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Abstract. Constructing Knowledge Graphs from unstructured textual sources poses significant challenges due to the
inherent ambiguity of natural language and the high cost and limited scalability of manual knowledge modeling. Recently,
Large Language Models (LLMs) have emerged as a promising alternative for automating knowledge extraction and struc-
turing, resulting in a rapidly expanding body of research. This article aims to provide a scoping review of methods using
LLM:s to construct Knowledge Graphs from text, map existing approaches, identify methodological patterns, and ana-
lyze their strengths and limitations, thereby synthesizing the state of the art. The review employs a systematic protocol
consistent with PRISMA guidelines and examines 126 primary studies. The literature is categorized into four method-
ological groups: Ontology-Based, Prompt-Based, RAG-Based, and Hybrid Pipelines. Each category is analyzed with
respect to the role of LLMs within the construction pipeline, the degree of semantic formalization, and the architectural
strategies implemented. Comparative analysis is performed using five evaluation criteria: exactness, scalability, adapt-
ability, reproducibility, and ease of implementation. The findings demonstrate that no single approach comprehensively
addresses all challenges inherent to LLM-based Knowledge Graph construction. Ontology-Based methods provide robust
semantic guarantees but demand considerable manual effort. Prompt-Based approaches facilitate rapid deployment yet
exhibit variability and limited reproducibility. RAG-Based methods enhance grounding through external evidence but
introduce reliance on retrieval mechanisms. Hybrid Pipelines yield higher extraction accuracy, though at the expense of
increased architectural complexity. The review identifies substantial heterogeneity in evaluation practices and a lack of
standardized quantitative metrics. These results underscore the necessity for consistent evaluation frameworks to enhance

comparability, reliability, and the advancement of research in LLM-assisted Knowledge Graph construction.
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1 Introduction

Organizations produce substantial documentation during
projects, such as financial reports, employee performance
records, and design and engineering documents. Approxi-
mately 90% of this information is unstructured. Despite its
prevalence, organizations frequently lack comprehensive in-
sight into the content of these documents, even though about
58% of unstructured data is reused after its initial application
[Muscolino et al., 2023; Negro et al., 2022].

Unstructured data represents a significant information
asset, and organizations capable of processing, managing,
and analyzing it may achieve a competitive advantage. Uti-
lizing this data enhances productivity and helps manage
growing data complexity. Moreover, expressing a rich se-
mantic model in a machine-readable format enables the
derivation of advanced insights. It supports complex reason-
ing, such as causal inference [Negro ef al., 2022; Kejriwal
etal., 2021].

Transforming unstructured data into structured knowl-
edge is a complex, multi-stage process. The inherent chal-
lenges associated with enabling machines to understand nat-
ural language have contributed to the adoption of Knowl-
edge Graphs (KGs). A Knowledge Graph provides a prac-
tical, machine-readable representation of information about
the world, consisting of interconnected facts that describe
real-world entities and their relationships. This representa-

tion allows knowledge to be interpreted by both humans and
computational systems [Negro et al., 2022; Kejriwal et al.,
2021].

Knowledge Graphs have demonstrated their usefulness
in enriching business processes by enabling contextualized
content delivery and personalized responses. However, con-
structing knowledge graphs remains challenging, and devel-
oping systematic solutions that automatically generate them
from unstructured data would constitute a significant ad-
vancement over predominantly manual approaches [Zhong
et al., 2023].

The automatic construction of a knowledge graph re-
quires advanced techniques to represent entities and rela-
tionships within a network structure. This process typically
involves entity recognition, coreference resolution, and re-
lation extraction. Entity recognition focuses on identifying
mentions of entities in the data, coreference resolution deter-
mines which mentions refer to the same entity, and relation
extraction establishes semantic connections between entities
[Negro et al., 2022; Zhong et al., 2023].

In this context, Large Language Models (LLMs) offer a
faster, more efficient alternative to manual knowledge graph
creation. These models can handle spelling variations, in-
consistencies in entity naming, and incomplete information,
while also capturing the complex linguistic contexts present
in natural language text [Negro ef al., 2022; Alammar and
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Grootendorst, 2024].

As Large Language Models increasingly automate
knowledge extraction and structuring, understanding the
methodologies for constructing Knowledge Graphs from tex-
tual data is essential. A scoping review is warranted to sys-
tematically map current techniques, evaluate their effective-
ness, and identify gaps in the literature. This analysis informs
the selection of suitable methodologies, supports the refine-
ment of existing approaches, and advances research and prac-
tice in the field.

The structure of this article is as follows. The first sec-
tion, Basic Concepts, establishes the conceptual foundation
for the research. The second section, Related Surveys, re-
views prior surveys in the field and delineates the primary
contributions of this study. The third section, Methodology,
details the research protocol, including the review process
and reporting strategy. The article then analyzes identified
knowledge graph construction methods and concludes with
a discussion of the principal findings.

2 Basic Concepts

This section outlines the conceptual foundations underpin-
ning the study. It first examines the principles and chal-
lenges of knowledge graph construction, with emphasis on
its incremental and use-oriented characteristics. It then intro-
duces Large Language Models, discussing their core mech-
anisms, interaction paradigms, and related techniques, such
as prompt engineering, retrieval-augmented generation, and
fine-tuning strategies. Collectively, these discussions pro-
vide the conceptual basis for analyzing the application of
LLMs in knowledge graph construction.

2.1 Knowledge Graph Construction

Knowledge graph construction is a complex task, particu-
larly because there is rarely a pre-existing graph that fully
meets the needs of a specific domain. As a result, it is com-
monly understood as an incremental process in which hetero-
geneous data are integrated into a unified, coherent, and se-
mantically grounded representation. This incremental nature
implies that conceptual and modeling decisions are continu-
ously revised as new data sources or new analytical demands
emerge [Kejriwal et al., 2021; Negro et al., 2022].

In this context, knowledge graph construction has been
widely investigated as an alternative to manual approaches,
which are traditionally characterized by high cost, low scala-
bility, and maintenance difficulties. More specifically, this
process is also incremental, whereby data from heteroge-
neous sources are progressively transformed into a seman-
tic structure composed of entities, relations, and explicit de-
scriptions [Zhong et al., 2023].

Along these lines, Negro et al. [2022] emphasizes that
automatic knowledge graph construction should be under-
stood as a layered and use-case-driven process. Rather than
focusing initially on defining complex semantic structures,
the emphasis lies on the explicit organization of entities, re-
lations, and properties extracted from data. Notably, the au-
thors highlight that outputs from language models or auto-
matic extraction techniques should not be treated as the fi-
nal graph. Instead, they should be treated as intermediate
representations, subject to normalization, consolidation, and

Bottino et al. 2026

reorganization before their definitive incorporation into the
knowledge graph.

From this perspective, it becomes essential to sepa-
rate the extraction stages from the graph organization stages.
While extraction focuses on automatically identifying rel-
evant elements in texts, graph organization aims to ensure
structural consistency, reduce redundancy, and maintain in-
formation traceability to the original data sources. Conse-
quently, this separation enhances transparency in the con-
struction process and enables iterative adjustments as the
graph evolves [Negro et al., 2022].

Therefore, automatic knowledge graph construction
should not be understood as a linear or one-off procedure,
but rather as a continuous refinement process. In this process,
the adopted level of structure is determined by usage needs
and analytical demands. Effective knowledge graphs are thus
those whose degree of semantic organization is compatible
with their objectives, balancing structural simplicity, inter-
pretability, and the potential for long-term evolution [Zhong
et al., 2023; Negro et al., 2022].

2.2 Large Language Models

In parallel with advances in knowledge graph construction,
Large Language Models have emerged as a central techno-
logical component in contemporary natural language pro-
cessing. These models consist of computational systems
trained to predict the next textual unit in a sequence, where
this unit is defined at the token level. Learning takes place
using extensive collections of previously tokenized text, in
which the model adjusts its parameters to minimize the error
between predicted and observed tokens. Through this self-
supervised learning process, models can capture statistical
regularities of language, including syntactic patterns, seman-
tic associations, and discourse structures [Jurafsky and Mar-
tin, 2025].

Text generation in LLMs is conditional, as each gener-
ated sequence depends on the initial context provided to the
system. Within this process, three concepts play a central
role: prompt, temperature, and Top-K [Jurafsky and Martin,
2025].

* The prompt corresponds to the initial text presented to
the model and defines the context in which subsequent
tokens will be predicted.

* temperature controls the degree of randomness in se-
lecting the next token; increasing it broadens the prob-
ability distribution.

* The Top-K method restricts the selection to the most
probable tokens, limiting variability and increasing de-
terminism as the value of K decreases.

Taken together, these mechanisms regulate how the
model’s knowledge is mobilized to produce coherent and
contextually appropriate texts. In the following section, the
concepts of prompt engineering, Retrieval-Augmented Gen-
eration (RAG), and fine-tuning are defined.

2.2.1 Prompt Engineering

Given that interaction with Large Language Models primar-
ily occurs through natural language, the formulation of ade-
quate instructions is a critical factor. For this reason, prompt
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engineering has emerged as a systematic practice for design-
ing textual prompts that guide the model’s behavior during
response generation [Berryman and Ziegler, 2024; Phoenix
and Taylor, 2024].

In general, the prompt acts as the primary condition-
ing mechanism for generation. It may take the form of direct
questions, explicit instructions, or more elaborate structures
combining context, constraints, and other elements. In this
sense, instructions formulated clearly and explicitly tend to
produce responses more closely aligned with user expecta-
tions, particularly when they precisely delimit both the task
and the desired output format [Berryman and Ziegler, 2024].

Beyond direct instructions, prompt engineering may
also incorporate examples to induce specific response pat-
terns. This approach, known as in-context learning, allows
the model to identify regularities from the examples provided
within the prompt itself and to adjust its generation accord-
ingly [Berryman and Ziegler, 2024].

Furthermore, the position of information within the
prompt plays a relevant role. Information placed at the be-
ginning or end of the prompt tends to exert greater influence
on the generated response. In contrast, content in the mid-
dle may become less relevant, a phenomenon referred to as
middle-content loss [Berryman and Ziegler, 2024].

Additionally, prompts structured into well-defined com-
ponents, such as context, contexttion, examples, and re-
sponse format, tend to yield greater consistency and pre-
dictability, particularly in more complex applications [Mao
et al., 2025]. Thus, prompt engineering encompasses not
only lexical choices but also structural decisions regarding
information ordering and explicit articulation of interaction
objectives.

In this work, four main types of prompt construction
were considered: zero-shot, few-shot, sequential prompting
chains, and prompt templates.

In zero-shot prompting, the model receives only the pri-
mary instruction, without additional examples to guide the
expected response pattern. As a consequence, this approach
relies heavily on the clarity and precision of textual formula-
tion and on the knowledge previously embedded in the model
during training [Schulhoff er al., 2024].

By contrast, few-shot prompting incorporates explicit
examples within the prompt, guiding the model toward the
expected semantic or structural pattern. This technique is
beneficial when the central term of the prompt is ambiguous
[Reynolds and McDonell, 2021].

Sequential prompting chains further extend this inter-
action by organizing it into successive stages, in which each
response feeds into the subsequent instruction. This strategy
enables the decomposition of complex tasks into smaller and
more controllable operations [Schulhoff et al., 2024].

Finally, prompt templates prioritize structural standard-
ization by using fixed, reusable instruction formats. Un-
like sequential prompting chains, which emphasize tempo-
ral order, prompt templates focus on predefined components
such as the role assigned to the model, the task to be per-
formed, semantic constraints, and the expected response for-
mat [Phoenix and Taylor, 2024; Mao et al., 2025].
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2.2.2 Retrieval-Augmented Generation

Large Language Models can produce responses through con-
ditional generation, leveraging knowledge previously embed-
ded in their parameters during training on large textual cor-
pora. However, this capability presents essential limitations,
such as the production of factually incorrect responses, the
absence of reliable calibration mechanisms, and the inability
to access proprietary or updated information after the train-
ing period [Jurafsky and Martin, 2025].

In light of these constraints, integrating Large Language
Models with information retrieval techniques emerges as a
relevant methodological alternative. Information retrieval is
characterized as the process of selecting the most relevant
documents from a collection, given a query that expresses an
information need [Jurafsky and Martin, 2025].

Retrieval-Augmented generation constitutes an ap-
proach that explicitly integrates information retrieval tech-
niques with Large Language Models, aiming to overcome
limitations inherent to purely parameter-based generation
[Jurafsky and Martin, 2025].

RAG’s operation is generally organized into two artic-
ulated stages. Initially, given a natural language query, the
system triggers a retrieval mechanism that identifies poten-
tially relevant documents or text passages within a predefined
collection. This retrieval may be based on sparse representa-
tions grounded in term matching or on dense representations
in which queries and documents are projected into a shared
vector space. In both cases, the objective is to select con-
tent that exhibits greater semantic proximity to the expressed
information need [Jurafsky and Martin, 2025].

Subsequently, the retrieved texts are incorporated into
the input context of the Large Language Model. Response
generation then occurs conditionally, not only on the origi-
nal query but also on the textual evidence provided by the
retrieval stage. In this way, the model ceases to operate as
a closed system and instead functions as a component inte-
grated with an external document base, using explicit infor-
mation to support its responses [Jurafsky and Martin, 2025].

2.2.3 fine-tuning

As previously presented, Large Language Models, after the
initial pretraining stage, exhibit relevant limitations in their
ability to follow human instructions and to produce responses
aligned with utility and safety criteria. This limitation occurs
because the core objective of pretraining is to predict the next
textual unit, which, by itself, does not ensure that the model
adequately fulfills the intentions expressed in a request. In
this context, a contextual set of training procedures, referred
to as post-training, is necessary, within which fine-tuning is
situated. fine-tuning is the technique of adapting a trained
model to a specific task by retraining it [Jurafsky and Martin,
2025].

Different fine-tuning strategies share the general objec-
tive of adapting or aligning model behavior to specific usage
requirements. These strategies differ in purpose, data type,
and impact on model parameters. In general, three main
approaches can be identified: fine-tuning as a continuation
of pretraining, aimed at adaptation to new textual domains;
instruction-supervised fine-tuning, directed at improving the
ability to follow natural language commands; and parameter-
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efficient fine-tuning, which seeks to reduce computational
costs through partial architectural updates [Jurafsky and Mar-
tin, 2025].

Within this set of approaches, instruction-supervised
fine-tuning plays a central role in aligning models with hu-
man expectations. Instruction fine-tuning consists of con-
tinuing the training of a previously trained model using a
dataset of natural language instructions paired with correct
responses. Unlike pretraining, in which data lack an explicit
supervised objective, at this stage each instruction is asso-
ciated with a reference response, characterizing the process
as supervised. Nevertheless, the optimization objective re-
mains the same: predicting the next textual unit using a cross-
entropy-based loss function [Jurafsky and Martin, 2025].

3 Related Surveys

This survey is related to the state of the art in constructing
Knowledge Graphs from text using Large Language Models.
An evaluation of several research survey papers on this theme
was conducted. In this section, we present recently proposed
survey papers on these topics. The following surveys were
identified using the search strategy described in Section 4.1.

The survey by Zong et al. [2024] provides a comprehen-
sive overview of challenges in Chinese biomedical text min-
ing, covering the period from 2017 to 2023. It analyzes 39
evaluation tasks in six community challenges, including the
China Conference on Knowledge Graph and Semantic Com-
puting and the China Health Information Processing Confer-
ence. Furthermore, the study compares these challenges with
international initiatives such as BioCreative and discusses
how Large-Scale Language Models can improve biomedical
knowledge extraction.

Pan et al. [2024] provides a roadmap for integrating
LLMs and Knowledge Graphs. The authors categorize exist-
ing approaches into three principal axes: LLMs using KGs
to obtain more reliable information; KGs constructed from
text using LLMs; and hybrid systems combining symbolic
learning and neural connections.

Li and Xu [2024] presents an overview of recent ad-
vancements and challenges in the integration of Knowledge
Graphs and Large Language Models. Although the paper dis-
cusses how LLMs can contribute to KG construction, espe-
cially from text, it does not follow a systematic methodology
and lacks a taxonomy of the reviewed methods.

Wang et al. [2024] surveys the state of the art in Knowl-
edge Graph construction techniques, including those based
on LLMs. The study provides a categorization of construc-
tion strategies, such as rule-based, machine learning-based,
and LLM-based approaches, and discusses future research
directions. However, it does not define explicit research ques-
tions nor apply a systematic review protocol.

Surveys by Liang et al. [2024] and Zhu et al. [2024]
were analyzed during an exploratory search. The work of
Liang et al. [2024] presents a review of LLM-augmented
Knowledge Graphs in complex product design, analyzing 42
studies published between 2021 and 2024. While it identi-
fies applications, challenges, and future research directions,
it does not cover all methods for constructing Knowledge
Graphs from unstructured text.
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Similarly, Zhu et al. [2024] provides a comprehensive
evaluation of LLMs for Knowledge Graph construction and
reasoning, offering both quantitative benchmarking and new
approaches. Although the paper evaluates LLMs for KG-
related tasks, it does not present a structured taxonomy of
LLM-driven approaches to KG construction from text.

Table 1 summarizes the surveys analyzed in this sec-
tion alongside the present work. Each criterion reflects a
specific aspect of how survey studies analyze Knowledge
Graph construction using Large Language Models. The cri-
terion Analyzes KG Construction from Text using LLMs indi-
cates whether a survey explicitly addresses the use of LLMs
for constructing Knowledge Graphs from textual data. Uses
Research Questions for Evaluation & comparison refers to
the presence of explicitly stated research questions guiding
the comparative analysis. Follows a Systematic Review Ap-
proach (e.g., PRISMA) captures whether a formal and repro-
ducible review protocol is adopted. Provides a structured
taxonomy of KG construction methods from text using LLM
denotes whether the survey organizes the reviewed methods
into a coherent classification scheme. The criterion Exam-
ines the role of LLMs across KG construction stages reflects
whether the survey analyzes how LLMs are applied at dif-
ferent stages of the construction process, such as extraction
or structuring. Finally, Centers on KG construction from
unstructured text using LLMs indicates whether this prob-
lem constitutes the primary analytical focus of the survey
rather than a secondary or supporting topic. Each criterion
is marked by an ‘X’ when applicable.

This study exists to complement and address key gaps
in previous surveys, as highlighted in the comparison table.
By centering the analysis on KG construction from unstruc-
tured text using LLMs and examining how LLMs are used
across the stages of KG construction, this study emphasizes
aspects of the construction process while maintaining a sys-
tematic approach, research-driven evaluation, and a formal
taxonomy.

4 Methodology

This study conducted a scoping review to identify key con-
cepts, available evidence types, and gaps in existing research,
thereby mapping the field of study. The review followed
the structured methodology outlined by Peters et al. [2015],
which included defining the objective and guiding research
question, establishing inclusion and exclusion criteria, se-
lecting data sources, collecting and organizing the results,
and presenting the findings.

The review process was divided into three phases: plan-
ning, which involved developing the research protocol; exe-
cution, which entailed conducting the review; and reporting,
which focused on summarizing and presenting the results.

4.1 Research Protocol

The research protocol for this state-of-the-art review aimed to
outline the process for identifying and analyzing the existing
body of literature. Below, we describe the research questions,
steps, and criteria used to conduct the review.
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Table 1. Comparison of Survey Studies on LLMs and Knowledge Graph Construction

Criteria Zong Pan Liang Zhu Li and Wang This
et al. et al. et al. et al. Xu et al. Study
[2024] [2024] [2024] [2024] [2024] [2024]

Analyzes KG Construction from - - X X X X X

Text using LLMs

Uses Research Questions for - X X X - - X

Evaluation & Comparison

Follows a Systematic Review Ap- - - - - - - X

proach (e.g., PRISMA)

Provides a structured taxonomy - - - - - X X

of KG construction methods from

text using LLM

Examines the role of LLMs - - - - - - X

across KG construction stages

Centers on KG construction from - - - - - - X

unstructured text using LLMs

4.1.1 Research Questions

The study sought to identify primary research and examine
existing approaches in the literature that construct Knowl-
edge Graphs from text sources using Large Language Mod-
els. The key research question was framed using the PCC
acronym (P = Population; C = Concept; C = context), where
the Population is Knowledge Graphs, the Concept is Large
Language Models, and the context is raw text as a data source
[Peters et al., 2015]:

“What techniques are associated with the use of
LLMs in constructing knowledge graphs from text
sources?”

To guide this review, the following research questions
were formulated, each with specific motivations, objectives,
and methodological strategies:

Which LLMs have been most commonly used for this
purpose?

This question aimed to identify the most frequently used
LLMs by analyzing their mentions in primary studies. The
objective was to determine which models have been most
widely adopted for knowledge graph construction.

In which domains have LLLMs been most frequently
applied for this purpose?

This research question aimed to identify the domains in
which knowledge graph construction with LLMs has been
applied. Since knowledge graphs are used across various
fields, it was essential to categorize and highlight the most
relevant domains reported in the literature.

What are the key advantages of using LL.Ms for this
purpose?

In addition to comparative analysis, this question eval-
uated the feasibility and benefits of employing LLMs for
knowledge graph construction. The findings were synthe-
sized from the reports and insights presented in the primary
studies.

What are the key disadvantages of using LLMs for
this purpose?

This question focused on identifying potential draw-
backs of using LLMs for knowledge graph construction. In-
sights were synthesized from the reviewed studies.

4.1.2 Eligibility Criteria

The study selection strategy was based on and adapted from
the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) framework, which consists of four
main phases: Identification, Screening, Eligibility, and In-
clusion. The adoption of PRISMA ensured a standard-
ized, transparent, and rigorous selection process [Page et al.,
2021].

The research topic guided the formulation of the eligi-
bility criteria. Only studies that met all inclusion criteria and
none of the exclusion criteria proceeded to the final stage of
data extraction and analysis.

4.1.3 Exclusion Criteria

e EC1: The article was not written in English.

* EC2: The article was not peer-reviewed (e.g., reports,
editorials).

e EC3: The article was a secondary or tertiary study.

4.1.4 Inclusion Criteria

e IC1: The article addressed knowledge graph construc-
tion.

e IC2: The article focused on knowledge graph construc-
tion from textual data.

* IC3: The article proposed a method utilizing LLMs for
knowledge graph construction from text.

* IC4: The article explained the technique or method de-
veloped.

* ICS: The article included an evaluation of the generated
knowledge graphs.

4.1.5 Information Sources

The choice of databases was based on the following crite-
ria: availability of a web-based search mechanism, inclu-
sion of relevant sources, and support for title- and abstract-
based searches. Based on these requirements, Scopus, IEEE
Xplore, ScienceDirect, and ACM were selected due to their
extensive collections of abstracts and citations from peer-
reviewed sources.
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4.1.6 Search Strategy

The search string was formulated based on the research
topic and guiding questions. The term “Knowledge Graph”
was used to refer to knowledge graphs. For Large Lan-
guage Models, in addition to the expression “Large Lan-
guage Model,” synonyms such as “LLM” and “Generative
Pre-trained Transformers” were included. These terms were
combined using the OR operator. The keyword “text” was
used to represent text-based data sources. The different terms
were connected using the AND operator, resulting in the fol-
lowing search string:

“Knowledge Graph” AND (“Large Language Model”
OR “LLM” OR “Generative Pre-trained Transformers”)
AND text.

The research topic guided both the search strategy and
the eligibility criteria. The search was conducted in the
selected databases using the query. The retrieved records
underwent an initial screening based on bibliographic data,
during which inclusion and exclusion criteria were applied.
In the next phase, the selected studies’ abstracts were thor-
oughly reviewed using the same criteria. Finally, studies that
met all eligibility requirements proceeded to the data extrac-
tion stage.

4.1.7 Data Extraction and Synthesis Strategy

Data extraction was carried out in three stages: (i) compiling
a reading form to organize information obtained from full-
text reading; (ii) conducting a detailed analysis of concepts
relevant to the research questions; and (iii) synthesizing the
data for integration into the review.

The reading form included bibliographic details such as
author, title, publisher, publication date, and country, as well
as content-related information, including the general theme,
problem or hypothesis, methodology, results, and key con-
tributions. After completing the reading form, a comprehen-
sive report was prepared to address the research questions
and consolidate findings in the synthesis phase.

4.2 Review Conduction

This section outlines the execution of the state-of-the-art re-
view and its results. It presents an account of the review pro-
cess, detailing the data collection procedures.

Figure 1 illustrates the PRISMA flowchart, which repre-
sents the study selection process in a systematic review. The
process is structured into three main phases: Identification,
Screening, and Inclusion. The flowchart follows a linear se-
quence, depicting the selection process step by step. On the
left, vertical labels identify each phase, while the boxes on
the right outline the inclusion and exclusion criteria applied.

In the Identification phase, the search string was exe-
cuted across the Scopus, IEEE Xplore, ScienceDirect, and
ACM databases on March 31, 2025, yielding a total of 321
studies, of which 48 were duplicates.

An initial set of 273 studies was filtered based on bib-
liographic data and predefined exclusion criteria. Studies
not written in English (EC1) led to the removal of 13 en-
tries. The exclusion of non-peer-reviewed works, includ-
ing reports, book chapters, editorials, and other non-peer-
reviewed publications (EC2), accounted for 48 studies. Ad-
ditionally, four studies were excluded because they were sec-
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Identification of studies

Records identified from Search on the day
5 Scopus = 215 03/31/2025
E IEEE Xplore =71
.E Science Direct = 25 Records removed before
H ACM =10 screening
= Duplicated records
removed = 48
Reports sought for retrieval
n=273
» Reports assessed for eligibility Reports excluded:
'E n=273 EC1=13
b EC2=48
a EC3=4
IC1=38
IC2=14
IC3=17
1C4=1
IC5=12
32 Studies included in review
=2 126
‘_E Reports of included studies
= 126

Figure 1. Review flowchart

ondary or tertiary research (EC3). After applying these cri-
teria, 208 studies remained for further assessment.

The abstracts of the remaining 208 studies were re-
viewed in detail, with inclusion and exclusion criteria reap-
plied. At this stage, the number of included studies was fur-
ther reduced to 140. Among these, 170 studies addressed
knowledge graph construction (IC1), while 156 specifically
focused on constructing knowledge graphs from textual data
(IC2). Of these, 139 used LLMs for knowledge graph con-
struction (IC3).

At the end of the screening phase, the full texts were
read, and the remaining inclusion criteria were verified. Fi-
nally, 138 studies described the technique or method devel-
oped (IC4), and 126 studiesevaluatedf the generated knowl-
edge graphs (IC5S).

4.3 Reporting the Review

This section aims to present and analyze the research and to
report and answer the research questions. The data support-
ing the analysis can be accessed through the Google Drive
repository’.

4.3.1 Which LLMs have been most commonly used
for this purpose?

Among the 126 studies analyzed, 36 compared multiple

models. As shown in Figure 2, which presents a pie chart

of the models reported in the literature, the most frequently

used LLM was OpenAl GPT, followed by LLaMA and Chat-

GLM.

OpenAl GPT models, commonly known as ChatGPT,
have been reported in multiple versions. Figure 3 displays
these versions in a bar chart, indicating that GPT-4 and its
variants were the most frequently used.

"https://drive.google.com/drive/folders/
1GVBULi4RgmpVqri2MreDfsoAfTEELe6A7usp=sharing
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4.3.2 In which domains have LLMs been most
frequently applied for this purpose?

The analyzed articles span multiple application domains.

When specified, each study addresses one or more thematic

areas.

Figure 4 presents a bar chart of the reported domains, in-
dicating that general knowledge is the most frequently stud-
ied area, followed by health and manufacturing processes.
Although knowledge graphs have broad applicability, current
research is concentrated in these domains.

4.3.3 What are the key advantages of using LLMs
for this purpose?

The reviewed studies identify three primary advantages of
employing LLMs for knowledge graph construction from
text: automation, scalability, and precision. Automation
minimizes manual effort in extracting entities, relations, and
triples. Scalability enables the processing of large datasets
using adaptable frameworks across domains. Precision is
demonstrated by improved entity and relation identification
and the generation of more consistent triples.

4.3.4 What are the main limitations of using LLMs
for this purpose?
Several studies report both advantages and limitations in
overlapping areas, underscoring that the field remains in de-
velopment and that no single approach comprehensively ad-
dresses all challenges.
Three recurring limitations are identified: manual cura-
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tion, limited generalization, and low precision. Manual cura-
tion highlights the continued need for human intervention in
system configuration, ontology development, and rule-based
processing. Limited generalization refers to challenges in
adapting techniques to new domains, often due to domain-
specific dependencies. Low precision is linked to issues such
as false positives, semantic ambiguity, and systemic errors,
particularly in named entity recognition and triple genera-
tion.

5 Constructing KG from Text
Source Using LLM

To understand the methods identified in this review, excerpts
from the articles describing the techniques used in each study
were extracted and analyzed.

Ontology-Based
Zero-shot or Few-Shot Prompting

Prompt-Based Sequential Prompt Chaining

Template-Driven Prompt

RAG-Based

Hybrid Pipelines Supervised Fine-Tuning

Figure 5. Categories and subcategories

The extracted excerpts were analyzed and grouped by
similarity, as illustrated in Figure 5, resulting in four groups:
Ontology-Based, Prompt-Based, RAG-Based, and Hybrid
Pipelines. These groups are not mutually exclusive, mean-
ing that a single study may employ more than one technique
or may not fully fit into a single category.

5.1 Ontology-Based

Ontology-Based approaches constitute the most frequently
identified category in the literature, encompassing approx-
imately 47 primary studies. In this category, ontologies,
schemas, or controlled vocabularies are explicitly adopted
as the semantic backbone of the knowledge graph. These
semantic artifacts are commonly formalized using standard-
ized rules, such as the Resource Description Framework
(RDF), Ontology Web Language (OWL), or related graph-
based models. Overall, Ontology-Based approaches empha-
size semantic alignment, conceptual consistency, and inter-
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operability with external knowledge sources, often prioritiz-
ing correctness over full automation.

From a methodological standpoint, Ontology-Based
pipelines typically begin with a careful delimitation of the
target domain, followed by the selection, adaptation, or de-
velopment of a domain ontology that captures the relevant
concepts, relations, and constraints. Once this semantic
structure is established, ontology-level information is in-
jected into the extraction process. This may occur through
explicit schema-driven extraction rules, ontology-aware
named entity recognition, or ontology-informed prompts
provided to Large Language Models. In such settings, LLMs
are typically used as supporting components, assisting with
entity recognition, relation extraction, or annotation, rather
than serving as the sole mechanism for knowledge graph con-
struction. Subsequent stages focus on mapping extracted el-
ements to ontology classes and properties, followed by vali-
dation, instantiation, and storage of the resulting graph.

Queiroz et al. [2023] presents a canonical example of
an ontology-centric pipeline, describing the development of
an OWL 2 ontology for the domain of well engineering and
its use for structuring information extracted from daily op-
erational reports. The authors adopt a systematic ontology
engineering process aligned with established standards such
as BFO, IOF, and ISO 15926, thereby ensuring semantic
rigor and interoperability. Textual inputs are processed using
SpaCy for part-of-speech tagging and named entity recog-
nition, complemented by regular-expression-based patterns
tailored to domain-specific terminology. LLMs are used dur-
ing the early stages of extraction. Extracted terms are explic-
itly mapped to ontology classes and object properties, and
RDF triples are instantiated accordingly, as a main charac-
teristic of ontology-based systems. The resulting knowledge
graph is managed in Protégé and queried via SPARQL. Eval-
uation is conducted through competency questions and log-
ical consistency checks using the Pellet reasoner. The au-
thors report qualitative improvements in semantic coverage
and queryability over unstructured text processing, while ac-
knowledging the substantial manual effort required for ontol-
ogy development and maintenance.

Cauter and Yakovets [2024] proposes a more extraction-
oriented, yet ontology-grounded, approach that investigates
ontology-guided knowledge graph construction from short
maintenance texts. In this work, a lightweight ontology
defining six permissible relations is embedded directly into
structured prompts used for in-context learning. The LLM
generates triplets constrained by the ontology, without pro-
ducing RDF or OWL representations. Evaluation extends
beyond traditional precision, recall, and F1 metrics to in-
clude ontology conformance and hallucination rates, explic-
itly measuring whether generated subjects, relations, and ob-
jects are consistent with both the input text and the ontology.
The study demonstrates that ontologies can function as ef-
fective semantic constraints even in inference-only, prompt-
based settings, reducing hallucinations and enabling semi-
automated knowledge graph construction.

Ontology-based approaches are also represented in mul-
timodal, reasoning-intensive pipelines, as illustrated by Shim
et al. [2025]. The OmEGa framework targets manufactur-
ing documents that combine text, tables, and images. It in-
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tegrates OCR, table linearization, and layout embeddings
with LLM-based extraction modules fine-tuned via Low-
Rank Adaptation (LoRA), which adapts models by freez-
ing original weights and training adapted matrices. Unlike
lighter ontology-guided prompting approaches, OmEGa em-
ploys a domain ontology formalized in OWL and applies
the Semantic Web Rule Language (SWRL), which combines
OWL and Rule Markup Language to express inference and
logic rules, to perform ontology-based reasoning over the ex-
tracted graph. The resulting knowledge graph is treated as
an ABox 2 and enriched through inference, yielding substan-
tial increases in the number of validated and inferred triples.
Quantitative evaluation shows that ontology-based reasoning
improves both precision and recall of the final graph com-
pared to extraction without reasoning.

Mihindukulasooriya et al. [2023] provides a com-
plementary perspective by introducing Text2KGBench, a
benchmark specifically designed to evaluate ontology-driven
knowledge graph generation from text. Rather than propos-
ing a novel construction pipeline, this work focuses on stan-
dardizing datasets, ontologies, prompts, and evaluation met-
rics. Ontologies are expressed in OWL and verbalized for
compatibility with LLM prompts, while outputs are gen-
erated as textual triplets. The benchmark defines multiple
evaluation dimensions, including factual extraction accuracy,
ontology conformance, and hallucination rates. By decou-
pling ontology-driven extraction from specific system archi-
tectures, Text2KGBench highlights the central role of ontolo-
gies as both guidance mechanisms and evaluation criteria.

Finally, some studies employ ontologies primarily as
extraction-time knowledge without adopting Semantic Web
representations in the final artifact. The AutoRD system pro-
posed by Cao et al. [2024] integrates rare-disease ontologies
such as ORDO, Mondo, and HOOM to enrich prompts and
guide entity and relation extraction with GPT-4. Ontologies
are used to improve recall and precision during extraction and
calibration. However, the resulting knowledge graph is rep-
resented as triplets stored in a graph database, Neo4j, rather
than serialized in RDF or OWL. The authors report quan-
titative improvements over base LLMs and conduct ablation
studies demonstrating the contribution of ontology-enhanced
prompting, exemplars, and prompt reminders, while also not-
ing limitations related to dataset scope and residual classifi-
cation errors.

Taken together, these studies illustrate distinct realiza-
tions of the Ontology-Based paradigm. At one end of the
spectrum, works such as Queiroz et al. [2023] and Shim et al.
[2025] adopt ontologies as first-class semantic artifacts, re-
lying on formal OWL modeling, explicit instantiation, and
logical reasoning to ensure semantic consistency and enable
inference. At the other end, approaches such as Cauter and
Yakovets [2024] and Cao et al. [2024] leverage ontologies
primarily as constraints or enrichment mechanisms within
LLM prompts, trading formal semantic representations for
flexibility and reduced engineering overhead. Benchmark-
oriented efforts such as Mihindukulasooriya et al. [2023]
occupy an intermediate position, using ontologies to de-

2 Assertional Box statements are the facts, data, or assertions about spe-
cific instances in a domain
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fine evaluation standards rather than operational pipelines.
Despite methodological diversity, all Ontology-Based ap-
proaches share a commitment to explicit semantic ground-
ing and the continued relevance of ontological knowledge in
LLM-assisted knowledge graph construction.

5.2 Prompt-Based

Prompt-Based approaches comprise 23 studies and rely on
prompt engineering to extract structured knowledge from text
without predefined ontologies or supervised fine-tuning. In
this category, the LLM itself serves as the primary mecha-
nism for identifying entities and relations, guided solely by
carefully designed prompts.

The pipeline typically begins with a corpus of text, of-
ten composed of general-purpose documents, although some
studies focus on specialized domains such as education or
public policy. A prompt, designed as a zero-shot, few-shot,
sequential, or template-based instruction, is then provided to
an LLM, most commonly an OpenAI GPT model. The model
outputs structured triples or triple-like representations, which
may subsequently be cleaned and stored in a graph database
or serialized in a lightweight RDF-like format.

The resulting graphs are usually instance-level and lack
an explicit ontological layer. As a result, they prioritize rapid
construction and adaptability over semantic rigor. This cate-
gory is particularly useful in low-resource scenarios or when
rapid domain adaptation is required.

Despite their flexibility, Prompt-Based approaches are
susceptible to hallucinations, inconsistencies, and limited
support for complex or multi-hop relations. Prompt design
is a critical factor in controlling output quality; however, de-
terminism cannot be guaranteed because LLMs are proba-
bilistic.

This category is further divided into three subcat-
egories: Zero-Shot or Few-Shot Prompting, Sequential
Prompt Chaining, and Template-Driven Prompting.

5.2.1 Zero-Shot or Few-Shot Prompting

Zero-Shot or Few-Shot Prompting is particularly prevalent
in technical documentation domains, where annotated re-
sources are often scarce and rapid deployment is required.
In this approach, the LLM is provided with a generic extrac-
tion instruction that may be optionally supplemented with a
small number of illustrative examples. The model is expected
to generalize the extraction task based solely on this prompt,
without additional contextual grounding, external knowledge
sources, or formal semantic constraints.

Methodologically, the pipeline feeds raw textual input
directly to the LLM, which produces structured outputs fol-
lowing a predefined response format. As no external ontol-
ogy or schema is enforced, the resulting knowledge graph
typically consists of simple instance-level triples. Conse-
quently, semantic control is primarily delegated to prompt
design and to the LLM’s internal representations.

Fang et al. [2024] constructs a knowledge graph
from vehicle manuals using few-shot in-context learning.
In this study, the input consists of raw explanatory and
instructional text extracted from manuals. The LLM
is prompted to automatically extract triples of the form
(subject, function, content). After extraction, the subject
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and function fields are normalized using a unified vocabu-
lary, and the resulting triples are stored in a Neo4j graph
database. The constructed graph operates exclusively at the
instance level and does not employ RDF, OWL, or RDFS.

The authors emphasize several advantages of this ap-
proach, including reduced human intervention, effective-
ness in low-resource settings, and improved traceability for
question-answering tasks. However, the study also reports
limitations in overall accuracy, the restriction to simple one-
hop queries, and difficulties in handling multimodal informa-
tion, abbreviations, and semantic ambiguity.

5.2.2 Sequential Prompt Chaining

Sequential Prompt Chaining distinguishes itself by decom-
posing knowledge graph construction into multiple prompt-
driven stages, each performing a specific, well-defined func-
tion. Rather than relying on a single prompt to extract all
information at once, this approach distributes the task across
successive steps, such as entity recognition, relation identi-
fication, validation, refinement, and aggregation, with inter-
mediate outputs explicitly passed from one stage to the next.

From a methodological perspective, the pipeline typi-
cally begins by segmenting long textual inputs—such as doc-
uments, news articles, or reports—using a sliding-window
strategy. This segmentation is followed by iterative prompt-
ing stages dedicated to named entity recognition, relation ex-
traction between entity pairs, and relation prediction based
on textual proximity. To further improve robustness, addi-
tional noise-control modules are incorporated, including se-
mantic merging to fuse similar entities, group-based disam-
biguation supported by semantic checks or fact verification,
and self-verification steps in which the LLM performs binary
validation over previously extracted elements. Through this
iterative and modular design, Sequential Prompt Chaining
enables finer-grained control over the extraction process and
generally achieves greater consistency than single-prompt
approaches.

Geng et al. [2024] proposes a multi-task, iterative
prompting framework explicitly designed for structured in-
formation extraction. In their approach, sliding-window text
segmentation is combined with task-specific prompts for en-
tity recognition and relation extraction, followed by seman-
tic fusion and group disambiguation modules that consoli-
date overlapping or ambiguous entities. The pipeline fur-
ther incorporates self-validation prompts to reduce noise and
improve extraction reliability. The final output consists of
a hierarchically organized set of subject—predicate—object
triples, which are semantically refined but not formalized us-
ing RDF, OWL, or RDFS.

In terms of performance, the modular, iterative na-
ture of the pipeline improves robustness and reduces noise,
particularly compared to baseline extraction methods. The
approach is evaluated on multiple benchmark datasets, in-
cluding WikiANN, WikiNeural, ACE2005, CoNLL2003,
CoNLL2004, and SciERC, achieving superior Micro-F1
scores across all tasks. Ablation studies further indicate that
each module contributes incrementally to performance gains,
with the iterative prompting component having the most sig-
nificant impact [Geng et al., 2024].

Despite these strengths, the study also highlights essen-



Constructing Knowledge Graphs from Text Using Large Language Models:
Scoping Review

tial limitations. The absence of formal semantic represen-
tations limits interoperability and reuse, and the pipeline’s
overall effectiveness remains strongly dependent on prompt
design and manual tuning. Moreover, residual hallucination
effects persist [Geng et al., 2024].

5.2.3 Template-Driven Prompting

Template-Driven Prompting is the least frequent subcategory
within Prompt-Based approaches. This strategy relies on
rigid and highly structured prompt templates with predefined
slots, such as fixed subject—predicate—object patterns, which
are dynamically populated with input text. As aresult, the ex-
traction process is more constrained to improve consistency
and reproducibility across runs, particularly in domains that
require strict terminological control.

Methodologically, this approach typically combines
LLM-based extraction with extensive manual review and
normalization steps. In practice, the LLM generates can-
didate entities, relations, and attributes using a fixed tem-
plate, while human experts validate, refine, and standardize
the outputs. Consequently, Template-Driven Prompting of-
ten results in large-scale, domain-specific knowledge graphs,
albeit with reduced automation.

Li et al. [2024a] describes the construction of a tra-
ditional Chinese medicine knowledge graph focused on
rheumatism. The corpus consists of texts extracted from
ancient medical books, classical works, and medical pre-
scriptions. A three-part prompt structure is employed, com-
prising the medical text, explicit extraction instructions, and
refinement instructions. Extraction is followed by a multi-
stage manual refinement process involving validation against
project standards and expert review. The resulting knowledge
graph is represented as structured triples stored in Neo4j,
supports domain-specific querying, and is publicly available.
Although the use of LLMs reduces manual labeling effort,
the pipeline remains dependent on expert validation and lacks
automated semantic reasoning mechanisms.

5.3 RAG-Based

RAG-Based approaches encompass 18 primary studies and
explicitly integrate Retrieval-Augmented Generation mech-
anisms into knowledge graph construction or enrichment
pipelines. In this category, LLMs do not rely solely on
their internal parametric knowledge; instead, generation is
grounded in externally retrieved evidence. Compared to
ontology-based approaches, RAG-based methods prioritize
scalability and adaptability, while offering weaker guaran-
tees of semantic consistency.

Methodologically, RAG-based pipelines typically be-
gin with an incomplete triple, a graph-derived query, or a
domain-specific information need. This input is used to re-
trieve relevant content from external corpora using dense re-
trieval strategies. Retrieved evidence is subsequently filtered
or re-ranked and incorporated into the LLM prompt, enabling
generation to be conditioned on explicit textual sources.

Wei and Esquivel [2024] presents a RAG-based frame-
work for knowledge graph completion, in which incomplete
triples are=(h,r,?) are transformed into natural language
queries. In this representation, h denotes the head entity
(subject of the triple), r represents the relation (predicate),
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and ? indicates the missing tail entity to be predicted. Rel-
evant passages are retrieved via dense semantic retrieval
and provided to an LLM, which generates the missing ele-
ment. The resulting triples are integrated into the knowledge
graph without explicit RDF or OWL serialization. Evalua-
tion on benchmark datasets demonstrates improved perfor-
mance over embedding-based completion methods.

Tian et al. [2025] investigates the construction of a mul-
timodal knowledge graph in the manufacturing domain using
RAG-based and LLM-assisted techniques. The approach in-
tegrates textual, visual, and structural data sources, guided
by domain ontologies and expert-defined constraints. Al-
though formal Semantic Web standards are not employed, the
method supports semantic search, question answering, and
reasoning over manufacturing processes.

Overall, RAG-Based approaches ground generation in
retrieved evidence, improving factuality and adaptability.
However, reliance on retrieval mechanisms introduces vari-
ability across executions and limits reproducibility.

5.4 Hybrid Pipelines

Hybrid Pipelines comprise 37 studies and combine conven-
tional information extraction components with LLM-based
capabilities. In this category, classical NLP modules, such
as named entity recognition and relation extraction, serve as
the primary extraction mechanisms. At the same time, LLMs
are used for refinement, normalization, validation, or seman-
tic enrichment.

Hybrid pipelines typically begin with raw documents
processed by supervised or rule-augmented models. Ex-
tracted entities and relations are transformed into triples and
may undergo additional steps such as normalization, noise re-
duction, or cross-sentence aggregation. Compared to purely
prompt-based approaches, Hybrid Pipelines generally report
higher precision and lower hallucination rates, albeit at the
cost of annotation effort and domain expertise.

5.4.1 Supervised Fine-Tuning
Supervised Fine-Tuning represents a dominant subcategory
within Hybrid Pipelines. In this paradigm, transformer-
based models are fine-tuned on annotated corpora to perform
domain-specific extraction tasks.

Ji et al. [2024] describes the construction of a large-
scale medical knowledge graph using a fine-tuned biomedi-
cal language model. Entities and relations are extracted from
scientific abstracts, mapped to structured triples, and evalu-
ated using precision, recall, and F1-score.

Li et al. [2024b] presents a biomedical extraction
pipeline combining fine-tuned models and rule-based sig-
nals, incorporating novelty prediction to label relations.
Evaluation demonstrates improved robustness compared to
baseline approaches.

Gao et al. [2024] proposes a joint entity—relation ex-
traction method for long biomedical texts using fine-tuned
transformer models augmented with graph convolutional net-
works. Evaluation across multiple datasets shows improved
extraction quality.

Ghanem and Cruz [2024] compares supervised fine-
tuning and prompting strategies for knowledge graph con-
struction, reporting superior performance for fine-tuned
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models while highlighting evaluation challenges related to
synonymy and hallucination.

6 Comparative Analysis

The analysis identified four distinct groups of LLM-based
methods for building knowledge graphs, which differ in their
level of semantic formalism, reliance on prompts, architec-
tural complexity, and intended use cases. To support the
selection of the most suitable method for building knowl-
edge graphs based on LLMs, a comparative analysis was con-
ducted. This analysis considers five criteria: exactness, scal-
ability, domain adaptability, reproducibility, and ease of im-
plementation.

Exactness refers to the ability of the method to gen-
erate correct and semantically coherent triples. Scalability
evaluates performance as the volume of data grows. Do-
main adaptability refers to the ease with which an application
can be applied in various contexts and areas of knowledge.
Reproducibility refers to the consistency of results obtained
when the same process is repeated multiple times. And fi-
nally, ease of implementation encompasses the demand for
infrastructure, execution time, and computational costs.

The classification of each category into High, Medium,
or Low levels was defined based on the frequency of the cri-
teria in the studies analyzed. A High level was assigned when
the majority of studies reported positive evidence for a given
criterion, corresponding to 60%—100% of the evidence. A
Medium level was applied when the findings indicated a bal-
ance between positive and negative evidence, ranging from
30% to 60%. Finally, a Low level was assigned when limita-
tions or unsatisfactory results predominated, corresponding
to 0%—30% of the evidence.

The Table 2 summarizes the results obtained and high-
lights relevant differences between the four categories ana-
lyzed.

Ontology-based approaches achieve consistently high
precision and adaptability due to the explicit semantic con-
straints imposed by ontologies and schemas. Their medium
scalability reflects the engineering effort required to extend
ontologies and maintain consistency as data volume grows.
Reproducibility is also moderate, as variations may arise
from manual modeling decisions and ontology evolution over
time.

Prompt-based approaches demonstrate high accuracy in
controlled settings but perform only medium across all other
criteria. Their reliance on prompt formulation and proba-
bilistic generation introduces variability across executions,
limiting reproducibility. While these approaches are attrac-
tive for rapid prototyping, their sensitivity to prompt design
constrains their reliability in large-scale or long-term deploy-
ments.

RAG-Based methods combine high exactness and ease
of implementation by grounding generation in retrieved ev-
idence. However, reproducibility is low, as retrieval results
may vary across runs, corpora updates, or indexing strate-
gies. Scalability and adaptability are moderate, reflecting the
dependence on retrieval infrastructure and the quality of ex-
ternal corpora.

Hybrid Pipelines achieve high exactness and adaptabil-
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ity by leveraging supervised or rule-based extraction as a
stabilizing core, complemented by LLM-based refinement.
Nevertheless, reproducibility remains limited due to the com-
plexity of coordinating multiple components and the sensi-
tivity of learning-based modules to training data and config-
uration choices.

Beyond qualitative categorization, the analysis indi-
cates that each category aligns with different evaluation em-
phases. Ontology-Based methods are well-suited to evalua-
tions based on ontology conformance, logical consistency,
and competency questions. Prompt-Based approaches are
commonly evaluated using triple-level precision, recall, and
F1-score, as well as hallucination rates. RAG-based meth-
ods are frequently evaluated using downstream task perfor-
mance metrics alongside factual consistency checks. Hybrid
Pipelines tend to support the most comprehensive quantita-
tive evaluations, including extraction metrics, ablation stud-
ies, and graph-level analyses.

Overall, the comparative analysis highlights that no sin-
gle category dominates across all criteria. Instead, the choice
of method should be guided by project-specific priorities,
such as semantic rigor, scalability, reproducibility, or devel-
opment cost.

7 Conclusion

This study investigated the use of Large Language Models
to construct Knowledge Graphs from unstructured textual
sources through a scoping review grounded in a transpar-
ent, systematic protocol. By analyzing 126 primary studies,
the review mapped the current state of the art and organized
the literature into four methodological categories: Ontology-
Based, Prompt-Based, RAG-Based, and Hybrid Pipelines.

Throughout the article, the review progressed from
foundational concepts to a structured examination of related
surveys, followed by a detailed methodological description of
the review process. The core contribution lies in synthesizing
construction approaches and identifying recurring patterns
in how LLMs are integrated into knowledge graph pipelines.
The categorization clarifies the roles of ontologies, prompts,
retrieval mechanisms, and supervised learning components,
and highlights the trade-offs among semantic rigor, automa-
tion, scalability, and reproducibility.

The comparative analysis demonstrated that Ontology-
Based approaches offer strong semantic guarantees and sup-
port logical reasoning, but require substantial manual effort
and domain expertise. Prompt-Based methods enable rapid
deployment and low entry barriers but suffer from variability
and limited reproducibility. RAG-based approaches improve
grounding and factuality by incorporating external evidence,
but they introduce dependence on retrieval infrastructure and
dynamic corpora. Hybrid Pipelines achieve high extraction
accuracy and robustness by combining supervised compo-
nents with LLM-based refinement, at the cost of increased
architectural complexity and annotation requirements.

Despite significant advances, the reviewed literature re-
veals persistent limitations. Across categories, studies re-
port challenges related to manual curation, limited general-
ization across domains, hallucination effects, and heteroge-
neous evaluation practices. The lack of standardized bench-



Constructing Knowledge Graphs from Text Using Large Language Models:
Scoping Review

Bottino et al. 2026

Table 2. Comparative Analysis of LLM-Based Knowledge Graph Construction Methods

Categories Exactness Scalability Adaptability Reproducibility Ease of implementa-
tion

Ontology-Based High (41/47)  Medium High (31/47)  Medium (18/47)  High (32/47)
(26/47)

Prompt-Based High (21/24) Medium Medium Medium (12/24) Medium (16/24)
(08/24) (16/24)

RAG-Based High (15/18)  Medium Medium Low (3/18) High (15/18)
(10/18) (11/18)

Hybrid Pipelines High (33/37)  Medium High (24/37)  Low (10/37) High (26/37)
(20/37)

marks and consistent metrics complicates direct comparison
between approaches and obscures the interpretation of re-
ported performance gains.

From an evaluation perspective, the review indicates a
growing need for more systematic and quantitative assess-
ment frameworks. Future studies would benefit from com-
bining multiple evaluation layers, including: (i) extraction-
level metrics such as precision, recall, and Fl-score; (ii)
graph-level measures assessing structural completeness, re-
dundancy, and connectivity; (iii) semantic evaluations based
on ontology conformance, logical consistency, and compe-
tency questions; and (iv) task-oriented metrics derived from
downstream applications, such as question answering accu-
racy or knowledge graph completion scores. Explicit report-
ing of hallucination rates, error types, and reproducibility
across runs would further strengthen empirical comparisons.

As a limitation of this review, the rapid evolution of
LLM architectures and tooling may have led to the exclu-
sion of very recent studies not yet indexed in the consulted
databases. Moreover, the analysis relied on evidence from
the primary studies, which vary considerably in methodolog-
ical rigor and depth of evaluation.

Future research should therefore focus on develop-
ing standardized evaluation protocols for LLM-generated
Knowledge Graphs, designing benchmarks that span multi-
ple domains and construction paradigms, and exploring hy-
brid evaluation strategies that integrate symbolic validation
with statistical metrics. Advancing in these directions is es-
sential for consolidating LLLM-based knowledge graph con-
struction as a mature and reliable research field.
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