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Abstract: Since 2012, researchers have explored various factors influencing Bitcoin prices. Up until
the end of July 2023, more than 9100 research papers on cryptocurrencies were published and indexed
in the Web of Science Clarivate platform. The objective of this paper is to analyze the impact of
publications on Bitcoin prices. This study aims to uncover significant themes within these research
articles, focusing on cryptocurrencies in general and Bitcoin specifically. The research employs latent
Dirichlet allocation to identify key topics from the unstructured abstracts. To determine the optimal
number of topics, perplexity and topic coherence metrics are calculated. Additionally, the abstracts
are processed using BERT-transformers and Word2Vec and their potential to predict Bitcoin prices
is assessed. Based on the results, while the research helps in understanding cryptocurrencies, the
potential of academic publications to influence Bitcoin prices is not significant, demonstrating a weak
connection. In other words, the movements of Bitcoin prices are not influenced by the scientific
writing in this specific field. The primary topics emerging from the analysis are the blockchain,
market dynamics, transactions, pricing trends, network security, and the mining process. These
findings suggest that future research should pay closer attention to issues like the energy demands
and environmental impacts of mining, anti-money laundering measures, and behavioral aspects
related to cryptocurrencies.

Keywords: cryptocurrency; research publication; topic modelling; latent Dirichlet allocation; sentiment
analysis; Bitcoin prices

1. Introduction

The emergence of writing and money played a very important role in human history.
They were tools that conveyed knowledge and intensified trade using a unified value
that made it easier to exchange goods and services between people. The evolution of
money probably began with clay inscriptions and continued with coined money, which
are universal trading instruments built on people’s trust. Blockchain and cryptocurrencies
emerged after 2008 when Lehman Brothers went bankrupt, shocking financial markets and
shaking confidence in banks. They represented, according to what Satoshi claimed, “the
absolute autonomy of money” [1] and a response to the financial crisis. Digital technology’s
progress has shaped the performance and standards, imposing new payment methods
and new money accepted by individuals, organizations and communities. Today, Bitcoin
is the most popular virtual coin that has grabbed attention due to its spectacular price
volatility. Out of the 22,900 crypto coins (with 8800 active), as of August 2023, Bitcoin’s
dominance had reached 49%. Most of its fluctuations were allegedly attributed to public
opinion, influencers and social networks.

Bitcoin was born along with blockchain technology and while blockchain is perceived
as beneficial to many fields, Bitcoin is highly controversial [2–4]. The high carbon footprint
and energy consumption required by mining processes have led many researchers to call
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it dirty [5–7]. It was estimated that Bitcoin mining is roughly responsible for 65.4 MtCO2
yearly, which is comparable to Greece’s emissions. Moreover, it was reported that the
carbon intensity of Bitcoin mining increased by 17% in 2021 compared to 2020. In May
2021, specialized hardware devices (servers) worldwide consumed approximately 13 GW
for mining processes. Inner Mongolia was one of the first Chinese provinces which banned
crypto mining in March 2021 due to environmental concerns. Until June 2021, crypto
mining bans were imposed in Sichuan and Xinjiang as well. In November 2021, Sweden
also called for a ban on cryptocurrency mining as the usage of renewable energy to supply
crypto mining would delay the energy transition towards a green environment [8]. Its
price fluctuations have been remarkable, leading investors to rate it as a high-risk, less
predictable investment tool. Security, privacy, money laundering and payments to the
dark market are issues that have to be further investigated and tackled [9–12]. Aiming
to find out the status quo of blockchain entrepreneurial innovations and research and
how can these innovations contribute to the economic and sustainable development of
society, these authors approached a combined method using web mining and extracting
topics from unstructured data on the blockchain from Crunchbase, similar websites and
research publications [13]. The analysis indicated that blockchain innovations have gone
beyond the financial sector, addressing critical infrastructures such as the supply chain
and energy delivery. More potential is envisioned in several promising application fields
such as energy communities, renewable energy sources, digital twins, sustainable energy,
voting, traceability or integrity verification. A blockchain solution was envisioned to solve
the local energy trading aspects [14]. Furthermore, a conceptual architecture design of a
blockchain solution for e-voting in elections at the university level was proposed in [15].
The power of a blockchain-based supply chain was further examined in [16].

Moreover, the way Bitcoin and other cryptocurrencies are perceived depends largely
on the cultural perspective and ideological nuances at the regional or even at the country
level. How cryptocurrencies are perceived in Japan and Sweden was analyzed in [17],
examining attitudes and discourses on social media. These discourses focused on the role
of blockchain technology in climate change, its environmental impact, the legitimate use of
cryptocurrencies, politicians’ tax evasion, payments to the dark markets or other ethical
aspects. By using topic modelling in relation to the social media posts on cryptocurrencies,
the authors studied the peoples’ attitudes towards cryptocurrencies in these two countries,
discerning advantages, opportunities and ethical challenges that were related to cryptocur-
rencies. The authors demonstrated that autonomy and money are well connected. They
interpreted cryptocurrencies as a monetary innovation brought by society’s development
of enhanced freedom, trading and autonomy. Like in ancient Greece, cryptocurrencies can
be a trading opportunity for over two billion unbanked poor people that are not part of
the financial system. Trade would offer them an opportunity to overcome poverty and
precarious living conditions. The results of the analysis showed that the perception of
cryptocurrencies highly depends on the trust in public and private institutions. Although
both Japan and Sweden have a high degree of trust in institutions, Sweden tends to value
the principle of autonomy more compared to Japan, who seems to be more pragmatic, as
shown in the online forums. In [18], critics argued that cryptocurrency mining wastes a
lot of energy, while supporters claimed it is environmentally friendly. This study intro-
duces mining domestic production (MDP) to evaluate Bitcoin mining’s output and carbon
emissions in China, comparing it to three traditional industries. The findings revealed
that Bitcoin mining’s energy efficiency is not always the worst. The paper offers a fresh
viewpoint on assessing Bitcoin mining’s profitability against carbon emissions, relative to
other sectors. Additionally, it suggests that Bitcoin mining might help developing countries
expand their electrical infrastructure and earn revenue. From the economic and senti-
ment analysis perspectives, several research papers are analyzed [19]. The differential
influence of social media sentiment on cryptocurrency returns and price volatility during
the COVID-19 pandemic were investigated in [20]. Whether cryptocurrencies provide a
viable hedging mechanism for benchmark index investors was further studied in [21]. The
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non-linear causal linkages of EPU and gold with major cryptocurrencies during bull and
bear markets were examined [22], whereas herding behavior and price convergence clubs
in cryptocurrencies during bull and bear markets were investigated in [23].

Although more than 9100 papers about Bitcoin and cryptocurrencies were written and
indexed in Web of Science Clarivate platform, the relation between academic publications
over the past 10 years and Bitcoin prices has yet to be examined. The scope of this paper is
to reveal the main topics that concern researchers in relation to high-risk, less predictable
investment instruments. By extracting the relevant topics, we aim to find gaps and poten-
tial new topics that have been less approached by the academic community. To identify
topics, latent Dirichlet allocation (LDA) is employed. Furthermore, the document-topic
density (α), word-topic density (β) and the optimal number of topics (K) are investigated.
Equally interesting is the discovery of the sentiment of this community in relation to
Bitcoin/cryptocurrencies and its effect on prices. Although sentiment analysis has been
extensively performed on tweets, forums, other social media posts and reports [24], the sen-
timent of research publications has not been investigated yet. Additionally, it is intriguing
to observe whether there are correlations between academic opinions and Bitcoin prices or
connections between thousands of abstracts and prices.

This paper aims to answer the following three questions:
(RQ1) What are the relevant topics investigated by researchers in relation to cryptocurrencies

and potential gaps?
(RQ2) What is the academic community’s sentiment in relation to Bitcoin/cryptocurrencies?
(RQ3) Is there a connection between academic publications and Bitcoin’s price evolution?
The contribution of this paper lies in its comprehensive approach to understanding

the academic landscape surrounding Bitcoin and cryptocurrencies. The key contributions
are as follows:

(a) An extensive review of cryptocurrency research and identification of key themes: The
study analyses over 9100 research papers on cryptocurrencies, providing a broad
overview of the academic focus in this field since 2012. This extensive review helps
in identifying the predominant themes and trends in cryptocurrency research. Em-
ploying LDA to analyze unstructured abstracts, the study identifies key topics within
the vast body of cryptocurrency literature. This approach offers a structured way to
understand the main areas of academic interest and research. By calculating perplexity
and topic coherence metrics, the research determines the optimal number of topics,
adding rigor to the topic modelling process and ensuring the relevance and clarity of
the topics identified;

(b) The use of advanced NLP techniques: The application of BERT-transformers and
Word2Vec to process abstracts for predicting Bitcoin prices represents an innovative
use of NLP in financial analysis;

(c) An investigation of the academic influence on Bitcoin prices: The study explores a
relatively unexamined area—the impact of academic publications on Bitcoin prices.
The findings indicate a weak connection, providing insights into the influence of
academic research on market dynamics;

(d) The sentiment analysis of academic publications: Unlike prior studies that focused on
the sentiment analysis of social media, this study extends the analysis to academic
writings, offering a new perspective on how academic sentiment correlates with
Bitcoin prices;

(e) Highlighting research gaps and future directions: By extracting relevant topics and
sentiments, the study identifies gaps and less-explored areas in cryptocurrency re-
search, suggesting future directions, such as the impact of mining on energy and
the environment, anti-money laundering measures, and behavioral aspects of cryp-
tocurrency use. Overall, this paper makes a significant contribution by blending
topic modelling, sentiment analysis, and financial prediction techniques to provide
a multifaceted view of the academic discourse on cryptocurrencies and its potential
impact on market behavior.



J. Theor. Appl. Electron. Commer. Res. 2024, 19 541

The novelty in this paper lies in several key areas: (1) The unexplored relationship
between academic publications and Bitcoin prices: While there has been extensive research
on various factors influencing Bitcoin prices, this study is novel in its examination of
the direct relationship between academic publications and Bitcoin price movements. It
explores whether scientific writing in this domain has any significant impact on the market;
(2) The use of advanced analytical NLP techniques: The employment of LDA to analyze
unstructured abstracts from over 9100 research papers is a novel approach. This method,
combined with perplexity and topic coherence metrics, is used to determine the optimal
number of topics; (3) BERT-transformers and Word2Vec for price prediction: The study
innovatively uses BERT-transformers and Word2Vec to vectorize (process) abstracts and
assess their potential in predicting Bitcoin prices. This application of advanced NLP
technologies in the financial analysis of cryptocurrencies represents a novel approach;
(4) The sentiment analysis of the academic community: While sentiment analysis has been
widely conducted on social media platforms, this study breaks new ground by focusing
on the sentiment within academic research publications and its potential effect on Bitcoin
prices; (5) The identification of research gaps and emerging topics: By extracting and
analyzing topics from a vast number of research papers, the study identifies gaps and new
topics that have been less explored by the academic community, offering directions for
future research; (6) A comprehensive scope of analysis: The paper’s aim to answer three
research questions about relevant topics, academic sentiment, and the connection between
research and Bitcoin prices covers a comprehensive scope that has not been collectively
explored before in the context of cryptocurrency research. Thus, the novelty of this study is
its comprehensive and multidimensional analysis of the relationship between academic
research and the Bitcoin market.

The current research is structured in five sections: in the Section 1 a brief introduction
regarding our purpose, motivation and research questions is presented. Furthermore, we
expose three research questions that will be answered in the Section 5. In Section 2, the
most relevant previous publications are summarized indicating the main findings. The
research methodology is described in Section 3, and it is focused on the LDA technique
implementation to extract the relevant topics from the abstracts. Results are presented in
Section 4 and conclusions in Section 5.

2. Literature Review

One of the input datasets included in this paper consisted of the list of 9105 publications
on Bitcoin and cryptocurrency extracted from the Web of Science Clarivate platform (https:
//clarivate.com/, accessed 30 July 2023). Therefore, we exhaustively searched the most
recent publications related to the topic modelling, sentiment analysis, research publications,
academic community opinion and prediction related to the cryptocurrencies in general
and Bitcoin in particular. Extracting news from media, social posts and even research
content and the implementation of natural language processing (NLP) techniques have
been extensively investigated over the past decade. Moreover, topic modelling was one of
the NLP applications studied in several papers.

2.1. Topic Modelling

The relation between the international news and Bitcoin prices was analyzed in [25].
The news released from 2018 and 2020 were investigated using an LDA-based topic mod-
elling approach. The text of 4218 cryptocurrency-related news articles from 60 countries
were searched for significant topics, identifying 18 relevant topics related to security, finan-
cial issues, the market and economy. The results indicated that the news led to an impact
of their content on the Bitcoin price variations’ increasing volatility. After the publication,
there was a negative impact on the next 24 h of prices.

Blockchain technology has been evolved together with cryptocurrencies and has
found applicability in various fields [26]. It is one of the promoters of cryptocurrencies.
Therefore, numerous research papers focused on investigating this technology. More

https://clarivate.com/
https://clarivate.com/
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than 900 blockchain-related papers published by the IEEE, Springer and ACM publishing
houses along with other databases were selected and their texts formed a corpus that was
analyzed using LDA. The scope was to identify topics that require more investigation.
The authors found 15 research directions or gaps that can be analyzed in relation to
blockchain technology. Warehouse receipts are key in supply chain finance [27]. Traditional
pledging methods are inefficient and insecure, leading to issues like duplicate pledges. To
combat this, the authors introduce a Blockchain-based Digital Asset Platform (BDAP) with
enhanced security and multi-party certification. Testing shows the BDAP’s efficiency with
an average response time of 1.441 s under a high user load. However, its adoption is slow,
with limited bank participation, suggesting a gradual change in the industry’s traditional
mindset. Ref. [28] analyzed blockchain technology through six core layers: its application,
contract, actuator, consensus, network, and data. It reviews the literature to understand
the blockchain’s global applications, finding China’s focus on practical applications in
industries and smart cities. In contrast, international research focuses on the blockchain in
finance, integrating crypto assets with traditional industries like payment systems. The
findings highlight the interplay between smart cities and cryptocurrencies, suggesting a
mutually reinforcing relationship. Other applications of LDA and sentiment analysis were
also found [29,30], revealing a broad spectrum of implementation.

Data from firms’ reporting files are examined in [31], focusing on the blockchain
technologies, cryptocurrencies and related applications. Both disclosers about blockchain
and cryptocurrencies were analyzed using text-processing techniques. LDA was applied
to extract relevant topics from the two types of disclosures. Five topics were underlined
by the LDA: solutions related to blockchain implementation, factors that may bring risks,
business models, and market-related services: payment and transactions. Furthermore, the
two types of disclosures were analyzed from the relevance point of view and the authors
found out that the blockchain solution and risk issues brought a positive value relevance,
whereas disclosures regarding Bitcoin transactions and other cryptocurrencies brought a
negative value relevance. Therefore, the firms positively valued blockchain applications,
whereas cryptocurrencies and their related issues became less appreciated.

The literature related to blockchain technology published between 2013 and 2018
was investigated in [32], aiming to understand the status of blockchain research and plan
the next research steps. An LDA was applied, revealing that most of the research was in
the computer science and business research area. The main topics of the current research
are related to technology architecture, financial applicability, privacy and security issues
and smart applications. Moreover, the research envisioned three next stages: technology,
business application and integration with IoT, AI and other technologies. Additionally, the
authors discovered two strong connections between the blockchain and cryptocurrencies
and between the blockchain and various applications. The software developers’ posts from
two blockchain-related Stack Exchange sites were investigated with an LDA to identify
relevant topics [33] in an attempt to find the challenges that software developers encounter.
The results showed that the posts regarding the blockchain increased in occurrence, while
those regarding mining cryptocurrencies decreased. The authors considered that more
documentation on blockchain development would support developers’ communities that
may lack supporting materials and guidelines. Moreover, there is an increasing interest in
blockchain technology, spurred by Bitcoin’s success and its expanding range of applica-
tions [34]. More studies emphasized the need for high-performance data interaction within
blockchain systems. An overview of blockchain’s development is provided, examining re-
search efforts to enhance blockchain performance from on-chain, off-chain, and cross-chain
interaction technology perspectives. Special attention is given to cross-chain interaction
technologies, with the results showing that cross-chain technologies significantly enhanced
blockchain performance.

The sentiment analysis, Bitcoin price and topic modelling are interconnected. Senti-
ment analysis provides insight into the emotional tone of discussions surrounding Bitcoin.
Positive sentiment can attract more buyers and investors, potentially leading to price in-
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creases, while negative sentiment can lead to price drops. Topic modelling helps identify
the key subjects being discussed in relation to Bitcoin. By understanding the topics driving
sentiment, investors can anticipate potential market-moving events and reactions. Both
sentiment analysis and topic modelling contribute to the broader understanding of market
dynamics, which can be leveraged by traders, investors, and analysts to make informed de-
cisions about Bitcoin. It is important to note that while these methods can provide valuable
insights, the cryptocurrency market is complex and influenced by a wide range of factors.
Therefore, a comprehensive approach to analysis, including technical, fundamental, and
sentiment-based insights, is often used to make informed decisions in this volatile market.

2.2. Sentiment Analysis

Twitter sentiment was analyzed to find whether the price of Bitcoin would increase or
decrease and its magnitude [35]. The authors examined emotions conveyed by the tweets
and their volume. The challenge was to set the time window in which the emotion is
transmitted and impacts the price and, thus, becomes a real predictor. The study managed
to predict the Bitcoin price direction and magnitude with good accuracy. Moreover, the
NFTs were monitored, and the prediction was extended to the NFTs, namely CryptoPunks,
which is one of the most well-known collections on the market. Other authors investigated
Elon Musk’s activity on Twitter in January 2021 and its impact on Bitcoin prices [36]. The
analysis involved sentiment analysis on tweets after January 2021 and data extracted from
Binance to understand the relationship between tweets and price evolution. The results
showed that the volume of tweets did significantly increase. The volume of tweets was
strongly and positively correlated with Bitcoin’s price evolution. However, the effect of
the tweets’ sentiment on price proved to be weak; therefore, sentiment was not included
as a credible predictor. Moreover, the study aimed to understand the influence of social
media influencers that may affect Bitcoin’s evolution and have a significant impact on
its price. A similar study analyzed the effects of the COVID-19 pandemic and public
sentiment on the cryptocurrencies’ prices. The authors implemented the exponential
generalized autoregressive conditional heteroskedasticity model, a quantile regression
and a sentiment analysis showing that cryptocurrencies were less predictable during the
COVID-19 pandemic [37].

A light gradient boosting machine (LGBM) classifier was employed in [38]. The results
showed that 78.06% and 94.03% of hourly and daily bullish market movements can be
attributed to public tweets, whereas 83.08% and 94.60% of hourly and daily bearish market
movements could be justified by public tweets. The authors examined the interval from
September 2017 to September 2022, analyzing more than 28 million tweets containing
Bitcoin as a keyword. Machine learning (ML) and NLP techniques were applied to vectorize
text, calculate semantic distances, extract keywords and encode variables. Furthermore,
ML and NLP were employed to extract insights from tweets and expert ratings obtaining
the best results of assessing the sentiment with a support vector machine (SVM) classifier.
The authors used 68,281 tweets from 57 initial coin offerings (ICO) from 4 industries (the
cryptocurrency, platform, business services, and entertainment) [39].

The Bitcoin price direction was predicted using a linear discriminant analysis-based
classifier and sentiment analysis [40]. Price information and crypto-related news headlines
were collected to forecast the day-ahead price direction. The SVM outperformed the other
forecasting algorithms. However, all of them show better accuracy when predicting an
increase in the day-ahead price compared to forecasting a decrease in the price. The
inclusion of news sentiment increased the accuracy by 0.585. News and information from
social groups in financial markets were investigated in [41]. The authors analyzed the
relationships between moods and price time series to predict prices. The sentiment moods
were calculated using the probability distribution of the news and were vectorized using a
BERT-based transformer language model. Recurrent neural networks were employed to
forecast the prices. Additionally, 15,000 tweets on cryptocurrency were analyzed from the
emotional point of view evaluating the emotion score for anger, anticipation, disgust, fear,
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joy, sadness, surprise, trust and the two basic sentiments: negative and positive. A total
of 53,077 sentiments were extracted from the 15,000 tweets. The results showed that the
data sample consisted in positive sentiments that might lead to an increase in investment
in the decentralized finance market. This study indicated how ML algorithms measured
the emotions from tweets to understand the implications of cryptocurrencies’ prices [42].

A few months of Twitter data before and after the COVID-19 pandemic were analyzed
in [43], applying the latent semantic analysis and decomposition of singular values. Its
scope was to analyze the public’s opinion on Bitcoin and cryptocurrencies ex-ante and
ex-post the COVID-19 pandemic and understand the relevant topics that led to negative
emotions related to cryptocurrencies and trading. The aim was to underline and share
the findings (topics). Furthermore, an analysis of the change in discussions on social
media related to the Bitcoin price was presented in [44]. The authors proposed a Word2Vec
vectorized topic model that identifies which topics on social networks had an impact on
Bitcoin prices from 2017 to 2018 which were characterized as a higher volatile interval. The
authors tested the words’ change in frequency within four intervals and compared four
word2vec models (combining a continuous bag of words, cbow, skip-gram, sg, Hierarchical
Softmax, HS, and Negative Sampling, NEG) to evaluate their consistency and performance.
Eight topics were identified when prices shifted to a decreasing slope: wallet, fork, transfer,
posts, block size, confirmation, exchanges, and password; whereas three to five topics were
identified when prices shifted to an increasing slope: startup, East Asia, ICO, competition,
and lighting network.

Cryptocurrency ecosystems and social media environments were investigated in [45].
A Hawkes’ model was employed together with other NLP techniques to conceive an
empirical analysis to figure out the relationship between cryptocurrencies’ prices and
social media from January 2019 onwards, concentrating on the rise of the Ethereum and
Bitcoin. The relationship between the shifts in cryptocurrencies’ prices, sentiment and topic
conversations on social media was investigated using the Hawkes’ model. The results
showed that some topics and sentiment in social media forego certain price movements.
Topics such as trading, governments and exchange currency (Ethereum cryptocurrency)
negatively impacted Ethereum and Bitcoin prices. Discussions related to investments led to
price increases, whereas discussions related to decentralized and technological applications
led to price decreases. Furthermore, 14.156 posts from the Reddit blockchain platform were
analyzed and topics such as currency inflation, smart contracts auditing, crypto comparison
(Bitcoin, Ethereum, Hyperledger Fabric, Cardano, and the comparison between Stellar and
Ripple proved to be more frequent than others) and blockchain trends (which wallet is
the best for storing tokens, most arguments concerning Stellar and Ethereum trends) were
revealed in [46]. The authors explored the users’ topics extracted from conversations about
blockchain trends, technologies, platforms, smart contract development and auditing using
topic modelling and the BERT-transformer model.

The influence on Bitcoin prices from popular social networks makes prices extremely
volatile and speculative. However, the influences of users are not equal and a hypertext-
induced topic selection algorithm was used to split the dataset into two groups based on the
users’ influence [47]. Topic modelling was employed to extract topics from the discourses of
the two groups. Significant differences in opinions were identified. Additionally, the results
indicated that the opinions of the leaders were not in line with the majority. Moreover, in
research, there is an inertia between the emergence of technology and publications [48].
However, substantial research has been undertaken regarding blockchain and Bitcoin.
Their potential development and impact as well as their positive roles have to be enhanced.
Solutions and cross-disciplinary exchanges are also required when it comes to energy
consumption and the carbon footprint. The next steps in terms of research concepts,
applications and future exploration were envisioned. Analyzing the sentiments of users
and extracting the topics from social media via large data streaming are essential to making
timely decisions. The model proposed in [49] provided a dynamic and scalable topic
modelling over data streaming and a sentiment analysis at the topic level. Posts related to
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Ethereum, Bitcoin and Facebook from Twitter were investigated, and the results offered
a large data-scale topic model on social media streaming and a sentiment analysis at the
topic level.

2.3. Crypto Price Prediction

To explore the extensive scope of analysis in predicting Bitcoin prices is one of our ob-
jectives. Researchers considered a variety of factors to forecast Bitcoin prices with maximum
accuracy. The year 2021 witnessed significant volatility, with rapid transitions between
bull and bear markets. This period saw both substantial losses and gains, prompting
researchers to identify the key variables and indices that were most influential on Bitcoin
price movements. Contrary to predictions that the fluctuations seen in 2021 would not recur,
by the end of 2023, there was a sudden surge in Bitcoin prices, indicating the onset of a new
bull market. However, Bitcoin is still considered a high-risk investment instrument whose
price is difficult to predict. Using long short-term memory (LSTM), 47 input variables for
10 months were trained to predict the Bitcoin price movements resulting in an error of
3.52% [50]. Considering the transaction data, namely the buy and sell orders from Coinbase,
which is one of the major digital currency exchange platforms, the investors’ sentiment
was measured. Then, using a bootstrapped quantile regression approach, the authors
mentioned a relevant relation between sentiment and Bitcoin prices [51]. Additionally,
day-ahead Bitcoin price predictions using random forest regression and LSTM, including
variables which have impact on the Bitcoin price prediction, were depicted in [52]. A three-
year dataset was considered (from 2015 to 2018), three stock market indexes (NASDAQ,
S&P500, DJI) from the US, oil prices, CO2 certificates and ETH prices were proven to impact
the Bitcoin prices. However, from 2018 onwards, JP225, which is a Japanese stock market
index, and ETH prices increased in importance. The accuracy of the prediction model
depended on the interval and the number of lags. The model with one lag provided the
best accuracy. The relation between Bitcoin and US stock markets was further investigated
in [53], estimating the Bitcoin capacity to forecast the US composite and sectoral stock in-
dices using daily data from November 2017 to December 2021. The results showed that the
Bitcoin price is a significant predictor for the US stock market volatility. The findings also
indicated an inverse relation between Bitcoin prices and the US stock prices emphasizing
the importance of tracking Bitcoin prices for both practitioners and policy makers.

The effects of the interest rate on the Bitcoin price were investigated in [54] using
a structural vector autoregressive (SVAR) model. The input dataset was extracted from
January 2012 to October 2022 considering the following variables: VIX, which is the Chicago
Board Options Exchange’s (CBOE) Volatility Index—a popular measure of the stock market
expectation of volatility that is based on S&P500 index options, the interest rate spread,
positive real interest rate and negative real interest rate, gold price, oil price and DXY, which
is the U.S. Dollar Index that tracks the strength of the dollar against six currencies. DXY goes
up when the U.S. dollar gains strength compared to other currencies. Based on the variance
decomposition, the negative real interest rate shocks had a stronger impact than the positive
real interest rate on the Bitcoin price. A long-run Bitcoin price prediction using regressive
methods and ML methods, namely SVM, was investigated in [55] showing the Bitcoin trend
to stock-to-flow and providing insights into Bitcoin’s scarcity/abundance by comparing
its current stock with the flow of new stock entering the market over a certain period
of time and potential price trends. Both these approaches are data-driven. Addressing
the challenge of identifying one-time change addresses in Bitcoin address clustering, an
emerging issue in social computing, ref. [56] introduced an innovative clustering method.
Traditional research in this area, often limited to specific transaction types, struggles with
low recognition rates and high false positives. Their method, utilizing multi-conditional
recognition, was tested with on-chain Bitcoin transaction data. It outperforms existing
heuristics, identifying at least 12.3% more one-time change addresses.

As Bitcoin is one of the means of financing terrorism, the authors of [57] explored
the Bitcoin prediction from an terrorism-based event perspective. They used a vector
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autoregressive (VAR) model to examine the financing capacity of Bitcoin and risk hedging.
The results showed that terrorist attacks/incidents and brutality have a significant impact
on Bitcoin price. These aspects indicated that the investors were concerned about the
number of casualties and the frequency of the attacks. The effect of Bitcoin price on
terrorism was also analyzed, but the influence was not significant. Econometrics were
further employed to predict Bitcoin volatility using two-component CARR, GARCH and
CGARCH models [58]. To estimate the effectiveness of the investors’ sentiment in predicting
the prices, the authors of [59] used the Bitcoin Misery Index (BMI) that results from trading
cryptocurrencies and eliminating individuals judgements. The BMI indicates buy and sell
opportunities for Bitcoin investors. When the BMI falls below 27, it indicates a strong buy
signal. The higher the BMI is, the more likely the Bitcoin price may fall. Furthermore,
they employed a bagged support vector regression to predict the Bitcoin prices. The
study spanned from March 2018 to May 2022 and the results indicated that the index
improved the accuracy of the prediction model. Additionally, a feature selection method
enhanced the results of the prediction model providing the prices for the next 30 days. The
relation between the Bitcoin price volatility and market concentration was described in [60],
revealing the supply side of the Bitcoin ecosystem. It was demonstrated that the bounded
market concentration in pooled mining capped the Bitcoin price variation obtaining a
robust prediction model.

Moreover, the researchers investigated the connectedness between Bitcoin price and
the energy consumption for mining processes that may have an impact on Bitcoin prices [61].
The input dataset was extracted from January 2014 to July 2021 and the authors used an
artificial neural network (ANN) to predict the Bitcoin prices taking into account the energy
consumption. The study showed that there is a strong correlation between the prices and
the consumed energy. ANNs are also used in [62] to predict the prices of Bitcoin. The
dataset spanned from January 2018 to September 2018 and was extracted from coindesk. A
combination of price-related and lagged features was created to improve the prediction
capabilities of ANNs. The results indicated that the Fitnet network with a trainlm Matlab
function and 30 hidden neurons outperformed the other ANNs. In [63], the unstructured
data from financial news and deep learning (LSTM) were employed to predict the Bitcoin
prices. This method outperformed the combinations between other ML algorithms and
datasets that did not include financial news. The Facebook prophet model was proposed
in [64] to predict the prices of cryptocurrencies. The results were compared to LSTM and
ARIMA. The FB prophet proved to outperform LSTM and ARIMA models as these two
models have drawbacks that make them incompatible with a performant cryptocurrency
price prediction. In [65], the Bitcoin price was used as a predictor for the currency exchange
rates prediction. The proposed prediction model consisted of an autoregressive distributed
lag (ADL) providing good results for daily horizons.

The emergence of Bitcoin futures contracts, the COVID-19 pandemic and their impact
on the Bitcoin price were analyzed in [66]. The results indicated that Bitcoin’s future
contracts positively impacted its returns, but it had no impact on price volatility. According
to [66], the COVID-19 pandemic did not influence Bitcoin returns nor volatility. However,
strong movements took place between Bitcoin prices and COVID-19-related events (such as
lockdowns, viruses’ evolution, the number of dead, vaccination stages, etc.). As numerous
research studies struggled to identify the variables that significantly contribute to Bitcoin
or other crypto prices and sometimes the results remained inconsistent, the authors of [67]
analyzed a wide variety of variables that were considered in previous research using
an extreme bounds analysis (EBA), which is a large-scale sensitivity analysis capable of
analyzing model uncertainty aspects. The results obtained using EBA indicated that market
supply and demand, policy uncertainty and public interest are robust features capable of
explaining the price fluctuations. Furthermore, global macroeconomic and financial events
may explain Bitcoin price movements.

The text synthesizes research findings across three conceptual frameworks central to
understanding Bitcoin and cryptocurrency: topic modeling, sentiment analysis and price
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prediction, drawing on a variety of data sources including academic publications, social
media, and news articles.

In topic modeling, the aim is to decipher the thematic structure within a vast corpus
of text data related to Bitcoin and cryptocurrencies. Researchers employ methods like LDA
to parse content from diverse sources, uncovering prevalent topics such as blockchain
technology’s applications, financial issues, market dynamics, and security concerns. This
approach reveals the broad spectrum of themes discussed in the context of a blockchain
and cryptocurrency, pointing out specific areas that require further research and the impact
of news and social media on market perceptions.

Sentiment analysis seeks to measure the emotional tone and public sentiment towards
Bitcoin and cryptocurrencies based on online discourse. By analyzing social media posts,
news headlines and other text-based data, researchers assess how sentiment influences
Bitcoin prices. The application of learning techniques in sentiment analysis shows a clear
link between public sentiment and Bitcoin price fluctuations, demonstrating how positive
or negative sentiments can significantly affect market movements. The analysis extends
to examining the impact of influential figures and global events, such as the COVID-19
pandemic, on market sentiment and cryptocurrency prices.

Price prediction focuses on forecasting Bitcoin price movements through various
analytical methods, including statistical models, machine learning algorithms and deep
learning frameworks. These models incorporate a wide range of variables, from market
indices and sentiment data to transaction volumes and global economic indicators, striving
to predict price changes with accuracy. Despite the challenges posed by the volatile and
speculative nature of Bitcoin, some models have achieved notable success in forecasting
price movements. Research in this area also explores the role of external factors, such as
global events and technological advancements, in influencing Bitcoin prices.

While significant strides have been made in predictive analytics, the unpredictable
nature of Bitcoin prices highlights the ongoing need for exploring new data sources, analyt-
ical techniques and theoretical frameworks. This continuous exploration aims to improve
prediction accuracy and identify factors driving Bitcoin and other cryptocurrencies.

As noticed in the literature review, although the three subsections approach distinct
themes, such as topic modelling, sentiment analysis and price prediction, they often mingle,
and numerous researchers combine them to extract valuable insights for investors. As
mentioned above, Bitcoin and cryptocurrencies are in the limelight of research and grab
huge interest from both researchers and industry. However, one can notice that numerous
studies were concerned about sentiment analysis, price prediction and its determinants and
only a few studies were focused on LDA and top modelling approaches. To the best of our
knowledge, no previous study has included unstructured data from research publication
and its relationship with Bitcoin prices.

3. Methodology

The link between sentiment analysis, Bitcoin price, and topic modelling lies in their
potential to provide insights into the dynamics of the cryptocurrency market and the factors
that underly it. Sentiment analysis involves analyzing textual data, such as news articles,
social media posts, and online discussions, to determine the overall sentiment or emotional
tone of the content. In the context of the cryptocurrency market, sentiment analysis can
help gauge market participants’ attitudes, opinions, and emotions about Bitcoin and other
cryptocurrencies. Positive sentiment might be associated with optimism and a belief in
price appreciation, while negative sentiment could indicate concerns and potential price
declines. By monitoring sentiment, traders and investors can gain insights into market
sentiment shifts that might impact Bitcoin prices. The price of Bitcoin is determined
by supply and demand dynamics within the market. It can be further influenced by a
wide range of factors, including market sentiment, potential regulatory developments,
macroeconomic trends, technological advancements, and more. Sentiment analysis can
play a role in understanding how emotional factors can impact buying and selling decisions,
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thereby affecting Bitcoin price movements. Positive sentiment might lead to increased
demand and rising prices, while negative sentiment could lead to selling pressure and
price drops.

In order to perform a price prediction, the input data in text format is processed using
BERTs (Bidirectional Encoder Representations from Transformers) and Word2Vec that
involve distinct processes due to their different architectures and purposes in NLP. A BERT
is first pre-trained on a large corpus of text using tasks such as masked language modelling
(MLM) and next sentence prediction (NSP). In MLM, random words in a sentence are
masked for the model to predict, while in NSP, a BERT learns to predict if one sentence
logically follows another. After pre-training, the BERT is fine-tuned for specific tasks like
sentiment analysis or question answering. This involves training on a smaller, task-specific
dataset, updating the entire model’s weights but much quicker than pre-training. For
inference, the input text is tokenized, and special tokens are added [68,69]. The BERT
then generates a contextual representation of each token, useful for various downstream
tasks. Word2Vec, on the other hand, can be trained using either the continuous bag of
words (CBOW) model or the skip-gram model. CBOW predicts a word based on its context,
while skip-gram does the opposite. Once trained, Word2Vec provides a vector for each
word, capturing semantic meanings and relationships. These vectors can be used for text
similarity, clustering, or as features in machine learning models [70,71]. Unlike the BERT,
Word2Vec only provides word-level embeddings and does not consider a sentence-level
context. The BERT and Word2Vec differ significantly. The BERT provides context-sensitive
embeddings where the representation of a word changes based on its context, whereas
Word2Vec offers static embeddings. The BERT is more complex and resource-intensive
compared to the simpler and less computationally demanding Word2Vec. In terms of
application, the BERT is versatile for a range of NLP tasks, especially those requiring an
understanding of context or sentence structure, while Word2Vec is more limited to word-
level analysis. The BERT and Word2Vec are both potent in the field of NLP and are suited
for different tasks and challenges in language processing.

Topic modelling is a technique used to extract underlying topics or themes from a
collection of documents. In the context of cryptocurrency, topic modelling can help identify
the key subjects or trends that are being discussed in news articles, social media posts,
and online forums. By analyzing these topics, traders and investors can gain a better
understanding of the factors driving sentiment and influencing Bitcoin price movements.
For example, topics related to regulatory news, crypto-crime events, environmental impacts,
technological advancements, market adoption, ICO, or macroeconomic events can all
impact sentiment and subsequently influence Bitcoin price.

Revealing relevant topics from large texts can be a complex task. On one hand, they
show the mainstream, but on the other hand they also indicate the gaps in the research field.
Latent Dirichlet allocation (LDA) helps to explain a large text dataset by identifying the
unobserved groups or topics that are also known as latent. In the text, words form a large
bag of words in which each word is allocated to a topic. LDA is applied to gain insights into
the realm of unstructured data. Initially, the LDA was proposed in genetics by Pritchard
et al. [72] and then in machine learning by David Blei, Andrew Ng and Michael Jordan in
the Journal of Machine Learning Research in 2003 [73]. It was also refined and described by
Jelodar et al. Research papers (from 2003 to 2016) related to topic modelling based on LDA
were investigated to discover the research progress, trends, challenges and applications in
various sciences [74].

LDA is a probabilistic technique that aims at identifying the main topics in large
collections of text data. When LDA is employed, probabilities are calculated using the
Bayesian method and the expectation maximization (EM) algorithm that is based on
iterations in order to find the maximum likelihood. The EM performs (1) an expectation
step (known as E) which generates a function L for the expectation of the log-likelihood and
(2) a maximization step (known as M) which computes the parameters ω that maximize the
expected log-likelihood identified at the E step. These parameters are calculated to identify
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the distribution of the latent variables. Having a set of observed variables X, a set of topics
K and the model parameters ω, the likelihood function L, the maximum likelihood estimate
(MLE) is calculated by maximizing the marginal likelihood of X:

L(ω; X) = p(X|ω) =
∫

p(X|K, ω)p(K|ω)dK (1)

where X—observed variables;
K—the latent variables (topics);
ω—the model parameters;
L—the likelihood function.
The EM algorithm iteratively alternates the two steps (E and M). In the expectation

step, the expected value Q
(

ω
∣∣∣ω(t)

)
is defined:

Q
(

ω
∣∣∣ω(t)

)
= EK∼p(·|X,ω(t))

[log p(X, K|ω)] (2)

In the M step, the parameters ω that maximize the expected values are found:

ω(t+1) = argmax
ω

Q
(

ω
∣∣∣ω(t)

)
(3)

ω(t+1) = argmax
ω

EK∼p(·|X,ω(t))
[log p(X, K|ω)] (4)

LDA identifies the latent topics in the text similar to the exploratory factor analysis
(EFA) applied to numeric features. Moreover, a confirmatory factor analysis (CFA) takes
latent variables and estimates whether the latent features via a measurement model explain
the observed variables [75,76]. The LDA derives from the probabilistic latent semantic
analysis (pLSA). While both methods are similar and require the user to specify the number
of topics (similar to the K-means clustering method), LDA compared to pLSA offers a better
disambiguation of words and a more accurate allocation of documents to latent topics.

The total probability of the LDA model is described in Equation (5):

P(W, Z, ω, φ; α, β) =
K

∏
i=1

P(φi; β)
A

∏
j=1

P(ωj; α)
N

∏
t=1

P
(
Zj,t

∣∣ωj
)

P
(
Wj,t

∣∣φZj,t
)

(5)

A—the number of abstracts;
N—the number of words in a given abstract j;
K—the number of topics;
α—the parameter of the Dirichlet per-document topic distributions;
β—the parameter of the Dirichlet per-topic word distribution;
ω—the θ i topic distribution for abstract j;
φ—the φ k word distribution for topic i;
Z—the z i j—topic for the word t in abstract j;
W–a w i j—specific word.
The two types of analyses (the relevant topic extraction using LDA and the Bitcoin price

prediction) are presented below following the data collecting, pre-processing, processing,
analyzing and interpreting stages. The process of obtaining the relevant topics is performed
in seven steps:

I. Topic extraction using Latent Dirichlet Allocation
Step 1: Input dataset WOS as dataframe1 (df1). Details regarding the data source are

provided in Section 4;
Step 2: Pre-process the Abstract column from WOS (eliminating punctation, lowercas-

ing characters, removing stopwords, etc., using a pipeline);
Step 3: Perform an exploratory data analysis (EDA) on the pre-processed Abstract—

WordCloud;
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Step 4: Create the dictionary and obtain the corpus that is a term document frequency;
Step 5: Set the number of topics, building the LDA model using the corpus and the

number of topics;
Step 6: Calculate the coherence score and perplexity to find the optimal number

of topics;
Step 7: Visualizing the topic using the inter-topic distance map and top 30 most

salient terms.
II. Bitcoin price prediction
Step 1: Input dataset WOS as dataframe1 (df1), input dataset Bitcoin prices as

dataframe2 (df2). Details regarding the data source are provided in Section 4;
Step 2: Merge df1 and df2 using the Month and Year columns;
Step 3: Pre-process the Abstract column from WOS (eliminating punctation, lowercas-

ing characters, removing stopwords, etc., using a pipeline);
Step 4: Use TextBlob to analyze sentiment. Polarity is obtained from the pre-processed

Abstract;
Step 5: Calculate and graphically visualize the percentages of positive, neutral and

negative sentiments;
Step 6: The pre-processed Abstract column is vectorized using the BERT-transformer

and Word2Vec (vector_size = 100, window = 5, workers = 4, sg = 0), using the skip-gram
algorithm;

Step 7: Apply several regressors (random forest, histogram gradient boosting, eXtreme
Gradient Boosting, light gradient boosting, linear regression, and a voting regressor) to
predict the Bitcoin price. Test the result for different time horizons. Calculate performance
metrics (MAE, RMSE, MAPE) and graphically visualize the results.

Thus, in this paper, we process text data using a range of NLP techniques to draw
out pertinent insights. To transform the text into numerical features, we employ advanced
vectorization methods such as the BERT and Word2Vec. These methods enable us to
generate numerical vectors, facilitating the training of various machine learning models,
including random forest, histogram gradient boosting, eXtreme Gradient Boosting, light
gradient boosting, linear regression, and a voting regressor. While there are alternative
vectorization techniques available, such as TF-IDF (term frequency–inverse document
frequency), one-hot encoding or n-grams, we found them to be less efficient and less
suitable for handling large data volumes. Additionally, we experiment with different
configurations of the LDA to achieve optimal outcomes.

4. Results

One of the datasets was extracted from the Web of Science Clarivate platform on
30 July 2023. Two words were included in the search: Bitcoin and cryptocurrency. The
total number of research papers that met the searching criteria summed up to 9105 and the
number of columns totalized 72 (such as: Publication Type, Journal Abbreviation, Publisher,
Authors, Affiliations, Abstract, Keywords, Article Title, Cited Reference Count, Times Cited,
WoS Core, Times Cited, All Databases, ISSN, eISSN, Publication Date, Volume, Issue, DOI,
DOI Link, Number of Pages, WoS Categories, Web of science Index, Research Areas, Highly
Cited Status, UT (Unique WOS ID), Year, etc.).

The abstract was analyzed and converted from text to features. A total of 357 articles
were excluded from the list as their abstracts did not exist. Moreover, 3839 articles were
without a publication date that was necessary to be converted into a valid month. Therefore,
a random function between one and twelve was applied. A total of 2361 papers were in
Computer Science Information Systems, 2001 in Computer Science Theory Methods, and
1568 in Business Finance. Researchers from the USA wrote 1800 papers, 1647 were from
China and 818 were from England. A total of 5704 papers were in the articles category,
2911 were proceeding papers and 309 were in the early access category. The number of
publications related to Bitcoin and other cryptocurrencies progressively increased over
time (as in Figure 1).
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Figure 1. The frequency of publications from 2014 to 2022 in descending order. Source: Web of Science.

A total of 2080 of papers were published by the IEEE publisher, 1740 by Elsevier and
1272 by Springer Nature. A total of 4058 publications were included in the Computer
Science main domain, 2908 in Business Economics, while 1571 in Engineering.

The other dataset used in this research consists of the monthly prices of Bitcoin
extracted from Investing.com (accessed on 23 June 2023). The Bitcoin prices started to
increase in 2017 and then again in 2019, but the highest jump was recorded in 2021. The
price curve in 2021 had two humps followed by a steep valley in 2022 down to almost
15,000 USD. Today, prices are half of what they used to be in 2021 when they went up to
almost 70,000 USD (as in Figure 2).
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Figure 2. Analyzing the price evolutions of Bitcoin. Source: authors.

A rough estimation of the topics included in the abstracts can be obtained rapidly
using WordCloud. The size of the words is directly proportional to their frequencies. The
largest font size in Figure 3 belongs to blockchain, followed by Bitcoin, cryptocurrencies,
transaction, network, protocol, system, application, etc. Using nltk and SpyCy Python
libraries, pre-processing tasks were applied to the text. First, the punctuation was removed,
letters were lowercased and regular stopwords plus several words specific to research
papers were removed.
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The TextBlob library was used to assess the polarity of the abstracts. A percentage
of 86.09% of the abstracts were positive, 12.73% were negative, while only 1.18% were
neutral. However, the correlation between the abstract sentiment analysis and Bitcoin
price (monthly records downloaded from Investing.com (https://www.investing.com/
crypto/bitcoin/historical-data, accessed on 23 June 2023) was very weak (0.016). This weak
correlation is maintained even if a lag of 12 months between the writing and publication of
the research was considered.

To perform a prediction, the abstracts were vectorized. Both the BERT-transformer and
word2vec were used in order to convert text into numeric vectors, but the prediction was
far from the target. For prediction, five machine learning algorithms were implemented:
the random forest, histogram gradient boosting, eXtreme Gradient Boosting, light gradient
boosting and linear regression were combined using a voting regressor. However, the vec-
torized abstracts could not predict the Bitcoin prices. The prediction for the last 36 months
is presented in Figure 4, showing a very low accuracy and the incapacity of the abstracts
to play as an input variable for predicting Bitcoin prices. The same low accuracy level
was obtained even when a 12-month or a 6-month lag between writing and publication
was imposed.
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Initially, ten topics were set (K = 10), obtaining a topic coherence score = 0.303. Perplex-
ity is another evaluation metric that signals how surprised a model is by new observations.
It is computed as the normalized log-likelihood of a new observation, but recent studies
have shown that perplexity is not sufficiently correlated with human judgment [77]. Thus,
improving the perplexity may not lead to the human interpretation of the topics. This
limitation shed light on another metric that is meant to better model human judgment: a
topic coherence that combines a number of factors to assess the coherence between topics.

https://www.investing.com/crypto/bitcoin/historical-data
https://www.investing.com/crypto/bitcoin/historical-data
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The baseline coherence score for the default LDA model is calculated, but furthermore, a
sensitivity test is created to compute the optimal model hyperparameters: the number of
topics (K), document-topic density—Dirichlet hyperparameter alpha: (α), and the word-
topic density—Dirichlet hyperparameter beta: (β). Therefore, the optimal α = 0.01, β = 0.91
with a corresponding K = 6 and Cs = 0.385, obtaining an improvement of 27.06%.

Using the genism and pyLDAvis libraries, six well-delimited topics with small overlaps
are distinguished in the following LDA diagrams (Figure 5). The first and the largest
topic that consisted in 32.1% of the tokens is undoubtedly related to blockchain, data,
distributed/decentralized technology, system security, smart contracts and consensus
(Figure 5a).
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The second largest topic that consisted in 20.8% of the tokens focuses on the crypto-
currency market, returns, volatility, risk investors, financial aspects, price and value (Fig-
ure 5b). The third topic category that consisted in 13.5% of the tokens is related to crypto-
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The second largest topic that consisted in 20.8% of the tokens focuses on the cryptocur-
rency market, returns, volatility, risk investors, financial aspects, price and value (Figure 5b).
The third topic category that consisted in 13.5% of the tokens is related to cryptocurrency
transactions, data, financial and system security (Figure 5c). The fourth topic that consisted
in 13.1% of the tokens focuses on the Bitcoin price, pricing models, market, mining and
energy (Figure 5d). The fifth topic that consisted in 10.3% is related to blockchain net-
work security, mining technology, system security, attack, protocol, and miners (Figure 5e).
The sixth topic is equal to the fifth topic in terms of tokens and is focused on the mining
processing, market, payment, transactions, volatility, and financial issues (Figure 5f).

Topic modelling visualization is a type of statistical model for discovering the abstract
“topics” that occur in a collection of documents. It is often used in text mining. In the follow-
ing paragraphs, we break down what these visualizations generally represent: (1) Inter-topic
distance map (via multidimensional scaling): The map shows different topics, represented
as numbered circles. The size of each circle usually corresponds to the prevalence of the
topic in the dataset. The distance between any two circles typically represents the similarity
between the topics; closer circles suggest more similarity. The positioning along the axes
indicates how the topics are spread; (2) Top 30 most relevant terms for topics: Each bar chart
corresponds to a topic and lists the top 30 most relevant terms that characterize that topic.
The length of the bars represents the term frequency within the topic. The red bars indicate
terms that are more specific to the topic, while the blue bars indicate terms that are also
relevant but not unique to the topic. The percentage of tokens indicates the weight of the
topic in the overall dataset.

To compare, analyze, and interpret topic modelling visualizations, we look for patterns
in the prevalence of topics, the uniqueness of terms to specific topics, and how topics might
be related based on their proximity in the inter-topic distance map. The following aspects
are analyzed to interpret subplots in Figure 5: (a) Comparing topic prevalence: The size of
the circles in the distance map is checked to see which topics are more prevalent. Larger
circles indicate a higher overall term frequency within the dataset; (b) Analyzing term
relevance: To understand each topic, we review the terms listed in the bar charts. The terms
further to the right are more relevant to the topic; (c) Identifying unique terms: The red bars
represent terms that are not only frequent but also more specific to the topic, potentially
giving a better sense of what distinguishes one topic from another; (d) Interpreting topic
relationships: We examine which topics are close to each other on the map. Topics that are
closer to each other might share some common terms or themes; (e) Topic contribution:
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The percentage of tokens next to each bar chart title indicates how much of the text data
was assigned to each topic, giving a sense of the topic’s importance or dominance in the
dataset. By following these steps, we construct a detailed understanding of the topics and
how they relate to each other.

LDA is a form of unsupervised learning which is particularly well-suited for analyzing
and categorizing large volumes of unlabeled text. It assumes that each document in a
corpus can be described by a distribution of topics, and each topic can be described by a
distribution of words. Each subplot in Figure 5 represents a visualization that come from
LDA topic modelling. To analyze each subplot, we consider: (1) The inter-topic distance
map: Each circle (bubble) represents a different topic discovered in the dataset. In the
maps or subplots (a–f), the topics are numbered one through six. The size of a bubble
reflects the prevalence of the topic. For instance, Topic 1 and Topic 2 are the largest bubble,
suggesting they are prominent topics in the dataset. The distance between bubbles shows
how different the topics are from each other; topics that are closer may share more common
terms (Topic 2—market, and Topic 4—Bitcoin price), while those that are further apart are
more distinct (Topic 2 and Topic 5—blockchain network security); (2) Top 30 most relevant
terms: For each topic, there is a corresponding bar chart showing the 30 most relevant terms
based on their frequency and distinctiveness. The x-axis indicates the frequency of terms,
while the color coding (red to blue) represents how exclusive the terms are to the topic
(with red being more exclusive). From the subplots in Figure 5, we further make several
observations: (1) Topic size and spread: Larger topics (such as Topic 1 and Topic 2) have a
wider spread of terms, indicating a broader discussion within the dataset. Smaller topics
might represent more niche areas of discussion; (2) Term specificity: Red bars represent
terms that are not only frequent but highly specific to the topic, giving us insight into what
makes each topic unique; (3) Dominant terms: Common terms across different topics may
represent overarching themes in the dataset, while unique terms give specific character to a
topic; (4) Topic proximity: Topics that are close to each other on the distance map may have
overlapping content or be related in some thematic way (only Topic 2 and Topic 4 indicate
a small overlap, the rest of the topics being clearly distinct). As seen in Figure 5, in terms
of the LDA results, the dataset contains a variety of discussions related to cryptocurrency,
with some topics focusing on technical aspects, others on applications and on economic or
trading perspectives.

5. Conclusions

More than 9100 research papers about Bitcoin and cryptocurrencies were published
and indexed in Web of Science Clarivate platform until the end of July 2023. In this paper,
we investigated the effect that publications may have on Bitcoin prices or the relationship
between the academic community’s opinion and Bitcoin prices. Furthermore, this paper
aimed to uncover the main topics related to cryptocurrencies in general and Bitcoin in
particular. LDA was applied to identify the relevant topics from the unstructured data of
the research abstracts. The model hyperparameters were tuned in order to find the optimal
number of topics.

Returning to the research questions exposed in the introduction, after merging and
analyzing the two datasets, we are able to provide data-driven answers to (RQ1) What are
the main topics investigated by the researchers in relation to cryptocurrencies and potential
gaps? Blockchain, market, transactions, price, network security, and mining process are the
six most predominant topics related to cryptocurrencies. Perplexity and topic coherence
were calculated to optimally set the right number of topics.

To tune the number of topics and the parameters of the LDA method, the process
proved to be time consuming (taking about 12 h) to process and test different scenarios. By
tuning the LDA model, we obtained the optimal number of topics that provides the best
coherence of topics and perplexity scores.

(RQ2) What is the academic community sentiment in relation to Bitcoin/cryptocurrencies?
The abstracts are vectorized with BERT-transformers and word2vec and the potential of
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abstracts to predict Bitcoin prices is analyzed. The sentiment analysis (SA) is performed
and the relationship between SA and Bitcoin prices is showcased. Using the SA and in-
vestigating the polarity, we found that the majority of the abstracts conveyed a positive
sentiment (86%), whereas 12% were negative and less than 2%. However, the findings
indicate that academic publications have a minimal impact on Bitcoin prices, proving a
weak link. This suggests that fluctuations in Bitcoin prices are not driven by scholarly
research in this specific area. (RQ3) Is there a connection between academic publications
and Bitcoin’s price evolutions? Based on the Pearson correlation, the relation between the
SA extracted from the abstracts and the Bitcoin prices is very weak or practically no evident
connection could be detected. Further, the potential of the academic writing to influence
the movements of Bitcoin prices is limited.

The six topics identified in this study suggest the mainstream or the relevant research
on Bitcoin and cryptocurrencies. However, they also suggest gaps in the literature. For
instance, the mining process that influences energy consumption and environmental aspects
should be more investigated in the future. As Bitcoin accounts for roughly half of the energy
demand of all cryptocurrencies, more energy-efficient consensus mechanisms are needed.
Moreover, anti-money laundering measures, misbehaviors and crypto-crime related events
should be further studied.

The practical implications of this study, which analyzed over 9100 research papers on
Bitcoin and cryptocurrencies, are multifaceted:

(a) Guidance for future research. The identification of six predominant topics (blockchain,
market dynamics, transactions, pricing, network security, and the mining process)
highlights areas that have been the main focus of academic research. This can guide
future studies to either build upon these areas or explore less-researched topics;

(b) Highlighting research gaps. The study points out gaps in the literature, especially
regarding the environmental impact of the mining process and the need for more
energy-efficient consensus mechanisms. This suggests a direction for new research
endeavors, particularly in addressing the sustainability challenges of cryptocurrencies;

(c) Influence of academic research on the market. The finding that academic publications
have minimal impact on Bitcoin prices provides valuable insights for investors, market
analysts, and academics. It suggests that while academic research contributes to
the understanding of cryptocurrencies, it does not significantly influence market
movements;

(d) Sentiment analysis insights. The study reveals that the majority of academic senti-
ments toward Bitcoin/cryptocurrencies are positive. However, the weak correlation
between this sentiment and Bitcoin prices can inform researchers and practitioners
about the limited role of academic opinion in influencing market dynamics. Thus,
while the study indicates that academic research does not significantly impact Bitcoin
prices, it contributes significantly to the broader understanding of cryptocurrencies,
highlighting key areas for future research and policy considerations.

One of the limitations of the current research is that it is confined to academic publica-
tions indexed in the Web of Science Clarivate platform. This may exclude relevant research
published in other databases or platforms, potentially leading to a limited understanding of
the entire body of cryptocurrency research. Another limitation is that the current research
concentrates more on technical aspects like identifying topics, connections, and sentiment
analysis, potentially underrepresenting economic interpretations and theories related to
cryptocurrencies.

In future work, we aim to conduct our cryptocurrency study in conjunction with
multiple social media and research platform data analyses, which may offer more timely
insights, and intend to incorporate a deeper economic interpretation in sync with the
dynamic pace of Bitcoin.
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