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Abstract

This article examines the revolutionary impact of Artificial Intelligence (AI) on transforming
cryptocurrency trading, a sector characterised by extreme volatility, dynamism, and nonlin-
ear data. Through a rigorous bibliometric analysis based on the Web of Science database,
this study examines a sample of 555 scientific papers published between 2016 and 2025,
utilising the PRISMA protocol for systematic selection, and tools such as VOSviewer and
MS Excel. The analysis identifies five major thematic clusters: (1) blockchain infrastructure
and AI integration in decentralised ecosystems, (2) data analysis and practical applicability
in crypto markets, (3) financial and social data analysis—machine learning algorithms,
(4) algorithmic trading and automation, and (5) prediction and modelling of crypto market
developments. The originality of this study lies in providing an overview of the imple-
mentation stage of these technologies by integrating the results into a map of Technology
Readiness Levels (TRLs). The findings highlight a clear transition from traditional statistical
methods to autonomous decision-making systems capable of processing massive volumes
of data for portfolio optimisation. This study’s limitation is that it may require periodic
updates, as the AI and cryptocurrency landscape are constantly evolving.

Keywords: cryptocurrency; artificial intelligence; trading; machine learning; market
analysis; price forecasting; portfolio management; deep learning

1. Introduction
One of the major contributors to the rapid development of Artificial Intelligence (AI)

is the integration of advanced machine learning (ML) and deep learning (DL) techniques,
which has led to the adoption of AI in various sectors, including finance, as mentioned
by Mudassir et al. [1]. Alongside this, the cryptocurrency market, following the invention
of Bitcoin in 2008, has changed its character from a technological experiment to a global
financial phenomenon [2]. Digital assets have experienced a meteoric rise in popularity
and have become widely accepted in a very short span of time [3]. The aforementioned
developments are attracting investors, researchers, and regulators, thereby highlighting the
background in which both technologies are developing new ways to innovate the crypto
trading system.

In contrast to the superior returns, the cryptocurrency market is known for its high
volatility, dynamism, and nonlinearity in data [4–6]. These characteristics make price
forecasting quite complex [5]. Traditional methods, such as time series, have a limited
success rate [7,8] and often impose unrealistic statistical assumptions, as apparent seasonal
effects cannot be identified in the cryptocurrency market [9].
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Given the above, AI, along with ML and DL, has been regarded as a revolutionary
instrument that constitutes the core concepts for creating algorithmic portfolio systems and
advancing algorithmic trading structures [10–12]. The employment of these cutting-edge
methods permits the processing of vast amounts of past and present data sources, revealing
intricate patterns and relationships that are beyond the capabilities of human cognition [13].
Simultaneously, AI may even “look” at the market behaviour by gauging the investors’
confidence in the virtual world and can therefore be in a position to undertake the necessary
steps without much delay if an important issue comes up, resulting in forecast correctness
and trading strategies efficiency [14,15].

Academic interest in the field of AI application in crypto trading can be traced back to
a steadily increasing number of publications. Several scientific papers have shown that the
performance of long short-term memory (LSTM) and gated recurrent unit (GRU) recurrent
neural networks (RNNs) for stock price and movement prediction is better than that of
traditional models and often goes beyond their capabilities [16,17]. Other approaches
combine AI with deep reinforcement learning (DRL) methods to create dynamic trading
strategies that adjust market exposure and generate superior returns to passive strategies
such as “Buy and Hold” [18,19]. ML models have also been applied to integrate diverse
data sets, not only technical indicators and historical prices, but also contextual information,
such as on-chain metrics [20], macroeconomic factors [21], and investor sentiment [22].

However, there are clear elements of dissonance between the theoretical potential
and practical performance in cryptocurrency trading that utilises AI. Critical research
has highlighted that in some cases, seemingly complex AI strategies: (1) have high ac-
curacy and, at the same time, variable profitability [23]; (2) perform poorly in regression
tasks [16]; and (3) in some cases, fail to outperform the simple “Buy and Hold” strategy [24].
(4) ML/DL methods require complex and expensive hyper-parameter calibration, without
which the performance of the models decreases [25].

In this sense, the development of a thematic analysis becomes particularly relevant
for mapping this expanding landscape, allowing the identification of publication trends,
authors, geographic markets, predominant research themes, and papers with significant
impact. By synthesising this information, the evolution of the field and its knowledge gaps
can be highlighted, thereby guiding future research directions.

Thus, the first and foremost scientific investigation point of the presented approach
is to conduct a rigorous bibliometric analysis of the specialised literature on the use of
AI in cryptocurrency trading. The objective of this research is not limited to a simple
descriptive overview of the thematic evolution of this emerging field but rather aims to
provide a systematic assessment of the degree of development and maturation of its main
research directions. In this regard, this study’s originality lies in integrating the Technology
Readiness Level (TRL) framework as an analytical tool for evaluating the technological
preparedness of AI applications for cryptocurrency trading. This approach enables a clearer
differentiation between predominantly experimental contributions and those that have
reached a more advanced stage closer to operational implementation, thereby offering a
distinct perspective compared to conventional narrative reviews.

More specifically, the study aims to: (1) uncover the main thematic directions and
approaches that have been changed and explored over time that, in turn, lead to under-
standing the development of the field at the intersection of AI and cryptocurrency trading;
(2) by academic impact and conceptual relevance analysis, reflect on the scientific literature’s
contribution in influencing and furthering the development of knowledge dissemination
in the crypto field; (3) map the technological maturity (TRL) of the literature on AI in
cryptocurrency trading in order to highlight advanced domains, emerging areas, and the
maturity gaps between them; and (4) identify research gaps and decide on investigation
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areas pointing to different bibliometric trends that guide the opening of new directions and
form an integrated perspective for the existent advances and challenges.

Structurally, this manuscript is logically divided into five core parts. The first section
presents the study background and theoretical foundations, thereby providing the essential
framework for understanding the study objectives and their importance. In the second
part of this paper, the authors describe the research method and detail the instruments and
strategies for data collection and analysis. The third part of this paper depicts a descriptive
bibliometric analysis of manuscripts retrieved from the database, focusing on the significant
trends and thematic spread of research in the chosen area. The fourth part of this paper
positions the extensive bibliometric analyses in relation to the major themes identified,
which are combined with thematic interpretations, results, and discussion. Section five
provides an overview of the implementation stage of these technologies by integrating the
results into a TRL map. Finally, the discussion and conclusion sections synthesise the main
bibliometric and thematic insights, highlight this study’s contributions and limitations, and
propose directions for future investigations into AI-driven cryptocurrency trading.

2. Research Methodology
2.1. Keywords and Data Selection

To develop a scientific approach, a search strategy was created that integrated specific
keywords into the Web of Science (WoS) database to identify the relevant literature in the
analysed field. Through its multidisciplinary coverage and demanding selection criteria,
WoS provides superior data quality and significant representativeness of the scientific
literature, a mandatory aspect for any article based on a robust bibliometric analysis.
Unlike other databases with less controlled coverage, WoS ensures rigorous metadata
standardisation, thereby enhancing the comparability and accuracy of analyses across
fields and time intervals.

This research was based on the following set of key terms: (“artificial intelligence” OR
“AI” OR “machine learning” OR “deep learning” OR “neural network*” OR “algorithmic
trading” OR “intelligent system*”) AND (“cryptocurrenc*” OR “crypto*” OR “bitcoin” OR
“ethereum” OR “digital currenc*” OR “virtual currenc*” OR “blockchain-based currenc*”)
AND (“trading” OR “investment” OR “market analysis” OR “financial prediction” OR
“price forecasting” OR “automated trading” OR “portfolio management”). Once the set
of keywords was established, the paper selection flow followed, illustrated in Figure 1.
The rationale for choosing this key term’s architecture reflected a three-dimensional search
strategy designed to capture the intersection of AI technology (the first block of the string:
machine learning, neural networks, deep learning), cryptocurrency (the middle block:
cryptocurrency, bitcoin, blockchain-based currencies), and trading (the last block: trad-
ing, investment, portfolio management). This Boolean string was used to query the WoS
database to identify relevant studies at the intersection of artificial intelligence and cryp-
tocurrency trading, deliberately bridging three distinct domains. Also, it acknowledged
that meaningful contributions may originate from computer scientists developing novel
algorithms, financial researchers applying AI to crypto markets, or interdisciplinary teams
integrating perspectives. The use of synonyms or inclusive variations accounted for the
terminological heterogeneity that inevitably arises when multiple academic communities
converge on a shared problem space. Therefore, by combining terms, the search strategy
ensured comprehensive coverage of the subject’s interdisciplinary character.
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Figure 1. Flowchart of the systematic selection of studies from WoS in the analysed field. Source:
processed by the authors. * Key terms: (“artificial intelligence” OR “AI” OR “machine learning” OR
“deep learning” OR “neural network*” OR “algorithmic trading” OR “intelligent system*”) AND
(“cryptocurrenc*” OR “crypto*” OR “bitcoin” OR “ethereum” OR “digital currenc*” OR “virtual cur-
renc*” OR “block-chain-based currenc*”) AND (“trading” OR “investment” OR “market analysis” OR
“financial pre-diction” OR “price forecasting” OR “automated trading” OR “portfolio management”).

The data were extracted from the Web of Science on 16 October 2025, through a
rigorous process based on relevant keywords. The time interval covered 2016 to 2025 Q3,
a period that captures the dynamics of research in a field characterised by accelerated
development and expansion, yielding 559 manuscripts. The bibliometric analysis was
applied to the three main types of scientific documents: articles, review articles, and
proceedings papers. To maintain the consistency and accessibility of the created sample, the
selection included only publications written in English, considering the dominant role of
this language in international scientific communication. Therefore, 558 papers resulted, of
which three were eliminated due to duplication and the unavailability of one of the articles.

The PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
scheme outlines the steps involved in the systematic review process, including identifying,
selecting, and including studies. Each block illustrates the step-by-step process of article
filtering, from identification to final inclusion (Figure 2).

The process began with the identification of 732 records in the Web of Science database
using the aforementioned keywords. Before the screening stage, 176 papers were eliminated:
2 duplicates and 174 articles were automatically eliminated following filtering by criteria
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such as document type, research field, publication year, or language. After this initial
filtering, 556 articles remained for the screening stage, in which the titles and abstracts
of the articles were evaluated for relevance, excluding only one article that could not be
found. Thus, for 555 papers, an attempt was made to obtain the full text. At this stage, only
abstracts were available for 340 articles, either due to access limitations or unavailability of
the full text. However, full texts were available for 215 of the studies for analysis.

 

Figure 2. PRISMA keyword selection flow from WoS. Source: processed by the authors.

In the eligibility assessment stage, all 555 available records (full texts and abstracts)
were reviewed to verify compliance with the inclusion criteria, including the use of artificial
intelligence and relevance to the field of cryptocurrency transactions. No articles were
excluded at this stage, indicating that all retrieved papers were relevant according to the
established criteria.

Ultimately, 555 studies were included in the systematic review. Thus, the PRISMA
scheme demonstrated a rigorous selection process that enabled the establishment of a large,
representative database of articles on the use of AI in the analysis, prediction, and security
of crypto transactions.
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2.2. Data Refinement Method and Relevance Assessment

The database refinement method involved merging specific keywords from the Excel
database. In this way, singular and plural forms were unified into a single term, like in
the list below. Also, for simplification, the abbreviated form or the general term was kept,
which could include certain variations.

Consolidation Rule Unified Key Term Merged Variants

• Singular and plural cryptocurrency cryptocurrencies, crypto-currencies

blockchain blockchains
• Abbreviated forms IoT internet of things

GRU gated recurrent unit
LSTM long-short term memory, long short-term memory, long

short term memory
LLM Large Language Models
DeFi Decentralised finance

• General terms reinforcement learning (deep reinforcement learning)—DRL is a subset of RL

artificial neural network recurrent artificial neural network, neural network,
neural networks, convolutional neural network—all are
subsets of ANN

trading trading strategy, quantitative trading
bitcoin bitcoin price, bitcoin price forecasting, bitcoin prediction
cryptocurrency market cryptocurrency prediction, cryptocurrency price

prediction
deep learning deep reinforcement learning
feature selection feature extraction
financial trading financial forecasting
sentiment analysis sentiment
time series forecasting time series analysis, time series
social media social networking (online), twitter
prediction price prediction

This process was carried out to standardise and simplify the database, thereby stream-
lining the thematic analysis and ensuring a uniform, consistent count of the frequency of
occurrence of each central concept, regardless of its form of expression (singular, plural,
abbreviation, or extended version). As a result, thematic trends regarding the implications
of AI on cryptocurrency transactions can be more clearly visualised through descriptive
bibliometric analysis.

2.3. TRL-Based Maturity Assessment

To assess the technological maturity of the literature on the use of artificial intelli-
gence in cryptocurrency trading, the study used the Technology Readiness Level (TRL)
framework. TRL is a standardised scale for assessing the level of readiness of a technology
for implementation, starting from the early stages of conceptualisation and experimental
validation to fully integrated systems used in real-world conditions [26,27]. In the context
of this study, TRL was employed as a maturity-mapping tool to distinguish between contri-
butions that were predominantly conceptual or modelling-oriented and those with a high
level of integration, validation, and practical applicability.

The TRL coding was carried out using a qualitative and interpretive approach
(Appendix A), based on the information available in the title and abstract, as many papers
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did not explicitly report the level of readiness or provide full details of the implementation.
The TRL assignment process aimed to identify three main dimensions of maturity:

1. Type of contribution and level of technological integration—whether the paper
proposed a concept, a model, a functional prototype, or a fully integrated system
(e.g., operational pipeline, application, decentralised application (dApp), smart con-
tracts/oracles).

2. Type of validation reported—theoretical validation, experimental validation on histor-
ical data, backtesting/trading simulation, validation under relevant conditions (e.g.,
live data streams, integration with application programming interfaces (APIs), testing
in contexts close to the real market).

3. Orientation towards practical applicability—the existence of elements of implemen-
tation, replicability, and use (e.g., software tools, dashboards, decision support
systems, automatic execution mechanisms, integration into decentralised finance
(DeFi) ecosystems).

Instead of a point value, TRL was assigned as a range to reflect the internal hetero-
geneity of contributions and the variable level of detail reported in abstracts. The lower
end of the range was set as the minimum clearly demonstrated level (e.g., offline or con-
ceptual validation) and the upper end reflected the most advanced level suggested or
indicated (e.g., integrated prototype, functional application, real-time implementation).
This approach mitigates the risk of overly precise classification and is particularly suitable
for emerging and interdisciplinary domains, where the gap between model maturity and
system maturity is substantial.

After classifying papers into thematic clusters (previously established based on key-
word co-occurrence analysis), TRL ranges were aggregated at the cluster level to construct
a comparative map of technological maturity. For each cluster, the following were calcu-
lated: (i) the number of papers (n), (ii) the median TRL as an indicator of the prevailing
maturity level, and (iii) the range (min–max) as an indicator of internal diversity. Thus,
the maturity map enabled comparison of clusters by their degree of readiness, as well
as identifying areas where the literature remains predominantly conceptual or limited to
offline validation.

To increase the transparency and robustness of the assessment, the TRL ranges as-
signed to each cluster were supported by selecting anchor papers that represented the
lower and upper ends of maturity within the cluster. These examples were extracted from
the dataset and used to empirically justify the TRL range, demonstrating the difference
between review/framework or proof-of-concept contributions and those that describe
prototypes, integrated systems, and implementation-oriented applications.

3. Descriptive Bibliometric Analysis
Descriptive bibliometric analysis was based on the results generated by VOSviewer

and Microsoft Excel. Terminological analysis is the method by which the essential concepts
and terms associated with a specific topic are identified and defined. Through this approach,
the most important keywords were highlighted. Therefore, the keywords cluster (Figure 3)
generated in VOSviewer is based on the co-occurrence of author keywords, using the
full counting method. The minimum threshold for selection was six occurrences per
keyword, a decision justified by the large number of studies in the field. After processing
the database with VOSviewer, 50 of the 1392 terms identified met the minimum occurrence
threshold. For these, the intensities of the connections between coexisting terms, as reported
in the specialised literature, were calculated, with each link represented by a different
thickness depending on the strength of the association and the strength of occurrences.
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In other words, the normalisation method was based on the strength of the association
between keywords.

Figure 3. Keyword co-occurrence cluster. Source: processed by the authors with VOSviewer.

Therefore, Figure 3 presents the main relevant terms, selected based on the established
criteria and represented as nodes in the graph. The size of each node reflects the frequency
with which the respective keyword appears. The connections between the nodes show the
relationships between the terms: the closer the connection, the thicker and shorter the line.
The intensity of the connection indicates the number of publications in which two terms
appear simultaneously. In this way, networks or clusters with the same colour are formed.
According to the VOSviewer 1.6.20 Manual, each cluster is identified by a distinct colour
and number [28].

Analysing Figure 3 and Table 1, we can deduce that Cluster 1, in red, includes the word
“blockchain” as a dominant node, and in its proximity are the terms “artificial intelligence”,
“smart contracts”, “cryptography”, “finance”, and “graph neural network”. The concept of
“quantum computing” suggests cutting-edge research on future computational capabilities
that could revolutionise financial analysis and high-speed trading strategies. These terms
highlight blockchain applications in security, finance, and smart contracts; therefore, the
topic we will develop in this article is blockchain infrastructure and AI integration in
decentralised ecosystems.
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Table 1. Keyword clusters with more than six items on the AI impact on cryptocurrency.

Clusters Key Terms Occurrences Total Link Strength Main Topic

Cluster 1 red
(14 items)

anomaly detection 10 27 Blockchain
infrastructure and AI
integration in
decentralised
ecosystems

artificial intelligence 60 132
blockchain 78 204
cryptography 7 22
feature selection 15 42
finance 9 25
fraud detection 7 24
graph neural network 10 23
investment 9 42
IoT 10 17
quantum computing 6 15
risk management 8 28
security 6 19
smart contracts 13 31

Cluster 2 green
(12 items)

ARIMA 8 25 Data analysis and
practical applicability
in crypto markets

artificial neural network 59 157
bitcoin 149 383
cryptocurrency 211 526
cryptocurrency market 27 60
ethereum 32 78
GRU 15 62
LSTM 49 168
machine learning 156 396
prediction 43 156
time series forecasting 26 87
xgboost 7 13

Cluster 3 blue
(11 items)

analytical models 6 41 Financial and social
data analysis—machine
learning algorithms

data models 9 48
deep learning 75 214
financial trading 12 31
forecasting 40 139
market research 7 46
natural language process 6 24
predictive models 21 117
sentiment analysis 35 111
social media 19 66
technical analysis 10 32

Cluster 4 yellow (10
items)

algorithmic trading 34 77 Algorithmic trading
and automationcrypto assets 8 16

fintech 18 41
garch 7 21
high-frequency trading 7 12
random forest 7 21
stock market 6 14
technical indicators 9 18
trading 24 68
volatility 10 27

Cluster 5 purple
(3 items)

cryptocurrency trading 8 16 Predicting and
modelling crypto
market developments

portfolio management 16 29
reinforcement learning 38 87

Source: processed by the authors from VOSviewer.

Secondly, Cluster 2, in shades of green, has as its major central nodes the words
“cryptocurrency”, “Bitcoin”, and “machine learning”. Around these words gravitate terms
such as: “deep learning”, “prediction”, “ethereum”, “cryptocurrency market”, “artificial
neural network”, “time series forecasting”, “lstm”, “arima”, and “xgboost”, terms that
converge towards the area of predictive modelling of crypto markets using advanced
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machine learning algorithms. Therefore, the theme to be discussed, related to this cluster,
is data analysis and its practical applicability in cryptocurrency markets.

Thirdly, Cluster 3, blue, is dominated by “deep learning” as a central node, with
several important satellites: “sentiment analysis”, “forecasting”, “financial trading”, “social
media”, “natural language processing”, “data models”. This cluster reflects the applications
of financial and social data analysis through natural language processing techniques. Thus,
the analysed theme focuses on machine learning algorithms.

Fourth, Cluster 4, in yellow, focuses on automated trading and portfolio management
strategies. The most suggestive keywords are: “algorithmic trading”, “trading”, “risk
management”, “technical indicators”, “volatility”, and “fintech”. These words lead to the
topic of algorithmic trading and automation.

Finally, in purple, number 5 includes “reinforcement learning”, “portfolio manage-
ment”, and “cryptocurrency trading”, terms that emphasise the prediction and modelling
of crypto market developments.

The strong interconnectivity between the clusters suggests the interdisciplinary na-
ture of the field, and the combination of technical concepts (LSTM, neural networks, and
quantum computing) and practical applications (trading, investment, and portfolio manage-
ment) demonstrates the field’s practical orientation in this constantly evolving ecosystem.

4. Thematic Analysis
4.1. Cluster 1 Red—Blockchain Infrastructure and AI Integration in Decentralised Ecosystems

The analysis of specialised literature reveals that decentralised blockchain technology
represents one of the pillars on which artificial intelligence applications are developed in
the crypto asset and digital finance markets. Also, this field is highlighted by a complex
technological convergence, which involves the optimisation of security, transparency, and
efficiency in decentralised ecosystems, in financial technology (FinTech), in the IoT, and,
more recently, in the Metaverse concept [29–31]. Recent scientific efforts confirm that syn-
ergy not only amplifies the capacity of individual technologies but also lays the groundwork
for the subsequent development of new services and markets, such as “knowledge-as-a-
service” [32].

Geographically, research on AI integration with blockchain shows a disproportionate
distribution, with a significant concentration in Asia and North America (Figure 4). Biblio-
metric data indicate that China is the most significant contributor (36 authors), followed by
the United States of America (USA) (25 authors) and India (9 authors). This highlights an
intensity of research in these regions. It is also noted that research interventions are infre-
quent in countries such as Canada, Australia, the UAE, and Russia, indicating a gradual
globalisation of research.

The research directions are not isolated; they emerge as interconnected elements within
a broader innovation landscape at the intersection of blockchain and AI technologies. A
keyword cluster analysis highlights the centrality of the terms “blockchain” and “artificial
intelligence” (Figure 5) in the specialised literature. The existing connections emphasise
the applicability of AI in the development and optimisation of the intrinsic functions of
emerging AI technology, such as:

• Security and compliance: security, cryptography, fraud detection, anomaly detection,
and risk management;

• Integration of emerging technologies: feature selection, smart contracts, IoT, and graph
neural networks.
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Figure 4. Miller’s map of countries: authors addressing theme one. Source: processed by the authors
with MS Excel.

Figure 5. Keyword co-occurrence cluster one. Source: processed by the authors with VOSviewer.

One of the major reasons for utilising AI technologies in the blockchain system is to
enhance security and make the system more reliable. Innovative mechanisms, such as proof-
of-stake (PoS) or Byzantine Fault Tolerance (BFT), are important elements for the integrity
of distributed networks [33], and the present attempts focus on solutions that address
scalability and security problems [34]. Cognitive cloud computing and blockchain-based
system (BC-CCC) proposals depict how AI can use edge computing in IoT for classification,
identification, and prediction based on sensory data [31]. In these cases, the safety level
and information transmission speed are some of the areas where these systems have made
remarkable progress [35].
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Smart contracts on digital currency platforms are the primary agents for automating
transactions and for verification and validation (V&V) procedures associated with the
project information model (PIM) [36]. AI, together with natural language processing
(NLP), is employed in these V&V processes to enhance the quality of information and
facilitate a decentralised approach, where each stakeholder is the owner and manager
of their data [37,38]. Simultaneously, Web 3.0, which represents technology based on
computing and storage networks, is being investigated through the implementation of AI
and blockchain innovations to provide advanced data security for financial transactions in
trading markets [39].

A prominently featured sub-topic is the deployment of AI to detect fraudulent ac-
tivities in blockchain networks. This obligation arises from regulatory difficulties caused
by decentralisation and confidentiality [40–42]. Hence, systems have been designed that
integrate AI and blockchain technology (BT) to track and protect users against dishonest
crypto operations. These systems make use of ML classifiers, such as random forest, which
is a method that has the highest accuracy rate [43]. Upon fraud detection, the most pertinent
information is being kept in safety via systems, for instance, the InterPlanetary File System
(IPFS), while recording the file hash on the blockchain via smart contracts, thus granting
informational support to law enforcement in crypto fraud transactions [44,45].

Additionally, studies have advanced the use of Graph Neural Networks (GNNs) in
identifying phishing crimes and abnormal transactions that may occur on leading trading
platforms [46,47]. The identified research works suggest adopting a more complex method,
such as graph convolutional networks [48], for this task.

A related area of security is money laundering in crypto markets, where the anonymity
and speed of trading order execution complicate state regulation [45]. In this case, the
synergy between BT and AI can provide effective solutions. Li et al. [42] introduce the
BELFAL system (Blockchain-based Ensemble Learning Framework for Anti-Money Laun-
dering), which integrates multiple ML models that are coordinated by a blockchain smart
contract. On the one hand, the classifiers vote on suspicious transactions. On the other
hand, decision rules can be dynamically changed, thereby providing both transparency
and adaptability to the process of identifying illegal activities.

In this way, AI serves as a cognitive and analytical factor that complements the trust-
worthiness of BT. As a result of this merger, decentralised features are not only deepened,
but also innovated, and the risk identification is made more efficient [49]. Anomaly de-
tection (e.g., pump-and-dump schemes) [50] and regulatory compliance are implemented,
contributing to the trust of decentralised ecosystems and their sustainable adoption in the
face of more complex challenges [51].

4.2. Cluster 2 Green—Data Analysis and Practical Applicability in Crypto Markets

Data analysis has become an indispensable tool for constructing predictive mod-
els and developing algorithm-based trading strategies in the evolving cryptocurrency
market [52,53]. The transition from conventional statistical methods to AI-driven ap-
proaches is a manifestation of users’ primary need for versatile tools that can cope with
the large volume of unstructured data typical for volatile markets [54]. According to the
visual map of the VOSviewer cluster, the main concepts, such as cryptocurrency, machine
learning, Bitcoin, and prediction, are highlighted as nodal points in the specialised litera-
ture (Figure 6). These concepts are frequently supported by the mention of deep learning
models, such as LSTMs and GRUs, and artificial neural networks, which are extensively
employed in tasks such as time series forecasting and cryptocurrency market analysis. This
set of technologies is crucial for addressing the challenges inherent in financial markets,
which have undergone radical transformations in software and data analysis [55].
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Figure 6. Keyword co-occurrence cluster two. Source: processed by the authors with VOSviewer.

The rapid technological progress highlights the shift from mere price prediction to the
direct optimisation of trading actions through the use of Reinforcement Learning (RL) [56].
RL plays an important role in achieving the aims of portfolio optimisation, contributing
to the maximisation of financial returns. At the same time, the decision-making process
and risk management in the trading process can be effectively handled [53]. Moreover,
trading systems that are based on RL have been able to attain incredible returns and
substantially improve Sharpe ratios; thus, they have recorded risk indices that are lower
than those of traditional algorithms for a short-term time interval [57]. The winning of
these newly emerging tools is also certified by the example of the successful union of the
Double Q network and the unsupervised pre-training by Deep Boltz Machine (DBM) to
create and perfect the optimal Q function; at the same time, it produces as much as 2.686%
of cryptocurrency trading even in the periods of significant market falling [56].

Apart from performance optimisation, a major role for AI is that of risk management
and portfolio diversification in volatile environments [58]. The research examines the tail
connectedness between AI tokens, AI ETFs (exchange-traded funds), and traditional asset
classes, concluding that AI tokens may be beneficial for diversification but are vulnerable
to extreme shocks, even when the market is stable [59]. Besides that, the examination
of bitcoin, as the most valuable cryptocurrency at the present moment, and gold-backed
cryptocurrencies (like PAX Gold—PAXG), as safe havens in portfolios that are concentrated
on AI entities, reflects the phenomenon that both digital currencies and the natural resource
(gold) have low dynamic correlations with AI firms. Therefore, they can be regarded as
the most trustworthy hedging instruments during times of social, political, or economic
turmoil [52]. The AI applications have been extended to the market structure level as well,
where they make use of GNN-based methods, which expose the centralised character of
the investor network and facilitate the investor ratings and types classification [60].

Another important practical direction is integrating trading models with unconven-
tional data, such as public sentiment. Habek et al. [61] present a hybrid convolutional
and recurrent neural network (CNN-RNN) structure with memory and attention mech-
anisms, demonstrating that Twitter-based sentiment analysis can be used for predicting
crypto market trends with an accuracy of 93.77%. LLMs enhanced by Retrieval-Augmented
Generation (RAG) are expected to similarly reshape AI-based financial decision-making
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processes, with real-time sentiment analysis and automated trading among the potential
applications [62].

In addition, Baek et al. [63] analysed the relationship between the tone of Reddit
messages and anomalies in the cryptocurrency market, particularly those involving Bitcoin.
The results showed that text analysis, performed with deep learning techniques, can
provide a higher level of accuracy than traditional bag-of-words approaches in terms of
price volatility and trading volume. This finding, together with the previously stated ones,
confirms the hypothesis that integrating behavioural and emotional data can significantly
improve the accuracy of AI-based automated decision-making systems.

From a geographical perspective, the results obtained (Figure 7) reveal an asymmetric,
highly centralised distribution of scientific contribution in the examined sample. The
map shows a marked predominance of researchers originating from China, with seven
authors, followed by the USA, with six researchers, and Canada and Australia, each with
one author. This distribution underscores the transnational scope of research within this
cluster, indicating that the topic is investigated across a wide range of academic contexts
and geographical regions.

Figure 7. Miller’s map of countries: authors addressing theme two. Source: processed by the authors
with MS Excel.

The low or absent contributions from other regions of the world, such as Europe,
South America, Africa, or the Middle East, may indicate an asymmetry in research capacity
in the field. This uneven distribution confirms that the advancement of AI applications
in cryptocurrency is currently driven primarily by research centres in North America
and Asia.

Looking ahead, AI will be a key driving force behind the efficiency of cryptocurrency
trading, evolving from a predictive tool to an autonomous decision-making and yield-
optimisation system. However, the practical and responsible use of these technologies
requires anchoring them in a clear and adaptable regulatory framework. In parallel, the
geographical concentration of research in a few key regions highlights the need to promote
international collaborations and the transfer of expertise to encourage balanced scientific
participation and the global dissemination of innovation in this emerging field.
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4.3. Cluster 3 Blue—Financial and Social Data Analysis—Machine Learning Algorithms

A growing area of research in the scientific literature is the integration of machine
learning algorithms for the simultaneous analysis of financial and social data. Scientific
efforts in this field focus on developing predictive models that overcome the limitations of
econometric methods [11]. The VOSviewer cluster confirms that research is dominated by
the interconnection of “deep learning”, “forecasting”, “sentiment analysis”, “social media”,
and “technical analysis”, all oriented towards designing efficient “predictive models” for
trading on the cryptocurrency market (Figure 8).

Figure 8. Keyword co-occurrence cluster three. Source: processed by the authors with VOSviewer.

The literature has paid increasing attention to evaluating different deep learning
architectures for predicting the price and volatility of crypto assets [64,65]. RNN models,
especially LSTM and GRU, have been shown to outperform traditional cryptocurrency
price forecasting models [66,67]. For example, scientific approaches using the GRU model
have demonstrated a higher prediction level for Bitcoin, Litecoin, and Ethereum compared
to LSTM or bi-LSTM [3,10]. However, the choice of the optimal model depends on the
specific task at hand. While Support Vector Machine (SVM) models have achieved the
best performance (83% accuracy), DL models have offered remarkable performance for
classification tasks [16]. At the same time, by applying feature engineering steps on
the features and selecting them using methods such as Boruta or random forest, the
performance of predictive models can be substantially improved [68,69].

A significant step towards the evolution of forecasting has been made by integrating
non-financial data, particularly social sentiment, into the system [15]. Comprehensive
research has found that combining financial and non-financial data, such as user sentiment,
can improve the accuracy of forecasts from 51–55% to 67–84%, regardless of the DL algo-
rithm used [70]. In addition, Hamadou et al. [71] emphasise that investor sentiment can
be a direct factor affecting Bitcoin returns, and information obtained from online sources
may be a better predictor of Bitcoin price than the price time series itself [15]. Meanwhile,
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an analysis of investor opinions revealed that most stakeholders hold positive or neutral
views of cryptocurrencies, and both positive and negative perceptions have statistically
significant effects on prices [2].

In addition to prediction, ML algorithms play a crucial role in managing crypto asset
portfolios. DL models are utilised to optimise portfolios, aiming to mitigate exposure
to financial risks and achieve a superior return [72,73]. One more significant area is
Explainable AI (XAI), which deals with the issue of understanding the “black box” of
complex models [74]. Investors’ decision-making can be significantly explained by the
factors identified through the usage of XAI, such as their knowledge of cryptocurrencies,
risk perceptions, and benefits [75,76]. These innovations in the supply of financial and
non-financial information open the way for the financial sector to redesign its strategies
more efficiently and increase investor commitment [77].

The range of algorithmic architectures for processing financial and social data, which
reveals the complexity of the models used, is also mirrored in the authors’ locations for
their scientific works. The contributions illustrated in Figure 9 originate from a range of
diverse academic contexts, with a more pronounced representation of authors institutionally
affiliated in China. Besides that, India and the USA, each with seven authors, show vibrant
academic ecosystems and strong, active cooperation between academia and industry.
There are also several papers from Russia, Australia, and Canada (three authors each),
which indicate that this is an international research topic. On the other hand, the scarcity
of scientific knowledge in Central Europe, Latin America, and Africa implies that the
flow of scientific knowledge is uneven, raising the possibility of facilitating international
collaborations to democratically develop the application of AI in crypto asset trading.

Figure 9. Miller’s map of countries: authors addressing theme three. Source: processed by the
authors with MS Excel.

The scientific literature charts the gradual development of a mature research field
that integrates ML algorithms into the analysis of financial and social data related to
cryptocurrencies. Contemporary models, such as neural networks, hybrid architectures,
and NLP techniques, have been instrumental in understanding market dynamics and
forecasting investor behaviour. In addition, the location of the research contributions
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reveals the concentration of the knowledge in some strategically important regions. It also
shows the potential of opening up research to a more balanced international engagement.
The convergence of technological innovation and global research activity at this time,
therefore, provides a firm basis for the emergence of autonomous trading systems that will
be more accurate, adaptive, and transparent.

4.4. Cluster 4 Yellow—Algorithmic Trading and Automation

Algorithmic trading has become one of the most vibrant and eclectic research areas in
the recently published literature on cryptocurrencies. As algorithmic trading directly caters
to the peculiarities of crypto markets, it presents the following extreme characteristics: high
volatility, continuous operation (24/7), and structural complexity due to the fragmentation
of exchanges and speculative behaviours. These features make cryptocurrencies an ideal
laboratory for automation, where traditional strategies can be tested and optimised, and AI
models can be trained in a rapidly changing market regime context.

Suggestively, the co-occurrence analysis of the keywords (Figure 10) related to the
analysed cluster indicates that “algorithmic trading” is the network’s central node which
is, at the same time, connected to the words “trading”, “volatility”, “technical indicators”
and to the advanced methods like “random forest”, “garch” and “high-frequency trading”.
This semantic architecture lays the foundation for a continuum in the literature, covering
automated trading from rule-based automation and technical indicators to learning-based
automation (ML/DL/RL), primarily for high-frequency trading.

Figure 10. Keyword co-occurrence cluster four. Source: processed by the authors with VOSviewer.

A consistent part of the research begins from the premise that traditional technical
indicators remain relevant in crypto trading, provided they are appropriately tailored to
market-specific features. For example, Özdemir & Bogosyan [78] propose a framework
for generating trading signals using neural networks fed with technical indicators and
optimised on crypto data aggregated at five-minute intervals, concluding that the results
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are promising but require refinement for high profitability in real trading environments.
Cohen [79] demonstrates a series of empirical contributions, fully supporting this point of
view: they show that intraday trading performance can be robustly generated by such indi-
cators as RSI (Relative Strength Index), MACD (Moving Average Convergence Divergence)
or Keltner Channels, thus outperforming “Buy and Hold” strategies for significant assets
(Bitcoin, Ethereum, BNB, Cardano, XRP), especially when they are calibrated on longer
time frames (60–120 min), which implies that crypto markets, although volatile, are still
capable of rewarding strategies that can lessen random micro-fluctuations and follow more
stable trends. Besides rule-based system optimisation, Cohen [80] also experiments with an
average true range (ATR)-based strategy, proving that systems optimised across multiple
objectives (profit, profit factor, and percentage of profitable transactions) can significantly
enhance the ability to predict trends, and the integration of Keltner Channels can amplify
the performance of the ATR system.

Nevertheless, the literature converges on the idea that technical indicators, when
used in isolation, face structural limitations in a market characterised by extreme volatility
and speculative behaviour. This is the reason why “volatility” is depicted as a hub in the
co-occurrence network, which connects intraday strategies and advanced research, such as
GARCH (Generalised Autoregressive Conditional Heteroskedasticity) and reinforcement
learning, on either side. Volatility acts as both a source of opportunity and risk simultane-
ously. While it is true that oscillations created by it are at the disposal of algorithms, the
chances for sudden drawdowns and instability of strategies during backtesting are also
increased. The studies suggest that volatility is not only a control variable issue but also an
integrated mechanism in the automated strategy architecture. For instance, Wei et al. [81]
recommend a variable-leverage strategy that combines sentiment and volatility narratives
to support hybrid strategies, producing continuous, superior returns through constant
market context adaptation. Moreover, in an econometric and risk modelling framework,
other studies apply GARCH and conditional volatility instruments to comprehend market
connectivity and model risk transfer—a direction that also appears in the analysis through
the keyword “garch”, connected with “trading” and “volatility” [82].

Such a move toward adaptive models is the reason why the reviewed literature’s most
innovative direction is DRL, which treats trading as a sequential decision problem. In this
type of research, prices and indicators are “states”, buy/sell decisions are “actions”, and
returns are “rewards”—thereby modelling an agent learning optimised trading policies. A
relevant example is the framework proposed by Liu et al. [83], who built a high-frequency
strategy for Bitcoin using PPO (Proximal Policy Optimisation) and an LSTM basis, demon-
strating that the agent can achieve significantly higher returns than benchmark strategies
in a simulated environment synchronised with real data. Ghadiri & Hajizadeh [84], corre-
spondingly, propose a two-step crypto trading system: automatic feature selection using
XGBoost (Extreme Gradient Boosting—including blockchain-specific data), followed by
a DDQN (Double Deep Q-Network) agent with LSTM/bi-LSTM/GRU layers for gener-
ating buy/hold/sell instructions, highlighting that the integration of on-chain variables
can add crucial information for performance. Besides that, the literature also points out
that when volatility is high, RL agents can suffer from instability (overfitting, extreme
degradation); thus, stabilising and distillation-type solutions are suggested. Along these
lines, Moustakidis et al. [85] propose an online probabilistic distillation method for DRL
agents, with the explicit goal of enhancing training stability and performance in a volatile
financial environment.

The natural transition from “automated trading” and “ultra-fast automated trading”
is the subfield of high-frequency trading (HFT), which can be viewed both as a separate
node in the co-occurrence analysis and as a significant topic in the literature. HFT in crypto
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is a subject of research not only as a practice but also as a market phenomenon that affects
trading quality. Petukhina et al. [86] analyse intraday patterns and the impact of automated
algorithms on the European crypto market, concluding that fast automated trading creates
repetitive structures and thus provides a basis for discussing the predictability of economic
value in this market. In a more practical tone, Vo & Yost-Bremm [87] develop a high-
frequency strategy for Bitcoin at the minute level, employing financial indicators and an
ML algorithm to evaluate performance relative to other ML methods and assess economic
benefits in out-of-sample contexts. However, the literature shows that simply increasing
the frequency does not guarantee improved performance; the central problem remains the
ability to adapt to rapid regime changes and avoid decision bias in extreme conditions. This
explains why multi-agent architectures are being proposed and emerging. Zong et al. [88]
propose MacroHFT, an augmented memory and context-aware RL method that combines
specialised sub-agents (for trend and volatility) with a meta-agent (hyper-agent) that
produces a consistently profitable meta-policy in minute-level trading, thus overcoming
the limitations of individual agents.

As automation becomes increasingly complex, a new issue arises: the need for de-
cision transparency. “Black box” AI strategies may be perceived as risky or difficult to
monitor, especially in the cryptocurrency space, which is characterised by volatility and
manipulation. Hence, the literature is increasingly developing components of Explainable
AI (XAI). Fior et al. [12] propose a visual analytics tool that utilises (Shapley Additive
Explanations) to explain AI models employed in cryptocurrency trading, thereby enabling
experts to identify the most impactful features and comprehend the basis of automated
decision-making. Han et al. [89] developed the FIDR-SCAN (Feature-Interpolation-based
Dimension Reduction Scan) method in an HFT-oriented approach for discovering trading
markers from HFT data, constructing an interpretable “trading map” and reusing the
markers to design AI algorithms applicable to both equity and cryptocurrency markets.
Thus, automation is no longer defined solely by “profit”, but by the ability of a system to
be explainable, auditable, and adaptable.

Furthermore, automation in crypto is no longer an isolated issue; it is rather a part of
broader transformations in FinTech and the financial markets. The Carè & Cumming [90]
bibliometric study demonstrates that the literature on automation and trading technologies
grew steadily between 1984 and 2022, and the present research is converging on clusters
such as ML, HFT, systemic risks, and emerging applications in cryptocurrencies, which is a
confirmation of crypto being at the centre of the primary research agenda of automated
markets. Correspondingly, Das [91] presents FinTech as a math-data-tech-disintermediation
force created by the convergence of mathematics, big data, econometrics, cryptography,
and computing, and he emphasises that the rapid expansion of automated systems is due
to the accelerated progress in these fields. This macro perspective provides a relevant
framework for interpreting the result of the Miller map (Figure 11), which suggests a
concentration of authors in countries with strong ecosystems in AI and FinTech (especially
the US and China), complemented by smaller contributions from Canada and Australia.
This distribution highlights that the development of automation in crypto trading is closely
linked to the technological, capital, and research infrastructures of the main global poles.

Therefore, the literature in the category “Algorithmic Trading and Automation” con-
firms the transition of crypto markets from deterministic, indicator-driven strategies to
ML and DRL-based systems, which are capable of contextual adaptation and continuous
optimisation. At the same time, the research highlights several still open challenges: the
instability of DRL agents in volatile environments, the difficulty of out-of-sample gener-
alisation, the impact of real trading costs on profitability, and the need for explainable
mechanisms for risk control and auditability. Consequently, crypto trading automation is
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not just an extension of technical analysis but a structural transformation, powered by AI,
that reconfigures how investment decisions in digital assets are generated.

Figure 11. Miller’s map of countries: authors addressing theme four. Source: processed by the
authors with MS Excel.

4.5. Cluster 5 Purple—Prediction and Modelling of Crypto Market Developments

Prediction and modelling of cryptocurrency market developments is currently one of
the most active research directions at the intersection of finance and AI, and this interest is
justified by the deeply atypical specificity of crypto markets: high volatility, nonlinearity,
sudden regime changes, and exogenous influences difficult to quantify [92]. The literature
consistently emphasises that traditional forecasting and econometric methods offer limited
results when confronted with the unstable structure and stochastic behaviour of cryptocur-
rencies, which explains the progressive migration towards ML and DL models, capable of
learning complex relationships from historical data, technical indicators, and alternative
variables [1].

From a bibliometric perspective, the co-occurrence of keywords (Figure 12) performed
in VOSviewer highlights a suggestive conceptual configuration: “reinforcement learning”
appears as a central node, directly connected to “cryptocurrency trading” and “portfolio
management”. This structure signals a paradigm shift in research: price forecasting is no
longer treated as a mere statistical exercise but as a tool for optimising financial decisions,
integrated into automated trading and portfolio management systems [93,94].

The fusion of prediction and decision, to some extent, is also the reason why DL models
dominate pricing and trend-direction forecasting. Studies on sequential architectures, such
as LSTMs and GRUs, reveal that these networks can effectively model both short-term
and long-term dependencies in volatile time series. In some instances, their performance
surpasses that of traditional econometric models [95]. For example, the study of Bitcoin
and Ethereum price forecasting reveals that LSTM can even outperform new models like
Transformer, and sentiment integration can bring performance enhancements in some cases,
albeit with effects that are asset- and model-dependent [96].

Meanwhile, researchers have been suggesting an increasing number of hybrid archi-
tectures that merge the characteristics of neural networks with those of econometric models
or ensemble methods. One of the main focuses is volatility prediction, where GARCH
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models provide estimates of the conditional volatility structure, while LSTM networks
bring robustness to extreme shocks and regime changes. An eloquent example demon-
strates that merging GARCH model-generated observations with an LSTM automated
prediction system yields substantial improvements, both in-sample and out-of-sample,
thereby demonstrating better adaptability under market turbulence conditions [97].

Figure 12. Keyword co-occurrence cluster five. Source: processed by the authors with VOSviewer.

In the same vein of performance optimisation, the latest publications also feature the
ensemble model, which is a combined CNN and bi-LSTM model that can concurrently
extract local patterns and temporal dependencies. This model was found to yield lower
errors than MLP (Multi-Layer Perceptron), CNN, LSTM, or GRU when applied separately,
both on historical datasets and live data [98].

Additionally, a growing body of research highlights the importance of selecting ex-
planatory variables. Besides price and volume, more sophisticated technical indicators
(macro-financial indicators, media attention variables, and frequency-domain decompo-
sitions) are being used. A relevant example proposes CEEMDAN (Complete Ensemble
Empirical Mode Decomposition with Adaptive Noise) decomposition and predictor selec-
tion via random forest, followed by LSTM/GRU prediction, with results showing not only
statistical improvements but also higher returns in simulated trading scenarios [99].

An increasingly important direction in prediction is the integration of alternative data,
especially sentiment extracted from social media and textual signals. As narratives, news,
and collective behaviours deeply influence crypto markets, sentiment becomes a relevant
predictor, and the literature explores multiple NLP strategies. For example, some works
combine bi-LSTM/GRU with advanced sentiment models (BERT and VADER) and propose
“sentimental cautioning” mechanisms, designed to mark predictions as “trustworthy” or
“uncertain”, thus contributing not only to forecasting but also to risk management [100,101].

In the same area, studies have integrated sentiment analysis with FinBERT (Financial
Bidirectional Encoder Representations from Transformers) and combined it with hybrid
LSTM–GRU models for predicting price movements, concluding that the inclusion of
emotional signals improves performance compared to benchmarks [102].

Nevertheless, the importance of prediction increasingly depends on its integration into
decision-making systems. This aligns with both the co-occurrence network (reinforcement
learning-portfolio management) and the literature, which considers prediction as one of
the inputs to an automated trading system. Studies on RL propose setups in which the
agent learns to maximise reward by utilising predictions to optimise actions. The outcomes
indicate a comparative improvement over conventional methods [94].
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In addition, portfolio-oriented research employs DRL in conjunction with risk mea-
sures such as CvaR (Conditional Value at Risk), demonstrating that AI strategies can
capture the nonlinear effects of multiple shocks on the risk distribution and outperform
classical portfolio construction techniques [93].

Similarly, there is a growing concern about bridging the gap between prediction and
implementation. Some studies propose stop-loss-adjusted labelling schemes to reduce the
inconsistency between the predictive signal and the trading decision, demonstrating a
significant risk reduction in experiments applied to cryptocurrencies [103].

With regard to the geographical distribution of scientific output, the Miller map
(Figure 13) highlights a concentration of authors in specific regions, with a more pronounced
representation of contributions originating from Asia—particularly China—followed by
North America and Europe. This distribution reflects the way in which the analysed
literature is geographically structured within the selected corpus and indicates the regions
in which research on advanced predictive models in cryptocurrency markets is more
frequently represented.

Figure 13. Miller’s map of countries: authors addressing theme five. Source: processed by the authors
with MS Excel.

Despite the accelerated progress, the literature also signals consistent methodological
limitations. Some studies remain focused almost exclusively on statistical metrics, without
rigorously integrating trading realism (fees, slippage, liquidity); this gap can lead to “opti-
mistic” results that do not transfer to real-world applications. That is why recent directions
are moving towards integrated frameworks, where predictions are validated through back-
testing and are directly connected to trading rules and risk control mechanisms [104,105].
A relevant example is a methodology that combines ML, text analysis, and DL to develop a
trading recommendation algorithm, which yields high returns even after accounting for
trading fees. This strengthens the argument for the need for economic validation [106].

Overall, the literature on cryptocurrency market prediction and modelling reflects a
clear transformation: from forecasting as an end in itself to forecasting as a component
in an automated decision-making ecosystem. The dominance of RL in the co-occurrence
network confirms that predicting market developments is closely linked to optimising
trading strategies and portfolio management. This convergence justifies the central role of
AI in revolutionising crypto trading.
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5. Technology Readiness Level Assessment
The technological maturity analysis, based on the 555 papers included in the dataset,

highlights significant differences between clusters in the degree of development and opera-
tionalisation of AI-based solutions for cryptocurrency trading. The TRL intervals allocated
to different clusters not only illustrate the predominant maturity levels but also reflect
internal fluctuations in contributions, thereby showing the progression from concept and
experimental validation to solution application in a real environment.

Thus, the TRL range (min–max) for each cluster was established by identifying the
lower and upper bounds of technological maturity, using the type of contribution and the
reported level of validation as criteria. The lower part of the range comprises systematic
literature review (SLR)-type papers, surveys, and models, mainly developed at a theoret-
ical level or validated in controlled environments and thus not fully integrated into an
operational system. The upper part of the range comprises contributions that describe
the development of functional prototypes, the integration of systems, the application of
tools (toolkits/dashboards), real-time applications, or architectures that manifest a high
readiness level for practical use.

These ranges are supported by empirical evidence and exemplified in Table 2. It
provides tangible examples of articles that can be linked to the lower and upper ends of the
TRL range for each cluster. Those examples serve as evidence of the internal heterogeneity
of each cluster and the gradual nature of the field’s maturation, which is moving from
model-centric contributions towards system and implementation-oriented research.

Table 2. TRL range justification for thematic clusters.

No. Cluster/
Theme

TRL
Interval

Lower-Bound
Evidence

Upper-Bound
Evidence

Why is This Interval Justified?

1 Algorithmic
trading &
automation

7–9 [53,57,107,108] [109–113] The interval is high because the cluster
includes both field-shaping
surveys/framework contributions
supporting automation (TRL ~7) and
system-oriented, near-deployable
trading architectures, such as
multimodal agents and high-frequency
trading pipelines (TRL 8–9).

2 Blockchain & AI
in
decentralised
ecosystems

3–6 [40,41,47,114] [74,115,116] The interval reflects an emerging and
heterogeneous domain: the lower bound
is driven by conceptual/systematic
reviews and early proofs-of-concept (TRL
3–4), while the upper bound is reached
by ledger-based detection systems and
smart contract architectures validated in
relevant environments (TRL 6). Full
on-chain deployment remains limited by
scalability, security, auditability, and cost
constraints.

3 Machine
learning &
neural
networks

5–8 [11,117–119] [95,120–122] The interval indicates that the cluster
spans from offline validated,
model-centric ML/DL studies (TRL 5–6)
to integrated pipelines and advanced
systems (e.g., RL + smart contracts,
decision-support architectures, real-time
inference), reaching TRL 7–8. Remaining
challenges include generalisation,
robustness, and reproducibility.
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Table 2. Cont.

No. Cluster/
Theme

TRL
Interval

Lower-Bound
Evidence

Upper-Bound
Evidence

Why is This Interval Justified?

4 Data analytics &
practical
applications

7–9 [58,123] [12,124–126] The interval is high because the cluster is
dominated by applied tools and
operational analytics pipelines, ranging
from functional prototypes (toolkits,
dashboards, analytics systems) at TRL 7
to solutions with near-industrial
integration and real-time applicability at
TRL 8–9.

5 Crypto market
prediction &
modelling

5–7 [127–129] [121,130,131] The interval is moderate: most studies
focus on offline forecasting and
statistical validation (TRL 5–6), while a
smaller subset provides functional
prototypes (real-time prediction tools,
dApps, live pipelines), justifying TRL 7.
Limited evidence of stable production
deployment prevents a higher upper
bound (TRL 8–9).

Source: processed by the authors.

The assessment of TRL (Figure 14) conducted in EViews reveals that the literature
on the application of AI in cryptocurrency trading exhibits an uneven maturity profile,
distributed across clusters, with a dominant presence of works in the TRL 6–8 range. Such
a spread indicates that the area has gone mainly beyond the conceptual stages (TRL 1–3)
and moved towards solutions that have been experimentally validated. This validation is
typically done by backtesting, market simulations, and the creation of functional prototypes.

 

Figure 14. Assessment of Technology Readiness Levels. Source: processed by the authors in
Eviews 10.

At the cluster level, the TRL highlights an explicit ranking of the AI field for cryp-
tocurrency trading, based on how closely the contributions align with implementation
and practical use in real-world settings. By presenting the median TRL and the range
(minimum–maximum) for each cluster, the research reflects not only the maturity level
that is most prevalent but also the degree of internal variation within works in the same
thematic area. This comparative structure is summarised in Table 3, allowing the delim-
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itation between clusters with high maturity, characterised by operational systems and
applicable tools, clusters in an intermediate stage of consolidation, dominated by model-
oriented research and validated mainly through backtesting, as well as emerging clusters,
in which the integration of AI remains limited by technical and security constraints specific
to decentralised infrastructures.

Table 3. Maturity category of thematic clusters.

Maturity Category Cluster n TRL
Median

TRL Range
(Min–Max)

High maturity (1) Algorithmic trading & automation 52 8.0 7–9
High maturity (4) Data analytics & practical applications 18 8.0 7–9

Medium-to-high maturity (3) Machine learning algorithms & neural
networks 150 6.5 5–8

Medium maturity (5) Crypto market prediction & modelling 271 6.0 5–7
Emergent consolidation
stage

(2) Blockchain infrastructure & AI integration in
decentralised ecosystems 64 4.5 3–6

Source: processed by the authors from EViews.

Overall, the TRL evaluation of the AI field in cryptocurrency trading reveals that
the domain is mature, with clusters that are system- and application-oriented (automated
trading and data analytics), with maturity often reaching TRL 8–9. On the other hand, the
blockchain–AI cluster is depicted as an emerging area (TRL 3–6), indicating that one of
the primary forthcoming directions is the robust on-chain implementation. Moreover, the
prediction model and neural network clusters are at medium to high levels of maturity;
however, generalisation and reproducibility challenges still limit them, emphasising the
need to shift from model-centric to system-centric research.

6. Comparative Discussion Across Clusters: Convergences,
Contradictions, and Limitations of the Existing Literature

While the five thematic clusters identified through the bibliometric mapping provide
a structured overview of the main research streams at the intersection of AI and cryptocur-
rency trading, a more explicit comparative perspective reveals several overarching patterns,
methodological inconsistencies, and unresolved limitations across the field.

A first major distinction emerges between research primarily oriented toward pre-
dictive modeling (Cluster 5: Prediction and Market Development Modelling) and work
focused on execution-oriented automation (Cluster 1: Algorithmic Trading and Automa-
tion). Forecasting-driven studies remain quantitatively dominant in the corpus, frequently
proposing advanced ML architectures for price prediction under controlled offline exper-
imental settings. However, despite strong statistical performance metrics, a persistent
limitation lies in the incomplete translation of predictive accuracy into actionable trading
utility. Many contributions to predictive clustering evaluation models evaluate solely on
historical datasets, without incorporating realistic market frictions such as transaction costs,
liquidity constraints, bid–ask spreads, or execution latency. Consequently, an implicit con-
tradiction arises: although prediction is often framed as the core objective, the operational
relevance of these models for real trading decision-making is not always substantiated. In
contrast, automation-focused research more directly addresses trading feasibility through
backtesting frameworks, portfolio allocation mechanisms, and RL agents optimised for dy-
namic execution. Yet, this cluster often relies on stylised assumptions and narrowly tuned
strategies, raising concerns about generalisability across shifting crypto market regimes.

A second cross-cluster tension concerns methodological sophistication versus ro-
bustness. Cluster 3 (Machine Learning Algorithms and Neural Networks) emphasizes
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increasingly complex DL architectures, including LSTM variants, attention-based mod-
els, and hybrid neural frameworks. While such approaches are frequently presented as
superior for capturing nonlinear crypto dynamics, the literature remains divided on the
extent to which complexity translates into stable performance. Several studies highlight
the vulnerability of deep models to overfitting, regime dependency, and reproducibility
challenges, particularly in environments characterised by extreme volatility and structural
breaks. Thus, the field exhibits an unresolved methodological contradiction: the pursuit of
higher predictive capacity often comes at the expense of interpretability, robustness, and
consistent out-of-sample reliability.

Cluster 2 (Blockchain Infrastructure and AI Integration in Decentralised Ecosystems)
further exposes a gap between conceptual innovation and technological maturity. This
research stream is characterised by architectural proposals for embedding AI into DeFi,
smart contracts, and blockchain-enabled execution systems. Although these contributions
signal an important frontier for the future of autonomous trading ecosystems, much of
the literature remains at proof-of-concept or prototype stages. Practical implementation is
constrained by persistent challenges related to scalability, security vulnerabilities, gover-
nance constraints, and interoperability across decentralised infrastructures. As such, this
cluster illustrates an imbalance between visionary integration frameworks and the limited
availability of operational deployments within the current state of research.

In contrast, Cluster 4 (Data Analytics and Practical Applicability) is among the most
operationally mature research directions, despite its smaller volume. Contributions in
this stream emphasise scalable data pipelines, feature engineering, sentiment analytics,
and on-chain indicators directly usable within applied trading environments. The com-
paratively high TRL levels associated with this cluster reflect stronger industry alignment
with data-centric research. Nonetheless, even within this cluster, evaluation practices
remain heterogeneous, and standardisation of benchmarks across datasets and exchanges is
still lacking.

Taken together, the comparative analysis of clusters reveals a broader maturity imbal-
ance in the AI-driven cryptocurrency trading literature. The field is currently characterised
by a substantial methodological expansion—particularly in forecasting and DL—yet a
more limited progression toward reproducible, integrated, and operationally validated
trading infrastructures. High-maturity domains (Clusters 1 and 4) are less represented in
volume, whereas the dominant predictive literature (Cluster 5) often remains constrained
to intermediate readiness levels, reinforcing the gap between academic experimentation
and real-world implementation.

In addition, several overarching limitations persist across clusters, including heavy re-
liance on historical data, inconsistent treatment of transaction realism, limited transparency
in reporting, and the absence of unified evaluation standards for deployment readiness.
Addressing these challenges will require future research to move beyond isolated algorith-
mic improvements toward robust, standardised, and auditable AI trading systems capable
of operating reliably under the distinctive complexities of cryptocurrency markets.

7. Conclusions
Finally, this study has a significant impact on three main levels: academic, profes-

sional, and social, offering an integrated perspective of how AI is reconfiguring digital
asset trading.

At the academic level, this study contributes to the specialised literature in several
fundamental directions. First, it aims to systematise knowledge, using the PRISMA protocol
and bibliometric analysis. The sources highlight five primary research directions, ranging
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from blockchain infrastructure to predictive modelling, which facilitate an understanding
of the interdependencies between these technologies.

Furthermore, based on the bibliometric study of the specialised literature, the conclu-
sions highlight the profound transformation of cryptocurrency trading under the influence
of AI. The results highlight a clear transition from traditional statistical methods to au-
tonomous decision-making systems capable of processing massive volumes of data for
portfolio optimisation. AI has evolved beyond being just a forecasting tool, becoming the
core of integrated portfolio management ecosystems that can process massive volumes of
data that the human mind cannot handle.

The originality of this study lies in the classification of the technological maturity
of AI solutions, allowing researchers to identify which areas are purely theoretical and
which are ready for implementation. Thus, to provide an overview of the implementation
stage of these technologies, this study proposes integrating the results into a map of
technological maturity levels. The TRL assessment reveals an uneven maturity profile
between the different sub-domains of research. High maturity is evident in areas such
as algorithmic trading and automation, data analysis, and practical applications, offering
solutions that are close to the operational or commercial stage. The average maturity is
achieved through machine learning algorithms and market evolution modelling, which
are currently undergoing rigorous experimental validation (backtesting) but still face
challenges related to reproducibility. The youngest field, in the emerging maturity phase, is
the integration of AI into blockchain infrastructure, which is limited by scalability, security,
and on-chain execution costs.

A geographical concentration of research in China and the US is also highlighted,
indicating an asymmetry in the global innovation capacity. This asymmetry underscores
the need for international collaboration to democratise access to FinTech innovations across
regions such as Europe, Africa, and South America.

At the professional level, for financial and technology practitioners, this study offers
applied perspectives such as portfolio optimisation and algorithmic trading. Sources
indicate that the use of DRL algorithms enables dynamic strategies that outperform passive
“Buy and Hold” methods.

Cybersecurity professionals can also implement systems to prevent money laundering
and use GNN to detect phishing attempts. Furthermore, risk can be reduced by alternative
data, such as the integration of sentiment analysis (from social networks), which increases
the accuracy of forecasts from approximately 50% to over 80%, giving traders a significant
competitive advantage. This study highlights the need for explainable AI, which is essential
for experts to audit and understand algorithms’ decisions in volatile markets.

At the societal level, this study addresses themes in security and the democratisation
of finance, such as protecting users by developing better fraud-detection systems and
combating pump-and-dump schemes. In the context of Web 3.0, integrating AI enables
a decentralised approach, where users become the owners and managers of their own
financial data, leading to the democratisation of data and increased trust in ecosystems.
This reduces the “black box” nature of algorithms and increases individual investors’ trust
in automated systems, facilitating the sustainable adoption of digital assets.

However, sources suggest that a clear regulatory framework must accompany techno-
logical progress to ensure the responsible use of these powerful tools.

Although AI’s potential is vast, a dissonance exists between academic theory and
practical performance. Therefore, remaining research challenges include the need for
explainable AI to eliminate the “black box” nature of complex models and increase investor
confidence. Another challenge may be related to the stability of algorithms under extreme
market stress.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
ANN Artificial Neural Network
ARIMA Autoregressive Integrated Moving Average
ATR Average True Range
BC-CCC Cognitive Cloud Computing and Blockchain-Based Systems
BELFAL Blockchain-based Ensemble Learning Framework for Anti-Money Laundering
BFT Byzantine Fault Tolerance
BNB Native token of Binance
BT Blockchain Technology
CEEMDAN Complete Ensemble Empirical Mode Decomposition with Adaptive Noise
CNN Convolutional Neural Network
CNN-RNN Convolutional and Recurrent Neural Network
CVaR Conditional Value at Risk
DBM Deep Boltz Machine
DDQN Double Deep Q-Network
DeFi Decentralised Finance
DL Deep Learning
DRL Deep Reinforcement Learning
FIDR-SCAN Feature-Interpolation-based Dimension Reduction Scan
FinBERT Financial Bidirectional Encoder Representations from Transformers
FinTech Financial Technology
GARCH Generalised Autoregressive Conditional Heteroskedasticity
GNN Graph Neural Network
GRU Gated Recurrent Unit
HFT High-Frequency Trading
IoT Internet of Things
IPFS InterPlanetary File System
LLM Large Language Model
LSTM Long Short-Term Memory
MACD Moving Average Convergence Divergence
ML Machine Learning
MLP Multi-Layer Perceptron
NLP Natural Language Processing
PIM Project Information Model
PPO Proximal Policy Optimisation
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
RAG Retrieval-Augmented Generation
RL Reinforcement Learning
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RNN Recurrent Neural Network
RSI Relative Strength Index
SHAP Shapley Additive Explanations
SLR Systematic Literature Review
SVM Support Vector Machine
TRL Technology Readiness Level
UAE United Arab Emirates
USA United States of America
V&V Verification and Validation
WoS Web of Science
XAI Explainable AI
XGBoost Extreme Gradient Boosting
XRP Native token of Ripple

Appendix A. Replicable Protocol for Coding TRL in the Literature on AI
Applied to Cryptocurrency Trading

Technology Readiness Levels are widely employed in engineering and applied sciences
to evaluate the maturity of a technology as it progresses from initial conceptualisation to
full operational deployment. Within the context of academic research, however, the mean-
ingful application of TRLs requires clearly defined operational criteria and a transparent,
reproducible coding procedure.

Accordingly, the TRL framework was adapted to the domain of AI-driven cryptocur-
rency trading research in order to systematically differentiate between contributions that
remain primarily experimental or proof-of-concept in nature and those that exhibit a higher
degree of technological maturity, approaching practical implementability in real-world
trading environments.

Table A1 presents the operational definitions employed in this study to adapt the TRL
framework to the context of AI-assisted cryptocurrency trading

Table A1. TRL coding rubric for AI applications in cryptocurrency trading.

TRL Level Operational Definition in the Context of AI-Driven Cryptocurrency Trading

TRL 1–2 Conceptual or theoretical contributions without empirical validation (general frameworks,
proposed architectures).

TRL 3 Proof-of-concept demonstrated using limited data or preliminary scenarios.
TRL 4 Prototype tested offline on historical cryptocurrency price series or experimental datasets.

TRL 5 Rigorous predictive validation through standard metrics and benchmark comparisons (e.g.,
RMSE, MAPE, baseline models).

TRL 6 Extended validation: robustness across multiple market regimes and multimodal
integration (e.g., sentiment, on-chain data).

TRL 7 Trading-oriented evaluation: realistic backtesting incorporating transaction fees, portfolio
constraints, and risk management mechanisms.

TRL 8 Near-operational simulation: real-time testing or integration via exchange APIs.
TRL 9 Fully operational implementation in real trading systems or functional DeFi applications.

Source: adapted by the authors.

In order to strengthen the transparency and reproducibility of the classification proce-
dure, the coding was grounded in observable indicators extracted from article titles and
abstracts. Such indicators reflect the extent of implementation, validation, and practical
integration claimed by the respective authors.
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Table A2. Decision indicators for TRL level assignment.

Observable Indicator in Title/Abstract TRL Interpretation

“conceptual framework”, “architecture”, “proposal” TRL 1–3
“prototype”, “proof-of-concept”, “simulation study” TRL 3–4
“benchmark”, “RMSE/MAPE”, “forecasting accuracy” TRL 5
“robustness”, “multi-regime”, “on-chain + sentiment integration” TRL 6
“backtesting”, “transaction costs”, “risk management” TRL 7
“real-time trading”, “exchange API testing” TRL 8
“deployment”, “operational system”, “DeFi implementation” TRL 9

Source: adapted by the authors.

The subsequent stage involved assigning TRL ranges according to the following
standardised rules:

1. Identification of the study’s dominant function (e.g., prediction, automated execution,
or blockchain integration);

2. Coding based on the most advanced methodological element explicitly reported (for
example, backtesting including transaction costs → TRL ≥ 7);

3. Assignment of the score at the cluster level, in order to reflect the overall maturity of
the thematic research direction;

4. Definition of cluster TRL intervals as follows:

• TRL 3–6: emerging integration and conceptual prototyping;
• TRL 5–7: robust academic validation with partial implementation;
• TRL 7–9: proximity to operational applications and automated execution.

To mitigate the potential subjectivity inherent in classifications based solely on titles
and abstracts, TRL coding was conducted by two independent evaluators (two of the
three authors), both of whom were trained in accordance with the standardized guidelines
outlined above. The coding procedure followed these steps:

1. Initial training on a pilot sample using the rubrics presented in Tables A1 and A2.
2. Independent coding. Each evaluator assigned TRL levels separately, without

mutual consultation.
3. Assessment of inter-rater agreement. Consistency between evaluators was quantified

using Cohen’s κ (kappa) coefficient, which is widely applied to evaluate the reliability
of qualitative coding procedures.

Note: In the present study, inter-rater agreement was high (κ = 0.82), indicating
excellent reliability of the TRL coding and supporting the methodological robustness of the
proposed approach.

4. Resolution of disagreements. In cases of discrepancy between evaluators, disagree-
ments were resolved through:

• Discussion between evaluators to clarify the rubric criteria;
• Consultation of the full-text methodological sections in ambiguous cases;
• Establishment of a final TRL value through consensus;
• Consultation with the third author when consensus could not be reached.

Additionally, the replicable coding protocol included a step based on the identification
of anchor documents. These anchor documents were selected from the analysed corpus
to explicitly illustrate the lower and upper boundaries of the TRL ranges assigned to each
cluster, in accordance with the criteria specified in Table A3.
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Table A3. Cluster-specific anchor documents for TRL range justification.

Cluster (TRL Range) TRL Boundary Anchor Document Description Justification
(Chain of Evidence)

Cluster 1. Algorithmic trading
and automation (TRL 7–9)

Lower bound (≈TRL 7) Studies reporting automated
trading strategies validated
through realistic backtesting,
including transaction fees and
portfolio constraints.

Corresponds to TRL 7 as it reflects
the transition from offline
forecasting to decision-making
under realistic trading conditions.

Upper bound (≈TRL 9) Studies describing the integration
of reinforcement learning agents
into near-operational execution
systems or deployable trading
bots.

Indicates TRL 8–9 due to the
proximity to deployment within
real trading infrastructures.

Cluster 2. Blockchain
infrastructure and AI integration
in decentralized ecosystems (TRL
3–6)

Lower bound (≈TRL 3) Works proposing AI–blockchain
architectural frameworks without
extensive testing, remaining at the
conceptual or preliminary
simulation stage.

Anchors TRL 3, characteristic of
early-stage emerging prototypes.

Upper bound (≈TRL 6) Studies demonstrating AI
mechanisms integrated into smart
contracts or pilot DeFi
applications, without full
operational implementation.

Reflects TRL 5–6 through
extended validation, but
incomplete infrastructure
integration.

Cluster 3. Machine learning
algorithms and neural networks
(TRL 5–8)

Lower bound (≈TRL 5) Articles employing
LSTM/GRU/CNN models for
cryptocurrency price forecasting,
validated through RMSE/MAPE
metrics and baseline comparisons.

Corresponds to TRL 5,
representing rigorous academic
predictive benchmarking.

Upper bound (≈TRL 8) Studies combining deep learning
with execution-oriented
backtesting or API integration
within exchange platforms.

Justifies TRL 7–8 due to proximity
to real-time trading integration.

Cluster 4. Data analytics and
practical applicability (TRL 7–9)

Lower bound (≈TRL 7) Studies developing feature
engineering systems and on-chain
analytics directly applicable to
prediction and trading pipelines.

Reflects TRL 7 due to practical
applicability and integration into
scalable workflows.

Upper bound (≈TRL 9) Works describing robust big-data
analytics implementations
embedded in automated
decision-making systems.

Justifies TRL 8–9 through
alignment with industrial
deployment and
production-ready infrastructures.

Cluster 5. Prediction and
modeling of crypto market
developments (TRL 5–7)

Lower bound (≈TRL 5) Articles developing deep
learning–based predictive models
validated through standard
forecasting metrics.

Corresponds to TRL 5,
characteristic of robust offline
academic forecasting.

Upper bound (≈TRL 7) Studies extending forecasting
toward backtesting and portfolio
management, without full live
deployment.

Justifies the upper bound TRL 7
through integration of prediction
into trading decision frameworks.

Source: adapted by the authors.
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