computer Science Prediction
linear regression and Neural Networks models NN
Cluster analysis on the structure of the Physica A: Statistical LR
3 Song et al. (2019) cryptocurrency market via Bitcoin- Mechanics and its Market Structure Cluster
Ethereum filtering Applications MST
DT
Michalski et al. Revealing the Character of Nodes in a Blockchain NN
4 ] ] ] IEEE Access Other
(2020) with Supervised Learning LM
SVM
o . I Darvas
Forecasting Bitcoin Trends Using Algorithmic o
5 Cohen (2020) ] Entropy Prediction Box
Learning Systems
LR
SVR
6 Mohamed et al. Price Prediction of Seasonal Items Using CMC-Computers Materials & Predicti LR
rediction
(2022) Machine Learning and Statistical Methods Continua RF
ARIMA

5 Note: The algorithms involved in the table are abbreviated, LR refers to Linear Regression; LM refers to Linear Model; DT represents Decision Tree; NN refers to Neural Network;
MST refers to Minimum Spanning Tree; SVR refers to Support Vector Regressor; RF refers to Random Forest and AR refers to Autoregressive; SVM refers to Support Vector Machine.



10

16

11

12

13

Mills and Nower
(2019)

Saad et al. (2020)

Chen et al. (2020)

Poongodi et al.
(2020)

Akyildirim et al.
(2021)

Crowcroft et al.
(2021)

Levulyte and
Sapkauskiene
(2021)

Borges and Neves
(2020)

Preliminary findings on cryptocurrency trading
among regular gamblers: A new risk for problem
gambling?

Toward characterizing blockchain-based

cryptocurrencies for highly accurate predictions

Bitcoin price prediction using machine learning:

An approach to sample dimension engineering

Prediction of the price of Ethereum blockchain

cryptocurrency in an industrial finance system

Prediction of cryptocurrency returns using

machine learning.

Leveraging the users graph and trustful

transactions for the analysis of Bitcoin price

Cryptocurrency in context of fiat money

functions

Ensemble of machine learning algorithms for
cryptocurrency investment with different data

resampling methods

Addictive Behaviors

IEEE Systems Journal

Journal of Computational and
Applied Mathematics

Computers & Electrical

Engineering

Annals of Operations

Research

IEEE Transactions on
Network Science and

Engineering

Quarterly Review of

Economics and Finance

Applied Soft Computing

Risk Management

Prediction

Prediction

Prediction

Prediction

Factor

Ability of

Cryptocurrencies

Investment Strategy

LM
NN
NN
LM
EM
SVM
LM
SVM
SVM
LM
NN
EM

AR
LR

Cluster
LR

EM
LM
DT




14

15

17

18

19

20

21

Nikic (2018)

Yasir et al. (2020)

Serrano (2021)

Gagarina et al.
(2019)
Steinert and Herff
(2018)

Alonso et al. (2021)

Mohamed et al.
(2022)

Perception of user Interests for the development
of Bitcoin, the new payment technology in the see
countries
Deep-learning-assisted business intelligence
model for cryptocurrency forecasting using social

media sentiment
The random Neural Network in price predictions
Social and psychological predictors of youths'
attitudes to cryptocurrency

Predicting altcoin returns using social media

Cryptocurrency mining from an economic and

environmental perspective

Price Prediction of Seasonal Items Using

Machine Learning and Statistical Methods

Transformations in Business

& Economics

Journal of Enterprise

Information Management

Neural Computing &
Applications

Behavioral Sciences

Plos One

Energies

CMC-Computers Materials &

Continua

Adoption

Prediction

Prediction

Adoption

Prediction

Factor

Prediction

SVM

LR

NN
SVM
LM
LR
LSTM
RNN

LR

LR

LR

SVR
LR
RF

Ridge
model
ARIMA




Table 5 Application of decision trees in cryptocurrency’

Number Author Title Journal Topic Algorithm
. . N : . NN
Lahmiri and Intelligent forecasting with machine learning ) o
) ) ) o o Chaos, Solitons & Fractals Prediction SVM
Bekiros (2020a) trading systems in chaotic intraday Bitcoin market DT
DT
o . . . EM
Michalski et al. Revealing the Character of Nodes in a Blockchain
2 ] ] ] IEEE Access Other NN
(2020) with Supervised Learning
LM
SVM
Ferdous et al. A survey of consensus algorithms in public Journal of Network and Suitability of -
(2021) blockchain systems for crypto-currencies Computer Applications Consensus Algorithms
3 High performance classification model to identify .
Abu Al-Haija and o ) Identify Ransomware NN
] ransomware payments for heterogeneous Bitcoin Electronics
Alsulami (2021) Payments DT
networks
: L — . GARCH
The determinants of Bitcoin's price: Utilization of ] ) Determinants of
5 Chen et al. (2021b) ) ) Computational Economics o . DT
GARCH and machine learning approaches Bitcoin's Price
SVM
Nerurkar et al. Supervised learning model for identifying illegal ] . Identifying Illegal
6 o Applied Intelligence S DT
(2021) activities in Bitcoin Activities in Bitcoin
) A directed edge weight prediction model using DT IEEE Transactions on o DT
7 Qiu et al. (2021) o ) ) ) ) Prediction
ensembles in industrial Internet of things Industrial Informatics RF

6 Note: The algorithms involved in the table are abbreviated, LM refers to Linear Model; DT represents Decision Tree; NN refers to Neural Network; RF represents Random Forest;
GB represents Gradient Boosting; SVM refers to Support Vector Machine.



A novel cryptocurrency price trend forecasting )
Sun et al. (2020) ) Finance Research Letters
model based on Light GBM

A market in dream: the rapid development of Mobile Networks and
Zhou et al. (2020) ] o
anonymous cybercrime Applications volume

GB
DT
Extreme
GB
Light
GBM
GB
DT
Light
GBM

Prediction

Identifying Illegal
ng llleg DT
Activities




Table 6 Application of neural network in cryptocurrency’

Number Author Title Journal Topic Algorithm
SVM
Akyildirim et al. Prediction of cryptocurrency returns using . o LM
) ) Annals of Operations Research Prediction
(2021) machine learning NN
EM
Alessandretti et Anticipating cryptocurrency prices using ) o NN
. . Complexity Prediction
al. (2018) machine learning EM
Portfolio trading system of digital currencies: A )
Weng et al. . ) . . Investing RL
deep reinforcement learning with Neurocomputing
(2020) o ) ) ) ) Strategy NN
multidimensional attention gating mechanism
NN
Bitcoin price prediction using machine learning: Journal of Computational and o LM
4 Chen et al. (2020) ] ] o ] ] Prediction
An approach to sample dimension engineering Applied Mathematics EM
SVM
An approach to predict and forecast the price of ) o )
Chowdhury et al. ) ] ] Physica A: Statistical Mechanics o NN
constituents and index of cryptocurrency using ] o Prediction
(2020) ] ) and its Applications, 1245609. EM
machine learning
) o o In 2019 International Conference
Ferdiansyahetal. A LSTM-Method for Bitcoin price prediction: ] ] ] o
on Electrical Engineering and Prediction NN

(2019) A case study yahoo finance stock market .
Computer Science (ICECOS)

" Note: The algorithm involved in the table is expressed in the form of abbreviation, LM refers to Linear Model; DT refers to Decision Tree; NN refers to Neural Network; RF represents
Random Forest; GRU represents Gated population Unit; EM refers to Ensemble Model; RL refers to Reinforcement Learning; MLP refers to Multilayer Perceptron; DNN refers to Deep
Neural Network; RNN refers to Recurrent Neural Networks; BNN refers to Bayesian Neural Network; FNN refers to Feedforward Neural Networks.



10

11

12

13

14

15

Jay et al. (2020)

Jietal. (2019)

Lahmiri and
Bekiros (2019)

Lahmiri and
Bekiros (2020a)

Lamothe-
Fernandez et al.
(2020)
Lucarelli and
Borrotti (2020)

Mallqui and
Fernandes (2019)

Michalski et al.
(2020)

Mudassir et al.
(2020)

Stochastic Neural Networks for cryptocurrency
price prediction
A comparative study of Bitcoin price prediction
using deep learning
Cryptocurrency forecasting with deep learning
chaotic Neural Networks
Intelligent forecasting with machine learning
trading systems in chaotic intraday Bitcoin

market

Deep learning methods for modeling Bitcoin

price

A deep Q-learning portfolio management
framework for the cryptocurrency market
predicting the direction, maximum, minimum
and closing prices of daily Bitcoin exchange

rate using machine learning techniques

Revealing the character of nodes in a

blockchain with supervised learning

Time-series forecasting of Bitcoin prices using

high-dimensional features: a machine learning

IEEE Access

Mathematics

Chaos, Solitons & Fractals

Chaos, Solitons & Fractals

Mathematics

Neural Computing and
Applications

Applied Soft Computing

IEEE Access

Neural Computing and

Applications

Prediction

Prediction

Prediction

Prediction

Prediction

Investing

Strategy

Prediction

Other

Prediction

NN

NN

NN

NN
SVM
DT

NN

NN
RL

NN
SVM

DT
EM
NN
LM
SVM
NN
SVM




16

17

18

19

20

21

22

23

24

Saad et al. (2020)

Sattarov et al.
(2020)

Uras et al. (2020)

Valencia et al.
(2019)

Yasir et al.
(2020)

Nakano et al.
(2018)
Seo and Kim
(2020)
Patel et al.
(2020);

Tanwar et al.
(2021)

Alonso-Monsalve
et al. (2020)

approach.

Toward characterizing blockchain-based
cryptocurrencies for highly accurate predictions
Recommending cryptocurrency trading points
with deep reinforcement learning approach
Forecasting Bitcoin closing price series using

linear regression and Neural Networks models

Price movement prediction of cryptocurrencies

using sentiment analysis and machine learning

Deep-learning-assisted business intelligence
model for cryptocurrency forecasting using
social media sentiment
Bitcoin technical trading with artificial Neural
Network
Hybrid forecasting models based on the Neural
Networks for the volatility of Bitcoin
A deep learning-based cryptocurrency price
prediction scheme for financial institutions
Deep learning-based cryptocurrency price
prediction scheme with inter-dependent
relations
Convolution on Neural Networks for high-

frequency trend prediction of cryptocurrency

IEEE Systems Journal

Applied Sciences

PEERJ Computer Science

Entropy

Journal of Enterprise Information

Management

Physica A: Statistical Mechanics

and its Applications
Applied Sciences

Journal of information security and

applications

IEEE Access

Expert Systems with Applications

Prediction

Investing

Strategy

Prediction

Prediction

Prediction

Investing
Strategy

Prediction

Prediction

Prediction

Prediction

LM
NN
RL
NN

NN

NN
SVM
EM
NN
SVM
LM

NN

NN

LSTM
GRU

LSTM
GRU

CNN
Hybrid CNN-




25

26

27

28

29

30

31

32

33

Alkhodhairi et al.

(2021)
Livieris et al.
(2021)

Wei et al. (2021)

Cocco et al.
(2021)
Livieris et al.
(2021)

Kurbucz (2019)

Atsalakis et al.
(2019)

Jang and Lee
(2018)

Tsimpourlas et al.

exchange rates using technical indicators

Bitcoin candlestick prediction with deep Neural
Networks based on real time data
A dropout weight-constrained recurrent Neural
Network model for forecasting the price of
major cryptocurrencies and cci30 index
Bitcoin transaction forecasting with deep
network representation learning
Predictions of Bitcoin prices through machine
learning based frameworks
An advanced CNN-LSTM model for
cryptocurrency forecasting
Predicting the price of Bitcoin by the most

frequent edges of its transaction network

Bitcoin price forecasting with neuro-fuzzy

techniques

An empirical study on modeling and prediction
of Bitcoin prices with Bayesian Neural
Networks based on blockchain information

Embedding and classifying test execution traces

CMC-Computers Materials &

Continua

Evolving Systems

IEEE Transactions on Emerging

Topics in Computing

PeerJ Computer Science

Electronics

Economics Letters

European Journal of Operational

Research

IEEE Access

IET Software

Prediction

Prediction

Prediction

Prediction

Prediction

Prediction

Prediction

Prediction

Other

LSTM
Network
MLP
NN
LSTM
GRU

RNN

DNN

BNN

CNN-LSTM

FNN

Hybrid Neuro-
Fuzzy
Controller

BNN

NN




34

35

36

37

38

39

40

(2021)

Tian et al. (2022)

Zhang et al.
(2021)

Nghiem et al.
(2021)

Lee (2020)

Jana et al. (2022)

Chen (2022)

Hwang et al.
(2022)

using Neural Networks
Landscape estimation of solidity version usage
on Ethereum via version
Forecasting cryptocurrency price using
convolutional Neural Networks with weighted
and attentive memory channels
Detecting cryptocurrency pump-and-dump
frauds using market and social signals
Chaotic type-2 transient-fuzzy deep neuro-
oscillatory network (ct2tfdnn) for worldwide
financial prediction
Taming energy and electronic waste
generation in bitcoin mining: Insights
from Facebook prophet and deep neural
network
Cryptocurrency Financial Risk Analysis
Based on Deep Machine Learning
Code-Targeted Convolutional Neural
Network Architecture for Smart Contract

Vulnerability Detection

International Journal of Intelligent
Systems

Expert Systems with Applications

Expert Systems with Applications

IEEE Transactions on Fuzzy

Systems

Technological Forecasting and

Social Change

Complexity

IEEE ACCESS

Other

Prediction

Detecting
Frauds

Prediction

Prediction

Prediction

vulnerability

detection

DNN

CNN

NN

RNN

Facebook's
Prophet
algorithm
DNN

DNN

CNN




Table 7 Application of SVM in cryptocurrency®

Number Author Title Journal Topic Algorithm
SVM
Akyildirim et al. o . . ] Annals of Operations o LM
Prediction of cryptocurrency returns using machine learning Prediction
(2021) Research NN
EM
Ensemble of machine learning algorithms for ) EM
Borges and ) o _ _ . Investing
cryptocurrency investment with different data resampling Applied Soft Computing LM
Neves (2020) Strategy
methods SVM
NN
Chen et al. Bitcoin price prediction using machine learning: An Journal of Computational Predicti LM
rediction
(2020) approach to sample dimension engineering and Applied Mathematics EM
SVM
g . o . . . NN
Lahmiri and Intelligent forecasting with machine learning trading . o
) ] o o Chaos, Solitons & Fractals Prediction SVM
Bekiros (2020a) systems in chaotic intraday Bitcoin market DT

) Predicting the direction, maximum, minimum and closing
Mallqui and . Lo . : : . - NN
prices of daily Bitcoin exchange rate using machine Applied Soft Computing Prediction
Fernandes (2019) ] ] SVM
learning techniques

8 Note: The algorithms involved in the table are abbreviated, LR refers to Linear Regression; LM refers to Linear Model; DT represents Decision Tree; NN refers to Neural Network;
RF refers to Random Forest; EM refers to Ensemble Model.



6 Michalski et al.
(2020)
. Mudassir et al.

(2020)

8 Peng et al. (2018)

Poongodi et al.
(2020)

10 Sun et al. (2020)

Valencia et al.
11
(2019)
Yasir et al.
12
(2020)

Revealing the Character of Nodes in a Blockchain with

Supervised Learning

Time-series forecasting of Bitcoin prices using high-

dimensional features: a machine learning approach

The best of two worlds: Forecasting high frequency
volatility for cryptocurrencies and traditional currencies

with Support Vector Regression
Prediction of the price of Ethereum blockchain

cryptocurrency in an industrial finance system

A novel cryptocurrency price trend forecasting model based
on Light GBM

Price movement prediction of cryptocurrencies using

sentiment analysis and machine learning.

Deep-learning-assisted business intelligence model for

cryptocurrency forecasting using social media sentiment

IEEE Access

Neural Computing and
Applications

Expert Systems with
Applications

Computers & Electrical

Engineering

Finance Research Letters

Entropy

Journal of Enterprise

Information Management

Other

Prediction

Prediction

Prediction

Prediction

Prediction

Prediction

DT
EM

LM
SVM

NN
SVM

SVM
Other

LM
SVM

SVM
Other
EM
NN
SVM
EM

NN
SVM
LM




14

15

16

Sebastiao and
Godinho (2021)

Aggarwal et al.
(2020)

Wu et al.(2022)

Kim et al. (2021)

Forecasting and trading cryptocurrencies with machine

learning under changing market conditions

A complete empirical ensemble mode decomposition and
support vector machine-based approach to predict Bitcoin

prices

Who Are the Phishers? Phishing Scam Detection on
Ethereum via Network Embedding

Predicting Ethereum prices with machine learning based on

Blockchain information.

Financial Innovation

Journal of Behavioral and

Experimental Finance

IEEE Transactions on
Systems Man Cybernetics-

Systems

Expert Systems with
Applications

Prediction

Prediction

detecting
phishing scams

Prediction

LM
RF
SVM

SVM

SVM

ANN
SVM




Table 8 Application of clustering methods in cryptocurrency’

Number Author Title Journal Topic Algorithm
Papadamou et  Herding behavior and price convergence clubs in  Journal of Behavioral and ] .
) ) ) ) Herding Behavior Cluster
al. (2021) cryptocurrencies during bull and bear markets Experimental Finance
) ) o ) o ) Degree Distribution
Kondor et al. Do the rich get richer? An empirical analysis of Bitcoin Transaction ]
o ] Plos One Degree Correlations
(2014) the Bitcoin transaction network Network
Cluster
) ) o o S Physica A: Statistical )
Gidea et al. Topological recognition of critical transitions in ] ] Topological
3 ) ] ] Mechanics and its . K-Means
(2020) time series of cryptocurrencies o Recognition
Applications
S Cal Cluster analysis on the structure of the Physica A: Statistical Structure of the
ong et al.
4 (2?)19) cryptocurrency market via Bitcoin-Ethereum Mechanics and its Cryptocurrency MST
filtering Applications Market
. Steganographic ]
Giron et al. ] ] ] ] Steganographic
5 Steganographic analysis of blockchains Sensors Analysis of )
(2021) _ Analysis
Blockchains
ANN
Mallqui and Predicting the direction, maximum, minimum SVM
6 Fernandes and closing prices of daily Bitcoin exchange rate  Applied Soft Computing Prediction EM
(2019) using machine learning techniques RNN
K-Means
7 Guru and Self-restrained energy grid with data analysis Energy Sources Part A- Self-Restrained Cluster

9 Note: The algorithms involved in the table are abbreviated, EM refers to Ensemble Model; ANN refers to Artificial Neural Network; SVM refers to Support Vector Machine; RNN
refers to Recurrent Neural Network; MST refers to Minimum Spanning Tree.



10

11

12

13

14

15

16

Kumar (2020)

Zheng et al.
(2020)

Xu etal.
(2019)
Guerra et al.
(2020)
Chang and
Svetinovic
(2020)
Wang et al.
(2018)
Meiklejohn et
al. (2016)

Lahmiri and
Bekiros
(2020Db)

Gerlach et al.
(2019)
Mao et al.
(2019)

and blockchain techniques

Identifying the vulnerabilities of Bitcoin
anonymous mechanism based on address

clustering
A systematic review of blockchain

Bitcoin analysis and forecasting through fuzzy

transform

Improving Bitcoin ownership identification

using transaction patterns

Anonymity for Bitcoin from secure escrow
address
A fistful of Bitcoins: characterizing payments
among men with no names
Randomness, informational entropy, and

volatility interdependencies

Among the major world markets: the role of the

covid-19 pandemic
Dissection of Bitcoin's multiscale bubble history
from January 2012 to February 2018
Visual and user-defined smart contract designing

system based on automatic coding

Recovery Utilization and

Environmental Effects
Science China-Information
Sciences

IEEE Access

Axioms

IEEE Transactions on
Systems, Man, and

Cybernetics: Systems
IEEE Access

Communications Of the
ACM

Entropy

Royal Society Open

Science

IEEE Access

Energy Grid

Identifying the

Vulnerabilities

Review

Prediction

Bitcoin Ownership

Identification

Tracing Bitcoin

Transaction

Anonymous

COVID -19

Pandemic

Price Character

Smart Contract

Designing System

Heuristic

Cluster

Cluster

Cluster

Cluster

Cluster

Heuristic Clustering

Hierarchical Cluster

Cluster

K-Means




17

18

19

20

Manavi et al.
(2020)

Bayhan et al.
(2019)

Shayegan et al.
(2022)

Lorenzo and
Arroyo (2022)

Demythifying the belief in cryptocurrencies

decentralized aspects. A study of Physica A: Statistical
cryptocurrencies time cross-correlations with Mechanics and its
common currencies, commodities and financial Applications
indices

IEEE Transactions on
Smart contracts for spectrum sensing as a service Cognitive Communications
and Networking

A Collective Anomaly Detection

Technique to Detect Crypto Wallet Frauds
Symmetry-Basel

on Bitcoin Network

Analysis of the cryptocurrency market

using different prototype-based clustering
) Financial Innovation
techniques

Price Character

Smart Contracts

detect fraud

Price Character

Hierarchy Cluster

K-Means

Trimmed_Kmeans

Partitional clustering

algorithms




Table 9 Application of reinforcement learning in cryptocurrency ™

Number Author Title Journal Topic Algorithm
Lucarelli and A deep Q-learning portfolio _
] Neural Computing and _ NN
1 Borrotti management framework for the o Investing Strategy
Applications RL
(2020) cryptocurrency market
Recommending cryptocurrency tradin
Sattarov et al. _ _ I EvP ) Y : ) _ _ RL
points with deep reinforcement Applied Sciences Investing Strategy
(2020) NN

learning approach.
Portfolio trading system of digital

Weng et al. currencies: A deep reinforcement _ _ RL
) ] o ) Neurocomputing Investing Strategy
(2020) learning with multidimensional NN
attention gating mechanism.
Ma et al. Security reinforcement for Ethereum Information Processing ) ) FISCO-BCOS-
4 ) ) Security Reinforcement
(2021) virtual machine & Management EVM

Recommending cryptocurrency trading
Sattarov et al.

(2020) points with deep reinforcement Applied Sciences-Basel Investing Strategy DRL

learning approach

10 Note: The algorithms involved in the table are abbreviated, MDP refers to Markov Decision Process; RL refers to Reinforcement Learning; DRL refers to Deep Reinforcement Learning; NN
refers to Neural Network.



Take Bitcoin into your portfolio: a

Lietal.
(20212) novel ensemble portfolio optimization Financial Innovation Investing Strategy
a
framework for broad commodity assets
Deep learning classification of Bitcoin
Rakkini and miners and exploration of upper Journal of Ambient S
] ] ] ] Bitcoin Mining
Geetha confidence bound algorithm with less Intelligence and ) )
] ] ] Mechanism Design
(2021) regret for the selection of honest Humanized Computing
mining
Kumari and Multiagent-based secure energy o o
S Multimedia Tools and Multimedia
Tanwar management for multimedia grid o o
o ) ] Applications Communication
(2021) communication using Q-learning
When blockchain meets Al: Optimal _ ) o
Wang et al. o ) _ International Journal of Optimal Mining
mining strategy achieved by machine _
(2021) ) Intelligent Systems Strategy
learning
_ Performance optimization of criminal Journal of King Saud o
Lim et al. _ ) o o Criminal Network
network hidden link prediction model University - Computer )
(2021) Analysis

with deep reinforcement learning and Information Sciences

RL

RL

RL

MDP

DRL




Chen et al.
(2021a)

Schnaubelt
(2022)

Kumari and
13 Tanwar
(2021)

Effective management for blockchain-
based agri-food supply chains using

deep reinforcement learning

Deep reinforcement learning for the
optimal placement of cryptocurrency
limit orders
A Reinforcement-Learning-Based
Secure Demand Response Scheme for

Smart Grid System

Management for

Blockchain-Based
IEEE Access )
Agri-Food Supply

Chains
Optimal Placement of
European Journal of o
Cryptocurrency Limit

Operational Research
Orders

IEEE Internet of Things

optimal price decisions
Journal

DRL

DRL

Q-SDRM(secure
demand response

management)
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Figure 1 Classification of machine learning algorithms
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Figure 2 Schematic diagram of changes in the number of articles published from
2014 to 2021

11 Picture Description: the time range is from 2014 to 2021. The selection basis is that the first literature we retrieved
appeared in 2014. In the process of revising this paper, 2022 has not ended, and the number of relevant research
results will gradually increase. The picture only reflects the changes in the number of article achievements, not the
number of literature reviews, in order to correspond to the analysis below.
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Figure 3 Co-citation networks in the cryptocurrency field*?

2 The time range of the sample literature in the cited network is from 2014 to 2022. The network adopts Pathfinder
algorithm to prune the network. The larger the node diameter, the more times the article is cited. If two articles are
cited by one document at the same time, the two articles will be connected by a line and they form a co-cited
relationship.



Top 15 Keywords with the Strongest Citation Bursts

Keywords Year Strength
regression 2014 2.52
price clustering 2014 2.04
economic policy uncertainty 2014 1.84
inefficiency 2014 2.78
time series 2014 1.97
return 2014 1.89
prediction 2014 2.04
smart contract 2014 1.73
stock 2014 1.62
system 2014 1.76
predict 2014 1.76
internet 2014 1.93
challenge 2014 1.72
spillover 2014 1.69
predictive model 2014 1.63

Begin
2015
2017
2017
2018
2018
2018
2019
2019
2019
2020
2020
2021
2021
2021
2021

End
2018
2019
2018
2019
2020
2018
2019
2019
2020
2020
2020
2022
2022
2022
2022

2014 - 2022

Figure 4 Bursts of topics in this field®3

13 Parameter setting: minimum duration is 1; gamma is 0.7.





