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Abstract: Knowledge graphs are powerful tools for representing the relationships between
concepts and entities in the real world through triples. Due to their superior knowledge
representation and efficient reasoning abilities, knowledge graphs have gained widespread
attention across various fields, leading to their development in multiple domains. However,
research on the construction of journal knowledge graphs remains relatively limited, pos-
ing challenges for the integration and utilization of knowledge in the journal domain. To
address this gap, this study explores effective methods for constructing journal knowledge
graphs and develops a journal knowledge graph-based question answering system. Specif-
ically, journal datasets were collected from multiple sources using the Scrapy framework,
encompassing structured, semi-structured, and unstructured data. A BERT-BiLSTM-CRF
framework was then employed to extract entities, attributes, and relationships from semi-
structured and unstructured data. In addition, the constructed journal knowledge graph
was integrated with large language models (LLMs) to build a journal-related question
answering system, facilitating efficient querying and utilization. Finally, Neo4j was used
for storing the constructed journal knowledge graph.

Keywords: knowledge graph construction; deep learning; large language model; question
answering systems

1. Introduction

A knowledge graph is a relational dataset where nodes represent entities or concepts
in the real world, and directed edges represent relationships between entities. Due to their
rich knowledge representation and excellent knowledge reasoning capabilities, researchers
have developed various general-purpose knowledge graphs [1-4] to meet different needs.
Although these general-purpose knowledge graphs have been successfully applied in
relevant fields, they often fail to fully meet professional requirements in specialized do-
mains. As a result, the construction of domain-specific knowledge graphs has become a
key research topic. Considering the importance of journal data integration and utilization
in scientific research, this paper aims to construct a journal knowledge graph and build a
journal-related question answering system to fill the existing gap in this area.

The existing knowledge graph construction methods can be categorized into three
types [5,6]: bottom-up, top-down, and hybrid construction methods. The bottom-up
approach focuses on leveraging raw data by applying a stepwise data analysis strategy to
extract relationships between entities, thereby organizing the structure of the knowledge
graph. As a result, knowledge graphs constructed by this method are more detailed. The
top-down approach involves constructing a knowledge graph based on predefined entity
types and relationships. This method requires the development of an ontology and clear
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definitions of relationships between entities. Due to the accuracy of the information sources,
the top-down approach typically results in knowledge graphs with lower redundancy. The
hybrid approach combines the strengths of both bottom-up and top-down methods. In
this approach, a large volume of entities and relationships is initially extracted using the
bottom-up method, and after which the top-down approach is employed to filter, refine,
and supplement the information with domain expert knowledge and rules, ensuring the
accuracy and completeness of the knowledge graph. However, the hybrid method still faces
challenges such as dependency on domain experts, potential inconsistencies in knowledge,
and coordination difficulties. The quality of a knowledge graph is closely tied to the
knowledge extraction process, which relies heavily on the named entity recognition (NER)
techniques [7] applied.

Currently, there are two main types of NER methods: one is the machine learning-
based approaches, such as the Markov-based models [8] and Conditional Random Fields
(CRF) [9], and the other one is the deep learning-based approaches, such as the BiLSTM [10]
model. Due to their better ability to handle complex language structures and textual infor-
mation, deep learning-based methods have become widely used. In the literature, Collobert
et al. [11] first systematically demonstrated how convolutional layers can be used to extract
local features from sentences. Based on this, Strubell et al. [12] introduced Iterative Convo-
lutional Neural Networks (ID-CNNs) for large-scale text and structured data prediction.
To better utilize contextual information within sequences, Qiu et al. [13] explored the use of
the LSTM-CRF model for entity recognition in geological reports by capturing contextual
sequence information. Zukov-Gregori¢ et al. [14] employed multiple independent Bi-LSTM
distributions for entity recognition, significantly reducing the number of parameters. To
further make full use of textual information, researchers have incorporated the BERT [15]
pre-trained language model into deep-learning models. For instance, Yang et al. [16] built
the BERT-BiLSTM-IDCNN-CRF model for tracking the polysemy of words; Chen et al. [17]
proposed a BERT-BiLSTM-CRF-based entity extraction method to extract feature infor-
mation from high-frequency speech, while Zhu et al. [18] used the BERT-BiLSTM-CRF
model to extract remanufacturing process entities and constructed a remanufacturing pro-
cess knowledge graph. In addition to BERT, other commonly used pre-trained models
include Word2Vec [19], ELMo [20], and GPT [21]. Notably, BERT effectively integrates the
advantages of other pre-trained models through masked language modeling (MLM) and
next-sentence prediction during pre-training, thereby becoming exceptionally popular in
the field.

As a core subfield of natural language processing (NLP), intelligent question-
answering (QA) aims to comprehend and respond to user queries formulated in natu-
ral language.

In recent years, several open-source large language models such as Zephyr [22], Mis-
tral [23], Phi [24], Flan-T5 [25], ChatGPT [26], ChatGLM [27], and LLaMa3 [28] have demon-
strated strong contextual understanding and language generation capabilities through
training on large-scale datasets. Leveraging the significant advantages of LLMs in terms
of accuracy and efficiency [29], question-answering systems based on these models have
become mainstream approaches. In specialized domains such as finance and law, domain-
specific large models like FinGPT [30] and ChatLaw [31] have driven real-world appli-
cations of these technologies, providing strong support for the intelligent processing of
professional knowledge. However, despite the effectiveness of LLM-based QA systems,
challenges such as hallucinations can impact their accuracy [32]. To address this, using
knowledge graphs to enhance the accuracy of LLM-based QA systems has proven effec-
tive. For instance, Zhou et al. [33] enhanced general large language models (GLMs) for
CPM-QA using a multimodal CMP knowledge graph (CPM-KG). Sun et al. [34] intro-
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duced the Think-on-Graph (ToG) framework, combining LLMs with knowledge graphs
to improve reasoning capabilities in domain-specific tasks. Jiang et al. [35] proposed the
StructGPT framework, which constructs an iterative reading and reasoning mechanism
to access and filter structured data, such as knowledge graphs and databases, enabling
better reasoning. Feng et al. [36] developed the Knowledge Solver (KSL) approach, which
leverages the general capabilities of LLMs to retrieve domain knowledge from external
knowledge graphs. Furthermore, the Retrieval-Augmented Generation (RAG) [37] tech-
nique, which combines retrieval and generation, has been widely adopted to enhance the
question-answering performance of large language models. For instance, Hou et al. [38]
introduced the RAG technique into medical question-answering systems, improving the
accuracy of answers by retrieving structured information from medical knowledge graphs.
Hang et al. [39] developed a novel framework for generating personalized multiple-choice
questions (MCQs) by integrating retrieval-augmented generation with prompt engineering
techniques, utilizing large language models. Additionally, Aigerim et al. [40] alleviated
the “hallucination” problem by retrieving relevant information from external knowledge
sources, thereby supplementing the contextual knowledge of LLMs.

Based on the above discussion, this paper adopts a bottom-up approach to construct a
journal knowledge graph. For structured data, the information is stored as a triple (E, R,
F), where E represents entities, R denotes relationships, and F refers to facts or attribute
values. For unstructured and semi-structured data, the BERT-BiLSTM-CRF framework
was employed to extract entities, attributes, and relationships, which are then further inte-
grated and aligned with the structured data through consistency checks. Considering the
powerful understanding and expression capabilities of LLMs, this paper further proposes
an intelligent question answering system (JKG-LLM) that integrates a journal knowledge
graph with LLMs. In summary, the main contributions of this paper are as follows:

1. We construct the journal knowledge graph by integrating structured, semi-structured, and
unstructured data with the BERT-BiLSTM-CRF model for entity and relation extraction.

2. We propose JKG-LLM, a journal knowledge graph-based question-answering system
that enhances response accuracy through retrieval-augmented generation.

The structure of the paper is as follows: Section 2 describes the construction process of
the journal knowledge graph; Section 3 further introduces the usage of the journal knowl-
edge graph and the question-answering system; and Section 4 presents the experimental
results. Section 5 concludes the paper.

2. The Construction of Journal Knowledge Graph

The construction of the journal knowledge graph consists of five key components:
(1) dataset acquisition; (2) knowledge extraction; (3) knowledge fusion; (4) ontology con-
struction; and (5) knowledge storage and visualization. Figure 1 illustrates the overall
construction process of the journal knowledge graph.

2.1. Dataset Acquisition

Acquiring high-quality, multi-source journal datasets is crucial for constructing a
journal knowledge graph. To ensure the comprehensiveness and accuracy of entity and
relationship information, this paper collects journal datasets from various sources, including
China National Knowledge Infrastructure (CNKI), Wanfang Data, Web of Science, official
journal websites, libraries, and others.
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Figure 1. The overall construction process of the journal knowledge graph.

According to the degree of structure, the datasets can be divided into three categories:
structured data, semi-structured data, and unstructured data. Structured data generated
from databases and third-party journal websites have a clear format and standardized
structure, making it easy for direct analysis and processing. Semi-structured data, while
partially structured, do not fully adhere to a standardized format. Unstructured data lack a
fixed format and usually exist in the form of natural language text. For semi-structured
and unstructured data, this paper employed the Scrapy framework [41] for web crawling,
with the data presented in formats such as HTML and XML. During the crawling process,
the web crawler automatically accessed target websites, grabbed relevant pages, and
extracted the required information based on predefined rules and strategies, converting it
into structured data for subsequent analysis and use. The crawling process for unstructured
and semi-structured data is shown in Figure 2.
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Figure 2. Process for obtaining unstructured and semi-structured journal datasets.

2.2. Knowledge Extraction

Knowledge extraction is one of the key steps in constructing a knowledge graph. This
step aims to automatically or semi-automatically extract knowledge units such as entities,

relationships, and attributes from text. Examples of extractions can be seen in Table 1.
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Table 1. Knowledge extraction example for International Journal of Computer Vision.
Entity Relation Attribute
International Journal of Computer Vision Acceptance Difficulty Fairly Difficult
International Journal of Computer Vision Press Springer US
International Journal of Computer Vision WOS partition Q1
International Journal of Computer Vision Review Cycle About 4.5 months
International Journal of Computer Vision Major Category Computer Science

Since deep learning-based relationship extraction methods and LLM-based models
offer superior accuracy compared to traditional machine learning methods, this paper
adopted the BERT-BiLSTM-CRF model for relationship extraction. In the knowledge
extraction process, the BERT pre-trained model first converts the raw input text into
corresponding word vectors. A BiLSTM model was then used to capture contextual
features from the input text. Finally, due to the strong dependency between output labels,
CRF was employed to decode the output from the BILSTM and generate the label sequence
with the highest probability.

For relationship extraction, the CRF module performs global optimal sequence labeling
to optimize the output from the BILSTM. The score s(x, y) of the input sequence x for the
label y is calculated by:

n n
s(x,y) = Zi:o Wyiyiy T Zi:l Piy, 1)

where W; ; represents the transition weight from label y; to y;. P;,, denotes the probability
of the i word corresponding to label y;. Furthermore, the probability distribution of the
input sequence can be obtained by:

S(xy)

Lyey Y]

P(ylx) = (2)

where Y is the set of all possible label sequences. During the prediction process, the label
sequence with the highest probability is selected, as described by the following equation:

y* = arg maxs(x,y) 3)
yeY

Figure 3 illustrates the knowledge extraction process for the input sequence “Chi-
nese Journal of Computers was first established in 1978, and is published monthly”. The
BERT-BiLSTM-CRF model identifies and labels entities using the BIO tagging method.
After tagging, the entities in the input sequence are identified as “Journal of Computer
Science” (tagged as: B-ORG I-ORG I-ORG I-ORG I-ORG), “1978” (tagged as: B-DATA), and
“monthly” (tagged as: B-TIME). The relationship corresponding to the entity “Journal of
Computer Science” and the attribute “1978” is “founded in” and the relationship corre-
sponding to the attribute “monthly” is “established”. Ultimately, two triplets are extracted:
<Chinese Journal of Computers, established in, 1978> and <Chinese Journal of Computers,
published, monthly>.
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Figure 3. Example of knowledge extraction with the BERT-BLSTM-CRF model.

2.3. Knowledge Fusion

Knowledge fusion aims to integrate information about the same entity from different
knowledge bases and multi-source heterogeneous external knowledge into a unified frame-
work. The main tasks in this process include entity alignment, entity disambiguation, and
knowledge completion.

For entity alignment tasks, this study employs a context-based BERT model to enhance
accuracy. By leveraging the bidirectional encoding mechanism, BERT effectively captures
the surrounding contextual semantics of entities, reducing ambiguities that commonly
arise in dictionary-based matching methods. Furthermore, BERT encodes entity contexts
into vector representations, facilitating more precise entity matching and alignment across
diverse data sources.

Conflicts may arise during information extraction from diverse data sources, including
value conflicts, structural conflicts, and semantic conflicts. For value and structural conflicts,
data priority is determined as follows: the journal’s official website is prioritized over
CNKI and Web of Science, which in turn have higher priority than third-party sources
(e.g., LetPub, Academic Home, etc.). If no relevant information is found, the next-level
data source will be queried sequentially. For semantic conflicts, this study employs entity
disambiguation [42] as the solution strategy. The key is to distinguish entities with the
same name but different meanings. For example, “Machine Learning” can refer to a journal
or a keyword. To address this, the BERT model encodes contextual semantics into vector
representations. “Machine Learning” will have different vector representations in different
contexts, allowing its specific meaning to be inferred based on contextual similarity.

Knowledge completion [43] refers to filling in missing values or gaps in a knowledge
graph, which is often achieved through various methods. This paper employs a rule-based
inference model. For example, in the case of the journal IET Computer Vision, which is
published by Wiley in England, if the publication location of IET Intelligent Transport
Systems is unknown, it can be inferred that the publication location is also England, as both
journals are published by Wiley.
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2.4. Ontology Construction

Ontology construction defines the concepts, attributes, and relationships of entities,
providing a clear semantic hierarchy and constraint rules for the knowledge graph. Existing
ontology construction methods can be divided into manual, semi-automatic, and automatic
construction methods. Manual construction methods ensure high-quality entities but
rely heavily on domain experts, leading to high costs and low efficiency Semi-automated
construction methods combine human expertise with machine assistance. Although this
method can improve construction efficiency, its reliance on human involvement limits its
applicability to large-scale ontology construction. Automatic construction methods extract
entities directly from data sources, enabling efficient and rapid ontology construction.
However, due to technological and algorithmic limitations, the accuracy and completeness
of automatically constructed ontologies may not always meet the standards of the first
two methods. To balance entity quality and construction time, this paper adopts the
semi-automatic ontology construction approach.

During ontology construction processes, we designed a well-defined semantic hi-
erarchy by defining the concepts, attributes, and relationships of entities, see details in
Tables 2 and 3. To address the complex issues of cross-domain journals, evolving indexing
statuses, and interdisciplinary classifications, we implemented the following designs and
optimizations: For cross-domain journals, the Research fields attribute in the Journal class
supports multi-valued input, allowing a journal to be associated with multiple research
fields. For example, IEEE Transactions on Knowledge and Data Engineering can be labeled
as both “Computer Science” and “Information Systems”. Second, to track the evolving
indexing statuses, the Indexing and WOS partition attributes in the Journal class record the
journal’s current state. To capture the dynamic nature of indexing statuses, we added time
information to the WOS partition attribute (e.g., “2023: Q1, 2024: Q2”). Finally, to support
interdisciplinary classifications, we extended the Contains relationship in the Domain class,
allowing a Major to belong to multiple Domains. For instance, “Deep Learning” can be
classified under both “Computer Science” and “Neuroscience”.

Table 2. Data attributes of journal ontology.

Class Data Property Description
. Name of the academic discipline, e.g.,
Domain name P . p
Computer Science
. Specific research direction within a
Major name discipli “ .
iscipline, e.g., “Deep Learning
Keywords, Cycle, Research fields, CAS partition,
Acceptance difficulty, Indexing, Journal metrics,
Journal count, ISSN, EISSN, Impact factor,
H-index, Abstract, Official website, Contact
Journal information, Publisher, Research directions, Various attributes of journals

Publication region, Annual article count, Gold OA
article percentage, WOS partition, Warning list,
CAS major partition, CAS minor partition, TOP

journal, Review journals, SCI indexed, PMC link

Citation Score

Source Normalized Impact per Paper

SNIP (Scopus SNIP)

Impact Factor

Last five-year impact factor, Annual impact factor Annual impact factor
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Table 2. Cont.

Class Data Property Description
CAS partition CAS major Partition, CAS minor Partition Cla§51f1cat10n of the ]Oumal in the CAS
(Chinese Academy of Sciences) system
Website Journal website, Submission website Websites relate.d to the journal and its
submission process
WOS partition Discipline category Discipline category in the Web of Science
(WOS)
. Publication language, Publication year, Publication Details about the publisher, including
Publisher - . .
cycle, Publication region language, year, cycle, and region
Citation score SNIP, SJR Source Normalized Impact per Paper

(SNIP), SCImago Journal Rank (SJR)

Table 3. Object attributes of journal ontology.

Object Property Domain Range
Contains Domain Major
Owns Major Journal

Keywords, Cycle, Research fields, CAS partition,
Acceptance difficulty, Indexing, Journal metrics,
Journal count, ISSN, EISSN, H-index, Abstract,
Official website, Contact information, Publisher,

Owns Journal Research directions, Publication region, Annual article
count, Gold OA article percentage, WOS partition,
Warning list, TOP journal, Review journals, SCI
indexed, PMC link
Owns CAS partition CAS major Partition, CAS minor Partition
Owns CAS major Partition CAS Major Partition Rank
Owns CAS minor Partition CAS Minor Partition Rank
Submits to website Submission website, Journal website
Partition WOS partition Discipline category
Publication language Publisher Publication language
Publication year Publisher Year
Publication cycle Publisher Publication cycle
Publication region Publisher Region
SNIP metric Citation score SNIP
SJR metric Citation score SJIR
Last five-year impact factor Impact factor Impact factor (last five years)
Annual impact factor Impact factor Impact factor (annual)

To ensure the quality and consistency of the ontology, a rigorous validation mechanism
that included both a manual review and an automated consistency check was implemented.
The manual review process assessed the accuracy of entity definitions and relationships
to ensure that the ontology’s knowledge adheres to the standards and requirements of
the domain. The automated tools were utilized to analyze relationships between entities,
ensuring the absence of conflicts or inconsistencies in entity definitions.
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2.5. Knowledge Storage and Visualization

Knowledge storage and visualization are the final steps in constructing a journal
knowledge graph. These steps focus on storing the extracted triplets and ontologies while
enabling effective visualization.

After the construction was completed, this paper successfully built a journal knowl-
edge graph containing over 200,000 triplets. For storage, the Neo4j graph database was
selected as the storage engine for the journal knowledge graph. In Neo4j, entities are repre-
sented as circular nodes, and relationships are denoted by labeled edges. Figure 4 illustrates
the knowledge structure obtained from querying Acta Automatica Sinica using Cypher (see
Section 3.1). The constructed Chinese knowledge graph, as depicted in Figure 4, includes
various details such as the publisher, publication cycle, WOS partition, communication
method, and OA status of the journal.
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Figure 4. Knowledge graph of the Acta Automatica Sinica.

Considering the timeliness of the journal information, incorporating a knowledge
update process is crucial in constructing a journal knowledge graph. The existing update
process consists of schema-level updates and data-level updates. The former involves
modifying the data structure of the knowledge graph, while the latter focuses on adding
new entities or updating relationships between existing entities. This study focuses solely
on the data-level updates of the journal knowledge graph. Specifically, this study introduces
a version control mechanism. Administrators regularly update the data layer to ensure that
the ontology accurately reflects changes in journal information. Each journal entry includes
a timestamp and version number to track updates to journal information. Through this
update mechanism, the system can regularly update journal information based on the latest
data sources and incorporate changes into the ontology in a timely manner, ensuring the
ontology’s timeliness and completeness.

3. The Question Answering System Based on Journal Knowledge Graph

This Section primarily introduces how to query the constructed knowledge graph and
develop a question-answering system based on journal knowledge graphs.

3.1. Knowledge Query

Querying the journal knowledge graph can be achieved with Cypher, the graph query
language provided by the Neo4j database. A Cypher query typically consists of four
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parts: expressions, graph patterns, clauses, and queries. An expression usually refers to
operations performed on values within the query, such as numerical operations, string
operations, relationship operations, list operations, map operations, and path operations.
The graph pattern defines the structure of nodes and relationships in the query, typically
defined within the MATCH clause. The MATCH clause is the core element in Cypher,
which is used to query the database. These components provide flexible operations for
complex journal information retrieval. For example, the following query retrieves detailed
information about the Proceedings of the IEEE journal:

MATCH (n)
WHERE n.Source= ‘Proceedings of the IEEE’
RETURN n

Due to the fact that we are constructing a Chinese knowledge graph, some Chinese
journals and relationships are represented in Chinese. The query results are shown in
Figure 5. The Proceedings of the IEEE journal is divided into Zone 1 by the Chinese
Academy of Sciences, with ‘Artificial Intelligence” as one of its keywords. Its impact factor
is 23.2, and the five-year average impact factor is 18.4. The review cycle is 3-8 weeks,
and the publisher is IEEE. Additionally, the results include information on the country of
publication, acceptance difficulty, and other relevant journal details.

x ~ x
WHERE n.Source= 'proceedings of the ieee' RETURN P T &
Overview ?
@ ¥ _ Node labels
~ - — (showing 50 of 58)
= IF(1)  Keywords1 (1)
~ " K rds3 (1) m
o Y B % Keywords5 (1)  Cycle(1)  Field (1)  Division (1)
& Employment (1)  Employ (1)  ISOA (1)
Indicator (1)  Number (1) Issn(1)  Eissn (1)
Newscore (1) Fiveyearscore (1)  Timescore (1)
Hindex (1)  Citescore (1) (sJR(1)) (SNIP (1)
Subject (1) Partition (1) Rank (1)

Introduction (1) Officialwebsite (1)

ite (1) C ion (1)

- e Publisher (1) Direction (1)  Publishingcountry (1)

Figure 5. Query results for Proceedings of the IEEE.

3.2. Question Answering

With the continuous expansion of data scale, the traditional knowledge graph-based
single-domain question-answering systems face significant limitations. They rely on pre-
existing nodes in the graph structure for intelligent queries, making it difficult to associate
contextual queries from the same user effectively. Consequently, these systems struggle
to meet users’ needs for efficient and diverse knowledge retrieval. At the same time,
relying solely on retraining or fine-tuning large models to improve the performance of
question answering systems is significantly inefficient. Therefore, this study integrates
LLMs, KGs within a retrieval-augmented generation technique to construct a hybrid QA
system. Specifically, the JKG-LLM system is built on the open-source Python framework
LangChain [44] and integrates the Qwen-7B model through Ollama as the generative
module, leveraging its 7 billion parameters to efficiently handle complex queries. The
Retrieval-Augmented Generation framework in the system operates through a collaborative
process between the retriever and the generator: the retriever extracts relevant information
from the knowledge graph and vector database, while the generator produces contextually
consistent answers based on the retrieved results. In the retrieval process, the knowledge
graph is used to extract structured contextual knowledge, while journal metadata are



Electronics 2025, 14, 1728

11 0f 18

embedded into dense vectors stored in the vector database via a pre-trained language
model. To handle long documents (e.g., journal descriptions), we employ an overlapping
segmentation strategy (with each segment consisting of 256 tokens and a 20% overlap)
and utilize the BART model to generate summary embeddings, reducing information loss.
Retrieval from the knowledge graph is implemented using Cypher queries. For example,
when a user queries “SCI Zone 1 journals in the field of Databases”, the system identifies
key entities in the query (e.g., “Databases” maps to the Major entity, and “SCI Zone 1”
corresponds to the WOS partition attribute), then performs the following Cypher query to
retrieve relevant journals:

MATCH (j:Journal)-[:OWNS]->(m:Major)

WHERE m.name = “Database” AND j.WOS_partition = “Q1”

RETURN j.name AS journal_name

The knowledge graph is stored in the Neo4j graph database, leveraging its efficient
graph traversal capabilities to accelerate query processing. For the scoring mechanism,
we use cosine similarity to compute the degree of match between the retrieved candidate
entities and the query vector. During answer generation, the generator ensures logical con-
sistency with the knowledge graph through prompt optimization, and performs semantic
reasoning based on the retrieved knowledge, thereby generating contextually appropri-
ate responses.

In JKG-LLM, the knowledge graph has unique advantages in processing structured
knowledge and logical reasoning, which can clearly display the relationships and reasoning
paths between knowledge and continuously update over time to ensure the real-time per-
formance of the knowledge base. Through the visualization of graph structures, the system
can intuitively present a large amount of knowledge and its interrelationships, helping
users better understand complex knowledge networks. Meanwhile, Qwen-7B is deployed
locally through Ollama, efficiently handling complex queries with its 7 billion parameters,
while ensuring logical consistency with the journal knowledge graph through prompt opti-
mization. Based on semantic reasoning from the knowledge graph, it generates accurate
answers that are contextually appropriate. Unlike traditional large language models that
rely solely on textual data, the JKG-LLM combines the knowledge graph to fill in gaps in
logical reasoning, while leveraging the strengths of large language models in addressing
open-ended questions, thereby providing more comprehensive and dynamic responses.

Figure 6 shows the overall framework of JKG-LLM, where users interact in multiple
rounds through natural language. Specifically, when a user asks a question, JKG-LLM first
processes the query using an LLM to understand the user’s intent and generate the prelimi-
nary query semantics. This information is then passed on to an intelligent agent (Agent),
which determines the subsequent actions based on the type of problem. If relevant infor-
mation exists in the knowledge base, the Agent retrieves the corresponding content and
refines the LLM-generated response to provide a more accurate answer. If no relevant infor-
mation is available, the system defaults to generating answers using the LLM to avoid an
unanswered query. Finally, JKG-LLM comprehensively sorts the retrieved information and
generated content, and outputs the optimal solution. Meanwhile, to ensure the timeliness
of system responses, administrators regularly perform data maintenance, updating journal
information in the knowledge base to accurately reflect the latest journal developments.
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Figure 6. JKG-LLM design framework of Q&A system.

After the user raises a question, JKG-LLM retrieves relevant multidimensional in-
formation based on the knowledge graph and provides fast and accurate answers. For
example, if a user asks, “I have an article in the database field and would like to submit it to
a SCI Zone 1 journal. Can you recommend two journals for me?” JKG-LLM first performs
semantic analysis on the natural language query to understand the user’s intent and spe-
cific requirements, including the topic of “database” and the request for recommendations
of two SCI Zone 1 journals. After parsing the query, the LLM generates an initial query
statement, which is then executed by an intelligent agent to search the knowledge graph
for journals that meet the criteria—belonging to SCI Zone 1 and relevant to the database
field. Finally, the LLM formulates a response based on the retrieved results, providing
precise recommendations.

The comparison of answers generated by other large models is shown in Table 4. As
shown in Table 4, two common issues are observed with the response of large models
for comparison: one is the recommendation of incorrect journals, and the other is the
suggestion of articles instead of journals. These inconsistencies primarily arise because
these LLM models rely on knowledge bases that are updated up to around 2023, which
limits their access to the most current journal ranking information. In contrast, JKG-LLM
accurately associates JCR journal rankings with their corresponding years, enabling users
to retrieve not only the latest ranking information but also the specific year of each ranking.
This ensures both accuracy and timeliness in the information provided.
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Table 4. Example of large language models for journal recommendation.

Question: I Have an Article in the
Database Field and Would Like
to Submit It to a SCI Zone 1

Q&A

LLM Journal. Can You Recommend Real Partition Results Applicable Scenarios
Two Journals for Me?
Generate Reply
The International Journal on Very 2
ChatGPT Large Data Bases, ACM Q2 X General Q&A
Transactions on Database Systems
Advanced Engineering Q1 Domain-specific
JKG-LLM Informatics, Information Q1 v journal
Processing and Management recommendations
ACM Transactions on Database Q2
ChatGLM Systems, IEEE Transactions on Q1 X General Q&A
Knowledge and Data Engineering
IEEE Transactions on Knowledge Q1
Qwen and Data Engineering, ACM Q2 X General Q&A
Transactions on Database Systems
Effectiveness of Journals Funded
by Category D of the China
Science and Technology Journal
01.AI International Influence . Two articles X General Q&A
Enhancement Program—Inclusion
in SCIE/SSCI, Impact Analysis of
Chinese Scientific and Technical
Journals Indexed by Scopus
. ACM Transactions on Database Q2
Ernie Bot Systems, The VLDB Journal Q2 x General Q&A
IEEE Transactions on Knowledge Q1
Deepseek and Data Engineering, ACM Q2 X General Q&A
Transactions on Database Systems
OpenAlex PubMed, PubMed Central Error X Domain Q&A

Unlike traditional knowledge graph-based question-answering systems that rely on
SPARQL queries, the JKG-LLM system does not require users to write structured queries.
Instead, it directly parses the query content using natural language understanding tech-
niques and returns relevant answers. This approach enables users to interact with the
system more easily, without needing to understand complex query syntax.

4. Experiment
4.1. Datasets

Currently, there is no standardized corpus of journal entities in the field of knowledge
graphs. To validate the model, this study collected 13,400 web page data entries and
constructed an NER dataset covering journal-related domains. During data processing,
semi-structured and unstructured data were manually annotated using the BIO tagging
method to ensure accuracy. The annotated data were then tokenized, with irrelevant words
and punctuation removed to reduce noise. Finally, the dataset was split into training and
test sets at an 8:2 ratio to ensure both model generalization and effective training.

4.2. Experimental Environment and Parameter Settings

The experiment was conducted using the deep learning framework TensorFlow 1.14.0
and Keras 2.2.4 in a Python 3.7 environment, the version of Neo4j is community 5.21.0,
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Langchain version is v0.2. The hardware configuration included an Intel Core i7-10750H
CPU, 32 GB RAM, and an NVIDIA RTX 2060 GPU with CUDA 12.6. During training, the
Adam optimizer was employed with a learning rate of 2 x 10> and a batch size of 32. To
mitigate overfitting, Dropout was applied to both the input and output of the BILSTM with
a dropout rate of 0.1. The detailed parameter settings are provided in Table 5.

Table 5. Parameter configuration.

Parameter Category Value
Embedding_dim 100
Max_seq_len 256
Hidden_dim 512
Batch_size 32

Learning_rate 2x107°

Optimizer Adam
Drop out 0.1
Epoch 50

4.3. Model Evaluation Metrics

To evaluate the effectiveness of the experimental results, the evaluation metrics primar-
ily include Precision (P), Recall (R), Accuracy (A), and Fl-score. The calculation formulas
are as follows:

p— %fpp % 100% 4)

R = TP%FN % 100% 5)

F1 = % % 100% 6)
T TP+ "Ezli?;+ N < 100% @

In the formula, TP denotes the number of true entities correctly predicted as true enti-
ties; FP represents the number of non-entities predicted as true entities; FN is the number
of entities not predicted; and TN indicates the number of non-entities correctly predicted.

4.4. Result

To validate the performance of different models, this study selected IDCNN-CRE,
BiLSTM-CREF, BiLSTM-Attention-CRF, and BERT-BiLSTM-CRF as comparison models. The
results of these models are shown in Table 6. Due to the construction of a specialized
corpus, all models performed well in recognizing journal names and their attribute entities.
Among them, the BERT-BiLSTM-CRF model outperformed the other three models across
all evaluated metrics, including precision, recall, F1-score, and accuracy. Compared with
the IDCNN-CREF, BiLSTM-CREF, and BiLSTM-Attention-CRF models, the Fl1-score of the
BERT-BiLSTM-CRF model improved by 6.60%, 3.98%, and 2.30%, respectively. These
results demonstrate that integrating the BERT model significantly improved the model’s
ability to comprehend complex contexts in the journal domain, particularly in journal
entity recognition.
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Table 6. Entity identification results of different models.
Model P R F1 ACC
IDCNN-CRF 75.62% 67.85% 69.12% 68.59%
BiLSTM-CRF 79.75% 70.42% 72.01% 71.21%
BiLSTM-Attention-CRF 80.12% 72.10% 73.69% 72.89%
BERT-BiLSTM-CRF 82.38% 73.75% 76.69% 75.19%

Figure 7 illustrates the loss curves of the BERT-BiLSTM-CRF model. train_loss rep-
resents the cross-entropy loss on the training set, which measures the difference between
the model’s predictions and the actual labels in the training data. test_loss refers to the
cross-entropy loss on the test set, evaluating the model’s performance on the test data
and helping prevent overfitting. As the number of epochs increases, both train_loss and
test_loss gradually decrease and approach zero, indicating that the model is training prop-
erly and performing well. In the early stages of training, the loss curves show a rapid
decline. As training progresses, the model adjusts the learning rate through the Adam
optimizer, gradually learning the mapping between the input data and output labels. This
results in distinct phases of change in the curve. In the later stages of training, the rate of
loss reduction slows down and eventually stabilizes.

— train_loss
=== test_loss
8 4
6 g
w
(%]
o
4
2 g
ol - M&_-_ =
0 10 20 30 40 50

epoch

Figure 7. Change in Loss Values for Training and Test Sets.

Note that although the BERT-BiLSTM-CRF model performs well on most sentences in
relation to extraction tasks, some biases still appear in the journal domains or in short-text
cases. These errors are mainly categorized into two types: incorrect entity linking and
incorrect triple generation, as shown in Table 7. To address these two types of errors, we
implemented the following improvements: First, we increased the amount of annotated
data containing similar structures to ensure that publisher entities, such as Springer, Elsevier,
and IEEE, are correctly categorized as “publishers”. Second, after generating the triples,
we leveraged Web of Science to verify entity categories, ensuring that entities such as
“Quantum” are accurately recognized as journal names.
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Table 7. Errors in knowledge extraction.

Error Types Example

“Journal of Economic Perspectives is an economics
journal focusing on macroeconomic directions,
published by American Economic Association.”,
“American Economic Association” should be
recognized as a publisher entity, but the
BERT-BiLSTM-CRF model incorrectly labels it as “O”.

“Quantum is a physics journal focusing on quantum
mechanics, published by Verein zur Forderung des
Open Access Publizierens in den
Incorrect Triple Generation Quantenwissenschaften”. “Quantum” should be
labeled as “B-JOURNAL”, but the model incorrectly
predicted it as “B-DOMAIN”, leading to a

misclassification error.

Incorrect Entity Linking

To further evaluate the performance of JKG-LLM, we analyzed the error rate under
various query scenarios. The queries were categorized as simple or complex, and we
examined how factors such as query complexity, query type, and the academic disciplines
involved influenced the error rate. Our experimental results demonstrate that the error rate
for single-fact retrieval queries is approximately 5 errors (out of 50 examples), while the
error rate for multi-step reasoning tasks rises to 12 errors (out of 50 examples). Moreover,
since the majority of the datasets are from engineering disciplines, the system performs
better in computer science but shows a relatively higher error rate in the social sciences,
highlighting the impact of academic disciplines on system performance.

5. Conclusions

This paper presents a method for constructing a journal knowledge graph to efficiently
utilize journal data. The Scrapy framework was used to collect journal datasets, followed
by entity extraction with the BERT-BiLSTM-CRF framework, and the journal knowledge
graph was built using Neo4j. The integration of knowledge graphs with LLMs enhances
interpretability, real-time performance, and intelligence, improving the system’s ability to
solve complex journal-related problems.

By leveraging the journal knowledge graph as a knowledge base and integrating it
with a large language model, we developed an intelligent question-answering system that
improves response quality and system reliability. This work introduces novel strategies for
knowledge management in the journal domain and has practical value in applications such
as academic information retrieval and journal recommendation.

This paper presents a preliminary step in constructing the journal knowledge graph.
However, the semi-automated approach limits efficiency, especially when processing long
or complex texts. Ensuring efficient updates and expansion of the graph will be a key
challenge for future research. Future work may explore integrating advanced technologies
like graph neural networks to enhance reasoning and efficiency.
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