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Knowledge graphs (KGs) emerge as potential tools for information
access and resource discovery in a structured format. It facilitates
information retrieval, data integration, and semantic reasoning.
Considering the rapid growth of literature publications, a
high-relevance search is necessary for researchers and practitioners.
There are numerous tools for data organization and knowledge
extraction. The knowledge graph is one of them, which depicts
structured information with nodes and relationships. Library and
information science can help build KGs to grasp the intricate
relationships between scholarly works, their authors, institutions, and
topics. The knowledge graph technology produces more relevant
search results, which makes it easy to explore accurately. This paper
examines the construction of knowledge graphs from library and
Information Science (LIS) journal articles. A systematic approach is
followed to extract entities, relationships, and attributes from LIS
literature. The accuracy of the constructed knowledge graph is
89.47% (Recall), 94.44% (Precision), and 91.80% (F1 Score). User
satisfaction is 85% in rating their satisfaction with the search
results, interface usability, and ease of exploring relationships
between entities regarding Scopus and Google Scholar. This paper
also discusses this research’s potential areas and challenges in
enhancing information organization and retrieval in the LIS domain.

1. Introduction

Knowledge graphs capture entities and their interrelations in a structured format. They are widely

used in various domains, such as search engines, recommendation systems, and artificial intelligence

applications. The best example is Google’s Knowledge Graph, which enhances search results by

providing contextual information. LIS is a multidisciplinary field that focuses on the organization,

management, and dissemination of information. This Journal articles cover information retrieval,

knowledge management, bibliometrics, and digital libraries. Building KGs from these articles can
facilitate better understanding and navigation of the vast body of knowledge within LIS. The growth
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of library and information science literature has increased day by day. They are breaking boundaries
in digital libraries, focusing on user behavior and information retrieval. It becomes challenging
for researchers and Library and Information Science (LIS) practitioners to access relevant information
efficiently. In such cases, it is understandable that researchers and practitioners have sifted through
a mountain of literature like Scopus and Web of Science. They carry out keyword-based search
logic, which is inadequate in LIS because it tends to overload unrelated and remotely related keywords.
In this regard, the emergence of graph technologies specifies the domain to increase the effectiveness
of literature search in terms of comprehension of relational context among various concepts. The
present paper explores the methodologies for building knowledge graphs from LIS journal articles
to enable enhanced information retrieval and knowledge discovery.

2. Background and Related Work

Knowledge graphs (KGs) have entirely changed the information retrieval and resource management
approach. Representations of structured data make semantic extraction easy. KGs are gaining popularity
in different fields for their concepts, authors, institutions, and topics (Hogan, A. et al., 2022). It
enhances query results to focus instead of being a specialized field. Databases are incapable of
capturing the domain-specific relationships between topics and concepts. These are crucial for refining
searches. Information is scattered in scientific papers, databases, and other sources. The assimilation
of this information (Ward, Warren, & Hanisch, 2014) has become a challenge for all fields, like
natural language processing (Danilevsky, 2020) and robotics. On the other hand, other sources of
information like Wikidata, Google, Bing, Ask.com, and others have evolved into robust answer
providers for specific questions (Mandal & Mandal, 2024a). Knowledge graphs (Uyar & Aliyu,
2015) encode information using a mesh of related nodes and edges, allowing the end user to search
and browse data exhaustively. An essential application of knowledge graphs is to represent and
integrate disparate data sources like scientific literature, databases, and ontologies (Rong, Yuan,
& Yang, 2024). It facilitates data-driven discovery, establishes connections between entities, and
allows the entities to be investigated and analyzed. They serve to represent and share information.
They foster the rate of scientific development and enhance the comprehension of the environment.
Knowledge graphs are applied in many areas and different applications, including search engines
(Cheng, Yang, Wang, Zhang, & Zhang, 2020), social networks, recommendation systems (Zou,
2020), health care (An, Y, 2022), and finance (Paulheim, 2016). Younghee Noh and Woojeong
Kwak (2023) addressed creating a database linking local culture and arts resources with the already
registered cultural asset areas. The paper initially identified the nature and level of local resources
that could be connected. The researchers supplied metadata about local culture and arts resources,
which were categorized as material and publication data, document data, audiovisual data, oral
recording data, village information, and personal information. These knowledge graphs (Xiong, Power,
& Callan, 2017) require manual curation of data and the development of custom ontologies, which
are laborious and time-consuming (Mandal & Mandal, 2024b). The algorithm is used for graph

representation and learning on articles’ metadata in the online search engine Semantic Scholar (Wang,
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Mao, Wang, & Guo, 2017). KG embedding in searching academic literature improves the relevance
of the returned documents due to the reliance on semantics and entity matching. Without graph
embedding (Fensel et al.,, 2020), they devised a semantic matching approach based on support
vector machines. From the above literature study, it is clear that there are several challenges in
constructing knowledge graphs, such as a lack of semantic understanding, limited exploration of
relationships, and broad generalization. As Chen et al. (2021) pointed out, both Library and Information
Science (LIS) and Computer Science have become interested in knowledge graphs as a major field.
They compared literature in SCI-Expanded and EI Compendex databases and visualized them in
Citespace. It was discovered that LIS research is on knowledge graph plotting and Visualization.
In contrast, Computer Science research concentrates on the construction method of knowledge, like
entity recognition, knowledge integration, and Semantic Web applications. The domain knowledge
graphs were found to be one of the most significant research directions that can provide new information
about the development of this field. Hofer et al. (2023) investigated the increased demand for generalized
pipelines to construct and renew knowledge graphs. Although generating knowledge graphs with
structured and unstructured data is widely researched, its application in partial updates and integration
is a little-investigated area. The paper has provided an overview of graph models, requirements
of upcoming pipelines, and the most important processes like metadata management, ontology creation,
and quality assurance. It also assessed existing tools and strategies, and identified gaps and areas
that need additional research. The article by Bu et al. (2023) suggested a machine approach to
creating knowledge graphs on large amounts of unstructured information. Their architecture is a
hybrid of convolution neural networks (CNN) and attention-directed bidirectional layers of LSTM,
and its performance is similar to that of RoOBERTa but is more lightweight and faster. They also
presented a paradigm to improve the knowledge graph by incorporating external data through relation
linking and visualized using Neo4j. The method demonstrated that it can increase performance
and be used in other fields, such as music education, where knowledge graphs may contribute

to educational development.

3. Materials and Methods

Knowledge graphs and information in the library are designed to address the challenges outlined
above by providing a domain-specific search engine. This system integrates these relationships into
a search interface that allows users to search semantically across journals. The first step in constructing
a KG is the collection of data. For this study, we selected a comprehensive dataset based on only
55 LIS journal articles from databases like JSTOR, IEEE Xplore, and Scopus. The dataset includes
metadata like authors, journals, concepts, and institutions. These articles are from 2023 to 2024.
Articles are chosen based on relevance, accessibility, and the presence of structured metadata. A
user survey was also done among 20 research scholars who were selected randomly to rate their
satisfaction with the search results, interface usability, and ease of exploring relationships between
entities. For this purpose, a brief questionnaire with 11 questions is used based on general information,

literature search, and knowledge graph usage. We manually review 100 randomly selected triples




36 Knowledge Graph Construction from Library and Information Science Journal Articles

to validate the KG’s accuracy and evaluate precision, recall, and Fl-score metrics.

3.1 Construction of Knowledge Graph

The knowledge graph construction in library and information science journal articles is based
on four steps: data extraction, pre-processing, knowledge graph construction, and Visualization.

3.1.1 Data Extraction

The system uses natural language processing techniques to extract entities from journal articles,
such as authors, research topics, keywords, and institutions. These entities are linked based on

co-occurrence, citation networks, and topic similarities.

3.1.1.1 Defining Scope
At first, relevant LIS journals and the timeframe are defined for this process.

3.1.1.2 Query Design
Advanced search functionalities retrieve articles based on keywords, subjects, titles, and PIDs.

3.1.1.3 Data Expor
Export metadata fields, such as title, abstract, authors, keywords, references, and citations, in
a structured format (e.g., CSV or XML).

3.1.2 Data Pre-processing

Once the entities are extracted, they are organized into a knowledge graph where nodes represent
entities (e.g., authors, journals, concepts) and edges represent relationships (e.g., co-authorships,
citations, topic overlap). This graph structure allows for more nuanced queries and the ability to
explore connections between research elements.

3.1.2.1 Data Cleaning
Incomplete, irrelevant, and duplicate records are removed from the datasets.

3.1.2.2 Normalization
Standardize author names, institution names, and keywords to ensure consistency.

3.1.2.3 Enrichment

The data is from many LIS journals indexed in prominent academic databases like Scopus, Web
of Science, and DOAJ. Using APIs from CrossRef and ORCID ensures the accuracy and comprehensive-
ness of its entity data, providing users with reliable and up-to-date information. Incorporate additional
data sources, such as ORCID or institutional repositories, to enrich metadata.
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3.1.3 Knowledge Graphs Construction

3.1.3.1 Selection of Tools
Use tools like RDFLib, Neo4j, or GraphDB to build the graph.

3.1.3.2 Ontology Development
Define the schema, including entities (e.g., articles, authors) and relationships (e.g., cites, authored

by).

3.1.3.3 Semantic Annotations
Link entities to external ontologies or vocabularies like DBpedia or Wikidata.

3.1.4 Visualization

a visual graph representing topics and sub-topics where users can explore nodes (e.g., journals,
topics, authors) and navigate through their relationships interactively.

3.1.4.1 Querying
It advances patterns and query discovery. Users can search for entities within the graph to explore
related articles, authors, or concepts.

3.1.4.2 Analysis
Conduct a bibliometric and scientometric analysis to derive insights into research trends and

collaboration patterns.

4, Results

After constructing the datasets, the following knowledge graphs are produced. Based on search
results, they show various nodes, such as authors, places, co-authors, PIDs (Persistent Identifiers),
and key terms.
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Knowledge Graph of Journal Articles, Authors, and Related Areas

and CHAMGIT piagin

e S @m:-

o o v varey AW.@

i
s in Migsrurm:

rabe o
N.li‘ al\- P

Fig. 1. Knowledge graphs of LIS Journal Articles, Authors, and Related Areas

The above knowledge graph uses data from LIS journal articles related to authors and areas.
It shows the connections between articles, authors, and key research topics. It shows journals publishing
Articles and authors connected to articles. They have contributed to related areas. The colours differ-
entiate between entities: journals, articles, authors, and associated areas. The graph helps to visualize
the relationships and trends in LIS research.

Simplified PID-Based Enowledge Graph of Journal Articles

\.mumum-u!n
il e e e R
" Aﬁﬂdﬂn
' e bty i e e e "
1 1 .illH'I‘-‘hg W’
. it v ok, -

I'"r ﬂnllr:lla.ll': Ill‘:.l'l JII I.IIA

0 N (TSR ."." e s P S o
UL TR L) '
.-m...,.\...m..r.l.m i i1 1 ol g 4 ..‘1, f mnm- il
Wi i i P
p iy, ‘,na qr,r.ut AT
+ & e

it “;‘w..:‘. !

o i |~nn|l.g|Mml|

.‘...,J.....pu-.u-n—--m«.m !'I\\"i':".i"ﬂﬂ'“""“‘ .‘,M..‘......', ;

i M T e G
b b i “‘L.ﬁw""‘.‘f; | "'J,,‘.\,_ﬂ,..u.q,.,.._.

AT T DS 'l" h" g :'MRIFW'“

| 2 il
.d—'-.-l:":--.-.u.... _,-‘ i' ; ! L 1 ..'_:‘l\ iy : " Imfn'-“’ ..'.'."‘a'..'.“"ﬁp‘m i iy §
.n.. ay wwwhw.m e, Y ‘ i s

ity o i

Fig. 2. PID-Based Knowledge Graphs of Journal Articles
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The above knowledge is created with available PIDs (Persistent Identifiers) from LIS journal
articles. It links articles, authors, and topics through unique identifiers. The graph ensures accurate
connections and helps track research easily. This PID-based knowledge graph focuses on relationships
between PIDs and articles and their respective journals. Each PID is connected to its associated
article, and each journal is shown as publishing its articles. This Visualization simplifies and effectively
focuses on the PID-based relationship.

Key Terms-Based Knowledge Graph of Journal Articles

Fig. 3. Key-term based Knowledge Graph of Journal Articles

The above figure shows knowledge graphs created using key terms from journal articles. It connects
essential terms, topics, and concepts. The graph helps to explore research themes and relationships
in LIS studies. This graph shows journal articles connect multiple key terms. Each entity and label
illustrates the relationships and key concepts covered in each article.

5. Discussions

This knowledge graph is used for academic information retrieval. The metadata datasets of 55
journals provide clear and relevant search results that can be evaluated using three key metrics:
precision, recall, and user satisfaction.

5.1 Precision and Recall

In a set of precision and recall tests, the knowledge graph provides more relevant articles concerning
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other databases like Google Scholar and Scopus due to the system’s ability to understand the contextual
relationships between preservation, policy, and library systems. For instance, a search on "RK Bhatt"
retrieved more relevant articles due to the system’s ability to understand the contextual relationships
between preservation, policy, and library systems. Figure 1 shows the various nodes, which refer
to multiple fields and names of the authors, and it also indicates various relationships and nodes.
We manually review 100 randomly selected triples to validate the KG’s accuracy and evaluate
precision, recall, and Fl-score metrics. From this study, it is clear that 85 (True Positive) triples
are correctly identified, 10 triples (False Positive) are identified incorrectly, and the knowledge

graph misses five triples (False Negative). Hence, the results:

Precision= 85/ (85+10) = 0.8947 i.e. 89.47%
Recall= (85/85+5) = 0.9444 i.e. 94.44%
And F1 Score=2x (89.47 x 94.44)/ (89.47+94.44) = 0.9180 i.e. 91.80%

5.2 User Satisfaction

Knowledge graph structure allows faster retrieval of interconnected entities. A usability test was
conducted among 20 researchers who used Knowledge Graphs, Scopus, and Google Scholar to
perform literature searches. Participants are asked to rate their satisfaction with the search results,
interface usability, and ease of exploring relationships between entities. Results show that users
prefer Knowledge graphs’ semantic search capabilities and intuitive interface. Almost seventeen
researchers (85%) out of 20 reported higher satisfaction than those using Scopus and Google Scholar.
Constructing them step-by-step knowledge graphs: first, entities (authors, articles, journals, PIDs,
key terms) were chosen, then their names, identifiers, and terms were cleaned and normalized to
make them less redundant and consistent. Fig. 1 presents connections between authors, articles,
journals, and related fields to emphasize the research output, collaboration, and topic trends. The
persistent identifiers (DOIs, ORCIDs, and ISSNs) allow an accurate aggregation of articles, authors,
and publication journals, and this accuracy makes identity management reliable, reducing redundancy.
These graphs in combination reveal who publishes, where the research is published, and what topics
are under discussion, as well as revealing influential funders and fine-grained journals, areas of
intersection, and areas of weak coverage, with PIDs augmenting the confidence and key terms

supplying thematic content.

6. Implication

Knowledge graphs (KGs) become a solution to information access and resource finding in a
new, structured format. They enable access to information, data fusion, and semantics-based reasoning.
Given the high rate of increase in the number of literature publications, the search conducted
by researchers and practitioners should be of high relative rank. The knowledge graph is among
the most promising tools for data organization and knowledge extraction, and it boasts numerous
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tools. It portrays the orderly information in the format of nodes and relationships, enabling more
meaningful search capabilities amongst the academic sources. KGs can be applied relatively easily
to understand the complexity of the interconnections between scholarly work, scholarly authors,
and their associated institutions, as well as the subjects they address in the discipline of Library
and Information Science (LIS). The technology boosts information categorization in that the search
results are more relevant to the given query, and thus exploration becomes more accurate and
less time-consuming. This paper discusses how knowledge graphs can be constructed from LIS
journal articles through a systematic approach to extracting entities, relationships, and attributes
from the literature. The resultant knowledge graph is promising in accuracy with an 89.47 percent
recall, 94.44 percent precision, and 91.80 percent F1. Moreover, a user study revealed a satisfaction
level of 85 percent, meaning that users consider the system effective in improving search relevance,
interface usability, and relationship exploration options compared to the current platforms (such
as Scopus and Google Scholar).

6.1 Scalability Aspects:

Scalability is a significant consideration when building on a knowledge graph. Since the number
of LIS publications is still rising, it should be able to cope with extensive, heterogeneous data
collections. Scalable architecture demands a distributed storage system, incremental updating, and
a real-time entity recognition pipeline. Lack of these could mean performance deteriorates when
the corpus grows. Parallelized graph processing and cloud-based structures should be further im-
plemented in the future in order to prioritize large datasets that are navigable at an acceptable
response time.

6.2 Practitioner Adoption Pathways

To achieve the goal of extensive adoption by librarians, researchers, and practitioners, pathways
should be well laid. This includes the integration of KGs in tri-fiber optic transmission, meaning
the existing systems of the library catalogs, institutional repositories, and digital library systems
through APIs and plug-in tools. Using training modules and easy-to-use interfaces can reduce the
technical barriers to entry. Industry-wide events such as collaborative workshops and best practice
guidelines for KG construction will also give LIS professionals confidence to switch to these systems.
Compatible with existing and widely used tools, such as OPACs, discovery layers, and citation
databases, may motivate practitioners to accept them.

6.3 Practitioner Adoption Pathways:

To achieve the goal of extensive adoption by librarians, researchers, and practitioners, pathways
should be well laid. This includes the integration of KGs in tri-fiber optic transmission, meaning
the existing systems of the library catalogs, institutional repositories, and digital library systems
through APIs and plug-in tools. Using training modules and easy-to-use interfaces can reduce the
technical barriers to entry. Industry-wide events such as collaborative workshops and best practice
guidelines for KG construction will also give LIS professionals confidence to switch to these systems.
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Being compatible with existing and widely used tools, such as OPACs, discovery layers, and citation

databases, may motivate practitioners to accept them.

7. Conclusion and Future Directions

LIS journals’ value lies in their ability to optimize the management of resources and the retrieval
of information in Library and Information Science. The findings demonstrate the efficacy of KGs
in representing scholarly knowledge to offer a scalable framework for academic libraries and improve
domain-specific insights. The construction of these knowledge graphs strengthens resource management
and enables more timely discoveries. Future directions are to enhance the natural language processing
procedures concerning entity identification, address novel disciplines, and implement further sophisti-
cated graph-based learning methods.
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