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 This study employed topic modeling to identify key research themes in 

blockchain engineering and examined how these themes have evolved over 

time. The dataset of collected abstracts from 3,665 relevant papers of Web of 

Science (WoS) core collection for the period from 2019 to 2024 was 

analyzed with latent Dirichlet allocation (LDA) approach. Based on the 

results of the topic development trends analysis, the topics collectively 

highlight the evolving landscape of technologies such as blockchain, smart 

contracts, the internet of things (IoT), and edge computing, focusing on their 

integration and impact across sectors like finance, healthcare, supply chain 

management, and energy systems. It offers valuable insights and 

implications for research related to blockchain engineering. Latent semantic 

indexing (LSI) provided further understanding by highlighting strong 

connections between specific topics, such as energy trading, supply chains, 

and medical applications. A comparison of LDA and LSI topics revealed 

overlapping themes, which supports the reliability of the topic structure 

identified by LDA. 
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1. INTRODUCTION 

Blockchain technology has emerged as a revolutionary force across various industries, offering 

decentralized, secure, and transparent solutions for complex problems. Across multiple industries, blockchain 

supports peer-to-peer exchange of digital assets—such as currencies, securities, votes, shares, and 

commodities—enables transparent tracking of data related to financial assets and physical goods, and 

automates the execution and administration of various types of contracts, including insurance agreements and 

programmable payment systems [1]−[4]. As the field of blockchain engineering continues to evolve rapidly, 

it has become increasingly important to understand the underlying trends and latent topics driving its 

development. Identifying these trends not only helps in tracking the progression of the technology but also in 

anticipating future directions and challenges in the domain. 

Latent Dirichlet allocation (LDA) topic modelling has demonstrated its effectiveness as a tool for 

uncovering hidden structures within large text corpora. Topic modelling [5] is a method used in text 

classification to identify the underlying topics within a text corpus, with LDA being the most widely used 

technique. Recent studies have demonstrated the versatility of LDA in diverse fields, including agriculture 

and food industry [6], pedagogy and knowledge [7], transportation [8], and AI application [9].  

https://creativecommons.org/licenses/by-sa/4.0/
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In the context of blockchain engineering, where the volume of academic publications, technical 

reports, and industry white papers is rapidly expanding, LDA offers a methodologically sound approach to 

distilling complex information into coherent topics. This is particularly relevant as the field of blockchain 

evolves rapidly, requiring systematic methods to track its multifaceted development. Recent applications of 

LDA in technology domains have shown its potential for identifying trends and knowledge gaps, making it 

an ideal tool for analyzing blockchain literature [10], [11]. In this way, Sharma et al. [12] identified current 

trends in blockchain technology to guide future research by collecting data from IEEE, Springer, ACM, and 

other digital databases, applying LDA for topic modeling, and analyzing the model’s outcomes through key 

terms and documents associated with each topic. Lee et al. [13] analyzed scholarly publications on 

blockchain to forecast emerging industries with a high potential for blockchain adoption. Their study 

employed LDA and dynamic topic modeling to process large-scale textual data, effectively reducing 

dimensionality and extracting insights from the underlying knowledge structure of the literature. 

This paper aims to apply LDA topic modelling to a comprehensive dataset of blockchain 

engineering literature to identify and analyze the latent topics and emerging trends within the field. By doing 

so, the search was made for contribution to a deeper comprehension of the present condition and prospective 

development of blockchain engineering, providing a valuable resource for both researchers and practitioners. 

Such insights are crucial not only for advancing academic research but also for guiding industry innovation in 

blockchain technologies. 

Building upon past research, this study examines a total of 3,665 publications pertaining to 

blockchain engineering from the period of 2019 to 2023, as indexed in the Web of Science (WoS). By 

employing a combination of topic modelling techniques and topic evolution analysis, the abstract texts of 

these papers are analyzed to identify the key research topics and trace the developmental trends in blockchain 

research from a global perspective. The study is guided by two core research questions: 

Q1: which topics represent the most significant focus of current research? 

Q2: what emerging trends are projected to shape the future development of these topics? 

To address the aforementioned research questions, the abstracts of 3,665 documents were analyzed 

using term frequency–inverse document frequency (TF-IDF)–based identification of keywords to construct a 

collection of extracted keywords. Topic evolution was assessed using the bibliometric package in R, while 

LDA topic modelling was employed to identify nine distinct topics within the corpus. The properties and 

advancement trajectories of each identified topic was subsequently examined. While several prior  

studies [10], [12], [13] have applied LDA topic modelling to related domains, this study is among the first to 

extensively apply LDA to blockchain engineering research. Notably, key parameters, including the number 

of topics, were determined by means of training machine learning models using perplexity and coherence 

metrics to optimize the model’s performance. The analysis encompassed 3,665 documents from the WoS, 

covering the period from 2019 to 2023. By leveraging a large-scale textual dataset, this study extracted 

research topics and developmental trends in blockchain engineering, thereby offering both theoretical 

insights and methodological frameworks for future research in the domain. 

Blockchain engineering is a multidisciplinary field that combines principles from computer science, 

cryptography, distributed systems, and economics to develop decentralized systems that ensure data integrity, 

security, and transparency. Since the inception of blockchain technology with Bitcoin in 2008 [14], the field 

has seen rapid expansion into various sectors covering finance, supply chain management, healthcare, and 

other application areas. Topic modelling, particularly LDA, has gained prominence as an effective method 

for text mining and natural language processing (NLP) tasks. LDA has been commonly employed used in 

various domains to uncover hidden topics within large text corpora, facilitating the understanding of thematic 

structures and trends over time [15], [16]. In academic research, LDA has been applied to analyze topics in 

fields as diverse as blended learning [17], mining analysis of educational scientific research projects [18], and 

systematic technology analysis and roadmap formulation within the blockchain domain [19]. These 

applications demonstrate the broad applicability of LDA in handling large datasets and its utility in revealing 

insights that are not immediately apparent. 

Zimmermann et al. [20] addressed existing shortcomings by proposing new approaches that enhance 

topic coherence without increasing computational complexity and provide an objective method for selecting 

the optimal number of topics in a text corpus. Their approach includes the development of a more refined 

stop word list, a new dimensionality-reduction heuristic that assesses word importance, and an eigenvalue 

technique for topic determination. These methods are integrated into the Zimm approach, which 

demonstrates superior performance to LDA by correctly identifying the number of topics in 7 out of 9 subsets 

of the 20-newsgroup dataset, compared to LDA’s accuracy in none of the subsets. Luo et al. [21] presented 

the innovative graph contrastive neural topic model (GCTM), which utilizes a graph-based sampling 

technique that leverages detailed correlations and irrelevancies between documents and words. The model 

conceptualizes an input document as a bipartite graph linking documents and words, constructing networks 
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linking both positively and negatively co-occurring words to capture sophisticated semantic associations 

between terms. Ozkara et al. [22] sought to demonstrate the effectiveness of NLP and topic modeling 

approaches for organizing and interpreting large-scale scholarly literature in stroke research. Their findings 

show that these methods can streamline literature reviews, uncover hidden thematic structures, and monitor 

emerging research directions, highlighting the prominence of animal models, the growing focus on 

rehabilitation studies, and the crucial role of reperfusion therapy. Akar and Yörük [23] used the LDA 

algorithm, a topic-modeling method within the field of text mining, to elucidate the principal research themes 

associated with psychological contract breaches and violations, emphasizing the shifts in focus over time and 

particularly during the COVID-19 pandemic. Alkamli and Alabduljabbar [24] adopted a data-driven 

methodology that combined Twitter data analysis with a user survey to investigate privacy issues associated 

with ChatGPT, a widely used generative AI model. By applying LDA topic modeling and data classification 

techniques, the study identified major privacy-related concerns, contributing to a deeper understanding of 

user perceptions and providing insights to support policy formulation and guide future research on privacy in 

generative AI. 

Saqib et al. [25] analyzed LDA and nonnegative matrix factorization (NMF) using latent semantic 

indexing (LSI) to evaluate their effectiveness in opinion and text mining, concluding that while both models 

perform well in topic detection, NMF demonstrates a slight advantage over LDA. Horasan [26] proposed a 

hybrid model for collaborative recommendation systems (CRS) based on LSI, demonstrating that LSI-based 

user, item, and hybrid models outperform traditional Pearson correlation coefficient (PCC) models in 

prediction accuracy while achieving lower computational complexity through dimensionality reduction, with 

the hybrid model yielding the most precise recommendations. Roy et al. [27] investigated machine learning 

approaches for uncovering social and behavioral determinants of health (SBDH) from unstructured electronic 

health record (EHR) notes, demonstrating that LSI, applied to 2,083,180 clinical notes from the medical 

information mart for intensive care III (MIMIC-III) dataset, performed comparably to GPT-3.5 and GPT-4 

while offering advantages such as robustness, determinism, and scalability without document-size limitations 

or cost constraints, making it well-suited for real-world healthcare applications. 

Despite the growing interest in blockchain technology, the application of LDA topic modeling 

within this domain remains relatively underexplored. A few studies have begun to employ LDA to analyze 

blockchain-related content, such as research papers, patents, and social media discussions, to identify key 

trends and emerging areas of interest [28], [29]. These studies have contributed initial knowledge regarding 

the thematic progression of blockchain research, yet they also highlight the need for more comprehensive 

analyses that consider a wider range of sources and a more extensive temporal scope. 

While existing research has laid the groundwork for understanding the thematic development of 

blockchain engineering, several gaps remain. First, comprehensive studies are currently lacking that apply 

LDA to a broad dataset of blockchain engineering literature, including both academic and industry sources. 

Second, previous studies have often focused on specific aspects of blockchain, such as security or scalability, 

without providing a holistic view of the field’s evolution. Lastly, there is a need for analyses that can track 

the temporal dynamics of topics within blockchain engineering, helping to identify not only current trends 

but also potential future directions. This paper aims to address the gaps identified by applying LDA to a 

comprehensive dataset of blockchain engineering literature, providing a more detailed and dynamic 

understanding of the latent topics and trends shaping the field. 
 
 

2. METHOD 

This research performed a quantitative examination of a large body of blockchain engineering 

publications, focusing on abstract-level content analysis. Figure 1 presents the workflow for dataset 

collection and analytical procedures. The methodology was structured into three main stages: data collection 

and preprocessing, topic extraction using LDA, and validation of the resulting topic structure. 
 

 

 
 

Figure 1. The flowchart depicting the methodology for dataset acquisition and analysis 
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2.1.  Data collection and preparation 

In this study, the widely recognized literature database WoS, which provides access to journals 

indexed in the social sciences citation index (SSCI) and the science citation index (SCI), was chosen as a 

comprehensive database that offers high-quality data for conducting research evaluations [30]−[32]. Ensuring 

high-quality literature content was vital to achieving reliable research results. The data was queried on  

July 31, 2024, to include all publications in the WoS database till 2023. The descriptive analysis revealed key 

information, including a total of 10,079 authors and an average publication age of 3.92 years. Each paper 

received a mean of 19.25 citations, with an average of 3.29 citations per document per year. Additionally, the 

percentage of international co-authorships was 33.62%. 

The literature search was limited to documents categorized as “article” within the WoS. The search 

strategy was developed based on an understanding of blockchain development and on search terms adopted 

from Zhaisanova and Mansurova [33]. Specifically, the advanced search function of the WoS database was 

used to apply the criteria: “Topic=(‘Blockchain development’) OR Topic=(‘Blockchain engineering’)”. Here, 

topic searches encompassed titles, abstracts, and author keywords relevant to blockchain engineering 

research published between 2019 and 2023. All publications deemed relevant to addressing the research 

questions were collected. Following the exclusion of non-English publications, an initial set of 3,665 articles 

was obtained. For each article, bibliographic information such as the title, abstract, year of publication, and 

journal name was extracted. The inclusion criteria comprised peer-reviewed journal articles published in 

English between 2019 and 2023, with a focus on blockchain development, blockchain engineering, and 

related applications. The exclusion criteria involved omitting non-English publications, document types other 

than journal articles (including conference papers, reviews, and book chapters), as well as studies not directly 

related to blockchain engineering. 

As illustrated in Figure 2, the number of downloads for relevant literature showed a general upward 

trend. Figure 2 shows that research related to blockchain development expanded rapidly from 234 articles to 

1,023 until 2022, reaching a peak at 2023 with 1,052 articles. This study conducted topic model mining using 

abstract texts as the research focus. Current research employs LDA to identify conceptual trends and 

emerging themes in blockchain engineering, as illustrated in Figure 3. By applying the LDA technique to a 

dataset comprising 3,665 articles, the research aims to extract prevailing trends and patterns within the field 

of blockchain engineering. 

 

 

 
 

Figure 2. Annual scientific production per year (2019–2023) 

 

 

It was revealed the main steps of LDA model according to the Figure 3. Prior to this, data 

preprocessing was required. Preprocessing included removing missing values, tokenizing the text into words, 

converting to lowercase, removing non-alphabetic characters and stopwords. Creating a processed version of 

the text data enabling diverse NLP applications, including topic modeling, sentiment analysis, and text 

classification. The preprocessing steps included the following: 

i) Handling missing values: initially, all records with missing abstract texts were removed to maintain data 

integrity. This resulted in an initial selection corpus of X articles. 

ii) Tokenization: the text data was tokenized into individual words using the natural language toolkit 

(NLTK), enabling further linguistic processing. 

iii) Case normalization: all text was converted to lowercase to ensure uniformity and avoid duplication of 

terms due to case differences. 

iv) Removal of non-alphabetic characters: punctuation marks, numerals and special symbols were 

eliminated, retaining only alphabetic words relevant for analysis. 
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v) Stopword processing: common English words excluded from analysis (e.g., “the,” “is,” “and”) were 

eliminated using NLTK’s predefined stopword list to enhance the focus on meaningful terms. 

Following preprocessing, a refined corpus was created, consisting of Y articles after filtering and 

text cleaning. This corpus was then transformed into a structured format suitable for topic modeling.  

A dictionary was constructed using the processed tokens, mapping unique words to their respective 

numerical IDs. Finally, a bag-of-words representation was generated for each document, forming the final 

corpus for analysis. The LDA model in the provided code uses several hyperparameters: corpus, which 

represents the dataset in a bag-of-words format; id2word a mapping of words to unique identifiers; 

num_topics, setting the number of topics to extract; random_state, ensuring reproducibility; alpha, set to 

‘auto’, allowing the model to dynamically adjust the document-topic distribution; and per_word_topics, set to 

true, which enables the assignment of topic distributions to individual words. 

 

 

 
 

Figure 3. LDA model 

 

 

2.2.  Topic modeling 

LDA is a probabilistic approach for identifying latent topics within a set of documents. As a 

generative model, it assumes that each document arises from a combination of topics, with each topic 

represented as a probability distribution over words. 

− Let 𝐾 be the number of topics. 

− 𝜃𝑖 is the topic distribution for document 𝑖, which follows a Dirichlet distribution: 
𝜃𝑖∼Dirichlet(𝛼), where 𝛼 is the hyperparameter controlling the distribution over topics. 

− 𝜙𝑘 is the word distribution for topic 𝑘, which also follows a Dirichlet distribution: 
𝜙𝑘∼Dirichlet(𝛽), where 𝛽 is the hyperparameter controlling the distribution over words for each topic. 

− Document generation process: for each word 𝑤 in document distribution: 
Choose a topic 𝑧 ∼ Multinomial(𝜃𝑖) 
Choose a word 𝑤 from 𝑝 (𝑤∣𝑧, 𝜙) 

LDA model fitting, objective function: the goal is to maximize the likelihood of the data given the 

parameters 𝜃 and 𝜙 as in (1). 

 

𝐿 = 𝑝(𝑊 ∣ 𝜃, 𝜙) = ∏ ∏ ∑ 𝑝𝐾
𝑘=1

𝑛𝑖
𝑗=1

𝑁
𝑖=1 (𝑤𝑖𝑗|𝑧𝑖𝑗 − 𝑘, 𝜑𝑘)𝑝(𝑘|𝜃𝑖) (1) 

 

Variational Bayes or Gibbs sampling is used to estimate 𝜃 and 𝜙 for optimization. Metrics commonly used in 

topic modeling include perplexity and coherence. Perplexity assesses how well the model assigns words to 

specific topics by evaluating the model’s likelihood value. Coherence score indicates how closely the words 

in a topic are related in meaning. The coherence score 𝐶(𝑡) for topic 𝑡 is computed using the pairwise  

co-occurrence of the top words in the topic as in (2).  

 

𝐶(𝑡) = ∑ ∑ 𝑙𝑜𝑔
𝐷(𝑤𝑚,   𝑤𝑙)+1

𝐷(𝑤𝑙)

𝑚−1
𝑙=1

𝑀
𝑚=2  (2) 

 

Where, 𝐷(𝑤𝑚,   𝑤𝑙) denotes the number of documents in which both terms 𝑤𝑚    and 𝑤𝑙  appear, and 𝐷(𝑤ₗ) 

refers to the count of documents that include the term 𝑤𝑙 . LSI is another topic modeling approach that applies 

singular value decomposition (SVD) to achieve dimensionality reduction of the term–document matrix. 
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Term–document matrix: a matrix 𝐴 is constructed such that each element 𝐴𝑖𝑗 corresponds to the 

weight (for example, a TF–IDF value) of term 𝑖 in document 𝑗. SVD: the matrix 𝐴 is factorized into three 

component matrices as in (3).  

 
𝐴=𝑈∑ 𝑉𝑇 (3) 

 
Where 𝑈 is term-topic matrix, Ʃ is a diagonal matrix containing singular values, 𝑉 is document-topic matrix. 

 
2.3.  Topic representation with LSI 

The rows of 𝑈 correspond to the “topic” vectors, and the columns of 𝑉 correspond to the 

representation of documents in the reduced-dimensional space. Retain the top 𝐾 singular values to 

approximate 𝐴 with lower-rank matrices, effectively reducing the noise and focusing on the most significant 

“topics”. Heatmap of document similarities was created by computation the cosine similarity matrix S 

between documents as in (4). 

 

𝑆𝑖𝑗 =
𝐴𝑖∗ 𝐴𝑗

||𝐴𝑖|| ||𝐴𝑗||
 (4) 

 
The study applied the LDA model module from the well-established Gensim Python library to perform topic 

modeling and used a coherence metric to identify the optimal number of topics. 

 
 

3. RESULTS AND DISCUSSION 

Thematic evolution plot shown in Figure 4 has been generated using bibliometric, an R-based tool. 

This visualization is based on the “abstract” field and uses N-grams with “trigrams” to identify key research 

themes. The visualization, displayed as a Sankey diagram, illustrates the evolution of blockchain-related 

research themes from 2019 to 2024. Colored blocks represent dominant topics in each period, while 

connecting flows show their continuity, transformation, or decline over time. 

 

 

 
 

Figure 4. Thematic evolution of blockchain engineering area 

 

 

In 2019, research focused on foundational themes such as initial coin offerings (ICOs), distributed 

ledger technology, AI, smart contracts, business process management, and supply chain applications. By 

2020, the scope expanded to applied domains including EHRs, renewable energy, data security, and mobile 

edge computing, reflecting increased real-world adoption of blockchain. In 2021, more advanced applications 

emerged, including blockchain in finance, fine-grained access control, self-sovereign identity, reinforcement 

learning, and trust in distributed systems. The 2022 period marked a stronger emphasis on smart contracts, 

industrial adoption, supply chain resilience, and sustainability. In 2023-2024, blockchain research reached a 

mature stage, highlighting resiliency-by-design, blockchain-AI integration, threat intelligence, contract 

vulnerability detection, edge computing, and environmental impact assessment. 
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This Figure 4 effectively illustrated the dynamic evolution of blockchain-related research topics over 

time. The transition from basic concepts to more complex and interdisciplinary applications highlighted the 

increasing maturity of blockchain technology and its integration with various industries. The continuous flow 

of topics across different years indicates sustained interest and ongoing advancements, with emerging trends 

suggesting a future focus on security, AI integration, and sustainable blockchain solutions. 

 

3.1.  Determination of optimal parameters 

LDA is a highly regarded topic modeling method known for it is empirical performance [30]. This 

unsupervised method requires predefined parameters—such as number of topics (K), topic distribution prior 

(α), and topic–word distribution prior (η)—which play a crucial role in determining topic quality. Topic 

model performance is commonly evaluated by employing measures like perplexity and coherence, with 

coherence emphasizing interpretability. Given the importance of interpretability for meaningful analysis and 

practical use, coherence was chosen as the primary evaluation criterion. The priors α and η were set 

automatically, and the optimal number of topics was determined based on coherence metrics. As shown in 

Figure 5, the model achieved its highest coherence value (0.41) when K was set to nine topics. 

 

 

 
 

Figure 5. Topics number and coherence 

 

 

Once the model was established, the topics were named manually based on the results, which 

significantly enhanced the interpretability of the findings. Traditionally, naming is primarily guided by the 

topic-word probability 𝑝(𝑤∣𝑡), with keywords exhibiting high 𝑝(𝑤∣𝑡) values chosen for topic naming. The 

correlation formula used in this process involves a parameter 𝜆, which specifies the weight of a topic word 𝑤 

based on its significance within topic t. After adjusting 𝜆, the analysis revealed that setting 𝜆=0.6 provided 

the most relevant and prominent terms across topics. An overview of the topics identified using LSI for the 

2019-2024 dataset is provided in Table 1, showing the final topics determined through this process. 

LSI identified nine distinct topics in the dataset, each represented by a set of terms and a 

proportional share of the corpus, reflecting its prevalence across the analyzed documents. 

− Topic 1 focuses on the internet of things (IoT), particularly security and smart devices, highlighting 

blockchain as a solution for enhancing data privacy, device authentication, and protection against cyber 

threats. This integration is especially relevant for smart homes, industrial automation, and healthcare 

applications. 

− Topic 2 centers on blockchain technology and its role in information management systems. It 

emphasizes blockchain’s decentralized architecture for securing digital transactions, improving data 

handling, and enhancing transparency and trust across sectors such as finance, supply chain 

management, and governance. 

− Topic 3 addresses supply chain management and traceability, especially in the food sector. Blockchain 

improves transparency, product authentication, and regulatory compliance by enabling immutable and 

real-time tracking across production and distribution processes. 

− Topic 4 highlights data security and privacy, focusing on blockchain-based schemes for protecting 

sensitive information. These solutions enhance system resilience and integrity in domains such as 

finance, healthcare, and cloud storage by eliminating centralized points of failure. 
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− Topic 5 examines blockchain applications in energy markets, particularly peer-to-peer electricity 

trading and smart grid management. Blockchain supports efficient, transparent energy transactions and 

facilitates the integration of distributed renewable energy resources. 

− Topic 6 explores the broader research landscape of blockchain, including challenges related to 

scalability, interoperability, and governance. Advances in consensus mechanisms and cryptographic 

techniques are driving blockchain adoption and digital transformation across industries. 

− Topic 7 discusses blockchain-based system and software design, emphasizing architectural 

considerations for decentralized applications. Such systems enable secure, scalable, and autonomous 

digital services in areas including finance, e-governance, and cloud computing. 

− Topic 8 focuses on healthcare, emphasizing blockchain’s role in securing medical data, improving 

interoperability, and ensuring the integrity of patient records. These applications are critical for EHRs, 

clinical trials, and pharmaceutical supply chains. 

− Topic 9 addresses smart contracts and blockchain-based financial technologies. Smart contracts 

automate and secure financial transactions, supporting decentralized finance (DeFi) platforms and 

improving efficiency in banking, insurance, and investment services. 

Table 2 presents the results obtained from the LDA model, including the representative terms and 

their proportions within the corpus. The identified topics cover a broad range of themes, such as IoT security, 

blockchain applications in healthcare, smart contracts, and energy systems. These themes reflect the diversity 

of research directions captured by the model. 

− Topic 1 focuses on academic research in AI and knowledge management, emphasizing research 

methodologies, applications, and future trends. These studies contribute to intelligent systems that 

support automation, data-driven decision-making, and innovation across domains such as healthcare, 

finance, and education. 

− Topic 2 addresses digital transformation in industries, particularly in supply chain management. The 

topic highlights how emerging technologies enhance efficiency, transparency, and adaptability through 

automation, real-time data access, and improved coordination among stakeholders. 

− Topic 3 relates to digital healthcare platforms, including patient data management and blockchain-based 

solutions. These technologies enhance data security, interoperability, and service efficiency, supporting 

telemedicine, real-time monitoring, and secure information sharing. 

− Topic 4 examines IoT technologies with a prioritization of data security and privacy, and secure 

communication. It highlights mechanisms for protecting IoT systems from cyber threats, which are 

critical for applications in smart cities, industrial automation, and healthcare. 

− Topic 5 centers on smart contracts, blockchain, and machine learning models. The integration of these 

technologies enables automated transactions, fraud detection, and intelligent decision-making across 

decentralized networks. 

− Topic 6 focuses on information management and data sharing in supply chains. Secure access control 

and efficient information exchange enhance transparency, coordination, and operational reliability 

among supply chain participants. 

− Topic 7 highlights security and privacy issues in IoT and healthcare environments, emphasizing 

protective measures for cloud-based data processing and storage to ensure regulatory compliance and 

trust in digital services. 

− Topic 8 addresses blockchain network security and consensus mechanisms. It examines algorithms that 

ensure transaction validity, system integrity, and resistance to attacks in decentralized applications. 

− Topic 9 focuses on energy markets and smart grids, emphasizing decentralized energy trading using 

blockchain technology and efficient resource management. These technologies support sustainable, 

resilient, and decentralized energy infrastructures.  

As can be seen from Tables 1 and 2, it was defined predominant research topics in the field of 

blockchain engineering according to research question 1. The heatmap as shown in Figure 6 visualizes the 

differences between topics in a topic modeling analysis, specifically using the Jaccard distance as the 

measure of difference. Here’s a detailed description of what the plot represents. 

The x- and y-axes represent nine topics (0–8) identified by the model, while the color scale  

ranges from 0 to 1, indicating Jaccard distance between topic pairs. Dark blue values represent low  

distance and high similarity, whereas dark red values indicate high distance and minimal overlap. The  

red diagonal reflects self-comparisons of topics, which is expected, while off-diagonal cells show pairwise 

topic similarities. 

Lighter blue cells suggest moderate overlap between topics, indicating related themes or shared 

vocabulary, whereas darker blue cells reflect stronger similarity. For instance, topics 0 and 2 show moderate 

overlap, while topics such as 4 and 6 appear more distinct, reflecting unique thematic content. Overall, the 
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visualization demonstrates that the topic model effectively differentiates between themes while revealing 

areas of thematic overlap. 

Additional insights from LSI highlight strong associations among topics related to energy trading, 

supply chains, and healthcare. The consistency between LDA and LSI results reinforces the robustness of the 

identified topic structure. Topic relationships were visualized using pyLDAvis, with Figure 7 summarizing 

the intertopic similarities. 

 

 
Table 1. Blockchain engineering topics (2019-2024) for LSI 

No Topic name (proportion in the whole corpus) Representative terms 

1 IoT and security (15%) “iot”(0.022), “security” (0.017), “smart” (0.014), “blockchain” (0.011), 

“network” (0.011), “learning” (0.010), “devices” (0.009), “internet” 
(0.008), “data” (0.008), “proposed” (0.007) 

2 Blockchain technology and systems (18%) “blockchain” (0.026), “technology” (0.023), “development” (0.018), 

“model” (0.012), “information” (0.012), “management” (0.011), 

“system” (0.011), “based” (0.010), “data” (0.010), “paper” (0.009) 
3 Blockchain in supply chain management (12%) “supply” (0.042), “chain” (0.041), “blockchain” (0.018), “technology” 

(0.012), “food” (0.012), “model” (0.009), “product” (0.008), “chains” 
(0.008), “study” (0.007), “traceability” (0.007) 

4 Blockchain security systems (14%) “data” (0.032), “blockchain” (0.020), “security” (0.013), “system” 

(0.012), “proposed” (0.010), “scheme” (0.008), “development” (0.008), 
“privacy” (0.007), “based” (0.007), “technology” (0.007) 

5 Blockchain in energy trading (9,0%) “energy” (0.056), “power” (0.017), “trading” (0.015), “blockchain” 

(0.011), “market” (0.010), “electricity” (0.009), “grid” (0.008), 
“development” (0.008), “system” (0.008), “smart” (0.007) 

6 Blockchain research and technological 

advancements (11%) 

“blockchain” (0.021), “research” (0.017), “technology” (0.013), 

“technologies” (0.012), “study” (0.011), “digital” (0.011), 
“development” (0.010), “industry” (0.007), “paper” (0.006), 

“challenges” (0.006) 

7 Blockchain software and system design (10%) “blockchain” (0.016), “data” (0.014), “system” (0.010), “software” 
(0.008), “design” (0.007), “information” (0.007), “use” (0.006), 

“digital” (0.006), “technology” (0.006), “decentralized” (0.006) 

8 Blockchain in healthcare (13%) “data” (0.029), “medical” (0.023), “health” (0.021), “healthcare” 
(0.020), “system” (0.013), “blockchain” (0.012), “information” (0.009), 

“technology” (0.008), “patient” (0.007), “patients” (0.007) 

9 Smart contracts and blockchain in financial 
applications (12%) 

“smart” (0.020), “blockchain” (0.016), “contracts” (0.015), “financial” 
(0.011), “development” (0.011), “contract” (0.010), “digital” (0.008), 

“technology” (0.008), “transactions” (0.006), “cryptocurrency” (0.005) 

 

 
Table 2. Blockchain engineering topics (2019-2024) for LDA 

No Topic name (proportion in the whole corpus) Representative terms 
1 General research in AI and knowledge 

management (10.5%) 
“research” (0.025), “paper” (0.010), “analysis” (0.009), “field” (0.008), 

“application” (0.008), “study” (0.008), “intelligence” (0.007), 
“knowledge” (0.007), “ai” (0.007), “future” (0.006) 

2 Digital transformation and supply chain 

management (9.0%) 
“study” (0.013), “digital” (0.010), “research” (0.009), “industry” (0.008), 

“chain” (/), “supply” (0.007), “paper” (0.006), “business” (0.006), “new” 
(0.005), “management” (0.005) 

3 Digital health platforms and blockchain in 

healthcare (8.0%) 
“health” (0.018), “platform” (0.012), “medical” (0.012), “patient” 

(0.009), “record” (0.008), “sharing” (0.006), “bitcoin” (0.006), “care” 
(0.006), “security” (0.006), “nft” (0.006) 

4 IoT security, privacy, and communication 

protocols (11.0%) 

“scheme” (0.020), “storage” (0.011), “vehicle” (0.010), “security” 

(0.009), “proposed” (0.008), “internet” (0.008), “node” (0.007), “iot” 
(0.007), “communication” (0.007), “privacy” (0.007) 

5 Smart contracts, blockchain technology, and 

machine learning (12.5%) 

“contract” (0.032), “smart” (0.030), “model” (0.017), “method” (0.010), 

“proposed” (0.008), “detection” (0.008), “network” (0.007), “learning” 
(0.007), “result” (0.006), “code” (0.006) 

6 Information management and user access in 
supply chains (7.5%) 

“chain” (0.015), “information” (0.013), “management” (0.011), “supply” 
(0.010), “user” (0.010), “model” (0.010), “sharing” (0.009), “problem” 

(0.009), “mechanism” (0.008), “access” (0.008) 
7 Privacy and security in IoT and Cloud 

services (9.5%) 
“security” (0.022), “iot” (0.020), “privacy” (0.014), “device” (0.010), 
“healthcare” (0.009), “proposed” (0.009), “internet” (0.009), “cloud” 

(0.008), “service” (0.007), “thing” (0.007) 
8 Network security and consensus algorithms 

in blockchain (10.0%) 
“network” (0.024), “security” (0.018), “consensus” (0.011), “application” 
(0.011), “smart” (0.009), “algorithm” (0.008), “communication” (0.007), 

“proposed” (0.007), “transaction” (0.007), “mechanism” (0.007) 
9 Energy trading, smart grids, and resource 

management (12.0%) 
“energy” (0.039), “power” (0.012), “trading” (0.012), “smart” (0.011), 
“transaction” (0.010), “model” (0.009), “market” (0.008), “proposed” 

(0.008), “grid” (0.007), “resource” (0.007) 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 2, April 2026: 1863-1875 

1872 

 
 

Figure 6. Heatmap of document similarities 

 

 

 
 

Figure 7. Visualization of topics 

 

 

Figure 7 illustrates the outcomes of the LDA-based topic modeling through an intertopic distance 

map alongside a Top-30 most salient terms visualization, providing an overview of the corpus’s underlying 

thematic structure. Displayed in the left panel is the intertopic distance map produced using multidimensional 

scaling (MDS), in which each circle corresponds to a topic, and the circle size reflects its relative prominence 

within the dataset. Spatial proximity reflects semantic similarity between topics, while the PC1 and PC2 axes 

capture the main variance in topic–word distributions. A marginal topic distribution inset summarizes the 

overall contribution of each topic to the corpus. 

The right panel illustrates the 30 most important terms, with blue bars indicating overall term 

frequency and red overlays showing topic-specific relevance. Frequently occurring terms such as blockchain, 

contract, smart, security, consensus, and privacy indicate strong representation of blockchain, cybersecurity, 
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IoT, and digital transformation themes. These terms align primarily with topic 5 (smart contracts and 

machine learning) and topic 8 (blockchain security and consensus mechanisms), highlighting blockchain’s 

expanding role across industries. 

Security-related terms, including privacy, IoT, and scheme, emphasize ongoing concerns in IoT, 

cloud services, and secure communication, corresponding to topics 4 and 7. Meanwhile, terms such as digital, 

business, management, and research reflect digital transformation and AI-driven innovation associated with 

topics 1 and 2. Healthcare-related terms (health, patient, and medical) and energy-related terms (energy, 

power, and trading) align with topics 3 and 9, respectively, indicating increasing adoption of blockchain and 

smart technologies in healthcare systems and sustainable energy markets. 

The findings align with prior research in topic modeling within text mining, where LDA has been 

widely used to uncover hidden thematic structures in textual datasets. Similar to previous studies that have 

analyzed emerging technologies through topic modeling, this study highlights the prevalence of blockchain 

and IoT as dominant research themes. However, while some studies have emphasized blockchain’s role in 

finance and cybersecurity, our results indicate a broader scope, including supply chains, healthcare, and 

energy. A major strength of this research lies in its ability to systematically uncover thematic structures 

within academic abstracts, providing a structured view of technological trends. The identification of research 

gaps, particularly in blockchain applications in healthcare and energy, further adds value to the field. 

 

 

4. CONCLUSION 

This study examined the thematic structure and development trends of blockchain engineering 

research from a global perspective by applying topic evolution analysis and LDA topic modeling to  

3,665 WoS articles published between 2019 and 2024. The analysis identified nine major topics and revealed 

a clear shift in research focus toward emerging technologies such as blockchain and IoT and their 

applications in supply chains, healthcare, and energy systems, highlighting blockchain’s growing role in 

technological innovation. The results provide a structured overview of topic relationships and research 

dynamics, demonstrating that the LDA model effectively captures the core thematic areas despite moderate 

coherence. As the first large-scale application of LDA topic modeling in blockchain engineering, this work 

offers valuable theoretical and methodological insights for future research; however, its scope is limited by 

reliance on English-language abstracts from a single database. Future studies should extend this approach to 

full-text, multilingual datasets to achieve a more comprehensive understanding of blockchain engineering 

research trends. 

 

 

5. FUTURE DIRECTIONS 

This study offers a foundational examination of hidden topics and emerging trends in blockchain 

engineering through LDA topic modeling. However, several promising directions for future research can 

enhance and extend this work. The authors have used this model on blockchain engineering in the aim of 

creating scenarios for development of an educational game on smart contract programming “smart you” 

taking into account key topics of future trends. Future studies could perform a longitudinal analysis with finer 

temporal granularity to detect micro-trends within specific blockchain applications, covering applications 

such as DeFi, non‑fungible tokens (NFTs), and privacy-enhancing solutions. Investigating the interplay 

between emerging topics and industry adoption would also offer meaningful insights into the real-world 

implications of research trends.  
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