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Abstract 

This article proposes a novel and replicable computational methodology named CoLiRa 
(Computational Literature Review & Analysis) Framework to quantitatively analyze and map the 
evolution of a scientific field. As a multi-stage approach, the CoLiRa Framework first uses Latent 
Dirichlet Allocation (LDA) to identify core research topics from a body of literature. Second, it applies 
cluster analysis (K-Means and Multidimensional Scaling) to map the conceptual structure of the 
field’s key terms. Finally, it uses linear regression analysis to quantitatively assess the development 
trends of these topics over time. We demonstrate our proposal through a semi-systematic literature 
review on the semantic enrichment of tabular data, which covers studies (up to 2024) that utilize 
Semantic Web ontologies, Linked Data, and knowledge graphs. The analysis of this case study 
revealed three core research topics and found no statistically significant evidence of a shift in topic 
prevalence, indicating a stable research ecosystem. This work thus offers a validated computational 
approach for conducting literature reviews and mapping research trends. 

Keywords: computational literature review; topic modeling; scientometrics; unsupervised clustering; 
semantic enrichment; tabular data 
 

1. Introduction 

Tabular datasets, understood as datasets composed of semi-structured data tables, are typically 
available on the web in formats such as CSV, JSON, or XML. Semantically enriching this kind of data 
source is a potentially beneficial task. Its applicability extends beyond simple decentralized data 
management through integration with existing datasets to specific data mining activities such as 
feature selection and data cleaning. 

In this context, recent years have seen a rise in popularity of competitions aimed at generating 
knowledge graphs from tabular datasets from the web, such as SemTab (Semantic Web Challenge on 
Tabular Data to Knowledge Graph Matching). These competitions typically focus on three specific 
data table-knowledge graph mapping tasks: (1) assigning semantic types to columns, (2) assigning 
knowledge graph entities to cells, and (3) assigning properties to relationships between columns. 
These tasks are generally conceptualized as semantic annotation, formally defined as the process of 
identifying concepts and relationships within documents [1]. 

This article proposes a replicable computational methodology for analyzing scientific literature 
named CoLiRa (Computational Literature Review & Analysis) Framework. This methodology is a 
multi-stage approach based on topic modeling, cluster analysis, and linear regression analysis. Topic 
modeling is used to identify core themes from the target body of literature, cluster analysis to map 
the conceptual structure of the field from its key terms, and linear regression for the quantitative 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2026 doi:10.20944/preprints202603.1353.v1

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.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1353.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 14 

 

analysis of the research trends of the field over time. For demonstration, this article offers a semi-
systematic literature review on semantic enrichment approaches, updating existing reviews such as 
[2] with publications up to 2024 and focusing on research that utilizes Semantic Web ontologies, 
Linked Data, and knowledge graphs. 

The main motivation of this work is multifactorial. First, manual literature reviews become 
increasingly impractical as bodies of literature grow exponentially [3]. Second, these traditional 
literature reviews are susceptible to selection biases [4], emphasizing the need for reproducible 
methods [5]. Third, literature reviews are primarily qualitative and therefore do not focus on 
quantitatively assessing research trends [6], revealing the need for approaches to understand the 
evolution of scientific fields [7]. 

2. Materials and Methods 

2.1. Literature Review 

The literature review in this study was conducted using the methodology presented in (Liu et 
al., 2023), which essentially consists of the activities described below. This methodology was 
extended with some features of systematic literature reviews as outlined in [8]. 

2.1.1. Key Terms Definitions 

A list of relevant terms within the scope of the literature review was established. Two key terms 
representing the objectives of the studies under consideration were identified: “semantic enrichment” 
and “semantic interpretation”. Additionally, two key terms related to the technologies employed for 
these objectives were specified: “semantic web” and “ontology”. Finally, the term “tabular data” was 
selected to denote the subject of the studies of interest. 

2.1.2. Search String Definition 

Once the key terms were established, they were combined using the boolean operators AND 
and OR to define a search string. In this combination, some search criteria were considered synonyms 
of others, leading to the use of the logical operator OR. The result of this activity was the following 
search string: 

"tabular data" AND ("semantic enrichment" OR "semantic interpretation") AND ("semantic web" 
OR "ontology"). 

2.1.3. Definition of Inclusion/Exclusion Criteria 

A set of inclusion and exclusion criteria was established to filter the studies identified through 
the search process. These criteria excluded studies that: (1) were not published in English as journal 
articles or conference proceedings in scientific research between 2015 and 2025 (inclusive); (2) did not 
fully align with the objective of this review; or (3) had a focus differing from that of this review. The 
criteria pertaining to the objective and focus of the review are detailed in Table 1. 

Table 1. Initial revision Inclusion/Exclusion criteria. 

Type of Criteria Revision Objective Focus of the Review 
Inclusion Semantic Enrichment of Tabular Data Transformation of Flat Tabular Data into 

Semantically Enriched Data. 
Exclusion Publication of Linked Data on the Web • Creation of Domain Ontologies. 

• Construction of Knowledge Graphs. 
• Linking Data on the Web. 

2.1.4. Search and Inclusion/Exclusion of Initial Studies 

The resulting search string was used in the academic search engine Google Scholar to manually 
retrieve relevant studies for this review, yielding a total of 444 results. These search results were 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2026 doi:10.20944/preprints202603.1353.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1353.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 14 

 

filtered by selecting only those that corresponded to the 10 most-cited articles that strictly met the 
previously defined inclusion/exclusion criteria, thus establishing the set of initial studies for the 
review. For this purpose, each article was manually reviewed, starting with the abstract and 
introduction and, when necessary, proceeding to the content, results, and conclusions in cases where 
a decision could not be reached during the initial reading stage. 

2.1.5. Expansion of the Initial Set of Studies 

The initial set of studies was expanded using the same procedure as in the previous stage of the 
review. Specifically, the ten most-cited studies among those referenced by each initial study were 
selected, provided they met the review's inclusion and exclusion criteria. This process yielded a total 
of 48 studies, comprising 11 journal articles and 37 conference papers. Figure 1 presents the 
distribution of publication years for all selected studies, categorized as either journal articles or 
conference papers. 

 

Figure 1. Distribution of publication years and document types for the selected corpus (n=48). The bar chart 
illustrates the chronological progression of research, categorized by journal articles and conference proceedings, 
highlighting the increased scholarly activity in the last five years. 

Figure 1 demonstrates that the selected corpus (n=48) exhibits a significant concentration of 
publications from 2018 onwards, with a pronounced peak in 2021 and 2022. This trend indicates that 
the CoLiRa framework assesses a period characterized by heightened activity and recent 
consolidation in advancements related to the semantic enrichment of tabular data. Furthermore, the 
distribution reveals a predominant focus on conference proceedings, a paĴern typical of rapidly 
evolving computer science disciplines, complemented by peer-reviewed journal articles. This 
combination ensures both the relevance and the quality of the literature underpinning the 
framework. 
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2.2.  Topic Modeling 

The initial phase of the computational analysis methodology applied a topic modeling approach 
using the Latent Dirichlet Allocation (LDA) technique to automatically analyze the selected studies 
[9]. A Python script was developed for this purpose, primarily employing the Scikit-learn machine-
learning library (version 1.2.2), the Matplotlib visualization library (version 3.7.1), and the Natural 
Language Toolkit (NLTK, version 3.7). The analysis was restricted to the abstracts of the articles, 
which were manually collected and supplied as input documents for the script. 

Specifically, from this corpus of documents, an LDA model was trained, enabling the 
identification of three abstract topics within the abstracts of the analyzed articles by calculating the 
probabilities of words belonging to one of the three topics. In this study, the number of topics was 
experimentally set to three, corroborated by domain experts: different parameters were tested, and 
the coherence of the resulting topics in each case was analyzed, determined by their 10 most 
representative words. Additionally, the balance in the classification of abstracts across the resulting 
topics was taken into account. It is worth noting that the implementation of the LDA technique in the 
Scikit-learn package is based on the Online Variational Bayes algorithm [10]. For the doc_topic_prior 
(alpha) and topic_word_prior (betha) parameters the library’s defatult values were used; similarly, 
the random_state parameter was set to 42 for reproducibility. 

Once the LDA model was trained, it was possible to classify the abstracts of the articles in the 
final set of studies for this review, estimating a document-topic distribution. 

The literature was limited to articles published up to December 2024 to ensure statistical 
consistency across complete annual cycles, which is essential for the linear regression analysis of 
historical development trends. The CoLiRa framework relies on unsupervised machine learning 
algorithms such as LDA and K-Means to map the conceptual structure. Consequently, the dataset 
must represent a fixed and consolidated snapshot of the field. Including literature from 2025 onward 
would alter the mathematical vector space and shift cluster centroids, thereby complicating 
methodological validation. The primary contribution of this study is the introduction and 
reproducibility of the computational framework, with the semantic enrichment of tabular data 
serving as a case study. 

2.3.  Cluster Analysis 

Furthermore, to analyze the conceptual structure of the research field, a cluster analysis was 
performed on the most frequent key terms from the document corpus using the Scikit-learn and 
Matplotlib libraries. For this purpose, a dissimilarity matrix (1 - cosine similarity) was constructed 
between the most frequent terms.  

Subsequently, Multidimensional Scaling (MDS) was employed to project each key term into a 
2D space, seĴing the random_state parameter to 0 for reproducibility. Then, the K-Means algorithm 
was applied to group these points into clusters. The number of clusters was experimentally set to five 
(k=5) and the coherence of each cluster was corroborated by domain experts. For the n_init and 
max_iter parameters, the values 10 and the library’s default were used, respectively. Similarly, the 
random_state parameter was set to 0 for reproducibility. 

2.4.  Analysis of Development Trends  

To identify development trends in the modeled topics, an ordinary least squares (OLS) linear 
regression model was fiĴed to each topic. The years under study were used as the independent 
variable, while the dependent variable was the log-transformed topic prevalence (log(y+1)), which 
stabilized variance and addressed heteroscedasticity observed in the initial model residuals. Model 
validity was assessed by examining residual versus fiĴed value plots for homoscedasticity, Q-Q plots 
for normality, and the Durbin-Watson statistic for autocorrelation. All analyses were conducted using 
the statsmodels library in Python. 
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3. Results 

The results of the document-topic distribution estimation are summarized in Table 2, which 
classifies the 48 final studies across the three identified topics. 

Table 2. Classification of the final studies in the revealed topics. 

Topic Number of studies Belonging studies 
Topic 1 12 [11,17,22,23,27,40], [43,45,48,55,56,58] 
Topic 2 21 [14–16], [18–21,24,36], [37,38,41,44,46,47], [50–54,57] 
Topic 3 15 [12,13,25], [26,28–32], [33–35,39,42,49],  

To visualize the temporal development of these themes—a key component of our trend 
analysis— a stacked bar chart illustrating the annual distribution of topics is presented in Figure 2. 
This chart plots the number of publications per year, segmented by the corresponding topic. 

 

Figure 2. Temporal distribution of research topics. The stacked bar chart shows the absolute number of 
publications (Y-axis) for each of the three identified research topics (Topic 1, Topic 2, and Topic 3) per year of 
publication (X-axis). 

It can be observed that the total volume of publications changed over time, peaking in 2019 
(consistent with the data in Figure 1). However, the relative prevalence of the three topics remains 
visibly stable throughout the period analyzed. This visualization clearly supports the findings of the 
OLS regression (Table 4), which found no statistically significant shift in research focus. 

To provide a holistic view of the field's conceptual topology and assess the independence of the 
identified research themes, we generated an Inter-topic Distance Map (see Figure 3). 
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Figure 3. Inter-topic distance map. The left panel visualizes the semantic relationship between the identified 
topics in a two-dimensional space using MDS. The size of each bubble represents the marginal topic distribution 
(prevalence) within the corpus. The distance between bubbles indicates semantic dissimilarity. The right panel 
displays the top 30 most relevant terms for the entire corpus, ranked by their saliency, providing an overview of 
the field's aggregate vocabulary before topic-specific segmentation. 

As illustrated in the Inter-topic Distance Map (Figure 3), the analysis identified three distinct 
research topics. The spatial separation between the bubbles in the left panel shows that these topics 
are semantically distinct (with minimal conceptual overlap). Topic 2 represented by the largest 
bubble dominates the corpus and makes up 54% of the tokens. Topic 1 and Topic 3 show strong 
independence, accounting for 25.9% and 20.1% of the tokens, respectively. 

Additionally, Figure 4 shows the 10 most representative words selected for each topic found by 
the trained LDA model, specifically, the 10 words with the highest probabilities of belonging to each 
of the three topics identified. 

  

Figure 4. Top-10 most salient terms for each research topic. Horizontal bars represent the importance weight of 
each term within its respective topic. 
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It can be observed that “Topic 1” (left) is mainly characterized by terms like “knowledge”, 
“graph” and “semantic”, “Topic 2” (center) is built upon terms such as “source”, “model” and 
“ontology”, and “Topic 3” (right) is characterized by terms like “table”, “knowledge” and "task". 

Based on the domain experts' interpretation of the key terms presented in Figure 4, the following 
conclusions were reached: 

 The core concepts and systems for information modeling appear to be represented by the 
first category of studies, labeled as “Topic 1”. Key terms such as “model”, “information”, 
“system”, “semantic”, “graph” and “knowledge” point to the foundational elements of 
representing and managing structured data. The inclusion of key terms like “source”, 
“web” and “tabular” places these concepts within the context of web and tabular data 
sources. The appearance of the key term “energy” is particularly notable, since it indicates 
that a significant piece of these studies applies these concepts to a specific domain, namely, 
the energy sector. In essence, this topic captures the foundational aspects of semantic 
enrichment. 

 The second category of studies, labeled as “Topic 2”, is clearly focused on domain-specific 
applications and value generation. The inclusion of key terms like “user”, “city” and 
“value” indicates a strong emphasis on the practical utility and the end-user of these 
technologies, often in contexts like smart cities. The combination of key terms like “linked”, 
“ontology” and “domain” suggests that this topic encompasses research that uses Linked 
Data principles and domain-specific ontologies to create tangible value for users. Thus, this 
topic highlights the applied aspect of semantic enrichment and shows its direct impact in 
specific areas. 

 The technical processes and tasks of tabular data annotation appear to be represented by 
the third category of studies, labeled as “Topic 3”. The key terms “entity”, “type”, 
“annotation”, “matching”, “task”, “table” and “tabular” form a cohesive and highly-
specialized body of literature that describes the “how-to” of the semantic enrichment 
process. In essence, this topic is about the specific and granular operations involved in 
linking entities and assigning types to data within data tables, often with the goal of 
mapping them to some knowledge “graph”. 

Thus, while Topic 1 lays the conceptual groundwork and Topic 2 explores practical applications, 
Topic 3 provides a detailed view of the methodological and algorithmic challenges of implementing 
semantic annotation. 

In addition to the topic modeling analysis, a conceptual map was generated to visualize the 
relationships among individual key terms. While LDA identified broad thematic categories, the 
cluster analysis, mapped using multidimensional scaling (MDS) in Figure 5, reveals greater 
granularity within the field's vocabulary. This representation enables the identification of specific 
“thematic neighborhoods” where semantically related terms cluster, thereby verifying the coherence 
of terminology across the analyzed literature. 
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Figure 5. Conceptual map of key cluster terms generated by K-Means and MDS. Each point represents a key 
term. The spatial distance reflects semantic dissimilarity (1 - cosine similarity), meaning closer terms appear in 
similar zones. Colors indicate the cluster membership (k=5), depicting the field into distinct conceptual zones. 

Based on the domain experts' interpretation of the resulting conceptual map (Fig 5), the 
following conclusions were reached: 

 Cluster 1, which includes the key concepts “linked”, “value”, “city”, “open”, “existing”, 
“smart”, “used” and “available”, strongly points to the practical application and utilization 
of Open and Linked Data. The key terms “linked”, “open”, “smart”, and “city” suggest 
applications in the context of smart cities and linked open data ecosystems. The key terms 
“value”, “used” and “available” reinforce the idea of data exploitation and utility, 
connecting this conceptual structure to practical infrastructure, data publication, and its 
socio-economic impact. 

 Cluster 2, which includes the key terms “information”, “datasets”, “label”, “energy”, 
“schema”, “learning” and “dataset”, appears to be focused on data preparation and 
machine learning for information and data systems. Key terms like “datasets”, “dataset”, 
“information” and “label” are central to the preparation of data for analysis. The key term 
“learning” is a clear indicator of the use of algorithms, while “schema” relates to the 
structure of the data. The presence of the key term “energy” suggests a notable application 
domain related to these concepts. 

 Cluster 3, which includes the key terms “knowledge”, “graph”, “table”, “web”, “system”, 
“task”, “matching” and “technique” is a clear indicator of research on Knowledge 
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Representation and Linking, especially concerning Knowledge Graphs. The key terms 
“knowledge”, “graph”, “web”, “system” and “table” (as a source for tabular data) are 
central. The key terms “matching” and “technique” point to the specific methods for 
constructing or utilizing these graphs, standing this as a foundational pillar of semantic 
enrichment and the Semantic Web. 

 Cluster 4, which includes the key terms “semantic”, “source”, “model”, “ontology”, 
“domain”, “lake”, “user”, “structured”, “indicator” and “set”, represents the conceptual 
core of semantic enrichment and data modeling. The key terms “semantic”, “model”, 
“ontology”, “domain” and “structured” are fundamental concepts. The terms “source” and 
“lake” likely refer to data sources or data lakes where enrichment is applied, while the key 
terms “user” and “indicator” suggest the purpose of this enrichment is to generate value 
for end-users or to create meaningful indicators. 

 Cluster 5, which includes the key terms “tabular”, “annotation”, “column”, “entity and 
“type” is a highly specific cluster focused on the nature of tabular data and its annotation. 
These key terms precisely refer to the technical process of adding semantic information to 
tabular data by identifying data types and linking values to known entities. This conceptual 
structure is very specific to the core techniques of tabular data enrichment. 

The integrated analysis of topics and clusters revealed a strong coherence, with clusters both 
validating and providing a more detailed view of the LDA topics. Topic 1 (concepts and modeling) 
broadly overlaps with Cluster 4 and Cluster 3, representing the foundational concepts of the field. 
Topic 2 (applications and value) strongly aligns with Cluster 1, thereby confirming the focus on 
practical application and Linked Data. Finally, Topic 3 (annotation techniques) corresponds directly 
to the combination of Cluster 5 (the specific process of annotation) and Cluster 3 (the techniques for 
constructing knowledge graphs). 

The results of the OLS regression analysis on the log-transformed topic prevalence are 
summarized in Table 3. These models, which were validated for statistical assumptions (see Methods 
2.1), were used to assess the development trend of each topic. 

Table 3. Classification of the final studies in the revealed topics. 

Topic Trend (slope coefficient, x1) p-value (unadjusted) Durbin-Watson 
Topic 1 0.049 0.066 1.850 
Topic 2 -0.022 0.466 2.158 
Topic 3 -0.027 0.301 1.872 

† Adjusted significance threshold: p < 0.0167 (0.05 / 3 topics). 

Furthermore, the Durbin-Watson statistics for all models fell within the acceptable range (1.5-
2.5), indicating that temporal autocorrelation was not a confounding factor. 

Although Topic 1 (foundational concepts) showed a slight positive slope (0.049) and Topics 2 
and 3 showed slight negative slopes (–0.022 and –0.027, respectively), these observed trends are not 
statistically distinguishable from random fluctuation. This suggests that the research focus across 
these three core areas has remained statistically stable during the period analyzed. 

As shown in Table 3, no topic showed a statistically significant development trend over the last 
decade. After applying a Bonferroni correction for multiple comparisons (significance threshold p < 
0.0167), the p-values for all three topics (Topic 1: p=0.198; Topic 2: p=1.000; Topic 3: p=0.903) were 
well above the threshold. 

It is important to note that these trend results are not contradictory to the distribution of 
publications shown in Fig 1. While Figure 1 illustrates the absolute volume of publications per year, 
the regression analysis was designed to measure the trend of the relative prevalence of each topic 
over time. Therefore, the combined findings tell a more complete story: although the overall interest 
in semantic enrichment has fluctuated, the statistical analysis found no evidence of a significant shift 
in the research focus. The observed directional trends - a slight rise in foundational modeling (Topic 
1) and slight declines in applications (Topic 2) and techniques (Topic 3) - were not statistically 
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distinguishable from random fluctuation (all p-values > 0.05, see Table 3). This suggests a maturation 
of the field into a stable state, where foundational principles, practical applications, and technical 
processes maintain a consistent, balanced focus. 

4. Discussion 

In this study, we demonstrated the utility of the CoLiRa (Computational Literature Review & 
Analysis) Framework, a multi-stage computational methodology for analyzing literature named. We 
achieve a comprehensive and robust analysis by combining topic modeling (LDA) to identify broad 
research themes, cluster analysis (K-Means) to map the underlying conceptual structure of the field, 
and linear regression to map temporal trends. 

Specifically, this study confirmed that research on semantic enrichment predominantly 
addresses three areas: Topic 1 (core concepts and systems), Topic 2 (domain-specific applications), 
and Topic 3 (technical annotation processes). Beyond this finding, the quantitative analysis of 
temporal trends found no statistically significant evidence of a shift in focus in this scientific field. We 
observed slight directional trends (a positive slope for Topic 1 and negative slopes for Topics 2 and 
3), which were not statistically distinguishable from random fluctuation after applying a Bonferroni 
correction (all p-values > 0.19). 

This deeper understanding, in contrast to the case of one area replacing another, suggests a clear 
maturation of the field into a stable state. Our interpretation of this statistical stability is that 
foundational principles, specific techniques, and domain applications coexist in a consistent and 
stable research ecosystem, which is characteristic of a well-established discipline. 

When interpreted from the perspective of previous scientometric studies and systematic 
literature reviews (SLRs), these results highlight a major improvement in methods. Traditional SLRs 
offer detailed qualitative insights, but their dependence on manual coding introduces human bias 
and limits their ability to keep up with the growing body of literature. On the other hand, current 
computational methods often focus on specific tasks, such as topic modeling without temporal trend 
evaluation, or clustering without statistical validation. CoLiRa fills this gap by bringing these 
separate methods together into one clear and cohesive pipeline. By removing subjective human 
categorization, the framework offers a neutral, scalable, and statistically reliable tool that can be used 
across various scientific fields to map conceptual trajectories objectively. 

For future work, a semi-systematic literature review is planned to explore semantic enrichment 
approaches for tabular data in the specific context of semantic data mining processes, further testing 
the adaptability of our computational methodology. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org, S1 File. Jupyter Notebook: contains the complete Python code used for the 
corpus preprocessing, topic modeling, cluster analysis, and regression analysis: the CoLiRa Framework code; 
S2 File. Requirements file: contains the list of all Python libraries required to execute the code in S1 File and 
reproduce the analysis; S3 File. Corpus CSV file: contains the titles, years of publication and abstracts of the 
studies included in the literature review realized as a case study for the CoLiRa Framework. The last material 
is the input dataset for the Python code in S1 File. 
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