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ABSTRACT

The exponential growth of unstructured data in today’s digital environment has necessitated the development of
advanced methods for extracting meaningful information. Traditional text analysis techniques, which heavily relied
on manual processes such as lexicon building, tagging, and rule-based systems, have proven inadequate in the face of
the vast and complex datasets generated by modern society. These earlier methods were limited in scalability and
required deep domain-specific expertise, making them both time-consuming and error-prone. As a result, the need for
more automated, scalable, and accurate solutions became apparent, giving rise to a new era of knowledge extraction
powered by Natural Language Processing (NLP), machine learning (ML), and network theory.

These new techniques have revolutionized the way unstructured data is processed, providing unprecedented
capabilities to analyze large datasets, identify patterns, and generate valuable insights with minimal human input. The
automation of these processes has democratized access to knowledge extraction, enabling not only experts but also
non-specialists to work with large, complex data sources. This shift is particularly significant in fields such as
healthcare, education, and business intelligence, where efficient and accurate knowledge extraction can lead to
transformative outcomes.

1. INTRODUCTION

Two powerful tools that stand at the forefront of this evolution are knowledge graphs and text network analysis. These
methodologies have reshaped how we visualize, explore, and understand data, enabling researchers and practitioners
to detect hidden trends, reveal latent structures, and identify knowledge gaps across various domains. By leveraging
these tools, researchers can gain deeper insights into the relationships among entities, concepts, and themes within
their datasets, thereby facilitating more informed decision-making and advancing research in numerous fields.
Moreover, integrating Al-driven models with these methods has further enhanced their capabilities, enabling more
sophisticated forms of content generation. Al systems, such as GPT and BERT, have been trained on vast datasets to
generate coherent, structured content from unstructured text. This has paved the way for a variety of new applications,
from the automatic summarization of complex research papers to the creation of educational materials and reports. As
these tools continue to evolve, they will play an increasingly central role in addressing the challenges posed by the
ever-growing volume of unstructured data in today’s information-driven world

2. Background

The extraction of knowledge from unstructured data has evolved significantly, transitioning from traditional text
analysis methodologies to more advanced techniques that integrate network theory and leverage Natural Language
Processing (NLP) and machine learning. These advances enable a more sophisticated analysis of large datasets,
allowing for the visualization of relationships, detection of thematic trends, and bridging of knowledge gaps through
content generation supported by artificial intelligence (AI).

Historical Context of Knowledge Extraction

Early approaches to text analysis were largely manual, involving lexicon-based methods and manual coding, which
were both labor-intensive and lacked scalability. These methods were constrained by the need for extensive domain
knowledge and human intervention in interpreting large datasets. Studies in agricultural sciences, for example,
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demonstrate how manually coded lexicons were used to extract trait-specific knowledge from scientific literature; for
instance, Singh et al.'s study in plant biology required substantial manual effort to build knowledge networks for traits
such as potato tuber flesh color 1.

Similarly, lexicon-based analysis was applied in public health, as shown in the "Syphilis No!" project, which aimed
to analyze health interventions using text mining techniques

2. These approaches laid the groundwork for knowledge extraction but suffered from a lack of efficiency and
scalability, limiting their application to small, curated datasets.

Development of Network Theory in Text Analysis

As the volume of unstructured data increased, network theory became a key tool in text analysis. By representing
text as a network of nodes (keywords or concepts) and edges (relationships between them), network theory enables
visualization of complex relationships within the data. Network-based methods, such as those applied in biomedical
fields, have been instrumental in identifying protein-protein interactions by using graph structures 5.

A crucial development in this field was the application of graph convolutional networks (GCNs), which enabled
pooling of information across network nodes, enabling the detection of more complex relationships and patterns in
textual data.

For instance, GCNs have been used in clinical NLP projects to interlink medical entities, providing a deeper
understanding of patient records and medical literature 4.

1 x
SAIK PN
\
& o 9 & &
( ® & /
N\ s

Brain networks

‘ Q o ‘Q\ /'f:’\ﬂf

Chemical compounds Social networks

Fig. 1: Integration with Natural Language Processing and Machine Learning

The integration of NLP with machine learning has dramatically enhanced the ability to process and extract insights
from unstructured textual data. Recurrent neural networks (RNNs), for example, allow for the analysis of text
without extensive feature engineering by learning patterns in the data 3. These neural networks have become essential
in parsing large datasets like speeches, scientific papers, and social media content, automatically extracting keywords
and contextual relationships.
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In conjunction with machine learning, NLP techniques enable deeper insights into psychological and cognitive
phenomena by analyzing the role of language in human cognition. This is especially useful in large-scale text mining,
where identifying latent topics or trends can reveal hidden patterns in human behavior or discourse 5.

Challenges in Traditional and Modern Methods

Despite the progress in integrating network theory and machine learning, traditional methods of text analysis still face
several challenges. One major limitation is the reliance on pre-trained models, which are often not adaptable to the
specific characteristics of text data being analyzed. Furthermore, many existing methods are constrained by limited
access to high-quality labeled data and the significant computational resources required to process large corpora 4.
In addition, difficulties in sharing pre-trained models, particularly across different fields such as biomedical research
and public health, have hindered the widespread scalability of NLP applications 6. Even with modern advancements,
gaps in data and the contextualization of node embeddings in text networks present ongoing challenges in knowledge
extraction.

Towards a Sophisticated Approach: Text Network Analysis

Text network analysis represents a significant step forward in addressing these limitations. By representing keywords
and concepts with weighted nodes in a graph, this approach allows for the identification of both similar and dissimilar
topics, providing a clearer understanding of thematic structures within large bodies of unstructured data. Visualization
of these networks simplifies the learning process by enabling users to visually detect relationships between concepts
and identify gaps in the content.

Moreover, text network analysis enables relative learning, which allows for comparisons between different topics,
enabling a more nuanced analysis of related content. This method has proven valuable in scientific research, such as
in topic modeling within citation networks, where different topics can be clustered and their evolution tracked over
time 8.

One promising application of this technique is identifying knowledge gaps. By visualizing sparse areas in the network,
researchers can identify under-explored topics or missing connections between ideas. Once these gaps are identified,
Al-driven content generation can be employed to bridge them. For example, Al models like GPT or BERT can be
fine-tuned to generate relevant content that fills these gaps, thus advancing the understanding of under-researched
topics 7.

3. Text Networks in Knowledge Representation Definition and Purpose

Text networks serve as a method for structuring unstructured textual data, transforming raw inputs like speeches,
reports, or other types of documents into graphical representations where key terms, or "keywords," are visualized as
nodes. These nodes are interconnected by weighted edges that signify the relationships between keywords—often
based on their co-occurrence or semantic similarity. Text networks offer a way to conceptualize, analyze, and simplify
vast amounts of textual information, which would be difficult to process manually. The primary purpose of text
networks is to assist in identifying key topics, understanding relationships between those topics, and recognizing both
similarities and differences among them.

This transformation of data into a structured form is crucial for facilitating learning, enhancing analysis, and enabling
the automation of content creation. Zhu et al. [9] introduced a quantum-inspired approach for generating text from
knowledge graphs, highlighting how transforming raw data into structured formats such as knowledge graphs or text
networks can facilitate content generation, comprehension, and knowledge extraction. In essence, text networks serve
as a lens through which the underlying structure of unstructured text is revealed, enabling more intuitive and insightful
learning experiences.
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Fig 2: Semantic Knowledge Graph Illustrating Steve Jobs and Apple Ecosystem

Importance in Knowledge Extraction

The process of extracting meaningful information from unstructured data lies at the core of knowledge extraction. Text
networks, by representing keywords and their relationships in a structured way, significantly improve the ability to
extract and analyze information. Each node (keyword) in the network is often assigned a weight based on its
importance or frequency within the dataset, and the connections (edges) between nodes may vary in strength
depending on how often two keywords co-occur.

For instance, relation extraction plays a central role in understanding the structure of unstructured data. Liu et al. [10]
demonstrated the importance of extracting relationships between entities in the context of coal mine safety using
recurrent neural networks (RNNs) with bidirectional minimal gated units (MGUSs). This method identifies relations
such as causality, occurrence, or responsibility within the text, which can then be visualized within a text
network. The visualization of these relationships allows for a clearer understanding of how certain topics are
connected, while also highlighting areas where knowledge gaps exist.

These text networks facilitate knowledge extraction across various domains. For instance, Lim et al. [11] utilized text-
mining techniques to analyze emotional cognition and preventative behaviors during the COVID-19 pandemic. By
representing keywords associated with emotions and behaviors in a text network, researchers were able to visualize
the relationships and identify trends that were not immediately obvious from reading the text alone. This ability to
visually map and analyze complex relationships is central to knowledge extraction and plays a key role in identifying
the most relevant information from unstructured data.

Identifying Similar and Dissimilar Topics

A critical advantage of text networks is their capacity to not only identify similar topics but also distinguish between
dissimilar ones. By mapping the relationships between keywords, text networks can highlight clusters of related terms,
which represent areas of similarity, as well as sparse connections that point to dissimilar or unrelated topics.

This feature is essential for simplifying the analysis of large, complex datasets. Text networks enable users to see how
various topics within a dataset relate to each other. For example, Lim et al. [11] used text networks to map public
emotions during the pandemic. By analyzing how certain emotions were connected with preventative behaviors, they
could easily spot similarities in public sentiment and actions, as well as identify gaps where certain emotions were
underrepresented. This clustering and gap identification can be particularly valuable for researchers, policymakers, or
content creators who need to cover all critical aspects of a subject. Furthermore, text networks support the automatic
identification of dissimilar topics, which may indicate gaps in coverage. These gaps represent areas where additional
content or research might be needed. By highlighting areas where connections between keywords are weak or non-
existent, text networks enable the identification of under-explored topics. This makes text networks a valuable
tool for discovering new research opportunities or for enhancing content coverage on a given subject.

Applications in Learning and Content Creation

Text networks have wide-ranging applications in the fields of learning and content creation. One of the key advantages
Genetics and Molecular Research 25 (7s): 2026 5



they offer is in facilitating relative learning. Relative learning refers to the ability to understand how different topics
or concepts relate to each other. By visualizing these relationships, text networks enable learners to grasp not
only the individual concepts but also the context in which these concepts exist and how they interact with one another.
This understanding enhances comprehension and retention, as learners are able to see the connections between topics
rather than processing them in isolation.

For instance, in the work by Zhu et al. [9], a quantum-like approach for text generation from knowledge graphs is
proposed, where the relationships between different entities are leveraged to produce coherent and contextually
relevant text. This approach can be applied to text networks, where the relationships between keywords help generate
learning material that is both comprehensive and interconnected, facilitating a deeper understanding of the subject
matter.

Text networks are also instrumental in identifying gaps in topics. By visualizing the relationships between keywords
and concepts, users can easily spot areas where the network is sparse—indicating that certain topics have not been
sufficiently covered. These gaps can be used as starting points for further research or content creation. Wan et al. [12],
in their work on self-attention based text knowledge mining, highlight the importance of identifying and addressing
gaps in textual data, which can be aided by the structure provided by text networks.

Moreover, Al-based techniques can be employed to generate content that bridges identified gaps. By leveraging Al
algorithms, text networks can be used to automatically generate new content based on the relationships identified
within the network. For example, the recurrent neural networks (RNNs) with bidirectional minimal gated units
(MGUs) discussed by Liu et al. [10] can be used to extract and model relationships from unstructured data. These
models can then generate new insights or content that reflects the structure and relationships of the original data.
Al-driven content development can also be applied to create educational materials, research reports, or any form of
textual content where relationships between topics need to be made explicit. In cases where gaps in knowledge are
identified, Al models can generate new content to fill these gaps, ensuring that the resulting material is comprehensive
and well-organized.

Additionally, Wan et al. [12] describe how self-attention mechanisms can be employed in text detection, which is
another area where Al plays a crucial role in improving the accuracy of text network analysis. By employing Al-based
text detection and analysis tools, users can ensure that the most relevant and important keywords are captured, resulting
in more meaningful and insightful text networks.

Text networks are an essential tool for transforming unstructured textual data into structured representations that
facilitate knowledge extraction, learning, and CREATION. By visualizing keywords and their relationships, text
networks simplify the process of identifying key topics, understanding their relationships, and recognizing gaps in
coverage. Furthermore, integrating Al into text network analysis enhances content development by enabling the
automatic generation of new material that bridges identified gaps.
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Semantic Networks:

1. Introduction to Semantic Networks

Semantic networks, structured representations of knowledge that emphasize the meanings of concepts and the
relationships between them, play a crucial role in various fields such as natural language processing (NLP), artificial
intelligence (AI), and knowledge representation.

Unlike text networks, which capture statistical or syntactic relationships, semantic networks focus on conceptual
relationships, providing a more nuanced framework for understanding meaning construction in language. This review
explores the key characteristics of semantic networks, compares them to text networks, and discusses their
implications in current research.

2. Key Characteristics of Semantic Networks

2.1 Nodes and Edges Based on Meaning

Semantic networks rely on nodes to represent concepts (e.g., "cat," "animal") and edges to denote meaningful
relationships (e.g., "is a type of," "related to"). This emphasis on meaning offers a more interpretable framework than
text networks, which often focus on word

co-occurrence or syntactic dependencies without capturing deeper meanings.

2.2 Hierarchical Structures

A common feature of semantic networks is their hierarchical organization, where broader concepts encompass more
specific sub-concepts. These structures mirror cognitive processes in categorization and are widely used in ontologies.
This hierarchical approach is beneficial in applications such as knowledge organization, search systems, and domain-
specific reasoning.

2.3 Logical and Causal Relations

In addition to hierarchies, semantic networks capture logical and causal relationships like "causes" or "prevents,"
which are essential for deeper reasoning tasks. Their ability to represent such relations makes semantic networks
valuable in fields like scientific literature analysis, where understanding cause-and-effect relationships is critical.
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Fig 4: Knowledge Graph Visualization Generated from the Text Corpus
Comparison with Text Networks

Text networks, built on statistical associations such as word co-occurrence, excel at capturing structural patterns but often
lack the semantic richness of concept-based networks. This section highlights their key differences and potential for
integration.

2.4 Word Sense Disambiguation and Synonymy

Semantic networks address challenges like polysemy (a word with multiple meanings) and synonymy (different
words with the same meaning) more effectively than text networks. By explicitly representing different word
senses, semantic networks offer a more accurate and context-aware framework for understanding language.

2.5 Augmenting Text Networks with Semantic Information

Combining text networks with semantic networks creates a hybrid approach, enriching the analysis by adding layers of

meaning. This integration enhances tasks such as topic modeling and trend analysis, which benefit from both the
frequency of relationships and their conceptual significance.
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Fig 5: Concept Cluster Visualization of the Constructed Semantic Knowledge Graph

Applications in Text Network Analysis

2.6 Enhanced Knowledge Discovery

The integration of semantic networks into text network analysis transforms it from surface-level statistical
associations to deeper conceptual understanding. In scientific literature, for example, semantic networks help uncover
the relationships between theories, methodologies, and key findings, going beyond mere term co-occurrence.

2.7 Contextual Understanding for A1 Models

Semantic networks play a critical role in improving context-aware Al models, such as BERT and GPT, by providing
structured frameworks for word-sense disambiguation and meaning construction. Their ability to represent nuanced
relationships between terms enhances the interpretability and performance of these models.

2.8 Integration into Knowledge Graphs

Semantic networks form the backbone of knowledge graphs, where structured knowledge is extracted from text. By
incorporating both text and semantic networks, knowledge graphs offer a richer representation of domain-specific
knowledge, improving querying, knowledge extraction, and automated reasoning.

2.9 Improving Text Preprocessing and Normalization

During data preprocessing, semantic networks help normalize concepts and resolve ambiguities. By organizing text
data around meaningful entities and relationships, they reduce noise and improve the accuracy of subsequent
analyses, particularly in fields requiring domain-specific precision.

3. Challenges and Future Directions
While semantic networks offer significant advantages, they also face challenges:

¢ Scalability: Building and maintaining large-scale semantic networks is
resource-intensive. Automating their construction from dynamic text corpora remains an open research problem.
Genetics and Molecular Research 25 (7s): 2026 9



¢ Ambiguity and Polysemy: Although semantic networks handle ambiguity better than text networks, complex
context-dependent meanings still pose difficulties.

¢ Biasin Data: Like all data-driven models, semantic networks are vulnerable to biases present in the underlying
data. Addressing these biases is crucial for fair and accurate knowledge representation.

5. Knowledge Graphs and Their Role

Knowledge graphs are central to modern data science, enabling the organization and exploration of complex
relationships between entities in structured formats. These graphs extend beyond simple relational databases by
integrating multiple types of relationships and connecting disparate sources of data. This flexibility makes them
particularly useful for integrating knowledge across various domains, from business intelligence to scientific research.
The nodes in a knowledge graph represent entities such as people, organizations, or concepts, while the edges between
nodes define the relationships between these entities—whether causal, hierarchical, or associative [16, 6]. In their most
basic form, knowledge graphs provide a means of organizing large sets of data. However, their real power lies in their
ability to reveal hidden relationships and generate new knowledge. By mapping out complex interactions between
entities, knowledge graphs can predict new connections that are not explicitly stated in the data. For instance, in drug
discovery, knowledge graphs can be used to identify potential interactions between compounds, diseases, and genetic
mutations, accelerating the development of new treatments [22, 16]
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Fig 6: Overview of Knowledge Graph Architecture and Relationship Modeling

Knowledge graphs also serve as a foundation for many Al-driven applications. By providing structured context, they
enhance the performance of machine learning models, particularly in areas like natural language understanding,
recommendation systems, and semantic search. These graphs enable more precise query responses by allowing
systems to “understand” the relationships between entities rather than simply matching keywords [16, 6]. For example,
in healthcare, Al models augmented by knowledge graphs can generate summaries of patient records or medical
research that highlight critical insights such as potential treatment paths or previously unrecognized risks [6, 22].
Additionally, knowledge graphs are evolving to incorporate real-time data, making them even more dynamic and
useful for real-world applications. In financial services, for example, knowledge graphs are used to continuously
update relationships between assets, markets, and geopolitical factors, providing analysts with the ability to make
informed decisions in real time [13]. Similarly, in the legal field, knowledge graphs can track changes in legislation
or case law, ensuring that professionals have access to the most up-to-date and relevant information [13, 6].
Knowledge graphs are an indispensable tool for organizing, visualizing, and utilizing complex datasets. Their
integration with Al systems has unlocked new possibilities for content generation and decision-making across various
industries. As research continues to advance in this field, we can expect knowledge graphs to play an even more
prominent role in the future of data science, machine learning, and Al applications [22, 16, 6].
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Text Network Analysis Techniques

Text Network Analysis (TNA) is a highly effective method for transforming unstructured text data into structured
networks, providing insight into the relationships between key terms and concepts. By representing words or concepts
as nodes and the relationships between them as edges, TNA enables researchers to explore complex datasets in a
visual, interpretable format. This approach goes beyond traditional text mining methods by providing a dynamic
representation of how terms interact, enabling a more nuanced understanding of thematic structures in the data [5, 22,
12]. One of the foundational techniques in TNA is keyword co-occurrence analysis, which identifies terms  that
frequently co-occur in a text corpus. By analyzing these co-occurrences, TNA maps out the relationships between
concepts, highlighting key topics and subtopics within the dataset. The strength of the connections (edges) between
nodes often reflects the frequency of co-occurrence, enabling researchers to identify clusters of related terms. These
clusters can reveal significant trends and patterns, making it easier to understand the overall structure of the content.
For example, in bibliometrics, keyword co-occurrence analysis can be used to identify how research topics evolve
over time, uncovering emerging areas of interest in a given field [20, 13].

In addition to keyword co-occurrence, topic modeling is a powerful TNA technique that helps uncover latent themes
within large datasets. Algorithms like Latent Dirichlet Allocation (LDA) and newer models, such as BERT-based
topic modeling, enable the automatic discovery of topics within a text corpus. These topics are then visualized as
nodes, with their relationships represented as edges. This approach is particularly useful in fields like academic
research, where the goal is to understand how various research topics interrelate or how new ideas build upon existing
knowledge [5, 12, 19]. Topic modeling also facilitates the tracking of topic evolution, providing insights into how
different subjects gain or lose prominence over time [19].

TNA techniques also excel at identifying knowledge gaps. By mapping the relationships (or lack thereof) among
concepts, TNA can reveal areas that have been under-explored or neglected. This gap identification is crucial in fields
like scientific research, where the ability to spot emerging trends or underrepresented topics can guide future research
efforts. For example, in the context of public health, TNA might highlight gaps in research on specific diseases or
interventions, pointing researchers to areas where further investigation is needed [12, 5].
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Moreover, semantic network analysis extends TNA by incorporating deeper linguistic relationships such as synonymy
and semantic similarity into the network structure. This technique is particularly valuable when analyzing
complex texts where simple co-occurrence might not capture the nuanced relationships between terms. By using
semantic similarity measures, researchers can create networks that reflect more accurate and meaningful connections
between concepts, leading to richer insights [22, 12, 5].

Advanced machine learning techniques such as graph convolutional networks (GCNs) are increasingly being
integrated with TNA to enhance the analysis of text networks. GCNs allow for the pooling of information across
nodes, enabling the detection of more complex patterns and relationships within the network. This is particularly useful
in large datasets where simple co-occurrence analysis might miss subtle but important connections between terms.
GCNs have been successfully applied in fields like bioinformatics, where they are used to analyze the relationships
between genes, proteins, and diseases, providing valuable insights into the underlying biological processes [22, 19].
Text network analysis offers a suite of powerful techniques for transforming unstructured text into structured,
interpretable networks. Whether through keyword co-occurrence analysis, topic modeling, or more advanced methods
like GCNs, TNA provides deep insights into the relationships between concepts in large datasets. These techniques
not only facilitate the discovery of trends and patterns but also enable the identification of gaps, guiding future research
and content generation efforts [5, 19, 22]. As TNA continues to evolve, it is likely to become an even more integral
part of the toolkit for researchers and professionals across various domains.

6. Visualization of Text Networks

The Role of Visualization in Text Networks

Graphical visualizations are essential in TNA, particularly when dealing with vast text corpora, as they simplify
intricate relationships within the data. By representing keywords with varying weights, users can grasp the prominence
of particular topics and the strength of associations between them. This weighted graphical structure aids in detecting
contextual similarities or differences across text sources. For example, Lin [13] emphasizes that effective visualization
is pivotal for identifying the hidden patterns, trends, and anomalies present in large, unstructured datasets.

Moreover, real-time interaction with the graphical network enhances analysts' ability to refine their understanding of
the data. Hyland et al. [14] argue that multilayer network models offer deeper insight by enabling the representation
of various types of connections, such as direct keyword associations and indirect thematic links. These
visualizations aid in dynamically adjusting the network, revealing intricate relationships that might not be evident
through static analysis.

Common Tools for Text Network Visualization

Various tools are commonly used in the visualization of text networks, each offering specific capabilities:

¢ Gephi: A powerful tool for real-time network exploration, Gephi allows users to manipulate and adjust text
network data dynamically. It excels at illustrating the similarities and differences between topics by representing
keyword associations graphically [15].

¢ Cytoscape: Initially designed for biological data, Cytoscape has found application in text network analysis due to
its flexibility and extensive library of plugins for data customization and visualization [16].

¢ Python’s NetworkX: A highly customizable option for researchers, NetworkX provides a framework for creating
dynamic visualizations of text networks. It is especially useful for visualizing weighted keyword relationships and
identifying topics where keyword associations are weak or strong [17].

These tools are indispensable in helping users visualize and analyze text networks, aiding in the identification of gaps
and underrepresented topics. They allow for the creation of customized visualizations tailored to specific research
needs, thereby facilitating the extraction of knowledge from unstructured data.

Dynamic Visualizations and Interaction

Dynamic visualizations enhance the analytical process by allowing for interactive exploration of text networks. Real-
time feedback mechanisms empower users to modify and refine the visualization, making it easier to identify emerging
trends and relationships within the data. Shen et al. [18] emphasize that real-time interactions in visualizations are
essential in complex datasets as they provide continual feedback to the user, enabling adjustments that result in deeper
insights.

For instance, Wan et al. [19] demonstrated the effectiveness of real-time feedback in text knowledge mining for text
detection. This interactive approach significantly enhanced the detection of key themes in text data, which underscores
the importance of dynamic visualizations in large-scale analyses. Similarly, Lim et al. [20] applied text network
visualization to emotional cognition research during the COVID-19 pandemic, using real-time visual feedback to
reveal hidden behavioral patterns that static analysis would likely miss.

Identifying Gaps in Knowledge through Visualization

Genetics and Molecular Research 25 (7s): 2026 12



One of the most valuable aspects of text network visualizations is their ability to highlight gaps in knowledge. By
visualizing where keyword associations are weak or absent, these tools help Users identify underexplored topics
or areas requiring further research. This insight is critical for relative learning, as it directs analysts toward
underrepresented areas that might hold new opportunities for discovery. Once these gaps are identified, Al-driven
tools can generate content to fill them.

For instance, Liu et al. [21] leveraged Al-enhanced text mining to extract important relations from unstructured data
in coal mine safety reports. This AI model, adaptable across domains, automates content generation to bridge
knowledge gaps. Additionally, De Meo et al. [22] discuss how Al-driven content creation streamlines knowledge
extraction by addressing missing connections between keywords, thereby further enriching the learning experience.

7. Applications and Case Studies

TNA has broad applications across multiple fields, offering a powerful means of visualizing and analyzing
unstructured data. From academic research to business analytics, healthcare, and education, TNA provides insights
that streamline decision-making and foster a deeper understanding of complex relationships within data. Here are a
few examples of applications-

1. Academic Research

Text Network Analysis (TNA) is an indispensable tool in academic research, offering a structured approach to
visualizing large bodies of scientific literature. By creating networks of keywords, citations, and research themes,
scholars can uncover knowledge gaps, track research trends, and better understand the relationships among topics.
Singh et al., for example, extracted knowledge networks from plant science literature, using potato tuber flesh color
as a test case. This approach facilitated the identification of gaps and provided new insights into research on plant
traits [1]. Similarly, Shardlow et al. applied TNA to identify research hypotheses in scientific literature, demonstrating
the method’s ability to surface emerging areas of study and enhance literature reviews [4].

2. Business Analytics

In the business sector, TNA is widely applied in market research, sentiment analysis, and competitive intelligence.
Companies mine massive datasets from social media, reviews, and other unstructured sources to map customer
feedback and competitor movements. This technique helps identify emerging trends and consumer sentiment, offering
valuable insights for strategic decision-making. For instance, Lim et al. used TNA to study emotional cognition during
the COVID-19 pandemic, uncovering critical behavior patterns that can influence marketing strategies and public
health communications [20]. TNA also enables businesses to visualize relationships among products, brands, and
markets, supporting competitive intelligence efforts and helping them adjust their strategies in real time.

3. Healthcare and Public Health

TNA is especially impactful in healthcare, where it is used to map relationships between medical literature, clinical
data, and public health reports. A study by Rocha et al. applied TNA to analyze interventions for combating congenital
syphilis in Brazil, helping visualize the connections between different public health measures and outcomes [2]. This
analysis provided insights that informed future health policies. Additionally, TNA can be employed to map
protein-protein interactions from the vast body of biomedical literature, as shown by Zhou and He in their study on
extracting interactions between proteins [5]. This ability to extract and visualize complex relationships within
healthcare data is crucial for advancing medical research and informing public health strategies.

4. Education

In educational settings, TNA simplifies the process of identifying relationships between learning concepts, making it
easier for educators to map out content structures and for students to understand the material. Liu et al. demonstrated
how Al-enhanced TNA was used to extract critical information from coal mine safety reports, a method that can be
adapted to educational content development, where similar analysis helps identify gaps in the curriculum [21]. The
use of TNA allows educators to visualize how core concepts interrelate, enabling them to create more effective and
targeted learning materials. For example, Diastatic and Yong’s research on topic modeling applied TNA to explore
optimal hyperparameter tuning in academic texts, thus improving the organization of knowledge in education [7].

5. Al and Content Generation

TNA not only identifies gaps in knowledge but also supports Al-driven content generation to fill these gaps. By
analyzing the structure of networks and identifying weak or missing connections, Al can automatically generate new
content to address these voids. De Meo et al. demonstrated how Al, paired with TNA, could automatically extract
meaningful content from unstructured data, streamlining the process of knowledge extraction [22]. This integration of
Al into TNA is especially valuable in research and education, where it ensures a more comprehensive coverage of
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topics by filling in knowledge gaps efficiently.
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8. Challenges in Text Network Analysis

Data Preprocessing: The first significant challenge in TNA is data preprocessing, which involves cleaning and
organizing noisy, unstructured text. Most text data sources, such as social media posts or scientific literature, require
preprocessing steps such as tokenization, Stop word removal, stemming, and lemmatization. Effective preprocessing
ensures that the text's context is preserved while extraneous information is discarded. For example, in a study on plant
scientific literature regarding potato tuber flesh color, preprocessing played a vital role in filtering relevant keywords
to build accurate networks [1]. Similarly, in the context of public health interventions, text mining applied to Brazil’s
"Syphilis No!" project relied on preprocessing methods to manage vast amounts of healthcare-related data, ensuring
accurate representation and interpretation [2].

Scalability: Another notable challenge in TNA is handling large datasets, as the scale of text data continues to grow
exponentially across various domains. When analyzing large corpora of unstructured text, such as those used in a
publication-wide association study (PWAS) aimed at prioritizing drug targets, the dataset's scale requires advanced
computational power and optimization techniques to effectively construct, visualize, and manipulate the networks [3].
In large-scale applications like these, traditional computational methods may not be sufficient to Handle the
volume, leading to difficulties in performing real-time analysis and generating insights.

Ambiguity and Polysemy: Lexical ambiguity and polysemy (words with multiple meanings pose significant
challenges in constructing meaningful text networks. When a word has multiple interpretations depending on context,
the resulting networks can misrepresent relationships among nodes, leading to incorrect insights. For instance, in
scientific research, accurately representing the multifaceted meanings of terms is crucial for forming correct
connections within the network [4]. In biological studies, such as protein interaction extraction, ambiguity can
drastically alter the interpretation of the network, potentially leading to erroneous conclusions [5].

Bias in Data: Text data often reflects biases, both from the original source and from the sampling process. Such bias
can skew network analysis results, leading to misinterpretation of keyword relationships and the knowledge extracted.
For instance, in interdisciplinary fields such as medical and financial data integration, biased or incomplete datasets
may cause knowledge graphs to misrepresent trends, thereby limiting their utility for decision-making [6].
Overcoming this challenge requires careful curation and balancing of data sources to minimize the influence of
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inherent biases.

9. Future Directions and Integration with Al

Al-Driven Text Networks

Al is significantly advancing Text Network Analysis (TNA) by enabling deeper and more nuanced interpretations of
text. Machine learning models are enhancing the understanding of complex relationships in textual data, enabling
researchers to capture intricate associations between concepts and topics. These Al-driven models go beyond
traditional methods by interpreting language with greater contextual sensitivity, resulting in more accurate topic
modeling and knowledge extraction. However, a key challenge with these models is the lack of transparency, often
referred to as the "black box" issue, which limits interpretability and raises questions about how insights are
derived.[1].

These Al-driven text networks offer more nuanced insights than traditional methods by capturing long-range
dependencies between words and identifying subtle patterns in textual data. However, one challenge with these deep
learning models is their "black box" nature, which may reduce interpretability, a key concern in the field of TNA [2].

Bridging Knowledge Gaps

One of the most impactful applications of Al in TNA is its ability to identify underexplored areas within large datasets.
By analyzing patterns and gaps in textual information, Al can reveal regions where research is either heavily
concentrated or lacking. This ability to detect both oversaturation and underrepresentation allows for a more strategic
focus on new research opportunities. Despite this potential, ensuring the accuracy and quality of Al-generated insights
remains a challenge, particularly when dealing with incomplete or biased datasets.Zhang et al.

[4] showed how AI could help detect overlooked research themes, providing suggestions on how to fill these gaps
with new content. However, ensuring the quality of these suggestions, particularly with incomplete or biased data,
remains a challenge for effective implementation.

Automated Knowledge Graph Generation

Al is also playing a pivotal role in automating the creation of knowledge representations, such as knowledge graphs.
These graphs help structure complex relationships among entities in real time, making it easier for researchers and
analysts to visualize and interpret connections among concepts. As Al continues to develop, the automation of such
processes is expected to improve the efficiency and adaptability of knowledge generation, particularly in fields where
real-time data is critical.

For example, Liu et al. [6] demonstrated how real-time text mining could generate knowledge graphs that adapt to
new data, thereby enhancing their relevance and accuracy. These automated systems are particularly useful in fields
where rapid updates to knowledge graphs are needed, such as scientific research or legal text analysis.

Human-AlI Collaboration

AT's role in TNA is not limited to automation; it also enhances collaborative efforts between humans and machines.
By allowing Al to process large datasets while humans provide interpretive guidance, this partnership enables a more
effective exploration of complex networks. The combination of human intuition and AI’s data-processing capabilities
can lead to more insightful, informed analysis, improving knowledge discovery and content generation across numerous
fields.

According to Syed et al. [8], this hybrid approach combines the strengths of human intuition and critical thinking with
AT’s data-crunching capabilities. By leveraging Al-powered text networks, analysts can interact with the data, adjust
the network’s structure, and fine-tune their exploration of relationships between concepts. This form of human-Al
interaction has been shown to enhance knowledge discovery, enabling more sophisticated and nuanced content
generation.

CONCLUSION

The integration of Al and visualization in TNA offers a powerful, dynamic framework for understanding and
interacting with textual data. By automating the generation of dynamic knowledge graphs and enabling real-time
updates, these technologies facilitate a more interactive exploration of vast data landscapes, supporting the
identification of emerging trends and knowledge gaps. This synergy between Al and visualization not only enhances
TNA's analytical capabilities but also paves the way for more sophisticated and actionable insights across domains,
from academic research to industry applications.

However, the review also identifies several challenges that must be addressed to fully harness TNA's potential.
Scalability remains a significant issue, as the computational demands of processing large-scale networks and real-time
data integration can be prohibitive. Furthermore, ensuring the interpretability of Al-generated insights is essential for
their practical application, particularly in domains where transparency and trust are crucial. Addressing biases inherent
in the data sources used for TNA is another critical challenge, as biased data can lead to misleading conclusions and
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reduce the reliability of the analysis.

Future research should focus on developing more scalable and efficient algorithms for TNA, improving the
interpretability and usability of Al-driven models, and implementing robust mechanisms to detect and mitigate data
biases. By overcoming these challenges, TNA can become an even more powerful tool for knowledge discovery and
decision-making, providing deeper, more nuanced insights into the complex and evolving landscape of textual data.

Potential Additional Topics:

¢ Natural Language Processing (NLP) Techniques: Explore how NLP methods (e.g., Named Entity
Recognition, Part-of-Speech Tagging) complement text network analysis.

¢  Ontology and Taxonomy in Text Networks: How structured vocabularies or ontologies can be integrated into
text networks for better semantic understanding.
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