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Abstract: In recent years, propelled by societal transformations and technological advancements,
emerging technologies founded upon diverse disciplines such as financial and information technology
have rapidly evolved. Identifying the trends associated with these emerging technologies and
extracting their salient topics is crucial in order to accurately grasp the developmental trajectory of
these tools and for their efficient utilization. In this study, we chronologically categorize information
derived from five types of multi-source data, including journal articles, patent inventions, and
industry reports, into distinct periods. We employ the LDA (Latent Dirichlet Allocation) topic model
to identify emerging technological themes within these periods and utilize a dual-index theme
lifecycle analysis method to construct a hotspot theme distribution map, thereby facilitating the
extraction of significant themes. Through empirical research on blockchain financial technology, we
ultimately identify 22 thematic areas of blockchain finance and extracted eight prominent themes,
including financial technology, cross-border payments, digital invoices, supply chain finance, and
decentralization. By analyzing these themes alongside their respective popularity levels, we validate
that the methods above can be used to effectively identify emerging technological hotspots and
illuminate their developmental directions.

Keywords: theme identification; emerging technologies; LDA topic model; dual-index theme lifecycle
analysis; blockchain finance

1. Introduction

In recent years, the rapid development of emerging technologies grounded in financial
technology, information technology, and various other disciplines has significantly influ-
enced the evolution of traditional industries, impacting societal consciousness, perspectives,
and lifestyles. The continuous integration and advancement of various information and
intelligent technologies have shaped the nascent forms of today’s emerging technologies,
which are characterized predominantly by technological convergence [1,2]. Some scholars
refer to these innovations collectively as “Fintech”, highlighting the intrinsic relationship
between emerging technologies and the broader field of financial technology. Electronic
finance has evolved significantly from its initial stages to the comprehensive application
of various internet information technologies in the present day. The profound fusion of
“finance and the internet” underscores the prominent manifestation of convergence within
the financial technology sector [3].

From the composition of development plans across different fields, it is evident that
plans related to emerging technologies are increasingly shifting from micro-level initiatives
to ones pertaining to industry support and strategic domain planning [4]; thus, zemerging
technologies act as a central thread interwoven through strategy, industry, and technology.
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Identifying the themes of emerging technologies and engaging in early strategic po-
sitioning not only enables the timely tracking of technological dynamics, but also allows
for the anticipation of potential trends and future opportunities for development. This
is vital for the progress of a nation or region and will significantly influence its strategic
developmental agenda [5]. However, the inherent uncertainty, diversity, and complexity of
emerging technologies, in addition to the ambiguity of their characteristics, pose consider-
able challenges in accurately identifying these themes [6]. Consequently, the accurate and
comprehensive identification of emerging technological themes has recently emerged as a
focal point of scholarly attention.

2. Literature Review
2.1. Research on Identification Methods for Emerging Technologies

The identification, evolution, and monitoring of emerging technologies have persis-
tently remained focal points of inquiry within governmental, corporate, and academic
spheres. Methods for discerning emerging technologies and their themes can be categorized
into two principal approaches: the first encompasses qualitative research methodologies,
which predominantly rely on the subjective judgments of experts, such as the Delphi
method [7,8], expert brainstorming [9,10], and technology road mapping [11–13]; the sec-
ond comprises quantitative research methodologies, which leverage bibliometrics and data
mining to analyze scholarly papers and the patent literature. These quantitative approaches
are primarily divided into thematic keyword and bibliometric analysis, citation network
clustering, and text-mining techniques [14–16].

Of the qualitative judgment methods, the Delphi method is the earliest and most
commonly used; however, its inherent limitations, such as strong subjectivity and high cost,
have gradually reduced its frequency of use. To address these shortcomings, improved
qualitative identification methods based on the Delphi method have been proposed [17,18].
For example, Shen [19] combined the fuzzy Delphi method with the Analytic Hierarchy
Process (AHP), and Bildosola et al. [20] built an emerging technology theme selection
framework based on technology roadmaps and real options. Huang aimed to optimize
the traditional qualitative identification process and avoid subjective expert scoring [21].
However, these qualitative methods still have their limitations; on the contrary, quantitative
methods can enhance the authenticity and objectivity of identification.

Quantitative methods often search the abstracts or keywords of existing papers or
patents for topic words and literature statistics to identify themes in emerging technology
fields. The most representative method is J. Kleinberg’s burst detection algorithm [22],
which has been incorporated into tools like Network Workbench and Citespace II [23]. Ci-
tation network clustering analyzes the citation networks and coupling networks of papers
or patents, clustering them based on similar themes. Liang Yongxia et al. investigated
citation analysis theory from the perspective of knowledge flow and conceptual connec-
tions [24]. Li Bei et al. established an emerging technology identification model with an
associated indicator system based on the core characteristics of emerging technologies
and the patent literature. The authors employed patent-citation-coupling clustering and
conducted an empirical study in the domain of nanotechnology [25]. Text-mining analysis
has evolved with the proliferation of data mining and text analysis technologies, prompting
an increasing number of scholars to apply such methodologies to identify the themes and
analyze the developmental trends of emerging technologies. Common techniques include
SAO structure extraction, vector space models, LDA topic models, and machine learning.
Notably, Li Xin [26] and Yang Chao [27] utilized the SAO structure, specifically the “Subject–
Verb–Object” configuration, to identify emerging technologies through semantic analysis.
Ren Zhijun [28] and Dong Fang [29] employed LDA topic modeling for the identification
of emerging technology themes, establishing probability distributions of several associated
themes and further refining this identification through the integration of various metrics
and evaluative criteria.
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In summary, qualitative identification relies on the practical experience and subjective
judgments of experts, for example, via the Delphi survey method, which has certain
subjectivity limitations. Quantitative analysis, on the other hand, is primarily based on
bibliometrics and data mining. It involves word association analysis and co-occurrence
probability analysis on massive amounts of literature data, and thus can objectively reflect
data characteristics. However, it often faces issues such as single data sources and an
unclear categorization of themes in terms of importance.

2.2. Research on Blockchain Financial Technology

With the continuous development and improvement of emerging technologies, blockchain
technology has shown great potential and broad application prospects in the financial field.
The initial innovative models representing the field of blockchain finance technology [30]
have been developed for application in digital finance [31], supply chain finance [32,33],
and financial risk regulation [34]. For example, Su Guihong [35] conducted an empiri-
cal analysis of the relationship between financial technology and digital innovation in
enterprises, finding that financial technology has a significant promoting effect on digital in-
novation in enterprises. He Zhichao [36] explores the application of electronic invoices and
digital payments in financial and tax systems, proposing a method to optimize and adapt
these systems to the development trends in the digital economy. Zheng Dinghao [37] pro-
posed a dual-layered governance path of “international+domestic” and “trade+regulation”
based on the various risks arising from cross-border financial services. Mao, J. [38] sug-
gests that supply chain finance not only promotes the healthy and stable operation and
sustainable growth of enterprises but also amplifies this effect through the integration of
digital technology.

Although the current academic research on blockchain finance technology is relatively
comprehensive, it is predominantly focused on the development trends in individual
topics and fails to recognize emerging topics, especially hot topics. For example, Liu,
Yunmei et al. [39] conducted data mining on 759 related papers based on bibliometric
data from the Web of Science. They conducted in-depth research on the application
of blockchain technology in finance, employing co-word analysis, the dual clustering
algorithm, and strategic coordinate analysis to explore hot topics in the field and predict
future development trends. However, considering the rapid development of blockchain
technology and its applications in the financial field [40], the paper fails to analyze the time
dimension, with no attention being paid to development dynamics and future trends in
the field.

To overcome these limitations, this paper combines multiple sources of information,
such as paper data, patent data, and book data. It uses the LDA topic model to identify
emerging technology themes and applies a dual-index theme lifecycle analysis method
to extract hot topics. Thus, we take into account the dynamic and timely development of
blockchain financial technology, ensuring that the data used are accurate and comprehen-
sive. Ultimately, we reveal the development direction of emerging technologies through
the interpretation of hot topics.

3. Emerging Technology Hot Topic Identification Method Based on
Multi-Source Information
3.1. Research Approach

The general research approach of this paper is shown in Figure 1. The specific approach
is as follows:
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(1) Collecting data for empirical analysis from the China National Knowledge Internet
(CNKI) database, the National Library catalog inquiry system, public opinion websites,
and Chinese internet data information networks;

(2) Preparing the data via data cleaning, corpus establishment, Jieba word segmenta-
tion, and keyword extraction;

(3) Using the Jieba library to perform word frequency statistics to gain an initial
understanding of emerging technology themes;

(4) Utilizing the LDA topic model to identify emerging technology themes from the
preprocessed multi-source information;

(5) Extracting hot topics from identified themes by calculating their novelty and
supportiveness using a dual-index theme lifecycle analysis method;

(6) Interpreting hot topics to reveal the future development direction of emerging
technologies.

3.2. Research Methods
3.2.1. LDA Topic Model

A variety of methods have been developed for topic identification, including the TF-
IDF method based on term frequency, the TextRank algorithm from web recommendation
systems, and the PageRank unsupervised topic extraction algorithm. However, these
methods primarily rely on the literal meanings of target terms for topic matching, often
overlooking the deeper significance embedded within the text and failing to scientifically
uncover the latent connections between themes and text.

This paper employs the LDA topic model for theme identification. Proposed by Blei
et al. in 2003, the LDA model is a probabilistic topic modeling approach that can identify
latent thematic information within large collections of documents or corpora [41]. It is
structured in three layers: words, topics, and documents. The LDA model assumes that
each word in each article is obtained through the process of “selecting a topic with a
certain probability and selecting a word from this topic with a certain probability”. Its
core functions are to provide the topic of each document in a document set in the form
of a probability distribution and to analyze these topic distributions by performing topic
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clustering or text classification. Specifically, for each document in the corpus, the LDA
model undergoes the following generation process: First, for each document, a topic is
extracted from the topic distribution. Next, a word is extracted from the word distribution
corresponding to the selected topic. Finally, the above process is repeated until every
word in the document is traversed. The LDA model is commonly used for identifying
hidden thematic information in large-scale documents or corpus datasets. It simplifies the
complexity of the problem by converting textual information into easily modeled numerical
information (bag-of-words method) and ignoring the order between words.

As an unsupervised machine learning method, the LDA topic model demonstrates
superior performance in analyzing semantic aspects of text compared to traditional topic
mining methods, effectively managing to analyze large-scale unstructured document
collections. Moreover, it can extract latent themes without the need for prior manual
annotation of the initial documents. Therefore, applying the LDA model to document
content analysis can effectively preserve the internal relationships within documents and
scientifically reveal the evolutionary pathways between themes. The specific model is
illustrated in Figure 2.
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In the LDA model, α and β are used to define the Dirichlet prior distributions, where
α serves as the prior distribution parameter for θ, and β serves as the prior distribution
parameter for φ. A common practice in parameter selection is to set α to an empirical
value, such as 50/K, where K is the number of selected topics. This value is based on
previous experiments and experience, and usually balances the performance and compu-
tational complexity of the model well. Alternatively, Bayesian estimation can be used to
automatically adjust the value of alpha. β is usually set to a small empirical value, such
as 0.01, which helps the model converge quickly during training and can better reflect the
distribution of words in the topic. In addition, θ and φ represent the distributions of topics
and topic words, respectively; z denotes the topics generated via the model, w refers to
the final topic words generated, N indicates the number of words in the document, and M
signifies the total number of documents.

The generative process of the topic model takes place as follows: First, a document
of length L is selected from the global corpus. Next, samples are drawn from the prior
distributions with parameters α and β to generate the distribution of topics θ for the
document and the distribution of words φ for the topics. Typically, default values are
chosen for α and β. Finally, topics z and topic words w are selected from the multinomial
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distributions parameterized by θ and φ, respectively. The joint distribution expression for
all variables in the model is shown in Equation (1).

p(w, z, θm, φk|α, β) = ΠN
n=1 p(θm|α)p(zm,n|θm)p(φk|β)p(wm,n|θzm,n) (1)

Perplexity quantifies the uncertainty of the topics associated with a document and is
employed in natural language processing to evaluate the clustering performance of the
LDA model. A lower perplexity indicates a better clustering outcome. In the LDA model,
the number of topics must be predetermined. To determine the most appropriate number
of topics, perplexity is used to establish the optimal number of topics K for the dataset. The
perplexity calculation formula is provided in Equation (2). Typically, when the decline in
perplexity is no longer significant or reaches an inflection point, the corresponding value of
K at that juncture is considered the optimal number of topics.

Perplexity(D) = exp

(
−∑M

i=1 lnp(di)

∑M
i=1 Ni

)
(2)

3.2.2. Dual-Index Theme Lifecycle Analysis Method

The dual-index theme lifecycle analysis method is a method used to analyze the
trend in theme evolution over time, combining lifecycle theory and theme models. Topic
lifecycle analysis first uses topic models such as LDA to identify topics in document sets
and extract key topics from the documents. Next, the identified themes are combined
with the timestamps of the documents to construct time-series data of theme changes over
time. The lifecycle model uses a double exponential function to fit the time-series data of a
topic, revealing the complete lifecycle process of the topic from rise to decline. The double
exponential function is used to describe the rapid growth during the rising stage of a topic
and the gradual weakening during the declining stage. Finally, based on the fitting results,
the lifecycle characteristics of the theme, such as rise time, peak time, decline time, etc., are
analyzed in order to identify the reasons and significance behind these characteristics.

In this paper, building upon the thematic data extracted from the LDA model, we
further identify hotspot themes, thereby revealing the future developmental directions of
emerging technologies. Based on the identification results of the LDA model and drawing
from existing research methodologies, we propose a dual-index theme lifecycle analysis
method that combines novelty (NI, novelty index) and support (SI, strength index) mixed
discriminative indicators with lifecycle stage characteristics to achieve the identification of
hotspot themes [42]. Specifically, this is undertaken as follows:
(1) Theme Novelty

The novelty index measures the impact of a theme across the temporal dimension [43],
assessing its novelty based on the duration of the theme’s existence; specifically, a shorter
duration indicates greater novelty, lesser impact, and a quicker rate of obsolescence. The
novelty index evaluates a theme’s newness based on its age, referencing the novelty
calculation formula proposed by Wu et al. [44], as shown in Equation (3):

NIt =
1

y − ti + 1
(0 < NI < 1) (3)

where y represents the current year and ti is the time of the first appearance of theme i
(t ≤ y). Thus, as the duration of a theme’s existence increases, its novelty diminishes,
resulting in a decreasing slope in the novelty index graph. This implies that studies from
emerging periods tend to dissipate more rapidly, whereas the valuable literature is often
preserved as time progresses; its rate of obsolescence gradually declines, leading to a
decreasing slope in the indicator graph. By observing the trends in novelty index changes,
we can measure the innovativeness of technology, predict the future development direction
of technology topics, and indirectly evaluate the market potential of technology. This has
important reference significance for identifying emerging technologies.
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(2) Theme Support
The support index gauges the attention a theme receives, revealing its impact within

the intensity dimension. This is primarily represented by the volume of data related to a
theme [45]. Therefore, theme support is defined as the ratio of the volume of supporting
data to the total volume of data within the same timeframe, with the calculation formula
provided in Equation (4). Based on this, by establishing a standard threshold, we can
compare the probability distribution of various themes across different datasets, enabling
us to filter the supporting data for each theme and subsequently measure its support level.

SId
y =

Sumd
Sumy

(4)

where y is the current year, Sumy denotes the total volume of data up to the current year,
and Sumd indicates the volume of supporting data up to the current year. It is evident that
a higher SI indicates a greater proportion of supporting data, reflecting a higher theme
support level. Therefore, the support index can reflect the level of attention given to the
technology and can also serve as a reference indicator for evaluating the maturity of the
technology. For developers and investors of emerging technologies, supportive indices
have important guiding significance. By focusing on highly supported technology topics,
market demand and technology trends can be more accurately identified, leading to the
development of more rational technology research and investment strategies.
(3) Dual-Index Theme Lifecycle Analysis Method

By constructing a thematic model segmented by time period, the novelty of each
theme is relatively fixed within a designated timeframe. When coupled with the corre-
sponding support level for that time period, we can ascertain the developmental stage
of the theme during a given timeframe. To illustrate the evolution of the lifecycle, we
establish a two-dimensional theme lifecycle coordinate graph with the standard threshold
as the origin, where novelty and support serve as the horizontal and vertical coordinates,
respectively [46].

Corresponding to the stages of development, growth, maturity, and decline within
lifecycle theory, we propose four distinct phases representing theme intensity in relation to
the dimensions of novelty and support: the introduction phase, emerging phase, hotspot
phase, and decline phase, as illustrated in Figure 3.
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The four phases depicted in the figure are located in four distinct areas, with each
theme identified via the LDA model corresponding to its respective area.

(1) Introduction phase: situated in Area I, themes during this phase typically exhibit
high novelty but low support. They are characterized by a slow growth rate of supporting
data, indicating that research in this field is just beginning to emerge, with related studies
still being scarce;

(2) Emerging phase: located in Area II, this phase sees an increasing growth rate in
terms of data volume, i.e., both the novelty and support of the theme are relatively high,
suggesting that research related to the theme is developing rapidly;

(3) Hotspot phase: found in Area III, themes in this stage experience a decline in
novelty but support remains high, with a stable data growth rate. This signifies that the
level of development and research enthusiasm surrounding the theme is rising, placing it
in a mature phase;

(4) Decline phase: positioned in Area IV, themes in this phase exhibit low novelty and
minimal support, indicating that these themes have existed for a long time, with waning
research enthusiasm. Themes in decline develop slowly and reach a low point, eventually
being supplanted by emerging themes.

In summary, using the dual-index theme analysis method we can calculate themes
that fall within Area III, the hotspot phase, and identify them as hotspot themes.

4. Empirical Research

Since its inception in 2009, blockchain technology has garnered extensive attention in
both domestic and international media, initially in relation to the application of Bitcoin. In
subsequent years, blockchain technology has progressively developed and spread across
various facets of the global financial sector, leading to the emergence of blockchain financial
technology. Through this technology, all assets can be transformed into digital assets,
with registration, trading, and storage achievable via blockchain; these assets can be
directly exchanged, controlled, and traded within the blockchain system [47,48]. Blockchain
financial technology has begun to yield results in diverse applications across various
fields, including payment settlements, banking credit reporting, the bill market, supply
chain finance, insurance, and securities. This paper conducts an empirical study utilizing
blockchain financial technology as a case study. We focus on theme identification and
hotspot theme extraction from multiple sources of information, ultimately validating the
feasibility of the proposed research method.

As one of the world’s largest economies, the speed and scale of China’s development
in the financial sector and in the field of blockchain technology are extremely significant,
with a close connection to the global market. The Chinese government has strict and
comprehensive regulatory policies regarding blockchain technology. On the one hand, the
government regulates the development of blockchain technology, formulating relevant
regulations and policies to ensure its legality. On the other hand, the government also
encourages and supports innovative applications of blockchain technology in fields such
as finance. This regulatory policy not only ensures the healthy development of blockchain
technology but also provides legal protection for its application in the financial field. In
addition, the advanced technological infrastructure in China provides good technical
support for the application of blockchain technology in the financial field. Therefore,
studying data and trends in the Chinese market is of great significance for understanding
the development of global blockchain finance.

4.1. Multi-Source Information Acquisition

Taking blockchain financial technology as an example, this study identifies emerging
technology hotspot themes. The data employed originate from various sources, including
papers, patents, books, public sentiments, and industry reports, as follows:

(1) Paper data: sourced from the China National Knowledge Infrastructure (CNKI)
database. The search criterion was set to “Theme = Blockchain Finance”. To ensure the
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scientific accuracy of the literature, only journal articles from core journals, CSSCI journals,
and CSCD journals published between 2014 and 2021 were included. A total of 1447 articles
were retrieved;

(2) Patent data: also sourced from the CNKI database. The search criterion used was
“Theme = Blockchain Finance”, with the search scope encompassing Chinese invention
patents, utility model patents, and design patents. The time frame was constrained by the
publication date and set from 1 January 2014 to 31 December 2021, resulting in the retrieval
of 2444 patents;

(3) Book data: sourced from the National Library catalog inquiry system. A multi-
database search was conducted. The search criterion was set to “Main Title = Blockchain
Finance”, and both Chinese and special collections databases were searched. The search
yielded 99 results;

(4) Public sentiment data: sourced from Weibo threads using the keyword “Blockchain
Finance”. A total of 654 posts related to this topic were retrieved from the Weibo thread;

(5) Industry reports: sourced from Chinese internet data information networks. A
total of 29 publicly released reports on “Blockchain Finance” were identified.

The results from the above searches were organized, leading to the compilation of a
multi-source information table on blockchain financial technology, as shown in Table 1.

Table 1. Multi-source information source table for blockchain financial technology.

Data Type Data Source Data Retrieval Scope Data Count

Paper Data CNKI Database Core Journals, CSSCI Journals, CSCD
Journals (2014–2021) 1447

Patent Data CNKI Database
China Invention Patents, China Utility
Model Patents, China Design Patents

(2014–2021)
2444

Book Data National Library Catalog
Search System

Chinese and Special Collection Database,
Chinese General Book Database 99

Public Opinion Data Weibo Super Topics Keyword “Blockchain Finance” 654

Industry Report Chinese Internet Data
Information Network Keyword “Blockchain Finance” 29

4.2. Multi-Source Information Preprocessing

To enhance the identification of themes related to blockchain financial technology,
the retrieved results were analyzed based on changing data volume trends, and the data
were segmented chronologically. Blockchain finance emerged relatively recently, with
low publication volumes in the early years. It was noted that following the issuance of
the “Blockchain Information Service Management Regulations” by the National Internet
Information Office in 2019, which encouraged the application of blockchain technology
in the financial sector, the volume of related literature began to experience rapid growth.
Therefore, to identify the volume of publications across different periods, the multi-source
information data were divided into five segments (2014–2017, 2018, 2019, 2020, and 2021),
and the following steps were undertaken for preprocessing:

(1) Data cleaning: the dataset, encompassing papers, patents, books, public sentiments,
and industry reports related to blockchain financial technology, was filtered to remove
duplicate or low-quality entries. Essential bibliographic information, including titles,
abstracts, and keywords, was extracted and consolidated to establish a foundational corpus;

(2) Corpus establishment: keywords from the titles and abstracts were selected to
form a custom dictionary, and a stopword list was created based on the characteristics of
blockchain financial technology, eliminating filler words and non-significant symbols to
enhance the effectiveness of word segmentation;

(3) Word segmentation: the custom dictionary and stopword list for blockchain fi-
nance were imported, and the Jieba library was employed to process the corpus for word
segmentation;
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(4) Keyword extraction: the “SmartAnalyze Text Big Data Analysis Research Platform”
was utilized to extract features from the segmented text. This served as the input source for
the LDA model.

4.3. Word Frequency Statistical Analysis

To form a preliminary understanding of blockchain financial technology, a word
frequency statistical analysis was conducted before the thematic analysis, focusing on
high-frequency terms. Given that paper and patent data represented the majority of the
multi-source information dataset, the word frequency analysis was performed using 1447
paper entries and 2444 patent entries. The data sources for papers included titles, abstracts,
and keywords, while for patents, the sources comprised titles, independent claims, and
keywords. After removing filler and non-significant words, the top 20 most frequently
occurring terms for both papers and patents were identified, as shown in Tables 2 and 3.

Table 2. Paper data word frequency statistics table (top 20).

Rank Label Word Frequency Rank Label Word Frequency

1 Blockchain 8438 11 Technology 836
2 Technology 4915 12 Intelligent 831
3 Finance 2489 13 Model 822
4 Regulation 1426 14 Risk 812
5 Data 1399 15 Mechanism 798
6 Digital 1342 16 Transaction 766
7 Currency 1190 17 Contract 721
8 Information 1042 18 Internet 646
9 Innovation 937 19 Economy 645
10 Supply Chain 893 20 Decentralization 550

Table 3. Patent data word frequency statistics table (top 20).

Rank Label Word Frequency Rank Label Word Frequency

1 Blockchain 21762 11 Storage 3272
2 Data 17478 12 Intelligent 2863
3 Information 13140 13 Management 2853
4 Transaction 10748 14 Payment 2507
5 System 6187 15 Service 2096
6 Business 5549 16 Encryption 2048
7 Finance 4176 17 Consensus 2008
8 Network 3826 18 Digital 1869
9 Contract 3493 19 Financing 1404
10 Assets 3344 20 Supply Chain 1055

As indicated in Tables 2 and 3, terms such as “blockchain”, “data”, “finance”, and “in-
formation” appear with high frequency, along with related terms like “digital,” “currency”,
and “network”, which also exhibit relatively high occurrence rates. This suggests that
blockchain financial technology has garnered significant attention in areas such as fintech
and digital currency, leading to the inference that its hotspot themes are likely concentrated
in these related fields.

4.4. Theme Identification Based on Multi-Source Information

Theme identification was conducted using the LDA library of the scikit-learn machine
learning toolkit in Python [49]. A critical step in this process is determining the optimal
number of topics, which involves identifying the most suitable quantity of latent themes
from the document dataset. The optimal number of themes for different time periods is
established based on perplexity; typically, when the trend in the perplexity change curve
exhibits minimal decline or reaches an inflection point, the corresponding optimal number
of themes is attained. Following the methodology outlined in Wang Qian et al. [50], we set
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the prior parameters α = 50/K and β = 0.01, where K is the number of latent topics, and
established an iteration count of I = 100. The model demonstrated satisfactory convergence,
as detailed in Table 4.

Table 4. Main parameters and their values.

Parameter Parameter Meaning Value

α Prior distribution parameter for topic distribution θ 50/K
β Prior distribution parameter for topic-word distribution φ 0.01

I The maximum number of iterations allowed for LDA
convergence 100

K Number of latent topics -

Based on the aforementioned settings, the perplexity change curves for different
numbers of topics across the five time periods from 2014 to 2021 were obtained (see
Figure 4). Observing the model’s performance at varying values of K, it is evident that
when the number of topics is set to 6, 10, 14, 19, or 22, the perplexity experiences inflection
points at different time periods, after which the rate of decline slows. Therefore, it was
determined that the optimal number of themes for blockchain financial technology from
2014 to 2017 was 6, while the optimal numbers for the years 2018, 2019, 2020, and 2021
were 10, 14, 19, and 22, respectively.
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Using LDA to perform text mining on the preprocessed multi-source information
data, the corresponding topic words were generated. Subsequently, theme output for each
time period was filtered to remove theme clusters that were unrelated to or had minimal
relevance to blockchain financial technology research, clusters composed solely of filler
words, and themes with a data volume of zero [51,52]. The filtered results were then
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assigned thematic labels. To ensure the precise retention of theme semantics, the thematic
labels were referenced against the Chinese Library Classification System, the results of
which are presented in Table 5.

Table 5. Distribution of blockchain financial technology topics in different time periods.

Time Period Number of Topics Mining Results

2014–2017 6
Topic1: Decentralization; Topic2: Digital Currency; Topic3: Mobile Payment;
Topic4: Online Credit; Topic5: Securities Trading; Topic6: Supply
Chain Finance

2018 10

Topic1: Artificial Intelligence; Topic2: Audit; Topic3: Decentralization; Topic4:
Supply Chain Finance; Topic5: Cross-border Payment; Topic6: Insurance
Management; Topic7: Financial Technology; Topic8: Digital Bills; Topic9:
Digital Currency; Topic10: Securities Trading

2019 14

Topic1: Audit; Topic2: Securities Trading; Topic3: Financial Technology; Topic4:
Cross-border Payment; Topic5: Artificial Intelligence; Topic6: Data Provenance;
Topic7: Data Security; Topic8: Insurance Management; Topic9: Digital
Currency; Topic10: Decentralization; Topic11: Digital Bills; Topic12: Library
and Archives Management; Topic13: Supply Chain Finance; Topic14:
Consensus Mechanism

2020 19

Topic1: Insurance Management; Topic2: Decentralization; Topic3: Digital Bills;
Topic4: Taxation; Topic5: Identity Authentication; Topic6: Library and
Archives Management; Topic7: Supply Chain Finance; Topic8: Machine
Learning; Topic9: Social Governance; Topic10: Financial Credit Reporting;
Topic11: Mobile Payment; Topic12: Consensus Mechanism; Topic13: Public
Trust; Topic14: Financial Technology; Topic15: Digital Currency; Topic16:
Audit; Topic17: Securities Trading; Topic18: Inclusive Finance; Topic19:
Cross-border Payment

2021 22

Topic1: Decentralization; Topic2: Cross-border Payment; Topic3: Digital
Currency; Topic4: Digital Bills; Topic5: Taxation; Topic6: Library and Archives
Management; Topic7: Machine Learning; Topic8: Social Governance; Topic9:
Insurance Management; Topic10: Data Security; Topic11: Financial Credit
Reporting; Topic12: Public Trust; Topic13: Mobile Payment; Topic14:
Consensus Mechanism; Topic15: Smart Contracts; Topic16: Supply Chain
Finance; Topic17: Financial Technology; Topic18: Audit; Topic19: Securities
Trading; Topic20: Inclusive Finance; Topic21: Contract Security and Identity
Authentication; Topic22: Loan Trading

4.5. Hot Topic Extraction

Based on the thematic information identified via the LDA topic model, hotspot themes
were extracted by calculating the novelty and support of each theme using the dual-index
theme lifecycle analysis method. The novelty for each theme was computed according to
Equation (3), with the average novelty of all themes serving as the standard threshold. The
calculations yielded a standard threshold for the novelty index of 6.14%. Using the same
method, the standard threshold for the support index, calculated according to Equation (4),
was found to be 3.79%. According to the theme lifecycle coordinate graph, the themes
that met the criteria of having a novelty value lower than the standard threshold and
a support value greater than the standard threshold were classified as hotspot themes.
Ultimately, the extracted hotspot themes related to blockchain financial technology were
fintech, cross-border payments, digital invoices, supply chain finance, decentralization,
mobile payments, securities trading, and insurance management, totaling eight themes, as
illustrated in Figure 5.
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4.6. Validity Analysis

To verify the accuracy and comprehensiveness of the identification results, this ar-
ticle uses an expert verification method to analyze the effectiveness of this approach in
identifying the hot topics related to blockchain finance.

Firstly, we designed a survey questionnaire based on the preliminary blockchain
finance technology themes (Table 5) and set quantitative options such as importance, atten-
tion, and innovation for all themes, as well as open-ended questions for experts to select,
evaluate, and supplement. Secondly, 50 experts from financial institutions, blockchain
technology companies, relevant academic fields, and government or regulatory agencies
were invited to fill out the survey questionnaires. In total, 47 valid questionnaires were
collected. We conducted statistical analysis on the questionnaire results, analyzed the
consistency of (and differences in) expert opinions, identified potential points of contro-
versy and consensus, and ultimately established consensus through multiple rounds of
consultation. Finally, based on the comprehensive evaluation results, the hot topics in the
field of blockchain finance were identified. These were basically consistent with the results
obtained from the LDA topic model and dual-index theme lifecycle analysis method.

4.7. Results Analysis

The research identified the hotspot themes of blockchain financial technology as
follows: fintech, cross-border payments, digital invoices, supply chain finance, decentral-
ization, mobile payments, securities trading, and insurance management. Furthermore, the
hotspot distribution graph revealed that, among the eight hotspot themes, topic 2 (cross-
border payments), topic 4 (digital invoices), topic 16 (supply chain finance), and topic
17 (fintech) exhibited significantly higher intensity than topic 1 (decentralization), topic
9 (insurance management), topic 13 (mobile payments), and topic 19 (securities trading).
While “decentralization” had a high support level, its novelty was also relatively high,
placing it near the SI standard threshold. “Insurance management,” “mobile payments,”
and “securities trading” showed no significant advantages in either novelty or support
and thus were clustered near the origin of the standard threshold. In contrast, “fintech,”
“cross-border payments,” “digital invoices,” and “supply chain finance” were situated
in the upper-left region of the overall theme distribution graph, clearly displaying the
characteristics of hotspot themes. The following sections provide an interpretation of the
four themes with the highest intensity.
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4.7.1. Topic 17: Fintech

In traditional finance, financial activities are usually limited to three main services:
deposits, loans, and settlements. All of these heavily rely on physical branches, resulting in
poor user experience, high labor costs, excessive labor demand, and increased barriers to
entry into the industry. The integration of finance and technology is a key driving force
of transformation, pushing forward industrial development. For example, “Big Data +
Blockchain Credit Reporting” enhances credit reporting through big data, promoting a
wider range of services, larger data volumes, more refined data sources, more analytical
methods, and faster processing speeds, ultimately creating objective and effective credit
reports for financial institutions. As time has passed, financial technology has gradually
transformed from a single technological application to a comprehensive solution—a multi-
technology fusion ecosystem comprising blockchain, artificial intelligence, big data, cloud
computing, etc. This evolution not only promotes the intelligent, automated, and personal-
ized development of financial services but also promotes the deep integration of finance
with the real economy and society, injecting new vitality into economic development.

4.7.2. Topic 4: Digital Invoices

In traditional invoice systems, the process of issuing, circulating, reimbursing, and
redeeming invoices is complex and difficult to control, and there is a lack of unified verifi-
cation mechanisms between multiple entities. Problems include sales of paper invoices, a
lack of synchronization, and failure to endorse electronic invoices for payment. As time
has passed, the evolution of digital invoices has become increasingly profound. Despite
the advantages of traditional invoices, digital invoices are a more secure, intelligent, and
convenient invoice form, utilizing the advantages of blockchain finance, promoting the
standardization and transparency of the invoice market, and effectively reducing the risks
of the invoice market. In addition, the popularization of digital invoices has achieved seam-
less integration across platforms and regions, which not only reduces the development and
maintenance costs related to central servers but also solves the synchronization problem
in invoice registration caused by centralization. Digital invoices are more suitable for the
development of the digital economy.

4.7.3. Topic 2: Cross-Border Payments

For a long time, international trade transactions and payment settlements have relied
on the banking system. This traditional transaction method conducted through banks
involves multiple organizations, each with its own accounting system, resulting in cum-
bersome processing workflows and requiring the establishment of agency relationships
to complete transactions. With the continuous development of blockchain financial tech-
nology, its advantages in the field of cross-border payments are becoming increasingly
apparent. Under peer-to-peer support, all nodes share a ledger and use consensus algo-
rithms to confirm peer-to-peer transactions between nodes, transmitting the results to
all nodes and achieving collaborative governance. This enables cross-border enterprises
to make direct transfers, significantly improving the efficiency of cross-border payments.
This also makes cross-border transactions traceable, providing effective regulatory tools
for regulatory agencies. With the growing maturity and popularization of blockchain
technology, cross-border payments will become more efficient and secure, contributing to
the prosperity and development of the global economy.

4.7.4. Topic 6: Supply Chain Finance

In the traditional financial intermediary model, challenges such as information asym-
metry, evaluating repayment ability, transaction authenticity, scattered and difficult-to-share
information, and uncontrolled performance risks plague supply chain financing. The emer-
gence of blockchain financial technology has effectively promoted the disintermediation
of the financial sector, shortened the chain from public consumption surplus to enterprise
expansion, stimulated the supply and demand of direct financing in the capital market, and
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significantly improved the efficiency of capital circulation and allocation, thereby reducing
capital surplus. In addition, blockchain finance technology solves trust problems through
consensus algorithms; reduces performance risks through smart contracts; connects the
flow of goods, logistics, capital, and information in the supply chain; and tracks the opera-
tional status of enterprises in the supply chain in real time. With the growing maturity of
technology and the continuous expansion of application scenarios, supply chain finance is
gradually building an ecosystem that integrates optimal flow, logistics information, capital
integration, and data sharing.

5. Conclusions

This paper utilizes blockchain financial technology as a case study, integrating five
types of information—papers, patents, books, public sentiments, and industry reports—to
identify themes related to this emerging technology using the LDA topic model. Addition-
ally, we employed the dual-index theme lifecycle analysis method to extract hotspot themes,
providing insights into the developmental direction of emerging technologies through the
interpretation of these themes. Comprehensively revealing the various characteristics of
blockchain financial technology from a diverse information perspective and establishing a
firm understanding of the multidimensional aspects of blockchain financial technology can
help us identify the complex applications and potential impacts of blockchain technology
in the financial field. In addition, this also promotes its application and popularization
in other fields, thereby accelerating the digital transformation and innovative develop-
ment of the financial industry. The application of the aforementioned models ultimately
identified 22 themes associated with blockchain financial technology (as of 2021), from
which 8 hotspot themes were extracted, including fintech, cross-border payments, digital
invoices, supply chain finance, and decentralization. These hot topics not only reflect the
current focus of blockchain technology but also foreshadow future development trends.
This has important reference value for policymakers, financial institutions, and technology
companies: policymakers can adjust regulatory policies based on the trends revealed by
research, financial institutions can clarify the direction of technological innovation, and
technology companies can discover new market opportunities.

This study identifies emerging technology hotspots using multi-source information,
avoiding the biases and limitations that can arise from single-source data. It not only
enriches the dimensions of the data but also enhances the comprehensiveness and accuracy
of the analysis results through cross-validation, accurately identifying the hotspots and
trends in emerging technologies. Moreover, due to the real-time and extensive nature of
multi-source information, this research method can also capture technological trends in a
timely manner, predict future development directions, enhance the timeliness and foresight
of research, and provide scientific and comprehensive bases for policy formulation and
decision support, which is of great significance. This study also provides research ideas for
other scholars and researchers and contributes to promoting theoretical innovation and
practical development in the field of technology prediction and evaluation.

However, the research has certain limitations. Firstly, in the selection of multi-source
data, only five widely influential sources were considered, leaving room for the further en-
richment of data sources for deeper exploration; secondly, during the data cleaning process,
we only extracted the titles, abstracts, and keywords from the bibliographic information
of the literature, without designing specialized extraction strategies for different types
of data. As a result, the representativeness of the data may be affected, necessitating the
further optimization of the data preprocessing approach to enhance the effectiveness of
theme identification.

Author Contributions: Conceptualization, R.H. and K.L.; Data curation, Z.B.; Formal analysis,
R.H.; Investigation, Z.B. and J.J.; Methodology, R.H.; Project administration, K.L.; Resources, Z.B.
and J.J.; Software, R.H.; Supervision, K.L.; Validation, R.H.; Writing—original draft, R.H. and Z.B.;
Writing—review and editing, K.L. All authors have read and agreed to the published version of
the manuscript.



Information 2024, 15, 581 16 of 17

Funding: This research was supported by the National Social Science Foundation of China: Research
on the Construction and Collaborative Evolution of an Innovative Ecosystem for the Integration of
“Technology Economy Region” Information under the “Dual Carbon” Goal (22CTQ028), and the
research project of Ningbo Urban Civilization Research Institute: Sample Study of Civilization and
Good Governance in Grassroots Communities Based on Digital Application Scenarios—a case study
of Ningbo Hefeng, Mingzhu, Haichuang, and other communities (CSWM202307).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The authors would like to thank the editors and anonymous reviewers
for their thoughtful and constructive comments.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Zamani, M.; Yalcin, H.; Naeini, A.B.; Zeba, G.; Daim, T.U. Developing metrics for emerging technologies: Identification and

assessment. Technol. Forecast. Soc. Chang. 2022, 176, 121456. [CrossRef]
2. Zhang, P.; Li, T.; Wang, G.; Luo, C.; Chen, H.; Zhang, J.; Wang, D.; Yu, Z. Multi-source information fusion based on rough set

theory: A review. Inf. Fusion 2021, 68, 85–117. [CrossRef]
3. Nti, I.K.; Adekoya, A.F.; Weyori, B.A. A novel multi-source information-fusion predictive framework based on deep neural

networks for accuracy enhancement in stock market prediction. J. Big Data 2021, 8, 17. [CrossRef]
4. Javed, A.R.; Shahzad, F.; ur Rehman, S.; Zikria, Y.B.; Razzak, I.; Jalil, Z.; Xu, G. Future smart cities: Requirements, emerging

technologies, applications, challenges, and future aspects. Cities 2022, 129, 103794. [CrossRef]
5. Jiang, L.; Zhang, T.; Huang, T. Empirical research of hot topic recognition and its evolution path method for scientific and

technological literature. J. Adv. Comput. Intell. Intell. Inform. 2022, 26, 299–308. [CrossRef]
6. Haleem, A.; Javaid, M.; Singh, R.P.; Suman, R.; Rab, S. Blockchain technology applications in healthcare: An overview. Int. J.

Intell. Netw. 2021, 2, 130–139. [CrossRef]
7. Rahmani, A.; Vaziri Nezhad, R.; Ahmadi Nia, H.; Rezaeian, M. Methodological principles and applications of the Delphi method:

A narrative review. J. Rafsanjan Univ. Med. Sci. 2020, 19, 515–538. [CrossRef]
8. de Liaño, B.G.G.; Pascual-Ezama, D. The Delphi Method as a technique to study Validity of Content. An. Psicol. 2012, 28,

1011–1020.
9. Zhai, Y.; Ye, Q.; Lu, S.; Jia, M.; Ji, R.; Tian, Y. Multiple expert brainstorming for domain adaptive person re-identification. In

Proceedings of the Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, 23–28 August 2020; Proceedings, Part
VII 16. pp. 594–611.

10. Zhang, K. The evaluation about options of innovation method application enterprise’s demand. Economist 2011, 1, 45–50.
11. Zhang, H.; Daim, T.; Zhang, Y.P. Integrating patent analysis into technology roadmapping: A latent dirichlet allocation based

technology assessment and roadmapping in the field of Blockchain. Technol. Forecast. Soc. Chang. 2021, 167, 120729. [CrossRef]
12. Galvin, R. Science Roadmaps. Science 1998, 280, 803. [CrossRef]
13. Phaal, R.; Farrukh, C.J.P.; Probert, D.R. Technology roadmapping—A planning framework for evolution and revolution. Technol.

Forecast. Soc. Chang. 2004, 71, 5–26. [CrossRef]
14. Wang, H.; Wang, J.; Zhang, Y.; Wang, M.; Mao, C. Optimization of Topic Recognition Model for News Texts Based on LDA. J.

Digit. Inf. Manag. 2019, 17, 257. [CrossRef]
15. Breitzman, A.; Thomas, P. The Emerging Clusters Model: A tool for identifying emerging technologies across multiple patent

systems. Res. Policy 2015, 44, 195–205. [CrossRef]
16. Rotolo, D.; Hicks, D.; Martin, B.R. What is an emerging technology? Res. Policy 2015, 44, 1827–1843. [CrossRef]
17. Brady, S.R. Utilizing and adapting the Delphi method for use in qualitative research. Int. J. Qual. Methods 2015, 14,

1609406915621381. [CrossRef]
18. Armacost, R.L.; Hosseini, J.C.; Pet-Edwards, J. Using the Analytic Hierarchy Process as a Two-phase Integrated Decision Approach

for Large Nominal Groups. Group Decis. Negot. 1999, 8, 535–555. [CrossRef]
19. Shen, Y.-C.; Chang, S.-H.; Lin, G.T.; Yu, H.-C. A hybrid selection model for emerging technology. Technol. Forecast. Soc. Chang.

2010, 77, 151–166. [CrossRef]
20. Bildosola, I.; Río-Bélver, R.M.; Garechana, G.; Cilleruelo, E. TeknoRoadmap, an approach for depicting emerging technologies.

Technol. Forecast. Soc. Chang. 2017, 117, 25–37. [CrossRef]
21. Huang, L.; Lu, W. Study on the Identification of Emerging Technology by an Attribute Synthetic Measure Model. Sci. Res. Manag.

2009, 30, 190–194.
22. Kleinberg, J. Bursty and hierarchical structure in streams. In Proceedings of the Eighth ACM SIGKDD International Conference

on Knowledge Discovery and Data Mining, Edmonton, AB, Canada, 23–26 July 2002; pp. 91–101.
23. CiteSpace, C.C., II. Detecting and visualizing emerging trends and transient patterns in scientific literature. J. Am. Soc. Inf. Sci.

Technol. 2006, 57, 359–377.

https://doi.org/10.1016/j.techfore.2021.121456
https://doi.org/10.1016/j.inffus.2020.11.004
https://doi.org/10.1186/s40537-020-00400-y
https://doi.org/10.1016/j.cities.2022.103794
https://doi.org/10.20965/jaciii.2022.p0299
https://doi.org/10.1016/j.ijin.2021.09.005
https://doi.org/10.29252/jrums.19.5.515
https://doi.org/10.1016/j.techfore.2021.120729
https://doi.org/10.1126/science.280.5365.803a
https://doi.org/10.1016/S0040-1625(03)00072-6
https://doi.org/10.6025/jdim/2019/17/5/257-269
https://doi.org/10.1016/j.respol.2014.06.006
https://doi.org/10.1016/j.respol.2015.06.006
https://doi.org/10.1177/1609406915621381
https://doi.org/10.1023/A:1008622202638
https://doi.org/10.1016/j.techfore.2009.05.001
https://doi.org/10.1016/j.techfore.2017.01.015


Information 2024, 15, 581 17 of 17

24. Liang, Y.; Liu, Z.; Yang, Z. Analysis of knowledge flow theory in citation analysis. Stud. Sci. Sci. 2010, 28, 668–674.
25. Li, B.; Chen, X. Identification of emerging technologies in nanotechnology based on citing coupling clustering of patents. J. Intell.

2015, 34, 35–40.
26. Li, X.; Wang, J.; Yang, Z. Identifying emerging technologies based on subject–action-object. J. Intell. 2016, 35, 80–84.
27. Yang, C.; Zhu, D.; Wang, X.; Zhu, F.; Heng, X. Technical topic analysis in patents: SAO-based LDA modeling. Libr. Inf. Serv. 2017,

61, 86–96.
28. Zhijun, R.; Xiaodong, Q.; Jiangtao, Z. Discover Emerging Technologies with LDA Model. Data Anal. Knowl. Discov. 2016, 32,

60–69.
29. Dong, F.; Liu, Y.; Zhou, Y. Prediction of emerging technologies based on LDA SVM multi class abstract of paper classification. J.

Intell. 2017, 36, 40–45.
30. Gong, S.; Guo, J. Research on Innovation of Technology Finance Model Based on Blockchain. Sci. Manag. Res. 2016, 34, 110–113.
31. Ding, X. From Internet finance to digital finance: Development trend, characteristics and ideas. J. Nanjing Univ. (Philos. Humanit.

Soc. Sci.) 2021, 58, 28–44+162.
32. Han, J.; Han, M. Research on Innovation of Supply Chain Finance Based on Blockchain Technology. Qilu J. 2022, 2, 131–141.
33. Liu, Y.; Feng, L. Blockchain Supply Chain Finance and Bank Run Risk. Syst. Sci. Math. 2024, 1–22.
34. Han, J.; Han, H.; Zhou, Q. Risk Regulation of Digital Finance Based on Blockchain Technology. Sci. Manag. Res. 2024, 42, 137–145.
35. Su, G. Empowering Digital Innovation in Enterprises with Financial Technology: Theoretical Mechanisms and Empirical Tests.

Stat. Decis. Mak. 2024, 40, 161–166.
36. He, Z. The Impact and Optimization of Electronic Invoices and Digital Payments on the Financial and Tax System. Bus. News

2024, 7, 167–170.
37. Zheng, D. Data Risk and Governance Path of Cross border Financial Services in the Digital Economy Era. Res. Financ. Issues 2024,

8, 64–74.
38. Mao, J.; Xie, J.; Gao, Y.; Tang, Q.; Li, Z.; Zhang, B. Navigating Growth: The Nexus of Supply Chain Finance, Digital Maturity, and

Financial Health in Chinese A-Share Listed Corporations. Sustainability 2024, 16, 5418. [CrossRef]
39. Liu, Y.; Zhang, S.; Chen, M.; Wu, Y.; Chen, Z. The Sustainable Development of Financial Topic Detection and Trend Prediction by

Data Mining. Sustainability 2021, 13, 7585. [CrossRef]
40. Goghie, A.S. Tokenization and the banking system: Redefining authority in the blockchain era. Compet. Chang. 2024,

10245294241258255. [CrossRef]
41. Blei, D.M.; Ng, A.Y.; Jordan, M.I. Latent dirichlet allocation. J. Mach. Learn. Res. 2003, 3, 993–1022.
42. Tu, Y.-N.; Seng, J.-L. Indices of novelty for emerging topic detection. Inf. Process. Manag. 2012, 48, 303–325. [CrossRef]
43. Verhoeven, D.; Bakker, J.; Veugelers, R. Measuring technological novelty with patent-based indicators. Res. Policy 2016, 45,

707–723. [CrossRef]
44. Wu, X.; Li, H.; Zhang, Z.; Wu, Z. A review of semantic novelty research in scientific literature evaluation. Data Anal. Knowl. Discov.

2024, 8, 29–40.
45. Mann, G.S.; Mimno, D.; McCallum, A. Bibliometric impact measures leveraging topic analysis. In Proceedings of the 6th

ACM/IEEE-CS Joint Conference on Digital Libraries, Chapel Hill, NC, USA, 11–15 June 2006; pp. 65–74.
46. Bai, J.; Yan, D.; Chen, Q. Trend Prediction of Emerging Topics Based on Topic Model and Curve Fitting. Inf. Stud. Theory Appl.

2020, 7, 130–136.
47. Treleaven, P.; Brown, R.G.; Yang, D. Blockchain technology in finance. Computer 2017, 50, 14–17. [CrossRef]
48. Fanning, K.; Centers, D.P. Blockchain and Its Coming Impact on Financial Services. J. Corp. Account. Financ. 2016, 27, 53–57.

[CrossRef]
49. Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss, R.; Dubourg, V.;

et al. Scikit-learn: Machine Learning in Python. J. Mach. Learn. Res. 2011, 12, 2825–2830.
50. Wang, Q.; Wang, J. Improved Collaborative Filtering Recommendation Algorithm. Comput. Sci. 2010, 37, 226–228+243.
51. Song, B.; Suh, Y. Identifying convergence fields and technologies for industrial safety: LDA-based network analysis. Technol.

Forecast. Soc. Chang. 2019, 138, 115–126. [CrossRef]
52. Li, Q.; Liu, L.; Xu, M.; Wu, B.; Xiao, Y. GDTM: A Gaussian Dynamic Topic Model for Forwarding Prediction Under Complex

Mechanisms. IEEE Trans. Comput. Soc. Syst. 2019, 6, 338–349. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/su16135418
https://doi.org/10.3390/su13147585
https://doi.org/10.1177/10245294241258255
https://doi.org/10.1016/j.ipm.2011.07.006
https://doi.org/10.1016/j.respol.2015.11.010
https://doi.org/10.1109/MC.2017.3571047
https://doi.org/10.1002/jcaf.22179
https://doi.org/10.1016/j.techfore.2018.08.013
https://doi.org/10.1109/TCSS.2019.2900299

	Introduction 
	Literature Review 
	Research on Identification Methods for Emerging Technologies 
	Research on Blockchain Financial Technology 

	Emerging Technology Hot Topic Identification Method Based on Multi-Source Information 
	Research Approach 
	Research Methods 
	LDA Topic Model 
	Dual-Index Theme Lifecycle Analysis Method 


	Empirical Research 
	Multi-Source Information Acquisition 
	Multi-Source Information Preprocessing 
	Word Frequency Statistical Analysis 
	Theme Identification Based on Multi-Source Information 
	Hot Topic Extraction 
	Validity Analysis 
	Results Analysis 
	Topic 17: Fintech 
	Topic 4: Digital Invoices 
	Topic 2: Cross-Border Payments 
	Topic 6: Supply Chain Finance 


	Conclusions 
	References

