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ABSTRACT The rapid growth of the cryptocurrency market has led to an increasing interest in the subject.
Cryptocurrency is now recognized as an asset, and laws and financial regulations have begun to emerge
for supporting its practical use. As a result, it has become essential to perform data mining and attain
knowledge from text data related to cryptocurrency. Previous studies have focused on analyzing data from
a single source such as Twitter. However, there are unique insights to be gained from data across multiple
platforms. In the present study, we utilized data mining techniques to extract insights from LexisNexis,
Web of Science, and Reddit, representing the media, academia, and general public, respectively. Among
unsupervised learning technologies, topic modeling was employed for the analysis. Topic modeling is a
methodology that uncovers hidden meanings within the collected data. Among the diverse topic modeling
techniques available, bidirectional encoder representations from transformers topic was chosen for the
analysis. BERTopic considered to be state-of-the-art in the field of topic modeling. Dynamic topic modeling
was employed to track changes in themes over time. Our experimental results reveal a tendency in the
news to cover major events related to cryptocurrencies, such as regulatory developments and market trends.
Academic papers, on the other hand, tend to focus on the technology behind cryptocurrencies and related
research. Finally, social media conversations center more around information delivery from an investor’s
psychological perspective, such as market sentiment and investment strategies.

INDEX TERMS Bitcoin, cryptocurrency, data mining, machine learning, natural language processing,
unsupervised learning, topic modeling, BERTopic.

I. INTRODUCTION
Bitcoin represents the first cryptocurrency that utilizes decen-
tralized cryptographic technology – namely blockchain –
allowing for payments or transfers between parties over a
short period without relying on financial institutions [1].
The successful launch and growth of Bitcoin have triggered
the creation of many other cryptocurrencies, which in turn
has substantially expanded the cryptocurrency market, driven
primarily by notable price increases [2].
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Despite the growing interest in cryptocurrency market,
there exists a research gap marked by a deficiency in achiev-
ing a comprehensive understanding of the major themes and
perceptions surrounding cryptocurrency. This gap is particu-
larly pronounced due to the relatively short history of Bitcoin
compared to other assets.

To address the existing research gap and contribute to the
body of knowledge, the authors employed topic modeling,
an unstructured text data mining method, incorporating data
from three distinct sources: LexisNexis, Web of Science,
and Reddit. For the analysis, query ‘‘BTC’’ and ‘‘Bitcoin’’
were employed based on previous research that suggests
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level of interest on Bitcoin can serve as an indicator of
the broader interest in cryptocurrencies [3], [4], [5]. This
approach enabled authors to extract valuable insights from
a wide spectrum of sources, encompassing mass media,
academia, and social media, providing a more comprehensive
perspective on the subject.

Topic modeling is a methodology that automatically clus-
ters words based on statistics and machine learning [6].
The method can help attain insights by extracting the main
theme from a given data source [7]. Although numerous
topic modeling methods, such as latent Dirichlet allocation
(LDA) and non-negative matrix factorization (NMF) are
available, but in this study, the state-of-the-art (SOTA) model
known as bidirectional encoder representations from trans-
formers topic (BERTopic) was applied [8]. BERTopic is a
topic modeling technique that employs Bidirectional Encoder
Representations from Transformers (BERT) embeddings and
class-based TF-IDF (c-TF-IDF) to formulate compact clus-
ters that are easily explicable while preserving important
words in topic explanations [9]. Additionally, BERTopic is
recognized for its modularity, enabling the incorporation and
utilization of diverse algorithms within its framework. Con-
sidering the previously mentioned advantages, the authors
have selected modified BERTopic as the most suitable
algorithm for investigating perceptions related to Bitcoin.

At the beginning of the analysis on each specific plat-
form, the authors assessed the coherence values of baseline
models (LDA, NMF) and the modified BERTopic. This pro-
cess confirmed the capability of BERTopic to accurately
depict topics in the chosen domain. In summary, modified
BERTopic demonstrated the highest coherence values in all
three analyses, resulting in the subsequent findings derived
from its application.

The results topic representations revealed that news
sources primarily cover major events, academic journals
focus on technological advancements, and social media plat-
forms discuss the sentiments of cryptocurrency investors,
affirming the distinct characteristics within each domain.

In summary, our research not only addresses the existing
research problem but also endeavors to bridge the research
gap by offering a comprehensive analysis of Bitcoin-related
text data from diverse sources. The insights gained from this
study have the potential to advance understanding of the
challenges and issues faced by blockchain technology, setting
the stage for future developments in this field. In addition, the
utilization of modified BERTopic across various platforms
constitutes a novel approach that remains notably unexplored
within the existing research.

II. RELATED WORKS
The following subsections present brief reviews of literature
that aim to provide insight by applying natural language
processing (NLP) to Bitcoin. Subsequently, the concept of
topic modeling is explained, and studies that sought to obtain
knowledge from various domains using topic modeling are

exemplified. Lastly, the default structure and advantages of
using BERTopic are illustrated.

A. RESEARCH ON BITCOIN USING NATURAL LANGUAGE
PROCESSING
NLP is utilized to extract valuable information from texts
across various fields, with the objective of deriving insights
and practical applications. The current section presents litera-
ture reviews on prior studies that utilized NLP to gain insights
into Bitcoin.

In [10], the relation between social media topic discussion
and cryptocurrency market price fluctuations was analyzed
via statistical and NLP models (i.e., DMR). In [11], NLP
algorithms were used to measure the relationship between
investment sentiment and bitcoin price fluctuations using data
from the subreddits ‘‘r/bitcoin’’ and ‘‘r/investing.’’ In [12],
a prediction was made on the direction and magnitude of
Bitcoin price fluctuations using sentiment analysis and post
volume extracted from Twitter data. A relative accuracy of
63% was achieved using a model based on recurrent neural
networks (RNN) and convolutional neural networks (CNN).
Satarov et al. [13] confirmed that sentiment analysis of
tweets related to Bitcoin can be used to predict Bitcoin price
changes. An accuracy of 62.48% was attained by a random
forest regression model when applying sentiment analysis to
Twitter data. Jung et al. [14] aimed to predict Bitcoin price
trends by analyzing both the volume and sentiment of Reddit
data, as well as technical indicators of chart analysis. The
authors achieved an accuracy of 90.57% and an area under
the curve (AUC) value of 97.48% using an extreme gradient
boosting (XGBoost) model.

B. TOPIC MODELING
Topic modeling is a statistical model used in the field of
NLP to discover abstract main themes, referred to as topics,
within sets of documents [15]. In other words, it is a text
mining technique that is utilized to uncover hidden semantic
structures within textual data. Examples of representative
topic modeling technologies are DMR and LDA.

Yin and Yuan [16] employed LDA topic modeling to ana-
lyze research subjects and progress trends related to blended
learning using keyword analysis, with results showing that
the ratio of element topics in blended learning has been
increasing every year. Moreover, the text analysis provided
theoretical and methodological reference materials to facil-
itate future research. Polyzos and Wang [17] conducted an
LDA analysis on Twitter data to quantify energy market effi-
ciency. The extracted topicwas then applied to a classification
model tomeasure prediction accuracy for market movements.
Sharma and Sharma [18] collected research papers related to
blockchain technology from various databases and attempted
to create a semantic map using the LDA model. Through
a metadata analysis, an abstract perspective of blockchain
was attained. Avasthi et al. [19] conducted a comparison
of various topical models, including LDA, correlated topic
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model (CTM), hierarchical Dirichlet process (HDP), and
DMR, using adolescent drug use and depression as keywords.
Egger and Yu [20] applied LDA, NMF, and BERTopic to
Twitter posts and conducted a comparative analysis for each
topic modeling algorithm.

C. DEFAULT BIDIRECTIONAL ENCODER
REPRESENTATIONS FROM TRANSFORMERS TOPIC
(BERTOPIC) STRUCTURE
BERTopic is a SOTA framework for topic modeling technol-
ogy that consists of five sub models, each of which can be
selected and used independently [9]. In the current section,
the default structure of BERTopic is presented.

1) DOCUMENT EMBEDDING
The default BERTopic approach utilizes sentence-
transformers (SBERT) to convert text data into numerical
representations, allowing for exclusive semantic similarity
that significantly enhances clustering tasks in comparison to
LDA [21].

2) DIMENSIONALITY REDUCTION
Because clustering models struggle with high-dimensional
data due to the curse of dimensionality, it is essential to
perform dimensionality reduction after obtaining represen-
tation [22]. By default, BERTopic utilizes uniform manifold
approximation and projection (UMAP) for this task. UMAP
is a dimensionality reduction procedure that preserves both
local and global structures in data, thereby enabling the
clustering of semantically similar documents [23].

3) CLUSTERING DOCUMENTS AND BAG OF WORDS
Default BERTopic uses hierarchical density-based spatial
clustering of applications with noise (HDBSCAN), a density-
based clustering technique that clusters text data [24]. This
approach allows for outlier detection and the identification
of different cluster shapes, preventing text data from being
forcibly included in the wrong cluster.

BecauseHDBSCANgenerates clusters with varying densi-
ties and shapes, centroid-based topic presentation techniques
may not be suitable. Instead, BERTopic combines all docu-
ments within each cluster into a single document to create a
cluster-level bag-of-words (BoW) that records the frequency
of each word in each cluster. This holds significance since
topic modeling primarily examines words at the topic (i.e.,
cluster) level.

4) ATTAINING TOPIC REPRESENTATION
Finally, L1 normalization is applied to the BoW repre-
sentation to account for clusters of varying sizes. Term
Frequency-Inverse Document Frequency (TF-IDF) for BoW
must consider topics or clusters, rather than individual doc-
uments. By extracting the most significant words from each
cluster, it is possible to obtain an explanation of the topic.

This model is known as class-based TF-IDF (c-TF-IDF).

Wx,c =
∥∥tfx,c∥∥ · log

(
1 +

A
f

)
(1)

In the aforementioned equation, tfx,c is the frequency in
class c of word x, fx is the frequency of word x among all
classes, and A is the average number of words per class. Sim-
ilar to the traditional TF-IDF approach, the importance score
of a word in each class is obtained by multiplying the term
frequency tfx,c and inverse document frequency log(1 +

A
fx
).

In contrast to traditional topic modeling methodologies,
BERTopic stands out by leveraging pretrained language mod-
els for document and word representations, making it adept
at capturing complex relationships between words and con-
text. Furthermore, its non-linear dimensionality reduction
approach and modularity enable BERTopic to enhance the
quality of topic representation compared to conventional
methods.

This study is meaningful in that it is the first to combine
the keyword ‘Bitcoin’ with modified BERTopic, the SOTA
in topic modeling, to obtain knowledge from three distinct
sources - LexisNexis, Web of Science, and Reddit.

III. METHOD
The following subsections outline the experimental pro-
cedures followed in this study. Firstly, the sources and
descriptions of collected data are represented. Secondly, the
preprocessing steps undertaken for the text data are presented.
Finally, the application of BERTopic for deriving topic mod-
eling results is explained.

A. DATA COLLECTION
It is possible to gauge the general sentiment toward cryptocur-
rency by analyzing data on Bitcoin, which is representative
of blockchain technology and cryptocurrency [3], [4], [5].
Accordingly, all data examined in this study were collected
using search queries for ‘‘Bitcoin’’ and ‘‘BTC.’’ To interpret
the sentiment toward cryptocurrency from media, academic,
and public perspectives, datawere collected fromLexisNexis,
Web of Science, and Reddit, respectively. Data obtained from
LexisNexis comprise the full body of news articles, whereas
those collected fromWeb of Science encompass the abstracts
of academic papers, and those collected from Reddit encom-
pass both posts and comments from the r/Bitcoin and r/BTC
subreddits. The data encompass a period of six years from
March 1, 2017, to March 1, 2023. In total, 17,230 news
articles, 9,520 academic papers, and 10,914,149 social media
texts were collected.

B. DATA PREPROCESSING
First, any instances of data wherein the acronym BTC was
used for extraneous contexts (e.g., Cu-BTC, Biliary tract
cancer) were eliminated. All data that use English spelling
to express other languages, as well as duplicates and missing
values, were eliminated. A total of 6,011 academic papers,
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FIGURE 1. Experimental flow diagram of topic modeling with modified
BERTopic.

10,925 news articles, and 9,830,800 social media texts were
used in the analysis.

C. APPLICATION OF MODIFIED BERTOPIC
In this study, the authors partially modified the default
BERTopic structure for the diversity of topic representations.

1) DOCUMENT EMBEDDING
Although SBERT is the default embeddingmodel, the authors
utilized spaCy as an alternative embedding algorithm [25].
One of the motivations for utilizing spaCy lies in its abil-
ity to deliver rapid processing speed while ensuring higher
quality in capturing the textual semantics and maintain-
ing pertinent information during the embedding generation
process.

2) DIMENSIONALITY REDUCTION
The authors adopted UMAP in the dimensionality reduction
phase over other algorithms as it effectively maintains the
non-linear and complex structures in textual data.

3) CLUSTERING DOCUMENTS AND BAG OF WORDS
Consequently, the authors adopted HDBSCAN because it
reduces noise and enhances topic representation. Addition-
ally, Scikit-Learn’s tokenizer was utilized to generate BoW
at the cluster level.

4) ATTAINING TOPIC REPRESENTATION
As a result, topic representation was generated using c-TF-
IDF to confirm the results. For each topic, the words with
the highest c-TF-IDF score were provided. An experimental
diagram has been constructed to illustrate the flow of the
experiment (Fig. 1), and the implementation setup and hyper-
parameters can be found in Table 1.

IV. EXPERIMENTS
The following subsections describe the differences in coher-
ence values between baseline models (LDA, NMF) and
BERTopic, as well as the insights gained through BERTopic
analysis on data collected from three domains: LexisNexis,
Web of Science, and Reddit.

TABLE 1. Implementation setup.

FIGURE 2. Comparison of coherence values with baseline models on
LexisNexis data.

A. COMPARISON OF COHERENCE VALUES BETWEEN
BERTOPIC AND BASELINE MODELS
Coherence serves as a measure for assessing the interpretabil-
ity, consistency, and meaningfulness of topic modeling
outcomes. Typically, a higher coherence value in the results
of topic modeling is regarded as a sign of a more effective
topic model [26]. Additionally, the use of coherence allows
for the extraction of the optimal number of topics.

To ensure the validity of the analysis using BERTopic in
each domain and to determine the optimal number of topics,
the authors first compared it with baseline models based on
coherence values (Fig. 2, Fig. 3, Fig. 4).

Although differences in values were observed, it was con-
firmed that BERTopic exhibited the highest coherence values
for all three target platforms. It was also confirmed that,
for each platform, using 8, 9, and 4 topics was suitable for
extracting the optimal representation.

The tendency appeared in previous studies comparing topic
models. BERTopic demonstrates its value as SOTA by gen-
erating insights from short and unstructured text, ensuring
high stability and diversity across various domains [20], [27].
Consequently, it outperforms recently introduced models that
lack application in diverse domains.
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FIGURE 3. Comparison of coherence values with baseline models on Web
of Science data.

FIGURE 4. Comparison of coherence values with baseline models on
Reddit data.

B. TOPIC ANALYSIS FROM LEXISNEXIS DATA
An analysis of LexisNexis data was conducted to gain
insights into the media’s perception and knowledge of
Bitcoin. Each topic presentation was evaluated using a
c-TF-IDF score.

Topic 0 was denoted as ‘‘Bitcoin as a digital cur-
rency’’ through ‘‘cryptocurrency,’’ ‘‘currency,’’ ‘‘digital,’’
and ‘‘bank.’’ There are ongoing discussions regarding
whether Bitcoin or other cryptocurrency technologies can
function as digital currencies and potentially replace tradi-
tional currencies. Grinberg [28] addressed various aspects
of Bitcoin, including its innovative nature as a decentralized
digital currency, its relationship with the United States (U.S.)
dollar as a global reserve currency, and the legal challenges
that Bitcoin faces in terms of regulation and adoption. Dwyer
[29] emphasized that Bitcoin can be transferred peer-to-peer
without bank intervention. The authors also mentioned the
advantage of Bitcoin as a digital currency that prevents double
spending of wire transfer fees using open-source software.

Topic 1was designated as ‘‘Energy consumption of Bitcoin
mining’’ through ‘‘energy,’’ ‘‘mining,’’ ‘‘power,’’ ‘‘tesla,’’
‘‘cryptocurrency,’’ and ‘‘electricity.’’ The mining of cryp-
tocurrency using the proof-of-work (PoW) methodology and
its associated energy consumption have been topics of ongo-
ing discussion among experts in related fields. Li et al.
[30] investigated the energy consumption of cryptocurrency
mining, and emphasized the need for energy conserva-
tion and sustainable development despite the promising
potential of blockchain technology. O’Dwyer and Malone
[31] examined the energy consumption acquired for bitcoin
mining, and discovered that the aggregate energy consump-
tion utilized in Bitcoin mining was equivalent to that of
Ireland.

Topic 2 was summarized as ‘‘Cryptocurrency-friendly
countries’’ through ‘‘salvador,’’ ‘‘ukraine,’’ ‘‘country,’’ ‘‘gov-
ernment,’’ ‘‘bitcoin,’’ ‘‘cryptocurrency,’’ ‘‘bukele,’’ ‘‘dollar,’’
and ‘‘Venezuela.’’ An increasing number of countries are
designating cryptocurrency as legal tender or expressing a
cryptocurrency-friendly stance. For instance, President Nayib
Bukele of El Salvador made the move of recognizing Bit-
coin as a legal currency, Ukraine has legalized Bitcoin,
and Venezuela is seeing a rise in cryptocurrency usage
[32], [33], [34].

Topic 3 was named ‘‘Taxation of cryptocurrency income
in the United States’’ through ‘‘tax’’, ‘‘cryptocurrency,’’
‘‘irs,’’ ‘‘government,’’ ‘‘income,’’ ‘‘bill,’’ and ‘‘taxpayer.’’
The United Stastes Treasury Department has required the
Internal Revenue Service (IRS) to report cryptocurrency
transactions worth more than $10,000 [35], [36]. In addi-
tion, plans for cryptocurrency taxation are being continuously
discussed globally [37], [38].
Topic 4 was labeled ‘‘Conflicts between Berkshire Hath-

away and cryptocurrency companies’’ through ‘‘robinhood,’’
‘‘gemini,’’ ‘‘buffett,’’ ‘‘winklevoss,’’ ‘‘investor,’’ and ‘‘berk-
shire.’’ Prominent stock investors Warren Buffett and Charlie
Munger are known for their negative views on cryptocurrency
[39]. As a result, their remarks often draw opposition from
companies in the cryptocurrency industry [40].
Topic 5 was described as ‘‘Singapore’s cryptocurrency-

related regulations’’ through ‘‘Singapore,’’ ‘‘mas,’’ ‘‘binance,’’
and ‘‘regulation.’’ Binance, the largest cryptocurrency
exchange, made efforts to obtain exchange approval from
the Singapore government since 2020, however, it eventually
ceased its services in 2022 due to the Monetary Authority of
Singapore’s (MAS) strict regulations regarding the approval
of cryptocurrency exchanges [41], [42].
Topic 6 was designated as ‘‘Cryptocurrency as a

means of donation’’ through ‘‘donor,’’ ‘‘donation,’’ ‘‘char-
ity,’’ ‘‘donate,’’ ‘‘cryptocurrency,’’ and ‘‘dafs.’’ The faster
and easier remittance processes offered by cryptocur-
rency technology compared to those in conventional
finance, as well as the transparency of transactions,
have led to the emergence of a donation culture using
cryptocurrency [43], [44]. As a representative exam-
ple, during the Russian-Ukrainian War, donations using

VOLUME 11, 2023 130577



H. S. Jung et al.: Unveiling Cryptocurrency Conversations

FIGURE 5. Hierarchical clustering from LexisNexis data.

cryptocurrency have been collected on an international
scale [45].

Topic 7 was presented as ‘‘Cryptocurrency lending
platform’s bankruptcy’’ through ‘‘celsius,’’ ‘‘mashinsky,’’
‘‘customer,’’ ‘‘lender,’’ ‘‘bankruptcy,’’ ‘‘withdrawal,’’ and
‘‘deposit.’’ The bankruptcy of multiple cryptocurrency
lenders following the collapse of Terra and Luna in
2022 resulted in significant losses for cryptocurrency
investors, leading to widespread distrust and negative effects
on the cryptocurrency market [46], [47]. These events
highlight the need for international cooperation among
relevant organizations to establish standards and promote
collaboration [48].

Results from LexisNexis revealed that media predomi-
nantly covers major issues related to the cryptocurrency
market (Fig. 5, Table 2). Beginning with the function of
cryptocurrency as a digital currency, both the advantages and
disadvantages have been covered extensively. Additionally,
the social and legal challenges faced by cryptocurrency have
been identified, providing insight into problems that must be
addressed in the future.

C. TOPIC ANALYSIS FROM WEB OF SCIENCE DATA
An analysis of Web of Science data was conducted to under-
stand the perception and knowledge of Bitcoin in academia.
Each topic presentation was evaluated using a c-TF-IDF
score.

Topic 0 was denoted as ‘‘Contributions and applications
of blockchain technology’’ through ‘‘blockchain,’’ ‘‘technol-
ogy,’’ ‘‘system,’’ ‘‘node,’’ and ‘‘application.’’ Although M.
Hashemi Joo et al. [49] addressed the use of blockchain
technology in cryptocurrency, it is important to note that
blockchain technology can be utilized in a wide range of
fields, and research regarding its use in other industries is
actively underway [50], [51], [52].
Topic 1 was designated as ‘‘Bitcoin as an investment asset’’

through ‘‘market,’’ ‘‘cryptocurrency,’’ ‘‘volatility,’’ ‘‘asset,’’
‘‘gold,’’ ‘‘price,’’ and ‘‘portfolio.’’ Cryptocurrency continues
to attract more attention as an investment asset rather than a
real-life application of technology [53]. Because cryptocur-
rencies are now considered a new asset class, governments
around the world are beginning to introduce relevant regula-
tions. In this trend, studies have been conducted on whether
Bitcoin can be included in the investment portfolio and used
as a hedging instrument [54], [55], [56].
Topic 2 was summarized as ‘‘Bitcoin’s PoW mecha-

nism’’ through ‘‘mining,’’ ‘‘btc,’’ ‘‘miner,’’ ‘‘pool,’’ ‘‘block,’’
‘‘energy,’’ and ‘‘reward.’’ PoW is a consensus algorithm

TABLE 2. Topic representations of bitcoin from lexisnexis.

that reflects task participation by iteratively searching for
a hash value below the target threshold [57]. Because this
process consumes a significant amount of power, there is
ongoing discussion and research to reduce its energy con-
sumption while maintaining the security and integrity of the
system [58].
Topic 3 was named ‘‘Bitcoin price prediction through

sentiment analysis’’ through ‘‘model,’’ ‘‘price,’’ ‘‘predic-
tion,’’ ‘‘sentiment,’’ ‘‘learning,’’ ‘‘volatility,’’ ‘‘forecast,’’ and
‘‘machine.’’ Among machine learning models, studies have
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been actively conducted to predict the price of Bitcoin, espe-
cially using sentiment analysis. In [59], sentiment scores
attained using Valence Aware Dictionary and sEntiment Rea-
soner (VADER) over 2019 and 2020 were found to correlate
with short-term trends in Bitcoin prices. In [14], the trend
of Bitcoin prices was predicted by combining technical and
sentiment analyses.

Topic 4 was labeled ‘‘Studies on the factors affecting the
Bitcoin price’’ through ‘‘study,’’ ‘‘research,’’ ‘‘btc,’’ ‘‘anal-
ysis,’’ and ‘‘factor.’’ Because the cryptocurrency market
experienced rapid growth, research on Bitcoin price variables
has been conducted actively. R. Hakim das Neves [60] found
interest in Bitcoin to precede price hikes, whereas T. Panagi-
otidis et al. [61] indicated that changes in interest rates and
exchange rates also affect the price of Bitcoin.

Topic 5 was described as ‘‘The digital signature algorithm
in cryptocurrency wallets’’ through ‘‘signature,’’ ‘‘wallet,’’
‘‘key,’’ ‘‘protocol,’’ ‘‘security,’’ and ‘‘ecdsa.’’ As the possi-
bility of losing cryptocurrency due to bankruptcy or hacking
increased, the security of cryptocurrency wallets became
more important [62], [63]. Consequently, research has been
conducted on utilizing digital signature algorithms such as
the Elliptic Curve Digital Signature Algorithm (ECDSA) in
cryptocurrency wallets [64], [65].
Topic 6 was stated as ‘‘The need of regulations in token

Initial coin offering (ICO)’’ through ‘‘ico,’’ ‘‘token,’’ ‘‘icos,’’
‘‘offering,’’ ‘‘capital,’’ ‘‘coin,’’ ‘‘scam,’’ and ‘‘regulation.’’
ICO is a method of raising investment funds for a cryptocur-
rency project by transferring a portion of a newly developed
cryptocurrency to investors in exchange for cash or other
cryptocurrencies [66].Whereas the ICO process has led to the
creation of successful tokens, there have also been instances
of scams and abuse, which have highlighted the need for
appropriate regulation [67], [68], [69].
Topic 7 was presented as ‘‘Hacking attacks on cryp-

tocurrency’’ through ‘‘ransomware,’’ ‘‘ransom,’’ ‘‘malware,’’
‘‘attack,’’ and ‘‘victim.’’ Despite its recent growth, the cryp-
tocurrency market remains vulnerable to hacking and money
laundering due to the inherent nature of its coding base
structure, leading to a constant need for improved security
measures [70], [71], [72].

Topic 8 was classified as ‘‘Resolving transaction pro-
cessing speed and scalability problems through blockchain
sharding’’ through ‘‘shard,’’ ‘‘sharding,’’ ‘‘blockchain,’’
‘‘transaction,’’ ‘‘performance,’’ and ‘‘scalability.’’ Sharding,
which was adopted as a solution to the slow transaction speed
and scalability trilemma in blockchain, involves dividing the
overhead a transaction process into smaller groups of nodes
[73]. Studies on blockchain sharding are actively being con-
ducted as the cryptocurrency market grows [74], [75].
Insights obtained from the Web of Science data

have been confirmed to primarily focus on the tech-
nology, phenomena, and significance of blockchain in
an academic context (Fig. 6, Table 3). The applica-
tions and conceptions of blockchain-related technology
have been extensively discussed, shedding light on the

FIGURE 6. Hierarchical clustering from web of science data.

technical challenges that cryptocurrencies must address and
improve.

D. TOPIC ANALYSIS FROM REDDIT DATA
An analysis of Reddit data was conducted to understand the
perception and knowledge of Bitcoin in social media. Each
topic presentation was evaluated using a c-TF-IDF score.

Topic 0 was denoted as ‘‘Cryptocurrency investment rec-
ommendations’’ through ‘‘bitcoin,’’ ‘‘btc,’’ ‘‘buy,’’ ‘‘money,’’
‘‘dip,’’ and ‘‘want.’’ The term ‘‘buy the dip’’ is a phrase
commonly used in investing and trading, referring to the
strategy of purchasing an asset at a lower price point during
a market downturn, with the expectation that the asset will
eventually recover and increase in value [76]. Expressions
such as ‘‘buy,’’ ‘‘money,’’ and ‘‘want’’ can also be seen as
words that encourage the purchase of bitcoin.

Topic 1 was referred to as ‘‘Negative view of the scam
coin projects’’ through ‘‘shitcoin,’’ ‘‘altcoin,’’ ‘‘meatcoin,’’
‘‘fuck,’’ ‘‘trashcoin,’’ and ‘‘bullshit.’’ There are negative
opinions towards developers who attract money early in
development or through the promotion of scam coins, only to
abandon or cease development afterward. The derived words
can be seen as expressions with negative connotations on the
issues.

Topic 2 was summarized as ‘‘Cryptocurrency exchange
recommendations’’ through ‘‘gemini,’’ ‘‘coinbase,’’ ‘‘trader,’’
‘‘use,’’ ‘‘gdax,’’ ‘‘fee,’’ ‘‘blockfi,’’ and ‘‘exchange.’’ As the
cryptocurrency market grew, the number of cryptocurrency
exchanges also increased significantly. However, investors
have suffered significant financial losses with the bankruptcy
of certain exchanges [77]. As a result, users now have a wide
range of options to choose from in terms of fees, convenience,
and stability when selecting a cryptocurrency exchange.
Extracted words can be perceived as the advantages and
recommendations associated with a specific exchange.

Topic 3 was named ‘‘Cryptocurrency testnet and mainnet’’
through ‘‘testnet,’’ ‘‘mainnet,’’ ‘‘test,’’ ‘‘connect,’’ ‘‘net-
work,’’ ‘‘change,’’ and ‘‘server.’’ A blockchain mainnet is a
live network that runs a blockchain project, whereas a testnet
is a temporary network used during the development phase
to build an independent mainnet [78]. News pertaining to a
mainnet or testnet frequently have a positive effect on price.
Obtained words may reflect investors’ hopes that the launch
of a mainnet will have a positive impact on prices.

Data from Reddit tended to feature words related to
investor sentiment, rather than serious discussions or expla-
nations of Bitcoin (Fig. 7, Table 4). Posts often contained
favorable information such as updates on the mainnet and
testnet, which can affect prices, as well as recommendations
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TABLE 3. Topic representations of bitcoin from web of science.

for cryptocurrency exchanges. Consequently, social media
can be observed to largely highlight information that investors
find significant and relevant.

E. DYNAMIC TOPIC MODEL (DTM)
A dynamic topic model is a generative model that enables the
analysis of topic evolution within a collection of documents

FIGURE 7. Hierarchical clustering from Reddit data.

TABLE 4. Topic representations of bitcoin from REDDIT.

FIGURE 8. Temporal visualization of topics from LexisNexis data.

over time [79]. Dynamic topicmodeling generates topics over
time, which can then be visualized using the Plotly Python
library to track their frequency and evolution.

The changes in topics over time within LexisNexis data
are depicted in Fig. 8. Topic 0, which focuses on Bitcoin as
a digital currency, is consistently associated with the highest
percentage every year, indicating sustained interest in Bitcoin
itself. Furthermore, by examining the movement of Topic 0,
it becomes apparent that the level of interest in Bitcoin cor-
relates with its price movements [80]. In detail, interest in
cryptocurrencies can be observed to rise during periods of
explosive price growth, such as late 2017 to early 2018 and
2021, and falls during periods of price decline. Similarly,
Topic 1, which pertains to Bitcoin mining, exhibited a sharp
increase in 2021, coinciding with the peak of Bitcoin prices.

The evolution of topics over time in Web of Science
data is illustrated in Fig. 9. Unlike LexisNexis data, which
was concentrated on a single topic, the data appear to be
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FIGURE 9. Temporal visualization of topics from web of science data.

FIGURE 10. Temporal visualization of topics from Reddit data.

relatively evenly distributed across multiple topics. More-
over, the volume of data appears to fluctuate independently
of Bitcoin price movements. Although many studies related
to blockchain technology have been conducted prior to 2021,
the number of papers related to the cryptocurrency market
surpassed that of blockchain technology in 2022, which can
be interpreted as a result of the growing market. Research
on Bitcoin mining has continued with a similar volume of
studies. The next most studied topics were those related to
topic 3 (predicting Bitcoin prices using sentiment analysis)
and topic 4 (factors affecting Bitcoin prices), which can be
linked to the previously mentioned growth of the cryptocur-
rency market.

Fig. 10 depicts the changes in topics over time within
Reddit data. Because the total volume of data was over 9 mil-
lion, the frequency was cut into units of 1,000 for visibility.
According to [81], the use of social media is influenced
to a significant extent by the connections and interactions
between users within social networks. Consequently, this
social influence has a positive effect on the level of partic-
ipation among users. In this context, the majority of Reddit
posts on Bitcoin relate to purchase and investment recom-
mendations. The total volume of posts, which can be seen to
correlate with market interest, covariates more with Bitcoin
prices than in the case of LexisNexis data.

V. CONCLUSION
Since Bitcoin was first created by Satoshi in 2008, the
cryptocurrency market has grown rapidly, with interest in it
continuing to increase [2], [82]. Cryptocurrency is now rec-
ognized as a type of asset, and related laws and finance have
emerged [54], [55], [56]. Therefore, it is essential to perform
data mining and attain knowledge pertaining to cryptocur-
rencies. In [83], topic modeling was performed using online
Bitcoin forum data. In [84], topic modeling was performed
using Twitter data and LDA to investigate the concerns and
sentiment analyses of international users. However, these

studies provided limited insights due to their use of data from
single source.

To overcome the limitations of existing studies, the present
study collected unstructured text data from LexisNexis, Web
of Science, and Reddit to represent media, academia, and
the general public, respectively. Additionally, an analysis of
main themes was conducted using BERTopic, a SOTA model
for topic modeling, to obtain knowledge. Finally, DTM was
applied to study discourse on Bitcoin over time on each plat-
form, thereby gaining insights and identifying differences.

The present study offers several possible applications. The
findings suggest that the use of three distinct platforms, Lex-
isNexis, Web of Science, and Reddit, with Bitcoin queries
can provide a comprehensive understanding of sentiments
in cryptocurrency. Unique characteristics of discourse were
identified for each platform. Specifically, the news mainly
covered major issues related to cryptocurrency, academic
journals focused on practical improvements in line with
technological developments, and social media discussions
primarily revolved around investor psychology and the com-
munication of information from an investor’s perspective.

However, this study has several limitations that must be
solved in future research. This study collected and pro-
cessed solely English-language data. Because each country
has different characteristics and recognition on cryptocur-
rencies [84], more generalized results could be obtained by
conducting research that reflects this diversity. Additionally,
this study collected and analyzed data from March 1, 2017,
to March 1, 2023, whereas cryptocurrencies have existed for
a longer duration. Therefore, future studies may cover longer
timespans to grant a more comprehensive understanding of
cryptocurrency.
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