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Abstract

This article introduces the CoLiRa (Computational Literature Review & Analysis) frame-
work, a novel integration of established computational algorithms designed to quantita-
tively analyze and map the evolution of scientific fields. Employing a human-in-the-loop
epistemological approach, CoLiRa combines the scalability of automated algorithms with
the semantic coherence of expert-driven qualitative research. The multi-stage pipeline incor-
porates Latent Dirichlet Allocation (LDA) for thematic discovery, cluster analysis (K-Means
and Multidimensional Scaling) for conceptual mapping, and Ordinary Least Squares (OLS)
regression to monitor temporal trends. Algorithmic outputs are structurally validated by
domain experts using quantitative metrics. The framework’s end-to-end capabilities are
demonstrated through a proof-of-concept case study on the semantic enrichment of tabular
data, encompassing studies up to 2024 that utilize Semantic Web ontologies, Linked Data,
and knowledge graphs. The analysis identifies three core research topics and finds no
statistically significant linear trends, suggesting thematic coexistence. This work provides a
validated, hybrid computational approach for conducting robust literature reviews and
mapping research trajectories.

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 com-
petitions 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
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conceptualized as semantic annotation, formally defined as the process of identifying
concepts and relationships within documents [1].

This article introduces the CoLiRa (Computational Literature Review & Analysis)
framework, a replicable methodology for analyzing scientific literature. CoLiRa is struc-
tured as a multi-stage, human-in-the-loop pipeline that incorporates topic modeling to
identify core themes, cluster analysis to map conceptual structures from key terms, and
linear regression to quantitatively assess evolutionary research trends. To demonstrate the
framework’s end-to-end capabilities, a proof-of-concept study is presented on semantic
enrichment approaches, focusing on research employing Semantic Web ontologies, Linked
Data, and knowledge graphs up to 2024. This controlled case study illustrates how domain
experts systematically audit the probabilistic outputs of computational models to generate
theoretically robust and semantically coherent conceptual taxonomies.

The main motivation of this work is multifactorial. First, manual literature reviews
become increasingly impractical as the bodies of literature grow exponentially [2]. Second,
these traditional literature reviews are susceptible to selection biases [3], emphasizing the
need for reproducible methods [4]. Third, the literature reviews are primarily qualitative
and therefore do not focus on quantitatively assessing research trends [5], revealing the
need for approaches to understand the evolution of scientific fields [6].

The methodological innovation of the CoLiRa framework lies in its architectural
integration and its adoption of a “human-in-the-loop” epistemological approach, rather
than the introduction of new standalone algorithms. Existing literature analysis methods
are characterized by a clear dichotomy. Traditional Systematic Literature Reviews (SLRs)
provide in-depth qualitative insights but are limited by human processing capacity and are
susceptible to manual heuristic bias. In contrast, fully automated bibliometric techniques,
such as isolated topic modeling, offer high scalability but frequently exhibit “semantic
blindness”, resulting in mathematically optimized clusters that lack theoretical coherence.

CoLiRa overcomes these limitations by implementing a continuous, end-to-end ana-
lytical pipeline in which the probabilistic output from thematic discovery (Latent Dirichlet
Allocation, LDA) forms the multidimensional feature space for both conceptual mapping
(K-Means clustering) and evolutionary tracking (Ordinary Least Squares, OLS, regres-
sion). This integrated process is intentionally structured with expert consensus layers
at critical junctures. The resulting hybrid architecture yields improved analytical out-
comes by generating conceptual taxonomies that combine the computational scalability
of automated algorithms with the semantic coherence and theoretical rigor required for
qualitative research.

2. Theoretical Background

SLRs are designed to comprehensively, transparently, and reproducibly synthesize
all relevant research on a defined question, following structured protocols like PRISMA.
However, this rigor comes at enormous cost. As Antons et al. [7] note in their influential
CLR roadmap in Organizational Research Methods, the cumulative scholarly corpus now
exceeds 50 million articles with roughly 2.5 million added annually—making it “increas-
ingly resource-intensive” to conduct reviews, and at worst “infeasible” given “the natural
limits of human researchers’ information-processing capabilities”. The LiRA framework [8]
frames the same constraint from the medical domain: the estimated time to complete an
SLR has increased significantly in recent decades, compounded by the necessity of expert la-
bor. Meanwhile, multiple sources of bias permeate even well-conducted SLRs—publication
bias (trials with significant results are more likely published, published in English, cited,
and published repeatedly), pipeline bias, indexing bias, search strategy biases, and eli-
gibility biases that can exclude non-English reports and small studies from regions with
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less-developed research infrastructure [9]. A semi-automation study of screening noted that
SVM classifiers achieved perfect sensitivity but that “the model had the tendency to predict
using less relevant or misinterpreted variables”, demonstrating the model’s “inability to
extract semantic meaning from text” [10].

Computational literature review (CLR) methods were developed to address scalability
constraints in traditional literature reviews. According to Antons et al. [7], CLRs are
defined as “a structured process intended to augment human researchers’ information
processing capabilities through the use of machine learning algorithms that help analyze
the content of a comprehensive text corpus in a specific knowledge domain. .. in a way
that is scalable and real-time capable”. Key computational bibliometric techniques include
co-citation analysis, bibliographic coupling, co-authorship networks, and topic modeling,
particularly Latent Dirichlet Allocation (LDA), which algorithmically identifies latent
thematic structures [11,12]. Tools such as VOSviewer, CiteSpace, and Bibliometrix have
contributed to the accessibility and widespread adoption of these methods [13].

The literature recognizes the problem that computationally optimized outputs lack
theoretical coherence and qualitative depth. Klarin [14], in a guide on co-word analysis,
emphasizes that algorithmic outputs necessitate significant interpretive effort to achieve
authentic integrative reviews. Antons et al. [7] present a comparable argument: while
unsupervised techniques such as Latent Dirichlet Allocation (LDA) uncover latent patterns,
“the human researcher’s task, then, is to interpret and make sense of the patterns revealed
by the machine”. They further caution that users of computational literature reviews (CLR)
must balance “what is technically feasible, with what is directly useful in terms of new
knowledge produced”.

A concrete challenge in topic modeling is that Latent Dirichlet Allocation (LDA)
and related algorithms generate clusters of co-occurring words, yet these clusters of-
ten lack alignment with theoretically meaningful constructs. Although a cluster may
achieve high scores on coherence metrics such as normalized pointwise mutual informa-
tion (NPMI), it can remain semantically ambiguous or span multiple theoretical concepts.
Recent research on integrative topic modeling addresses this limitation by integrating
BERTopic, CorEx, and GPT-based methods to generate topics with greater contextual
relevance [15]. The widely cited “Smart Literature Review” framework by Asmussen and
Maogiller [11] also recognizes that LDA outputs require substantial post-processing to become
analytically valuable.

The evolution of these methods is progressing in three primary directions. First,
hybrid approaches integrate computational scalability with human interpretive depth,
as described by Antons et al. as “human-centered” CLRs, in which machines automate
labor-intensive preprocessing and pattern detection, while humans retain responsibility for
interpretation [7]. Second, NLP-enhanced review frameworks extend beyond bag-of-words
bibliometrics by leveraging contextual embeddings and large language models (LLMs)
for more semantically rich analysis [16]. Third, agentic multi-agent systems such as LiRA
seek to automate the synthesis and writing stages, while preserving citation fidelity and
structural coherence.

This study is situated within the first trajectory of human-centered hybrid approaches.
By integrating automated thematic discovery with formalized expert consensus, the pro-
posed framework addresses the semantic limitations of purely algorithmic outputs and
overcomes the scalability constraints of traditional systematic literature reviews (SLRs).
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3. Materials and Methods

3.1. Overview of the CoLiRa Framework Architecture

Figure 1 presents the high-level architecture of the CoLiRa framework. The methodol-

ogy is depicted as a continuous, end-to-end analytical pipeline organized into three core
phases: (1) Data Acquisition and Preprocessing, (2) the Computational Pipeline, which in-
cludes Latent Dirichlet Allocation (LDA), K-Means clustering, and Ordinary Least Squares
(OLS) regression, (3) the Human-in-the-Loop Validation layer, and (4) Analytical Synthesis.
The diagram emphasizes that the probabilistic outputs of the machine learning models are
systematically audited by a panel of domain experts using quantitative metrics (Cv and

Silhouette Score).

Phase 1: Data Acquisition &
Preprocessing

Literature Search &
Retrieval
Google Scholar / Citation

v

Corpus
Definition

v

NLP Preprocessing
Tokenization,

v

Phase 2 & 3: Computational
Pipeline & Human-in-the-

Vector clustering

Evolutionary Tracking:
OLS

Expert Panel
Consensus
3 Ph.D.
Researchers

Loop
Thematic Discovery:
LDA
—
¢ Validation of k-topics (Cv
Score)
Conceptual Mapping: K-
Means & MDS rp———>

Validation of k-clusters
¢ (Silhouette Score)
«—

v

Phase 4: Analytical
Synthesis

Semantic Taxonomy &
Trajectory Map
Theoretically coherent
synthesis

Figure 1. CoLiRa Framework Architecture. The diagram presents the complete computational
pipeline and emphasizes the human-in-the-loop validation layer, in which domain experts apply

quantitative metrics to establish semantic consensus.
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3.2. Literature Review

The literature review in this study was conducted using the methodology presented
in [17], which essentially consists of the activities described below. This methodology was
extended with some features of systematic literature reviews as outlined in [18].

3.2.1. 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 identi-
fied: “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.

3.2.2. 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”).

3.2.3. 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 Transformahqn of Flat Tabular Data into
Semantically Enriched Data.
e  Creation of Domain Ontologies.
Exclusion

Publication of Linked Data on the Web e Construction of Knowledge Graphs.

e Linking Data on the Web.

3.2.4. 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 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.

3.2.5. 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
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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 2 presents the distribution of publication years for all selected
studies, categorized as either journal articles or conference papers.

I Journal article
HEEl Congress article

12 A

Number of publications

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Year of publication

Figure 2. 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 from 2018 onwards.

Figure 2 demonstrates that the selected corpus (1 = 48) exhibits a significant concentra-
tion 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 pro-
ceedings, a pattern 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.

3.3. 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 [19]. A Python (version 3.11.3) script was developed for this purpose
(File S1), 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); all required libraries are listed in File S2. The analysis was restricted to the
abstracts of the articles, which were manually collected and supplied as input documents
for the script (File S3).

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 (k) was experimentally set to three and corroborated by domain experts:
different parameters were tested, and the coherence of the resulting topics in each case was
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analyzed, determined by their 10 most representative words. Additionally, the balance in
the classification of abstracts across the resulting topics was taken into account.

To address subjectivity in parameter selection, the Topic Coherence score (C,) was
computed for the Latent Dirichlet Allocation (LDA) model. The quantitative results
(Figure 3) indicated a peak at k = 9 (C, ~ 0.425). However, parameter selection was
ultimately guided by a rigorous, two-step qualitative validation protocol conducted
by a panel of three domain experts (one holding a Ph.D. in Engineering Sciences and
two holding Ph.D. degrees in Informatics). Initially, each expert independently re-
viewed the algorithmic outputs and quantitative metrics (e.g., Cv and Silhouette scores).
They then convened in a joint session to address interpretative discrepancies and refine
thematic boundaries.

Optimal Number of Topics (LDA) based on Coherence Score

0.42 4

0.40 A

o o o
w w w
H (o)} [e0]

Topic Coherence (C,)

o

w

N
A

0.30 A

2 3 4 5 6 7 8 9 10
Number of Topics (k)

Figure 3. Topic Coherence (Cy) score across different numbers of latent topics (k) for the LDA model.
While the absolute mathematical peak occurs at k = 9, the parameter was set to k = 3 based on expert
consensus to capture macro-level theoretical streams and avoid semantic hyper-fragmentation.

During this consensus-based discussion, the panel concluded that nine topics resulted
in excessive granularity, fragmenting the literature into micro-themes rather than repre-
senting the primary structural pillars of the field. The experts reached full consensus that
k = 3 more effectively captured the core macro-level theoretical streams of the research
domain without unnecessary subdivisions. Consequently, k = 3 was selected. This outcome
underscores the importance of CoLiRa’s human-in-the-loop architecture: while quantita-
tive metrics inform parameter exploration, final decisions depend on domain expertise to
ensure theoretical interpretability takes precedence over algorithmic granularity.

It is worth noting that the implementation of the LDA technique in the Scikit-learn
package is based on the Online Variational Bayes algorithm [20]. For the doc_topic_prior
(alpha) and topic_word_prior (beta) parameters the library’s default 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 statisti-
cal 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.
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Consequently, the dataset must represent a fixed and consolidated snapshot of the field.
Including the 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.

3.4. 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, setting the random_state parameter to 0 for reproducibility. Then, the
K-Means algorithm was applied to group these points into clusters.

To establish a quantitative basis for K-Means clustering parameter selection, the Sil-
houette Score was calculated for k values ranging from 2 to 10 (Figure 4). Quantitative
analysis revealed a mathematical peak at k = 3 (Silhouette Score > 0.85). However, qual-
itative validation by domain experts indicated that a three-cluster division resulted in
overly broad macro-categories, obscuring critical theoretical sub-fields within the literature.
Consequently, k = 5 was identified as the optimal configuration. At k = 5, the model main-
tains an exceptionally high Silhouette Score (~0.83), reflecting well-separated and cohesive
clusters while providing the necessary theoretical granularity to accurately represent the re-
search ecosystem. This outcome highlights CoLiRa’s hybrid methodology, which employs
algorithmic cohesion metrics as a baseline and incorporates human-in-the-loop validation
to ensure theoretical interpretability.

Optimal Number of Clusters (K-Means) based on Silhouette Score

0.85 -

0.80 -

o

~

wu
1

Silhouette Score

0.70 A

0.65 -

2 8 4 5 6 7 8 9 10
Number of Clusters (k)

Figure 4. Silhouette Score evaluation for K-Means clustering across various values of k. A highly
robust score (~20.83) is maintained at k = 5, which was selected over the mathematical peak (k = 3) to
provide the necessary conceptual granularity for mapping distinct thematic neighborhoods.

Additionally, 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.
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3.5. Analysis of Development Trends

To identify development trends in the modeled topics, an ordinary least squares (OLS)
linear regression model was fitted 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
fitted 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.

4. 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 [21-32]
Topic 2 21 [33-53]

Topic 3 15 [54-68]

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 5. This chart plots the number of publications per year, segmented by the
corresponding topic.

Research Topic
B Topic 1
124 Topic 2
HEEN Topic 3

101

©
L

Number of publications

\J © A G J
& & & N & o
0y P » D » »

Year of publication

Q

Figure 5. 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 2). 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 3), which found no statistically
significant shift in research focus.
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Table 3. Trend analysis of the revealed topics.

Topic Trend (Slope Coefficient, x1) p-Value (Unadjusted) t 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

t Adjusted significance threshold: p < 0.0167 (0.05/3 topics).
To provide a holistic view of the field’s conceptual topology and assess the inde-
pendence of the identified research themes, we generated an Inter-topic Distance Map
(see Figure 6).
Intertopic Distance Map (via multidimensional scaling) Top-30 Most Salient Terms'
) 10 20 30 40 50 60
pPC2
table
matching
Topic task
1 energy
annotation
system
type
column
entity
graph
knowledge
label
i schema
HRC tabular
PC1 2 cell
dataset
algorithm
dagobat
interpretation
linking
wikidata
city
datasets
web
Topic mformaflon
2 time
cta
Marginal topic distribution platform

2%

10%

Overall term frequency
I Estimated term frequency within the selected topic
1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p(t))] for topics t; see Chuang et. al (2012)

Figure 6. 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. The superscript 1’ and the subsequent label ‘1" in the lower-right corner denote
the mathematical formula used for calculating the saliency of the terms. See Chuang et al. (2012) [69]
for more information regarding this formula.

As illustrated in the Inter-topic Distance Map (Figure 6), 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 7 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.
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Figure 7. Top-10 most salient terms for each research topic. Horizontal bars represent the importance

weight of each term within its respective topic.

It can be observed that “Topic 1” (left) is mainly characterized by terms like “knowl-

edge”, “graph” and “semantic”, “Topic 2” (center) is built upon terms such as “source”,

7

“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 7,

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”, “infor-
mation”, “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 27, 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.
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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 8,
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.

Conceptual map of key terms (MDS + K-Means, 5 Clusters)
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Figure 8. 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, the
following conclusions were reached:

e C(luster 1 strongly points to the practical application and utilization of Open and
Linked Data. The key terms “linked”, “open”, “smart”, and “city” suggest applica-
tions 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, con-
necting this conceptual structure to practical infrastructure, data publication, and its
socio-economic impact.

e  Cluster 2 appears to be focused on data preparation and machine learning for informa-
tion 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
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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.

e  C(luster 3 is a clear indicator of research on Knowledge 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.

o  Cluster 4 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.

e  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 Section 3.5), were used to assess the development trend of each topic.

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. A Bonferroni
correction was applied to control the family-wise error rate across multiple comparisons.
As indicated in Table 3, the unadjusted p-values for all three topics were compared to the
adjusted significance threshold of p < 0.0167 (calculated as o = 0.05 divided by 3 topics).
Since all unadjusted p-values (Topic 1: p = 0.066; Topic 2: p = 0.466; Topic 3: p = 0.301)
exceeded this threshold, none of the topics exhibited a statistically significant development
trend over the past decade.

It is important to note that these trend results are not contradictory to the distribu-
tion of publications shown in Figure 2. While Figure 2 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 sta-
tistical 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
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applications (Topic 2) and techniques (Topic 3)—were not statistically distinguishable from
random fluctuation (all p-values > 0.05, see Table 3).

Importantly, non-significant p-values do not confirm complete stability within the
research ecosystem. Rather, they reflect an absence of detectable linear trends in topic
prominence, given the constraints of sample size and timeframe. Consequently, during
the analyzed period, no theoretical stream exhibited a statistically significant dispropor-
tionate increase or decrease relative to others. However, variations may exist that remain
undetected due to the limited statistical power of this dataset.

5. Discussion

In this study, we demonstrated the utility of the CoLiRa (Computational Literature
Review & Analysis) Framework, a multi-stage computational methodology for analyzing
literature. We achieved 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 appli-
cations), 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 when evaluated against the Bonferroni-adjusted significance threshold.

These results do not indicate that one research area is entirely replacing another. In-
stead, there is an absence of detectable linear trends in topic prominence within the sample
size and timeframe analyzed. The data therefore suggest that foundational principles,
specific techniques, and domain applications currently coexist. No single theoretical stream
exhibited a statistically significant disproportionate growth or decline during the evaluated
period. However, it is possible that more complex or undetected variations exist beyond
the statistical power of this dataset.

A comprehensive interpretation of the conceptual mapping within this field requires
a clear articulation of the mathematical distinctions between the outputs of the Latent
Dirichlet Allocation (LDA) and K-Means algorithms as implemented in the CoLiRa frame-
work. Although both models analyze a largely overlapping vocabulary, their underlying
logic for structural division is fundamentally different. LDA, as a generative probabilistic
model, performs soft clustering by allowing terms to be distributed across multiple topics
simultaneously, thereby capturing broad, macro-level thematic discourse and yielding
three overarching topics. In contrast, K-Means, when applied to a cosine similarity matrix,
performs deterministic, spatial hard clustering by assigning each term to a single, mutually
exclusive geometric neighborhood based on strict co-occurrence patterns, resulting in the
identification of five granular, operational sub-communities. The alignment of a single
probabilistic LDA topic with multiple spatial K-Means clusters (for example, mapping
Topic 3 to Clusters 3 and 5) illustrates a natural nesting of features. This relationship
indicates that a broad theoretical theme is operationally composed of distinct, specialized
sub-vocabularies, thereby enabling a multi-resolution mapping of the literature rather than
imposing a forced structural equivalence.

When interpreted from the perspective of previous scientometric studies and system-
atic literature reviews (SLRs), these results highlight a major improvement in methods.
Traditional SLRs offer detailed qualitative insights, but their dependence on entirely man-
ual coding introduces heuristic bias and restricts their capacity to manage the rapidly
expanding volume of literature. CoLiRa does not claim to eliminate human subjectivity
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entirely; instead, it functions as a “human-in-the-loop” framework. This approach reduces
manual coding bias during data processing and clustering, while fundamentally depending
on domain experts to translate algorithmic outputs into accurate, semantically coherent,
and theoretically meaningful conceptual trajectories.

A critical consideration for the practical adoption of the CoLiRa framework is its
approach to integrating future knowledge. In the present study, the corpus was truncated at
2024 to validate the static baseline of the human-in-the-loop” pipeline, raising the question
of whether the framework necessitates complete retraining or can rely on incremental
updates as new literature emerges. Methodologically, CoLiRa supports periodic complete
retraining. Although incremental algorithms such as Online LDA offer computational
efficiency, scientometric analysis aims to identify conceptual evolutions and paradigm
shifts. The introduction of disruptive literature should naturally alter the mathematical
vector space and shift K-Means cluster centroids to represent new theoretical developments.
Incremental updates may anchor new publications to historical distributions, potentially
obscuring disruptive innovations. Therefore, periodic retraining, followed by a renewed
cycle of expert panel consensus, is the preferred mechanism to ensure that the framework’s
semantic taxonomies accurately reflect the evolving scientific landscape.

The CoLiRa framework delineates the macro-level conceptual boundaries of the field,
such as distinguishing core semantic systems (Topic 1) from domain-specific applications
(Topic 2). However, the limitations of this scientometric approach must be acknowl-
edged. The current methodology addresses latent thematic structures rather than technical
specifications. As a result, the study maps the prevalence and theoretical focus of these
topics but does not examine their micro-level engineering implementations. Critical op-
erational details, including the deployment of specific graph databases, integration with
modern distributed backend frameworks, and algorithmic scalability for large datasets,
remain abstracted within this macro-level perspective. Future systematic technical sur-
veys, potentially utilizing full-text data extraction, are required to synthesize the architec-
tural and engineering deployment strategies that operationalize these semantic models in
practical scenarios.

6. Limitations and Future Work

Although this study demonstrates the utility of the CoLiRa framework, several limita-
tions are evident, particularly in the data acquisition phase. The dependence on Google
Scholar and citation chaining (snowballing) introduces methodological constraints. Google
Scholar’s proprietary ranking algorithms and the citation chaining process are susceptible
to popularity bias, which favors older or highly cited publications and may exclude emerg-
ing, niche, or recently published research. Additionally, the dynamic and opaque nature of
Google Scholar’s indexing hinders the reproducibility of search queries over time.

Therefore, the bibliometric corpus analyzed in this study should be regarded as a
proof-of-concept intended to validate the technical and collaborative stages of the CoLiRa
pipeline, specifically the integration of algorithmic topic modeling with human-in-the-loop
consensus. It does not represent an exhaustive or definitive systematic mapping of the
entire field. The principal contribution of this work is the methodological framework itself.

To address these data collection constraints, future implementations of the CoLiRa
framework will utilize curated, highly structured, and reproducible bibliographic databases,
such as Web of Science (WoS) or Scopus, instead of Google Scholar. Employing these
standardized repositories will mitigate popularity bias during the retrieval phase and
ensure that the rigorous computational and expert-driven analysis provided by CoLiRa is
applied to comprehensive and reproducible systematic literature reviews.
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A secondary limitation concerns the corpus size and the reliance on abstracts rather
than full-text articles. From a computational standpoint, probabilistic models such as
Latent Dirichlet Allocation (LDA) require large datasets to optimize their distributions. In
this study, the dataset was intentionally limited to 48 foundational abstracts, forming a
controlled micro-corpus. This restricted scale was a methodological requirement to rigor-
ously validate the framework’s primary innovation: the human-in-the-loop architecture.
Utilizing a dataset of thousands of full-text articles would have prevented the expert panel
from manually auditing and verifying the semantic coherence of each algorithmic assign-
ment. By limiting the corpus, the experts could cross-reference all algorithmic outputs,
demonstrating that the computational pipeline can be translated into theoretically sound
taxonomies through expert consensus. Although this controlled setup was necessary for
baseline methodological validation, future empirical applications of the CoLiRa framework
will utilize its automated scalability to process large-scale, full-text records.

A final methodological limitation pertains to the temporal trend analysis. The Ordinary
Least Squares (OLS) regression was applied to a relatively short time span (2015-2024),
resulting in a limited number of data points. Therefore, the absence of statistical significance
in topic prevalence shifts should be interpreted with caution. In this study, the regression
module primarily serves to illustrate the end-to-end functionality of the CoLiRa pipeline,
specifically its capacity to progress from thematic clustering to longitudinal tracking. Future
research utilizing the CoLiRa framework with more extensive longitudinal datasets, such
as several decades of literature, will have the statistical power necessary to conduct robust
time-series analyses and identify subtle evolutionary trends.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/info17040367/s1, File S1: Jupyter Notebook: contains the complete
Python code used for the corpus preprocessing, topic modeling, cluster analysis, and regression
analysis: the CoLiRa framework code; File S2: Requirements file: contains the list of all Python
libraries required to execute the code in S1 File and reproduce the analysis; File S3: 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 File S1.
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