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Cryptocurrency’s unique features — decentralisation, anonymity, and diversification — have propelled it into the
spotlight, attracting both investors and researchers despite its relative youth compared to traditional markets.
This study utilizes a systematic mapping approach to examine the current state of cryptocurrency trading
research. We are particularly interested in influential variables and technologies involved in cryptocurrency
trading systems. By summarizing key findings on data, technology compatibility, and future research directions,

this study serves as a starting point for new research activities in the field of cryptocurrency trading.

Abbreviations

ESG Environmental-Societal and Governance

ML machine learning

NN neural network

RQs # (#=1, 2,...,n) Research Questions #

IEEE Institute of Electrical and Electronics Engineers
ACM Association for Computing Machinery

EC Exclusive Criteria

IC Inclusive Criteria

Bitcoin BTC
FTX FTX Trading Ltd

ICEA Index of Cryptocurrency Environmental Attention
Al Artificial Intelligence
Introduction

Cryptocurrency has been making headlines in the finance world for
the past decade. The digital currency, built on blockchain and cryp-
tography, in theory, offers the promise of transparent and anonymous
transactions. Unlike traditional currencies, cryptocurrency is decen-
tralized, operating 24/7 and independently of central banks or physical
assets (Frankenfield, 2023). Its unique features coupled with the rise of
Fintech, Virtual Reality, and Metaverse have drawn significant interest
from investors and financial institutions.

While cryptocurrency has some unique characteristics, the digital
currency is known for its exceptional volatility. Cryptocurrency value
can change dramatically within a short period, making cryptocurrency
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an extremely high-risk investment. The global cryptocurrency market
capitalisation reached $3 Trillion USD in December 2021, just 3 years
from the launch of Bitcoin (BTC) in 2009. However, by the end of July
2022, the cryptocurrency market had dropped below $1 trillion USD
(CoinMarketCap, 2023). The exceptional volatility presents both risks
and opportunities for investors.

These interesting characteristics of cryptocurrency trading have
attracted the attention of researchers. A growing body of research has
been dedicated to cryptocurrency trading, exploring various aspects of
the market in recent years. For instance, Market Efficiency theory has
been utilized to examine the long memory, market persistence, and
other unique patterns of the cryptocurrency market. The theory is well-
known in financial economics (Caporale et al., 2018; Lopez-Martin et al.,
2021; Omane-Adjepong et al., 2019; Sigaki et al., 2019). Other charac-
teristics such as inter-correlation, (Co)Explosive, volatility clusters,
chaotic structures, tail-dependence, and bubble-like (overaction) be-
haviours have been examined through different statistical and other
economic models (Ahn, 2022; Blau et al., 2020; Caporale & Plastun,
2019; Pietrych et al., 2021). The influence of external factors studies
(such as traditional assets, investor sentiment, environmental consid-
erations, social impacts, and regulatory frameworks) offer another
avenue to understanding cryptocurrency market fluctuations. (Ahn,
2022; Ahn & Kim, 2021; Cao & Xie, 2022). Beyond theoretical explo-
rations, researchers have investigated into the mainstream financial
market acceptance of cryptocurrency and trading strategies. This body
of work examines market capitalization, potential investment opportu-
nities, risk assessment, and trading platforms for digital assets. To
navigate the market’s volatility, various predictive models have been
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proposed, including technical analysis, statistical time series forecasting,
machine learning (ML), neural networks (NN), and other trading algo-
rithms. (Corbet et al., 2019; Hansun et al., 2022; Lahmiri & Bekiros,
2021).

Cryptocurrency trading is a complex subject that requires expertise
in a variety of fields, including finance, economics, and computer sci-
ence. It can be challenging for new researchers to navigate due to the
complexity and cross-disciplinary nature of cryptocurrency trading.
Therefore, there is an urgent need for a comprehensive understanding of
these rapidly evolving domains to help researchers gain a better un-
derstanding of cryptocurrency trading. Previous studies have explored
the literature on cryptocurrency trading. For instance, Fang et al. (2022)
conducted a survey of 146 papers on cryptocurrency trading, providing
insights into the distribution of research within the field. Khedr et al.
(2021) and Sattaru et al. (2022) studied the application of machine
learning in market price prediction. de Oliveira Monteiro, de Souza,
Batista, & Zaparoli, 2019 conducted a mapping review to explore
cryptocurrency trading. However, the mapping review was based on the
screening of only 17 papers, which might not be sufficient to discover all
the main research themes.

This study aims to investigate the current state of research in cryp-
tocurrency trading — by examining the key research areas, the systems
technologies utilized, and the potential future research directions for
cryptocurrency trading. To achieve this, we conducted a systematic
mapping review. A mapping study offers a high-level view of the
research area, spanning multiple disciplines and a diverse range of
studies (Petersen et al., 2008). This study not only offers a comprehen-
sive overview of current trends but also provides detailed information
about the components of the cryptocurrency trading system. This in-
formation can be leveraged to help researchers and developers develop a
cryptocurrency trading system, or a digital advisor platform (Robot--
advisor) for trading cryptocurrencies- distinguishing our approach from
previous literature reviews.

This study contributes to the existing literature by (1) providing the
current and comprehensive overview of research trends, (2) identifying
and categorising key research themes (3) examining the common
trading strategies, exploring both the influential factors and trading
technologies employed, (4) and proposing essential components needed
to automate cryptocurrency trading or to develop a digital investment
advisor, leveraging current research advancements.

Driven by these motivations, we investigate the methodology
employed to address the research questions. The following section de-
tails the data collection and analysis methods used in our mapping
study.

Methodology

Systematic mapping aims to provide a comprehensive understanding
of the current state of research on a particular topic. Through descriptive
analysis, primary areas of study are identified and classified into a sys-
tematic structure (Petersen et al., 2015). As noted by Riaz et al. (2015),
the distinction between Systematic mapping and literature reviews lies
in the scope of the research questions (RQs) and the data analysis
methods employed. The RQs in systematic mapping are designed to have
a broader scope, with a focus on the current state of research on a
particular topic, thus assisting researchers with evidence in identifying
the starting point for their study. Campbell et al. (2023) suggested the
aim is not to synthesise but to identify, describe, and catalogue findings.
They aim to answer the questions “What do we know about a topic? What
and where research exists in a particular area?”.

Our systematic mapping study strictly adhered to the methodology
and framework presented by Petersen et al. (2015) and aimed to explore
the existing literature on cryptocurrency trading through a series of
research questions. We separated the process into three phases: (1) the
research planning and preparation phase, (2) collecting and selecting
relevant publications (3) describing and classifying the accepted
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literature (Fig. 1).
Preparation phase

The systematic mapping study was guided by research questions
(RQs) outlined in Table 1. These RQs, alongside the selection criteria
detailed in Tables 3 and 4, were developed based on Campbell et al.
(2023) recommendations.

The findings for RQ1.1 to RQ1.3 provided descriptive information
about the research and practices in the field of cryptocurrency trading,
including research trends and publication demographics. Research
questions RQ2.1 and RQ2.2 identified existing areas of research focus,
enabling researchers and investors to navigate to the desired starting
point for their work. In the series of RQ3 (RQ3.1 to RQ3.4), the focus is
on the technical side of cryptocurrency trading systems, focusing on
artifacts and technologies related to cryptocurrency trading. The moti-
vation behind RQ3 was to assist researchers and practitioners in un-
derstanding the building blocks of a trading system.

Guided by the research questions, we began to identify search key-
words for database search. We followed Petersen et al. (2015) sugges-
tion for defining keywords. Using well-defined research questions to
determine search keywords is essential to avoid biased data collection
and ensure comprehensive coverage of the chosen area of study. Addi-
tionally, the result from the query should be feasible within the estab-
lished timeframe for the research. With the study goals in mind, the pilot
searches were conducted. We began our search with simple keywords
such as “cryptocurrency trading”, “cryptocurrency markets” on Google
Scholar. Based on our trial findings, we refined our keywords. The
finalised result was the combination of search strings defined below
(Table 2).

The string of keywords was then combined with the inclusion criteria
(Table 3) to generate the search query for the four selected databases
(Scopus, Web of Science, IEEE Access, and ACM Full-Text Collection).
The databases were chosen based on their indexing and multidisci-
plinary coverage to ensure quality data for our study.

Selection phase

The search was performed on the 25th of September 2022 across four
databases, returning a total of 1083 articles including journal and con-
ference papers. Duplicate removal using Zotero (a bibliographic man-
agement tool), and manual screening resulted in a final set of 722
papers.

After screening titles and abstracts of 722 papers against the exclu-
sion criteria detailed in Fig. 4, potentially ineligible studies were flagged
for the second review. During this secondary review, we re-examined
the flagged papers and retained those deemed relevant to our research
focus, resulting in the final collection.

We established four exclusion criteria (EC) to ensure the selected
papers were: (1) accessible for review (EC1), (2) thematically relevant to
cryptocurrency trading (EC2), and (3) impactful or offering valuable
insights into the field (EC3). We used the SCImago quartile rank data-
base as the primary measure to assess the quality of the selected journal
articles. Any journal paper lacking a quartile ranking was manually
reviewed to determine its relevance to this study. To maintain meth-
odological transparency and capture potentially relevant papers outside
the Scopus ecosystem (the primary source for SJR), unranked articles
underwent manual review for thematic fit. The same procedure was
applied to conference papers. Any conference papers that were not
included in ACM and IEEE conference proceedings were manually
reviewed. These inclusive/exclusive criteria and the review procedure
were put in place to ensure that our mapping study is reproducible.

Following an initial screening phase that identified 616 suitable
papers, 107 papers were marked for revision. After the second revision
was completed, 6 papers were re-added back to our collection. This
resulted in a final selection of 622 papers from the initial pool of 722. A
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Fig. 1. Mapping flow chart for cryptocurrency trading study. The collection of papers can be found at Mendeley Data, titled Nguyen, Duy Thien An (2023),
“Cryptocurrency Trading: A Systematic Mapping Study”, DI: 10.17632/6frg6fd3kb.1.

Table 1
Research questions.

Research Questions

@ RQ 1: What are the current trends and demographics of publications in the field of cryptocurrency trading market?
— RQ 1.1: How many peer-reviewed articles have been published over the years?

— RQ 1.2: How is the quality of publications in cryptocurrency trading?

— RQ 1.3: Which countries are the most productive in cryptocurrency trading research? To what extent does international collaboration contribute to these

publications?

— RQ 1.4: Who are the most productive authors? Which academic journals or conferences are the most popular for publishing cryptocurrency trading research?

@ RQ 2: What are the primary focus areas in cryptocurrency trading research?

— RQ 2.1: What are the popular keywords used in cryptocurrency trading publications?
— RQ 2.2: What are the main focuses of study in the field of cryptocurrency trading?

— RQ 2.3: How do these focuses change over the years?
@ RQ 3: What type of systems or technologies are utilized in cryptocurrency trading?

— RQ 3.1: What are the main categories of systems/technologies in cryptocurrency trading?
— RQ 3.2: What are the typical inputs used in information systems for cryptocurrency trading?
— RQ 3.3: Which inputs are frequently used in conjunction with each other in information systems for cryptocurrency trading?

Table 2
String of search keywords.

Search Keywords

(“crypto” OR “cryptocurrency” OR “cryptocurrencies”) AND (“trade" OR trading” OR “invest” "investing” OR “market” OR "forecast” OR “forecasting” OR “predict” OR

“prediction”)

Table 3
Inclusive criteria table.

Inclusive Criteria Description

IC1 - Topic The subject of the papers is related to cryptocurrency trading,
such as the cryptocurrency market, cryptocurrency trading
algorithms, and cryptocurrency forecasting.

IC2 - Academic The papers are academic journal articles or conference papers

articles that have undergone a peer-review process.
IC3 - Language The papers must be written in English.
English

detailed breakdown of the selection process can be found in Fig. 1.
Bibliographic data, including abstracts, for these 622 papers were then
exported to an Excel spreadsheet for further analysis.

Classification scheme

We applied Garousi et al. (2013) mapping strategy to identify and
categorise the research themes in cryptocurrency trading. By analysing
objectives and keywords, we assigned topic categories to the articles.
Recognizing the multifaceted nature of cryptocurrency trading research,
we allowed articles to belong to multiple categories if their study ob-
jectives spanned different areas. To ensure a comprehensive classifica-
tion scheme, we iteratively reviewed new articles. This process involved
creating new categories for previously uncategorized information and
refining existing categories for improved accuracy. This process
continued until all papers were assigned relevant categories. We then
employed the same method to classify the technologies and data inputs
utilized within cryptocurrency trading systems.

The second author repeated the classification process to validate the
finding. Any variation in classification would be discussed to reduce any
misclassification, mitigate decision bias in performing selection.
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Table 4
Exclusive criteria table.
Exclusive Criteria Description Number of
Removed
Papers
EC1 - Availability & The abstract either lacks enough 32
Appropriate Materials  information or is not provided at all,
Criterion or the full text of the paper is not
available.
EC2 - Relevance The paper is not focused on 59

Criterion cryptocurrency applications or
blockchain technology; or contains
irrelevant research materials.

The paper has excessive recycled 7
content by the same authors, or from
other authors, duplicated papers; or

an abridged version of an extended
paper.

Journal articles without SCImago 3
quartiles or non-IEEE/ACM

conference papers are manually re-
examined for quality and relevance
criteria.

Total 101

EC3 - Excessive
Recycling Criterion

EC4 - Quality Criterion

Trend analysis

To investigate research trends in cryptocurrency trading, we ana-
lysed publication attributes including author demographics, publisher
information, and SCImago ranking metrics. Data was extracted from
Zotero and exported in a tabular format. We employed descriptive sta-
tistics, including frequency distribution tables and histograms, to
explore the data’s characteristics.

Result

In this section, we reported the answers to the RQs.

RQ 1: What is the current trend and demographics of publications in the
field of the cryptocurrency trading market?

RQ 1.1: How many peer-reviewed articles have been published
over the years?

Fig. 2 illustrates the trend in publication activity in cryptocurrency
trading over the year. The total number of research papers increased
from 54 in 2019 to 152 in 2021, suggesting a substantial growth in
research output. The publication activity surged between 2019 and
2022, with publications doubling year-over-year at one point. Since
2021, the field has stabilized at around 150 articles annually. We found
Journal articles were the most common publication type between 2015
and 2022. The number of journal articles was three times higher than the

160
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40

20 I
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number of conference papers, with 473 and 148 study published,
respectively.

RQ 1.2: How is the quality of publications in cryptocurrency
trading?

Fig. 3 provides insight into the quality of publications in the field of
cryptocurrency trading between 2015 and 2022. Journal publications in
Q1 and Q2 accounted for 78 % of the total number of journal papers,
indicating a prominent level of quality. Likewise, 53 % of conference
papers were published in IEEE and ACM conference proceedings, which
are renowned for their esteemed standing in the discipline.

RQ 1.3: Which countries are the most productive in crypto-
currency trading research? To what extent does international
collaboration contribute to these publications?

Out of the total publications, 147 papers were the result of interna-
tional collaborations, making up 32 %.

Fig. 4 shows the top 5 countries that contributed the most to research
on cryptocurrency trading - China, UK, US, India, and Turkey. These
countries collectively contributed almost half of the total publications,
with 302 out of 622 papers. China consistently led in the number of
publications, showing a strong upward trend. The total publications for
China increased from 6 in 2017 to 31 in 2023. India has seen a notable
increase in publications, with a total of 59 in 2023 compared to 5 in
2015. The USA and UK steady increases over the years, contributing to
the overall upward trend. Germany, France, and Russia showed varying
publication counts, with some fluctuations.

RQ 1.4: Who are the most productive authors? Which academic
journals or conferences are the most popular for publishing cryp-
tocurrency trading research?

Fig. 5 presents a list of the top authors who have published a mini-
mum of 6 papers on cryptocurrency trading between 2015 and 2022.
The number of publications of these authors varied from 6 to 12 papers,
with most authors having published 6 papers, and two authors with 7
papers. It is worth noting Bouri. E had the most significant impact with a
total of 12 papers published during this period.

All publications by the top authors comprised exclusively journal
articles, with 85 % appearing in Q1 and Q2 journals (Fig. 5). This pro-
portion of Q1 and Q2 publications is in line with the 78 % of all journal
papers included in the study (Fig. 3). Table 5 shows the most popular
publishing outlets, along with their corresponding number of publica-
tions and SJR Score in 2021.

RQ 2: What are the primary focus areas in cryptocurrency trading
research?

RQ 2.1: What are the popular keywords used in cryptocurrency
trading publications?

We examined keywords to understand the research objectives of the
selected papers. These keywords come in two forms: Indexed keywords
and Author keywords. Indexed keywords are assigned by the database

B conferencePaper

M journalArticle

2020 2021 2022

Fig. 2. Distribution of journal and conference papers in cryptocurrency trading.
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Fig. 3. Quality of journal and conference papers in cryptocurrency trading.
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Fig. 5. Top Productive authors in cryptocurrency trading research.
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Table 5
Popular publishers for cryptocurrency trading research papers.
Publications Distinct Count Max of SIR
of Key Score2021
Finance Research Letters 47 2.007
Research in International Business and 21 1.043
Finance
Physica A: Statistical Mechanics and Its 20 0.891
Applications
International Review of Financial Analysis 16 1.833
Journal of International Financial Markets, 12 1.31
Institutions, and Money
IEEE Access 11 0.93
North American Journal of Economics and 11 0.71
Finance
Financial Innovation 10 0.94
Mathematics 10 0.54
Applied Economics Letters 8 0.4

system based on the paper’s content.'; while author keywords are
selected by the authors themselves. In our study, we prioritized author
keywords because they likely best reflect the authors’ intent. When
author keywords were not available, indexed keywords were then
utilized.

In Fig. 6, the Word Cloud diagram displays the frequency of key-
words that occurred at least 10 times in the pool of articles. The size of
each word in the diagram corresponds to its number of occurrences.
Based on the visualisation, the main themes of cryptocurrency trading
can be grouped into four categories. The first group shows the popular
cryptocurrencies in the cryptocurrency market (“Cryptocurrencies”,
“Bitcoin”, “Ripple™). The second group, which includes words “Machine
Learning”, “Predictive Models”, “Cryptocurrency Market”, “Market Ef-
ficiency”, and “Time series Analysis”, was related to cryptocurrency
market analysis and trading activity. The third group consists of terms
related to the dynamics of cryptocurrency pricing, such as "Liquidity,"
"Volatility," and "Herding Behaviour.". The final group includes external

Cryptocurrency Markets
Machine Learning "7
Predictive Models

Forecasting Market Research
Prediction Algorithms

B itc O inv(»lariliry

oo Deep Learning Garch pyta wodels
Ethereum Lstm Covi d
Technical Analysis ~ Sentiment Analysis ovid-19
Cryptocurrency Market stock Market
Hcrding

Herding Behavior

Market Efficiency :

Cryptography
Machine Learning Algorithms Time Series Analysjs
Ripple Price Prediction

Cfyptocurrencies

Blockchain

Fig. 6. Author’s keywords cloud words (nfrent >= 10 times).

Liquidity

1 How do Author keywords and Indexed keywords work? https://service.
elsevier.com/app/answers/detail/a_id/21730/supporthub/scopus/.
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factors associated with the cryptocurrency pricing market, such as
"Covid-19” and "Stock Market".

RQ 2.2: What are the main focuses of study in the field of
cryptocurrency trading?

The classification method outlined in Section 2.3 was deployed to
investigate the current research themes in cryptocurrency trading. We
screened articles in two stages. First, we sorted them into "market study"
or "trading system" categories based on titles and the study objectives
found in the abstracts. Then, in the second screening, we further divided
them into seven sub-categories, as detailed in Fig. 7.

Our screening results revealed the most studied area in crypto-
currency trading research focused on market analysis, titled "Crypto-
currency Pricing Theories" in this study (208 publications). This theme
explored the unique characteristics of the cryptocurrency market, with
an emphasising volatility, market efficiency and the co-movement of the
market price and return (Table 6). Researchers primarily used financial
models and time series analysis to understand these dynamics.

The second major theme, "Influential Factors" (165 publications),
investigated variables that potentially impact cryptocurrency prices.
These factors could be internal (e.g., blockchain technology, trading
activity) or external (e.g., traditional assets, investor sentiment, world
events, regulations) (Table 7).

A significant remaining portion of research addressed Market Fore-
casting and Trading & Portfolio, accounting for 119 papers and 76 of the
collected papers. These studies aimed to develop methods for predicting
the cryptocurrency market, automating trading, and optimising portfo-
lio. The models used included machine learning, time series analysis,
and economic models (Table 8). Predictive models were utilized to
forecast or predict market movement. The predictive models can be
further divided into two categories: (1) classification models for
detecting price movement and market trends, and (2) regression models
for predicting the market value. To automate trading or portfolio opti-
mization, algorithmic trading techniques such as reinforcement
learning, and fuzzy algorithms were used to automate the decision-
making process.

Beside Market Forecasting and Trading & Portfolio groups, the
remaining papers covered a range of topics from cryptocurrency Market
Evolution, Acceptance, and Regulations (65 papers), Risk evaluation &
Anomaly Detection (54 papers), to Trading Platforms (10 papers). The
common research topics among these groups were the volatility risk of
the cryptocurrency market, the investment opportunities of the market
from different jurisdictions, and the analysis of legislative framework for
this newly emerged market (Table 7).

RQ 2.3: How have these focuses changed over the years?

Fig. 8 shows illustrates the shifting in research focus in crypto-
currency trading from 2015 to 2022. While initial interest (2015-2018)
centered on market acceptance and evolution, a shift towards market
movements emerged in 2018, particularly in Cryptocurrency Pricing
Theories. Publications in this area surged after 2018, peaking in 2021
before stabilizing in 2022 (46 papers). Notably, "Forecasting" and "In-
fluence Factors" studies also saw a significant rise from 2019 onwards,
with "Influence Factors" surpassing "Cryptocurrency Pricing Theories" as
the most researched area by 2022. "Forecasting" publications also
climbed steadily, nearing "Cryptocurrency Pricing Theories" by 2021.

RQ 3: What type of systems or technologies are utilized in
cryptocurrency trading?

To address RQ3, we primarily focused on research papers that are in
the "Forecasting" and "trading algorithms" themes.

RQ 3.1: What are the main categories of systems/technologies
in cryptocurrency trading?

Fig. 9 and Table 8 categorize and illustrate the distribution of cryp-
tocurrency trading technologies used between 2017 and 2022. We
classified these technologies into three key groups: (1) Decision-Making,
(2) Portfolio Optimization, and (3) Trading Model.

The Decision-Making group included publications explored trading
strategies and technologies that were used to assist investors in



D.T.A. Nguyen and K.C. Chan

International Journal of Information Management Data Insights 4 (2024) 100240

Main Research Areas in CC Trading

76

165

119

B Cryptocurrency Pricing Theories
M Exchange Platforms
H Influence Factors

MW Trading & Portfolio Management

M Evolution, Acceptance and Regulation
Forecasting

M Risk Evaluation & Anomaly Detection

Fig. 7. Focus Studies on cryptocurrency trading.

Table 6

Sub-topics in cryptocurrencies pricing theories theme.
Sub-topics in Cryptocurrency  Characteristics of the market Number of
Pricing Theories Papers

Co-Explosivity, Contagion, Spill 62
Over, Tail Risk Dependence, Co-

Jump, Co-Movement, correlation
Volatility Persistence, Long 40
Memory, Multifractal Behaviour,
Predictability, Market Theories

(e.g. Weak, Adaptive),

Information Asymmetry Effect

Bubbles, Tail-risk, Volatility 106
Convergence, Leverage Effect /
Asymmetric Volatility Effect,

Lottery Like Momentum / Max

Effect, Momentum / Reversal /
Contrarian Effect, Return [Price]

& Trading Activity, Volatility

cluster, Market Structure,

Investor Behaviour (e.g.

Overaction, herding,

Overconfident, Peer Pressure,
motivation, intention),

Disposition Effect / Contagion

Effect, liquidity related topics.

Inter-connectedness of the
cryptocurrencies within the
cryptocurrency market

Marke Efficiency

Other return / Price Volatility
studies

identifying opportunities for entering or exiting the market. These pa-
pers accounted for 64 % of the papers within the "Forecasting" and
"Trading Algorithms" themes. The primarily focus of these papers was to
explore prediction models that were used to analyse the future trends of
the market or to predict future market value, utilizing machine learning
(ML), mathematical/statistical time-series models, technical analysis
(TA), and hybrid models. In the machine learning group, the models
were classified into two categories: Neural Networks (NNs) and tradi-
tional machine learning models (MLs). Additionally, feature selections
and optimization models, such as Principal Component Analysis (PCA),
Exploratory Data Analysis (EDA), Akaike Information Criterion

(StepAIC), Particle Swarm Optimization, Genetic Algorithm, were often
employed to enhance the trading system performance.

NNs and MLs emerged as the leading choice for forecasting and
automated trading, while statistical time-series analysis dominated
portfolio optimization. Interestingly, despite being less popular than
NNs and MLs, time-series analysis showed an upward trend in recent
research. Our mapping specifically identified Long Short-Term Memory
(LSTM), Recurrent Neural Network (RNN), Gated Recurrent Unit (GRU),
and Convolutional Neural Network (CNN) as the most prevalent tech-
nologies, followed by popular traditional models (MLs) like Random
Forest, Support Vector Machine, and Gradient Boost.

Table 9 summarizes the top 20 models and their common roles.

The remaining publications focused on automated trading system
and portfolio construction models, accounted for 20 % and 16 % of the
total papers, respectively. Reinforcement Learning and Fuzzy Logic were
identified as the primary methods for automating trading decisions,
while time-series analysis proved most popular for portfolio construc-
tion. This approach facilitates analysing historical data alongside
external factors to build effective trading or investment strategies.

RQ 3.2: What are the typical inputs used in information systems
for cryptocurrency trading?

Table 10 presents the six primary categories of data inputs for the
cryptocurrency trading system. The most frequently used input was
Cryptocurrency Market Information (Historical Cryptocurrency Market,
Trading Activity, and Book Order data), found in 217 studies. The
Engineered Features group, including Technical Indicators, Economic/
Macroeconomic variables, and other Engineered Features, was the sec-
ond most popular input with 60 studies. The Sentiment group, with 45
studies, has also gained popularity in recent years. The remaining input
falls into the Time-Series Features/Special Event Timelines and Expert
Knowledge categories.

RQ 3.3: Which inputs are frequently used in conjunction with
each other in information systems for cryptocurrency trading?

Approximately 75 % of the cryptocurrency trading systems that used
multiple inputs were found through the mapping process, 217 out of 362
studies in the Forecasting and trading area.
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Table 7
Sub-topics from other themes.
Primary Topics Example of Sub-topics Number of
Papers
Evolution, Acceptance, Market Acceptance; Market Evolution; 65

Market Function, Market Structure,

Market Simulation; Market Overview/
Performance / Trend; Recommendation

& Regulation, Investment Opportunity,

Social Impact

Exchange Platforms; Market Marker; 10
Platform Simulation; Investment Models

for Market Platforms; Platform Design;

Hot Wallets

Forecasting Price Movement; Forecasting 119
Trading Volume; Price Prediction;

Market Liquidity (Bid-ask spread)

Prediction

Algorithmic trading; Trading Strategy - 76
Arbitrage / Pairs Trading; Trading

Strategy - Technical Trading / MLs;

Hedging / Portfolio Management
Cryptocurrencies Market Info 165
(Historical Cryptocurrencies Market /
Historical Cryptocurrencies Market);
Blockchain Specification; Traditional

Assets (Stock, Bonds, Commodities, Real
Estate, Forex prices, and Indexes); Event
Time-Series (Calendar Features,

Disaster, and other extraordinary

events); Sentiment (Social Network
Sentiment, Investor Attention, and

Developers Influence); Technical

Indicators; Economic /

Macroeconomic Variables; Expert

Knowledge; Other Engineered Features.
Anomaly Detection; Deceptive 54
Cryptocurrencies / Untrusted Investor
Detection; Liquidity Risk; Detection;
Pump&Dumb Detection; Risk Evaluation

& Management; Risk Forecasting;

Sandwich Attack; Short & Distort

Detection

and Regulation

Exchange Platforms

Forecasting

Trading & Portfolio
Management
Algorithms

Influence Factors /
Features

Risk Evaluation &
Anomaly Detection

In examining the primary technologies employed in cryptocurrency
trading, including Machine Learning (ML), Neural Networks (NN),
Mathematical/Statistical models, and others; we analysed the distribu-
tion of input classes (Table 11). It was evident that historical crypto-
currency market data, encompassing price history, order book
dynamics, and trading activity, served as a key feature for many trading
technologies. In addition, Social Sentiment data emerged as a significant
factor leveraged by Neural Networks, Machine Learning, and Hybrid
models, underscoring a growing dependence on sentiment analysis
derived from sources like social media platforms to shape trading de-
cisions. Also, conventional Mathematical/Statistical Models frequently
relied on technical indicators to devise trading strategies, emphasizing
the paramount importance of quantitative analysis in cryptocurrency
trading. Nevertheless, certain input categories, such as "Expert Knowl-
edge" and "Transaction Fees," were underutilized across all trading
models, hinting at a diminished reliance on these factors in shaping
cryptocurrency trading strategies.

Discussion

In this section, a thematic discussion of the finding results and future
directions of study in the field of cryptocurrency trading are discussed.

Publication demographics, key contributors, and publishing outlets
RQ 1 shows the trends and demographics of publications in crypto-

currency trading research, suggesting that cryptocurrency trading was
an active research area with a sizable number of quality publications

Table 8

Cryptocurrency trading technologies.
Model Classes Example Technologies Freq
Traditional Machine Random Forest (RF); Decision Tree 40

Learning Regression; Support Vector Machine (SVM);
Support Vector Regression (SVR); Extreme
Gradient Boosting (XGBoost); K-Means; k-
Nearest Neighbor (KNN); Logistic Regression;
Support Vector Regression (SVR); Naive
Bayes; Lasso Regression; Stochastic gradient
descent

Convolutional Neural Networks (CNN); 59
Attention Long Short Term Memory
(ALSTM); Multilayer Perceptron (MLP); Long
Short-Term Memory (LSTM); Bidirectional
Long Short-Term Memory (BiLSTM);
Stochastic Neural Networks; Gated recurrent
units (GRUs); Deep Q-Learning Network;
Transformer; Deep Reinforcement Learning
(DRL) + Self-Attention (Transformer-based);
Deep Feed Forward Neural Network
(DFFNN); Levenberg-Marquardt artificial
neural network (LMANN); Conjugate
Gradient Approach (NN-+conjugate gradient
algorithm); Bayesian regularization artificial
neural network (BRANN); ResNet + LSTM
(RSLSTM- Actor)

Mathematics / Statistical Models: 65
Generalized autoregressive conditional
heteroskedasticity models (GARCH);
generalized additive model (GAM);
Autoregressive moving-average (ARM); VaR
Mean-Variance Portfolio Optimization;
Conditional Variance Estimates (DCC-
GARCH); Copula Approach Technical
Analysis: Moving Average (MA); Moving
Average Convergence Divergence (MACD);
Exponential Moving Average (EMA); Moving
Average Crossovers (MAC); Variable Moving
Average (VMA); Oscillator; Fibonacci
retracements + Crossover Trading;
Candlestick patterns; Triangular Arbitrage
parity (TAP); Average true range (ATR);
Support Resistance Rule; Breakout (BO); On
Balance; Trading Range Break (TRB) Volume
(OBV); Support Resistance Rule

Fuzzy Logics+NN/ML: Neuro-Fuzzy 33
Inference System (ANFIS); Fuzzy Volatility
Forecasting

NN+ML / NN+NN / ML+Mathematics
models: Binary Auto Regressive Tree
(CART+Autoregressive Integrated Moving
average); Deep Reinforcement Learning
(DRL) + Self-Attention (Transformer-based);
LSTM + CNN; LSTM + Transformer; LSTM +
GRU

SK-MOEEFS (SciKit-Multi Objective 12
Evolutionary Fuzzy System); Evolving Fuzzy
Granular Predictor (Fuzzy Rule-Based); High
Level Fuzzy Petri Net (HLFPN); Evolution-
Ending Algorithm (EEA); Bellman-Ford-based
negative cycle detection (NCD) algorithm;
Price Action Algorithm (SPA)

Principal component analysis (PCA); Analysis 18
of Variance (ANOVA); Akaike Information
Criterion (StepAIC); Exploratory Data
Analysis (EDA); Genetic Algorithm; Genetic
Filter; Genetic Wrapper; GMDH-Based
Algorithms; Multi-Stage Variable Selection;
Particle Swarm Optimization; Rao algorithms
(QORA)

Neural Network / Deep
Learning

Mathematics / Statistical
Models & Technical
Analysis

Hybrid Models /
Ensembles Methods

Fuzzy Logics & Other
Trading Algorithms

Features Selection /
Optimization

produced in the area. A high percentage of journal papers (approxi-
mately 80 %) were published in Q1 and Q2; many conference papers
were in IEEE and ACM conference proceedings. The increased market
acceptance, regulation, and trading modeling also indicate a growing
interest in the market.
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Distribution of CC topics between 2015 to 2022
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Fig. 8. Main research areas in cryptocurrency trading between 2015 and 2022.
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Fig. 9. Type of technologies and their functions in cryptocurrency trading systems.

The field has witnessed significant growth, with a marked increase in
the number of publications between 2019 and 2022. The dominance
of journal articles over conference papers underscores a focus on
quality, with Q1 and Q2 journals contributing significantly to the
overall quality of publications.

The examination of international collaboration reveals that 32 % of
total publications result from collaborations, indicating a global
effort in advancing cryptocurrency trading research. The top five
countries contributing to research (China, UK, US, India, and Turkey)
collectively contribute almost half of the total publications, show-
casing a global distribution of research productivity.

o Key publishing outlets include "Finance Research Letters,” "Research

in International Business and Finance,” and "Physica A: Statistical
Mechanics and Its Applications,’ highlighting the diversity of plat-
forms contributing to this research field. The identification of the
most productive authors and popular publishing outlets highlights
Elie Bouri (Bouri et al., 2019, 2020, 2019, 2021; Qureshi et al., 2020;
Shahzad et al., 2022; Wen et al., 2022; Yousaf et al., 2021), Ahmet
Sensoy (Akyildirim et al., 2020; Aslan & Sensoy, 2020; Corbet et al.,
2019; Wang et al., 2022b; Yao et al., 2021, Yao, Sensoy, Nguyen, &
Li, 2024), and David Vidal-Tomas (David, 2021; Kurt Giimiis et al.,
2019; Vidal-Tomas, 2021; Vidal-Tomas et al., 2019a, 2019b, 2021)
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Table 9
Top 20 popular models for trading strategies.
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Table 10

Inputs in cryptocurrency trading systems.

Models Trend/

Movement

Trading Vol
Prediction

Liquidity Price
Prediction Prediction
Detection

LSTM 9 22
Support Vector 5 11
Machine (SVM)
Random Forest 5 6
(RF)
CNN 3 4
k-Nearest 1 1 5
Neighbor (KNN)
MultiLayer 3 4
Perceptron
(MLP)
Extreme Gradient 1 4
Boosting
(XGBoost)
GRU 5
Linear Regression 5
(LR)
Optimal Portfolio
Weights
ARIMA 4
Copula Approach
Decision Tree
GARCH 1
Gradient Boosting
Linear
Specification of
the Market
(LMM)
Support Vector 1 4
Regression
(SVR)
Artificial Neural 1 2
Network (ANN)
LSTM + GRU 3

EoE N SR

are significant contributors to shaping the landscape of crypto-
currency trading research.

Primary focus areas and trend of research focus in cryptocurrency trading
research

Valuable insights were gained from studying market movements,
aiding in the research of cryptocurrency trading systems. Our observa-
tions revealed a significant shift from theoretical study of the dynamics
of the cryptocurrency market to trading systems. Between 2017 and
2022, there was a noticeable increase in the number of research studies
in the areas of trading strategies and automated trading systems.
Although market forecasting research has been dominant in the field,
the study of automated trading systems has started to gain popularity.
We also noted a growing interest in the study of external influencing
factors, as the emergence of AI, ML, Big Data, and Cloud technologies
has had a significant impact on the cryptocurrency trading field. The
analysis of keywords and focus areas reveals four main thematic cate-
gories: dynamics of cryptocurrency pricing, cryptocurrency trading
analysis, cryptocurrency market analysis, and external factors affecting
the cryptocurrency market.

o The classification of research papers into seven focus areas indicates
a predominant interest in cryptocurrency pricing theories (Agosto &
Cafferata 2020; Gong & Huser 2022; Li et al., 2021; Lopez-Martin
et al.,, 2021; Tran & Leirvik 2020), followed by influential factors
(Agosto et al., 2022; Jeris et al., 2022; Smales, 2022; Wu et al., 2021),
forecasting, trading strategies and portfolio management algorithms
(Evrim Mandaci & Cagli 2022; Lahmiri & Bekiros 2021; Lahmiri
et al., 2022; Li et al., 2022; Makarov & Schoar 2020; Miiller et al.,
2022; Ortu et al., 2022; Ustaoglu, 2022).

Data Classes

Feature Types

Number
of Papers

Examples of Inputs

Cryptocurrencies
Market Info

Cryptocurrencies
Specification

Traditional Assets

Time-Series
Features &
Special Events

Sentiment

10

Historical 194
Cryptocurrencies
Market Data

Book Order & 23
Trading Activity
Data

Blockchain Info 10

Prices and Indexes 28
Stock; Bonds;
Commodities; Real

Estate; Forex

Calendar Features 1

Disaster Events data 5
and timeline

Other Special 7
Events data and

timeline

Investor Attention 11

Cryptocurrencies
Price/Return; Open-
High-Low-Close of
Cryptocurrencies price
& trading volume
(OHLC-V)

CCi30 index,
Bloomberg Galaxy
Cryptocurrency Index
BGCI, CRIX index,
Market Cap

Quoted Bid-Ask
spread; Dollar trading
volumes of Bid-Ask;
Trading Fees, ...
Mining difficulty,
mining profits, and
harsh rate; Block size;
cryptocurrency life
span ...

Market stock prices
from technology,
energy, and other
sectors; Stock Indexes

Government Bond
Index (GBI-EM); S&P
Green Bond Index;
Treasury Bills ...

Oil Price (WTIL; BRENT
Crude Oil prices; ...);
precious metals (Gold
futures; silver;
aluminium;
Commodity Channel
Index (CCI) ...

MSCI Emerging
Foreign Exchange
Index (MSCI EM FX)
Day-of-the-week;
Saturday and Sunday;
Month of Year; Turn-of-
the-month; Initial Coin
Offerings & Disappear
Timeline; Seasonal
Pattern; Month of
Ramadan ...
COVID-19; Cyber-
Attacks; Terrorist
Attack related data and
timeline (Infectious
Disease Equity Market
Volatility (EMV),
Covid19 fatality
number ...)

Futures trading
activities: Initial Coin
Offerings & Disappear
Timeline; Stable Coins
launch.

Regulatory events data
(U.S. Senate hearing on
Facebook’s Libra;
China Cryptocurrencies
trading ban; Law
enforcement action ...)
News Announcements;
Bull/Bear Periods ...
The number of
cryptocurrency-related
searches on search
engines (Google Search
Index; Search Trend) ...

(continued on next page)
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Table 10 (continued)

Data Classes

Number
of Papers

Feature Types

Examples of Inputs

Engineered
Features

Others

Developers 0
Influence

Social Network 34
Sentiment

Technical 41
Indicators

Economic / 6
Macroeconomic
Variables

Other Engineered 13
Features

Expert Knowledge 1

The number of
cryptocurrency-related
blogs, posts, forums,
and Wikipedia page
views (word count of
the Reddit post; topic
distribution of Reddit
posts) ...

Developer activity
from GitHub, Reddit
Sentiment extracted
from popular social
network media such as
Facebook, Twitter;
Reddit, Weibo, IRC,
Cryptocurrencies
related blogs, forums,
and News platforms
(VADER Tweets
polarity sentiment,
Thomson Reuters
Marketpsych Index
TRMI ...) ...
Candlesticks graph Info
such as:

Momentum indicators
(Moving Average (MA);
Moving Average
Convergence
Divergence (MACD);
Relative Strength Index
(RSD); Chaikin Money
Flow (CMF), ...)
Trend strength
Indicators (Average
Directional Index ADX;
Moving Average
Oscillator MAO;
Ichimoku Cloud (IC),
)

Oscillator indicators
(Stochastic Oscillator;
Williams%R;
Psychological Line
(PSY), Stochastic D%
(SD); Stochastic K%
(SK), ...)

Monetary Policy;
Geopolitical Risk
(GPR); Federal Reserve
Economic Data (FRED);
Interest Rate; Small
Granular Sentimental
Divergence Index
(SGSDI); Inflation Rate

Thomson Reuters
Marketpsych Index
TRMI; Economic Policy
Uncertainty (EPU)
Index

Realised volatility;
Annualized returns
(AR); Centrality
Measures Features
(Degree Centrality,
Node Strength,
Betweenness
Centrality, Closeness
Centrality, Eigenvector
Centrality); ...
Hand-collected Dataset
containing bullish,
neutral, and bearish
predictions for Bitcoin

11
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o The temporal analysis of research focus areas depicts a shift from
market acceptance and revolution towards the dynamics of crypto-
currency pricing theories after 2018.

o Notably, forecasting, and influential factors have gained prominence
in recent years, reflecting the evolving priorities and interests of
researchers in the cryptocurrency trading domain.

Technological aspects, data inputs and their interconnections in
cryptocurrency trading

Our mapping revealed 75 % of cryptocurrency trading systems used
multiple inputs, discussed in R3.3. Past research solely relied on ana-
lysing historical patterns and indicators to understand market move-
ments, but the latest research has expanded to include external factors
such as social sentiments, traditional financial market movements, and
blockchain technical data. By incorporating these a range of factors,
experts can make more informed predictions about the fluctuations in
the ever-evolving cryptocurrency market. These systems utilize
advanced algorithms to outperform the current market trend. The
trading systems consist of two main components: market signal triggers
and trading execution algorithms. Some of the common trading strate-
gies leveraged these systems included Trend Trading, Mean Reversion,
and Buy/Sell at given market conditions. Another commonly used
trading system involves arbitrating price differences between different
crypto exchange platforms. This is made possible by the existence of 24/
7 exchange platforms in various jurisdictions worldwide. These basic
building blocks highlight the current works in the cryptocurrency
trading field.

o The exploration of technologies in cryptocurrency trading research
highlights three main categories: market forecasting modellings,
portfolio optimization, and automated trading systems.

o Neural Network and Deep Learning models emerge as the most
popular among trading algorithms, with reinforcement learning and
fuzzy logic prominent in automated trading systems.

Future directions

Further investigation is necessary to develop novel economic metrics
aimed at gauging the enduring value of the cryptocurrency market. The
collaborative efforts from researchers and experts spanning diverse
knowledge domains would be required to overcome the multi-
disciplinarity problem. This will overcome the challenge due to unfa-
miliarity with technology, economic implications of Fintech, and legal
and regulatory frameworks.

In addition, it can be difficult to have a comprehensive under-
standing of the influential actors within the cryptocurrency market,
given the potentially vast number of entities driving the market.
Breidbach and Tana (2021) suggested firm was not the only actor
shaping cryptocurrency market. They identified the four different actors
within the cryptocurrency market. They can be categorised into Fresh-
man (public with interest in cryptocurrencies), Trail-Blazer (Traders,
Investors, and Miners), Idealist (Academics, Students, Blockchain
Enthusiast, IT Professionals), and Fortune Hunter (Communal Entre-
preneurs) classes within cryptocurrency market through ethnography
analysis. Authors further studied their unique roles and resources that
they can contribute to the shaping of the market. Lucchini et al. (2020)
showed the role of developers/coders in shaping the cryptocurrency
market. The study found around 4 % of developers participated in
coding two or more cryptocurrencies. They contribute an average of 10
% of all the coding. Researchers suggested there was a correlation be-
tween the return time series of two co-developed cryptocurrencies
increased after the collaboration. Bowden and Gemayel (2022) research
found a link between the cryptocurrency trading community sentiment
on Reddit and individual traders’ actions. Positive Reddit sentiment led
to bigger trades and increased deposits into cryptocurrency exchange
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Table 11
Matrix table of input and cryptocurrency trading models.
Input Groups Fuzzy Hybrid Mathematics / Statistical Models (included Traditional Machine Neural Other
Logics Models Technical Analysis) Learning Network Models
Blockchain & Mining Info 3 2 4 4
Book Order & Trading 1 5 3 7 6
Activity
CC Index 1 6 1 1
CCs Market Info 4 26 64 4 66 5
Economic variables 1 3 1 1
Expert Knowledge 1
Investor Attention 5 1 2 5
Others Engineered 2 2 3 7 1
Features
Social Sentiment 4 1 9 22 1
Special Event Time-Series 1 9
Technical Indicators 2 8 19 12 14 4
Traditional Assets 4 17 3 1
Transaction Fees 1 3 1
[ Invesemnt Goals w ( Risk-Tolerance w ‘ Regulation ‘
Invesment lenght J Financial circumtances Juridiction Policy
‘\Demographlc and social |nd|cators: Debt managment plan | Platform Policy Y,

Demographic and social factors

p \
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@ ) ) )
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[ | Management ...
& v
Quantitative Analysis
@ §
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S No ol Notaorks ‘ Technical Analysis Statistical Analysis ‘ ‘ Hybrid Models Reliability
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Fig. 10. Robot-Advisor Building Blocks for cryptocurrency trading.
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accounts during periods of market positivity. Further research on these
actors’ roles is necessary to understand their impact on the market’s
growth and evolution.

Future study can also investigate the environmental and social
impact factors. The energy consumption and carbon footprint generated
by cryptocurrency are challenging current regulations. While the
decentralized nature of cryptocurrency may enhance traditional finan-
cial operations, it also raises concerns about illicit trading activities. A
fundamental rating system that integrates these factors, as well as
credibility and technical specifications, can determine the potential
value of cryptocurrencies. This information can help determine the long-
term pricing of the market. Wang et al. (2022a) presented the index of
cryptocurrency environmental attention (ICEA) to capture the media
attention concerning the impact of cryptocurrencies on the environ-
ment. In examining the cryptocurrency market under the Environ-
mental, Social, and Governance (ESG) framework, Rabbani et al. (2021)
found that it did not meet the standards of the framework. The ESG
rating is a business standard used to evaluate the environmental and
social impact, as well as the effectiveness of company management in
overseeing them. While investors’ sentiment was well studied, we found
other factors were not well received.

Limited research on trading platforms surprised us, considering the
market’s reputation for risk. High-profile incidents like the FTX collapse
(Reiff, 2023), Binance’s money laundering fine (Singh, 2023), and
Deribit’s hot wallet hack (Knight, 2022) have eroded public trust. Un-
fortunately, the socio-technical underpinnings of these platforms—op-
erations, personnel, culture, and technology—remain shrouded in
secrecy. While future research in this area will be challenging, it is
crucial for fostering market maturity.

Our review revealed a shift in research focus from market analysis to
trading applications, suggesting a future dominated by trading research.
However, while trading technologies have shown promise in aiding
cryptocurrency investors, they often neglect to incorporate personal
financial circumstances or a customer-centric approach in model
development. Future study can explore digital advisor platforms for
cryptocurrency trading. Boreiko and Massarotti (2020) suggested the
use of robo-advisors could be appealing to both researchers and in-
vestors due to their customer-centric approach, lack of cognitive bias,
and competitive pricing. These Al-powered systems use algorithms that
can recognize an investor’s financial situation and making portfolio
recommendations that comply with financial regulations. Fig. 10 illus-
trates a potential physical resources abstraction that can leverage to help
constructing an automated cryptocurrency trading Robot-Adviser, based
on current research (green and purple blocks) and future directions (red
blocks). This Robot-advice framework is based on the big-data deci-
sion-making framework proposed by Rhyn and Blohm (2019).

This mapping focused on analysing the models employed within
cryptocurrency trading. However, it is important to acknowledge the
significance of the underlying technological infrastructure. Real-time
data streaming, efficient data collection, and robust data management
systems are fundamental building blocks for any trading platform.
Additionally, complex models with extensive data inputs necessitate
high processing speeds and significant computing power. Future
research should encompass the entire cryptocurrency trading
ecosystem, including these crucial technological aspects, to ensure a
comprehensive understanding of this evolving field.

We recommended utilizing this study as foundational navigation
guidance for future research endeavors in this field. As our literature
mapping is to map the key themes within cryptocurrency trading, a
systematic literature review is essential for thorough investigation of
specific themes. Such themes may encompass diverse subjects, including
experiences with cryptocurrency trading systems and legal consider-
ations across various global jurisdictions.
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Conclusion

Our systematic mapping revealed a thriving and dynamic field of
cryptocurrency trading research. This is further evidenced by the high
concentration (80 %) of papers published in top Q1, Q2, ACM, and IEEE
conferences.

Future research should concentrate on the creation of novel metrics
to assess the "intrinsic value" of cryptocurrencies, identifying influential
factors that play a pivotal role in shaping the cryptocurrency landscape.
This includes a comprehensive exploration of the roles various actors
assume within the cryptocurrency market and the functioning of cryp-
tocurrency exchange platforms. Several crucial mentioned issues remain
insufficiently studied, presenting prime opportunities for investigation.
The development of an intelligent trading advisory system represents a
promising avenue for further exploration in enhancing the efficiency of
trading cryptocurrency.

By summarizing the features and compatibility of various technolo-
gies, this review stands as a valuable guide for researchers venturing into
cryptocurrency trading research, especially in the conceptualization and
design of intelligent trading systems. We recommend using this study as
a starting point for further research in this area. Conducting a systematic
literature review on a particular topic can provide in-depth knowledge
on a theme that researchers found interesting during the mapping
review.
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