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Preface

This work builds upon two papers ([33] and [$2]), as well as insights gained
from co-organizing an academic workshop on Retrieval-Augmented Genera-
tion with Knowledge Graphs.! The research also incorporates findings from
earlier investigations into applying LLMs for knowledge extraction |1, 35, 34].

Thttps://2024.rage-kg.org
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Abstract

Structured knowledge extraction from natural language text is es-
sential for systematic evidence synthesis and knowledge base construc-
tion. Traditionally, this process has been performed through manual
feature extraction by human coders. However, this approach suffers
from significant resource constraints, including time and labour costs,
as well as reliability concerns due to inter-coder variability. Large
Language Models (LLMs) demonstrate emergent text understanding
capabilities, presenting a promising alternative to human coding. This
work establishes foundations for the systematic application of LLMs in
structured knowledge extraction from natural language text and intro-
duces methodologies for reliability assessment through golden standard
studies and human-LLM agreement evaluation. These methodologies
are applied to knowledge extraction use cases in the research domain,
demonstrating that LLMs can reliably replace and often exceed hu-
man performance in complex extraction tasks. This advancement en-
ables scalable, consistent, and cost-effective knowledge extraction for
research synthesis and knowledge base construction.
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1 Introduction

This work explores the use of LLMs for automated extraction of structured
knowledge from NLT. Its subject, therefore, lies at the intersection of KC [26],
QC [115], IE [27] and KE [108], which can be regarded as implementations
of a common task in different disciplines. Section 1 is structured as follows:
First, the work reviews and compares the methodologies of KC, QC, IE and
KE, highlighting their commonalities and distinctions. The analysis then
examines the current state of QC tools and their limitations, particularly
focusing on resource requirements and reliability challenges. Subsequently,
the discussion explores recent advances in automated KE and IE, especially
the emergence of LLMs and their potential applications. Finally, the section
presents a research agenda for leveraging LLMs and RAG to address the
identified challenges in QC and KC, outlining an approach to developing and
validating a novel methodology that bridges established practices for manual
knowledge extraction with emerging technologies.

1.1 Overview of Related Extraction Methodologies

KC is a prominent method of KM, which can be defined as the reduction
and conversion of knowledge into information that enables efficient transmis-
sion, storage and reproduction, with the lowest level of codification resulting
in unambiguous codes [30]. Minimally, the process entails the creation of
(i) models, (ii) languages that codify the proposed models, and ultimately
results in (iii) messages [29]. Through KC, the (a) knowledge acquires com-
modity properties enabling direct trade or value signalling, (b) it obtains non-
standard commodity features like non-rivalry in use and low marginal repro-
duction costs, (¢) enables modularization of knowledge leading to improved
organizational efficiency, and (d) accelerates knowledge creation, innovation
and economic growth [24]. Advances in ICT continuously contribute to di-
minishing costs of knowledge codification and increase the potential value of
codified knowledge [21].

Another prominent method in social sciences and other disciplines, QC,
is an essential methodological tool of qualitative research in which codes
systematically assign summative, salient and essence-capturing attributes to
portions of NLT or visual data [13]. QC primarily deals with research data
sources, such as interviews and other text excerpts. It has has also benefited
from the use of dedicated software and automated analysis which will be
discussed below.

The advances in data processing, however, are most prominent in the
tasks of KE and IE. IE is the process of automatically extracting structured



information from unstructured or semi-structured sources, typically involving
the processing of NLT through the means of NLP [39], KE targets the trans-
formation of both structured and unstructured sources into machine-readable
and machine-interpretable data, which with regards to natural language text
commonly relies on NLU, a subset of NLP targeting the extraction of seman-
tics from text.
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Figure 2: Comparing Knowledge Codification, Qualitative Coding, Knowl-
edge and Information Extraction methodologies in terms of inputs &5, meth-
ods () and artifacts [ 9

Figure 2 compares the methodologies in terms of inputs (23), methods
(CJ) and artifacts (L9). Classes shown with dashed borders represent more
abstract, higher-level categories (e.g., "Unstructured source"), while solid
borders indicate more specific, concrete classes (e.g., "Interview transcripts").
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The analysis establishes notable commonalities between the approaches: all
methodologies, similar to (i) - (iii) steps of KC, implement basic modelling
steps and strive towards the creation of structured or semi-structured data
artifacts as the result of analysis. Furthermore, all methodologies typically
work with unstructured data, most commonly NLT, as input to analysis.

1.2 Tools and Costs of Manual Qualitative Coding

There is a number of software tools supporting the process of QC?. Review
studies have analysed the use of such tools in QC exercises in the healthcare
and medical education domains [104, 23]. Table 1 gives on overview of the
widely-used tools supporting QC, their use in studies and main features.

Capabilities [23]
o 2
g 2 = 0 3
o) ] © < 8 < =
° % F F2 oz = 2 B
o o0 o) Rl — Q +
Tool Use, % [I104] © < »n » EH O = &
ATLAS.ti 29.2 v v v v v v v
NVivo 20.8 v v v v v v
Ethnograph 4.2 - - - = = = = =
MAXQDA 0.0 v v v v v v v Y
DeDoose 0.0 v v v v v
QDA Miner Lite NS v v oV
Quirkos NS v v v v v

Note. Usage percentages based on analyzed studies (n=48). NS = Not specified in usage
analysis. Checkmark (v') indicates feature availability; dash (—) indicates no data available.

Table 1: Overview of Software Tools for Qualitative Coding

Most tools provide the core functionality assisting the manual QC process:
document search, aggregation and coding. Similarly, most tools offer visu-
alization of data (codes) and collaborative coding. Some tools also include
transcription functionality and support multilinguality. Only MAXQDA also
offers features implementing statistical analysis (which, however, have not
been used in the studies reviewed). As this analysis shows, the tools avail-
able primarily support the users at manual QC, streamlining the process and
offering collaboration functionality. They all rely on relegating the concep-

2The following analysis applies to KC in a similar fashion despite fewer tools available.
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tualization aspects of QC to researchers and human coders, including the
process of manually going over the data, assigning codes and features.

Consequently, despite advances in supporting software tools that assist
the process, QC remains heavily dependent on manual labour. The manual
sub-tasks of QC demand substantial resources in terms of time and skilled
personnel. The time required for data analysis is a primary issue in QC, as
conceptual tasks associated with qualitative analysis cannot be easily has-
tened [106]. Furthermore, the requirement for multiple coders to indepen-
dently process the same material — a practice necessary for ensuring reliabil-
ity — significantly multiplies the resource investment [23]. The SLR study,
whose protocol is detailed in Appendix A, estimates high monetary costs
associated with such studies based on the data for QC studies performed at
the Vienna University of Economics and Business (WU Vienna). Notably,
large-scale qualitative studies working with large datasets may employ teams
of 10 or more coders, which requires extensive 1) recruiting and training, 2)
compensation and incentives, 3) efforts maintaining data quality and coding
reliability and 4) building up team coordination and morale [].

1.3 Reliability of Qualitative Coding

Another challenge associated with qualitative research and QC studies is
their reproducibility. Though qualitative methods often do not easily subject
themselves to replication, aiming at the objectivity of research and striving
towards reproducibility shall be nonetheless attempted [123]. On the other,
the use of formalized methodologies, such as QC, shall enable reproduction
and, therefore, cement the value of research results achieved by such studies.
ICR is considered a good practice in qualitative research [94], but its use
can still be associated with methodological and practical limitations, such as
bias inherent in small or large but homogeneous coder teams. Achieving a
high ICR score becomes ever more challenging as the conceptual complexity
of codes increases [35]. And besides the practical difficulties of achieving
conceptual agreement, coding protocols or essential elements of the process
are occasionally simply not reported [94]. Even when reported, authors often
have different interpretations of similar ICR metrics, and the percentage of
data used in ICR tests varies across studies [19]. Thus, the issues associated
with reproducibility in QC research contribute to the overall replication crisis
[7, 88], especially in disciplines relying on qualitative methodologies, such as
psychology [92], social sciences [11] etc.

Thus, QC, and KC in general, face two significant challenges: First, it
remains highly resource-intensive, requiring substantial investments in time
and skilled personnel. Second, the reproducibility of such studies is ham-
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pered by methodological limitations, inconsistent reporting of coding pro-
tocols, varying interpretations of ICR metrics, and challenges in achieving
conceptual agreement among coders, contributing to the broader replication
crisis in science.

1.4 Automatic Information and Knowledge Extraction

While KE, IE, QC, and KC all process unstructured sources (particularly,
NLT) to generate structured data, KE and IE differ fundamentally in their
approach by primarily utilizing machine processing rather than human analy-
sis. The reliability of proposed KE and IE pipelines is assessed in comparison
to benchmarks (or, golden standard/ground truth data), which are created /-
validated manually by humans. With the increasing permeation of LLMs,
frameworks for evaluating their performance in IE tasks have been proposed
571,

In the recent time, pre-trained LLMs have demonstrated impressive emer-
gent, capabilities, especially in understanding context across different tasks
and scenarios. In NLP, LLMs have achieved state-of-the-art performance
across many tasks, becoming the de-facto baseline models [156]. LLMs also
perform well in the variations of the Turing Imitation Game® [58, 57, .
And while some studies still report LLMs falling short of the baseline set by
human participants (about 66%), mostly failing based on linguistic style [55],
the fact that they have achieved human-level capabilities* in text generation
in practice is evident in how LLM output is widely (and successfully) used
to cheat on educational assignments [25].

LLMs are increasingly used for IE and KE tasks in various domains
[17, , , 99]. They have also been proposed for document information

extraction from visually-rich documents [96] and scientific texts [28]. The
extraction process commonly employs carefully crafted prompts to specify
both the desired information and its structural representation [132, 84].

1.5 Semantic Web and Retrieval-Augmented Genera-
tion
SW [9] provides a universal framework to KR, which allows publishing in-

terconnected data on the web and enables machines to comprehend data
meaningfully through the use (most notably, re-use) of ontologies. Thus, SW

3Widely known as the original "Turing Test."
40ne could argue, perhaps inviting criticism from certain categorically-disposed read-
ers, that these capabilities may be construed as encapsulating intelligence as such.
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captures and links information on the Web, enriches it with semantics and
enables reasoning on it [112]. SW standards also underliec KGs, facilitating
data integration, powering search engines and capturing enterprise data [51].
Also notable is the synergetic application of SW in ML [12]|, where SW can
provide actual semantics, grounding the ML methods and their outputs in
meaning.

Since 2023, Gartner has placed KGs in the centre of crucial technolo-
gies enabling GenAl on its GenAl Impact Radar,® and placed KGs on the
same level as GenAl on its general Impact Radar. The trend has also been
reflected in academic publications. On the one side, LLMs have spurned

abundant research in the direction of KG construction [91, , , 15, 18,

) , 81] including for service descriptions [151] and recommendations
[139]. On the other side, research has focused on the major shortcomings
of LLMs - namely, the hallucination of facts [124, 2, , 76] and solving

such limitations with RAG approaches, by infusing LLMs with KGs and
structured data in various ways: though knowledge injection in prompts

[70, 53, 54, 77, 6, , 1] and outputs [15], during training and fine-tuning
[148, , O5, 83], for reasoning over graphs |01, , 72, 119], query genera-
tion and question answering [67, 122, 149, 145] and other approaches [2, (9].

Recently, RAG has also been extended by agentic architectures. Agentic
RAG incorporates planning, tool use, multi-agent collaboration in retrieval
and contextual understanding, which improves the flexibility of the approach

[114].

1.6 Research Agenda and Work Structure

Given the demonstrated capabilities of LLMs in text understanding and gen-
eration, coupled with their increasing application in IE and KE tasks across
various domains, these models present a promising solution to the fundamen-
tal challenges facing QC and KC. In this regard, RAG presents a promising
approach to eliciting the desirable output. Furthermore, SW standards and
domain-specific ontologies could be used to capture and validate the output
of analysis.

In this work, we will address three key challenges in leveraging LLMs
and RAG for QC and KC. First, we will review the methodologies for QC,
KC, IE, and KE and analyse the commonalities between them to establish
a unified approach that utilizes LLMs’ capabilities in text understanding

5See https://www.gartner.com/en/articles/understand-and-exploit-gen-ai-with-gartner-s-new-
impact-radar

6See https://www.gartner.com/en/articles/30-emerging-technologies- that-will-guide-your-business-
decisions

14
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and structured information extraction. Second, we will adapt traditional
reliability testing methods to the context of KE using an ontology-guided
RAG pipeline, developing new frameworks for assessing extraction quality
and consistency when automated systems replace or augment human coders.
Third, we will investigate the inherent limitations of RAG-based KE, partic-
ularly focusing on potential biases and the implications for research validity.
Through this systematic examination, we aim to develop a comprehensive
methodology that bridges established research practices with emerging LLM
capabilities while maintaining and improving standards for research quality
and reliability. Thus, the research questions addressed in this work, are:

RQ1: How can Retrieval-Augmented Generation be used to automatically
extract structured data that conforms to predefined ontologies from
natural language text?

RQ2: How can reliability testing methodologies be adapted to evaluate ontology-
guided knowledge extraction using Large Language Models?

RQ3: To what extent is ontology-guided knowledge extraction with Large
Language Models reliable for practical applications in the research
ecosystem?

The remainder of this work is structured as follows: Section 2 provides
essential background on relevant extraction methodologies, reliability test-
ing methods, and structured data representation. Section 3 reviews related
work in KE using LLMs, with particular focus on recent advances in prompt
engineering and RAG approaches. Section 4 presents the methodology for
developing and evaluating LLM-based extraction pipelines. Section 5 es-
tablishes the theoretical framework for reliability testing of such pipelines.
Section 6 demonstrates practical applications of our methodology in research
ecosystems. Finally, Section 7 and Section 8 discuss our findings, highlight
limitations, and outline directions for future research. At the very end, Ap-
pendix contains additional materials such as the protocol of the structured
literature review quantifying resource-intensity of QC tasks.

2 Background

This section provides essential background information for understanding the
methodological and technical foundations of this work. First, it examines QC
and KC as research methodologies, including their established practices and
core processes. Then, it explains reliability testing approaches widely used in
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QC, IE and KE, focusing on golden standard studies, ground truth compar-
isons and benchmarking. It also details methodologies for ICR assessments.
Subsequently, the section explores structured data representation, examining
how SW and ontologies enable knowledge representation and reuse. Finally,
it introduces RAG and its typical implementation patterns, establishing the
technical framework for the methodology developed in this work. Under-
standing these components is crucial for developing an automated approach
that maintains methodological rigour while leveraging emergent capabilities
of LLMs.

2.1 Manual Extraction

The four extraction methodologies handled in this work - QC, KC, IE, and
KE - have evolved distinct practices, principles, and validation approaches
within their respective domains. While QC and KC emerged from social
science and organizational research traditions, IE and KE developed from
computer science and artificial intelligence fields. The following subsections
detail the core components, established workflows, and mention quality assur-
ance practices of each methodology as traditionally implemented in research
practice.

2.1.1 Qualitative Coding

QC is "the simple operation of identifying segments of meaning in your data
and labelling them with a code," |1 15] where a code is "a word or short phrase
that symbolically assigns a summative, salient, essence-capturing, and/or
evocative attribute for a portion of language-based or visual data." [110] .
Initially, QC was established as the backbone of GT, a qualitative research
methodology that formalizes theory generation from data |13, |.

Characteristics QC is often understood as an iterative process. With each
iteration, codes are refined in various ways: redefined, modified, combined,
split, reassigned etc. Through multiple iterations, a better understanding
of the underlying data is sought after, which includes uncovering potential
connections and insights gained from it. This process can be deductive (pre-
defined codes are applied to text, in a top-down approach) just as it can
be inductive (codes are "learned" from text, in a bottom-up approach), and
often QC application employs both approaches interchangeably.

Initial Coding Cycle In the first iteration, codes could be either assigned
deductively, using a pre-defined codebook (Provisional, Hypothesis, Protocol

16



Coding etc.) based on a specific theoretical framework, previous research or
otherwise elicited through a structured approach, yet still being attentive to
potential other codes not considered initially, or inductively, through one of

the approaches |
approaches.

| described in Table 2 or other, domain and study-specific

Method Name

Description

Examples ((code examples )

Descriptive Coding

Summarizes the primary topic of a
data segment with a brief label.

Workplace dynamics
Team communication

In Vivo Coding

Uses participants’ own phrases as
codes.

It’s overwhelming

Supportive team

Attribute Coding

Identifies and categorizes attributes
of participants or data.

Age, gender, occupation

Simultaneous Coding

Applies multiple codes to a single
data segment.

Labour-intensive work

Financial cost

Subcoding

Adds detailed subcategories to pri-
mary codes for better organization.

Challenge: Time
Challenge: Cost

Magnitude Coding

Assigns levels of intensity, fre-
quency, or agreement.

Various scales possible

Domain and
. . *
Taxonomic Coding

Categorizes taxonomies within the
data.

Coding method — First Cycle Method

Causation Coding

Explores cause-effect relationships
in the data.

Lack of resources — Limited reliability

Process Coding

Captures actions/pro-

cesses.

ongoing

Teaching | Learning |Analyzing

Emotion Coding

Labels affective states or emotions.

Joy | [Rage| | Nostalgia

Values Coding

Captures participants’ values and

Importance of efficiency

beliefs.

Always tell the truth

Note. Though Domain and Taxonomic Coding is primarily used in ethnographic research to discover the
taxonomy of behaviours and interpretations of experiences, this work generalizes it to taxonomic relation-
ships in data as such.

Table 2: Summary of Selected First Cycle Coding Methods

Further Coding Cycles Following the initial cycle of qualitative cod-
ing, subsequent cycles focus on refining, integrating, and abstracting the
insights derived from the data. Prominent methods for second-cycle coding
include Pattern Coding, Axial Coding, Focused Coding, Elaborative Cod-
ing and Longitudinal Coding |1 10]. These methods (with the exception of
Longitudinal Coding, which relies on changes across time in panel data) are
summarized in Table 3.

Theory-building After several iterations of coding and with the help of
memos (i.e. notes made during the process and relating to specific codes

17



Table 3: Summary of Selected Second Cycle Coding Methods

Method Name Description Transformation Example
Pattern Coding Groups similar codes into meaning- ‘Workplace dynamics +
ful clusters (themes, explanaitions). | (Team communication N
ORGANIZATIONAL DYNAMICS
Focused Coding Identifies the most frequent or sig- It’s overwhelming +
nificant codes to develop major cat- Supportive team N

egories. Other sources include de- WORKPLACE SUPPORT SYSTEM
ductive elements in this approach.

Axial Coding Reassembles data that was split in Teaching | + [Learning | + | Analyzing —
first cycle coding by relating cate- | ([KNOWLEDGE PROCESSES
gories to subcategories and specify- (incl. dimensions)

ing their properties and dimensions.
Theoretical Coding Integrates and synthesizes all other Joy] + [(Rage + Nostalgia] —
codes and categories into a coher- EMOTIONAL TRAJECTORY IN QC
ent theory by core category that ex-
plains the phenomenon.

or categories), the established categories are reflected upon with the goal of
integrating them into an overarching theory, though no formalized approach
exists that can be followed here [110].

2.1.2 Content Analysis

While QC can support theory-building, in practice many studies rely on cod-
ing primarily as input for qualitative and quantitative CA |65, , , 52].
Here, the codes serve as systematic categorizations [79] that enable both
qualitative interpretation and quantitative analysis of patterns and frequen-
cies in the data. This approach allows researchers to examine the presence,
meanings and relationships of concepts in texts, relying on the systematic
coding process.

As a pendant to inductive vs. deductive approaches in QC, CA differenti-
ates between conventional, summative and directed approaches [52]. Figure 3
illustrates the classification |52] based on the initial source of keywords/codes.

The selection of a content analysis approach aligns with specific research
objectives. Conventional Analysis is most appropriate when investigating
novel phenomena where existing frameworks may constrain discovery of emer-
gent patterns. QC with a Directed Analysis serves to extend established the-
oretical constructs into new domains or validate existing frameworks. The
Summative Analysis, in contrast, is applied when research questions centre
on examining the general or contextual usage and implicit meanings of spe-
cific terms across a corpus of text, thus constituting a primarily descriptive
approach.

18



Conventional Summative Directed

. Analysis :
Analysis Y Analysis
Keywords from

Codes derived from Codes derived from

. . researcher interest o
data during analysis existing theory
and literature review

Data-driven Theory-driven

Figure 3: Content Analysis Approaches by Source of Codes

Qualitative Content Analysis The approaches of CA mirror the ap-
proaches to coding iterations. Table 4 establishes parallels between qualita-
tive CA approaches [79] and QC methods from different stages of the process.
Similarly to QC, mixed-method qualitaive CA combines deductive and in-
ductive approaches iteratively or in parallel. The central analytical method,
Deductive Category Assignment follows a strict deductive approach, basing
the assignment of categories on definitions from a (theoretically-informed)
codebook. Summarization approach aims to iteratively reduce the variabil-
ity of descriptive codes through generalization and reduction, implementing
various Open Coding methods. Inductive Category Formation is a stream-
lined version of the Summarization approach which establishes certain pre-
selection rules and the reduction level to simplify the approach and insure
its termination with one or few iterations. Finally, Explicational Content
Analysis can be viewed as informed transcription, standardizing the initial
data.

Quantitative Content Analysis Quantitative CA aims at applying sta-
tistical methods to test content-related hypotheses utilizing the coded data.
By systematically analysing the coded representations, it facilitates the iden-
tification of patterns, relationships, and trends within textual data. Quan-
titative CA extends the scope of qualitative methodologies by incorporating
analytical testing, often leveraging statistical tools for hypothesis validation.
This segment outlines key techniques, emphasizing their analytical focus, re-
quired bases of analysis, and interpretive capabilities. Table 5 summarizes
these approaches [65], highlighting the applicable types of input codes as the
basis of analysis and interpretation of results.
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QCA QC Pendant Description

Approach (if applicable)
Deductive Provisional Coding The central content-analytical method with the goal
Category (and deductive coding of extracting certain pre-defined structures from data
Assignment methods) (based on coding rules) [79]. This approach is also
known as Directed CA [52]
Summarizing Descriptive Coding Data segments are coded into increasingly abstract
Pattern Coding representations, aiming at achieving uniform levels of

greater abstraction at each step through paraphrasing,

Focused Codin,
i generalization and reduction [79].

Tdheite Fcoused Coding Pre-screened (based on a selection rule) segments are
Category summarized to categories using pre-defined reduction
Formation level [79].

Explicational No exact pendant Unclear text segments are explicated, i.e. explained su-
Content ing internal (text) and external (metadata) references
Analysis [79]. Such explications are then inserted back into the

text to check coherence .

Table 4: Comparing Qualitative Content Analysis to Coding Methods

Conclusion Quantitative content analysis offers a systematic approach to
examining symbolic and numerical code data through quantitative techniques
[65]. These methods are rooted in a robust methodological framework that
emphasizes reproducibility, ensuring stable inferences from coded data. By
enabling structured analysis of text sources, quantitative CA approaches
complement qualitative methods and expand the analytical capabilities of
researchers, particularly when it comes to robustly validating (theoretically
informed) hypotheses based on available data, leading to the wide adoption
of such methods in modern research ecosystem.

2.1.3 Knowledge Codification

Knowledge codification refers to the process of converting tacit, unstructured,
or implicit knowledge into explicit, structured, and transferable forms. It in-
volves reducing knowledge into symbolic representations, such as documents,
algorithms, or codes, making it amenable to dissemination, replication, and
control [26]. Codification underpins the development of dynamic capabil-
ities by documenting experiential learning and formalizing knowledge for
future use [155]. Articulation and codification facilitate innovation, division
of labor, and replication, forming the foundation for systematic knowledge
management [10].

The process is driven by the benefits of articulation: accelerating inno-
vation, enabling precise communication, and ensuring organizational mem-
ory. However, the extent of codification depends on its cost-effectiveness
and the suitability of available codes, tools, and theoretical underpinnings

[20, 159, 40].
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Technique Description Basis of anal. Interpretability
Tabulation Summarizes data by counting occur- Categorical e Descriptive distribution
ull rences of codes. codes of categories
Cross- Identifies relationships between coded Categorical or e Hypothesis testing of as-
Tabulation variables through co-occurrence fre- Ordinal| codes sociations
quencies. for multiple

variables
Correlation, Measures the strength and direction of [Ordinal or e (Multifactorial) hypothe-
Multivariate (complex) relationships between inde-  Continuous sis testing of correlations
Techniques pendent /dependent variables. numerical e Causality through addi-
# codes tional considerations

Factor
Analysis,
MDS

Semantic
Network
Analysis

Clustering

Reduces dimensionality by grouping
correlated variables into abstract con-
structs.

Examines relationships between coded
concepts based on their co-occurrence
in text or networks, graph-based met-
rics.

Groups codes into clusters based on
similarity.

Continuous | or
Interval-level
numerical
data.
Categorical
codes,
Associations

Categorical  or
numerical
codes.

e Identify factors explain-
ing data variance with min.
loss of explanatory power.

e Identifies central con-
cepts within networks

e Semantic or structural
relationships between con-
cepts

e Identifies natural, the-
matic groupings of codes

Table 5: Overview of Selected Quantitative Content Analysis Techniques

Codification Steps The methodologies of codification involve several iter-
ative steps, often cyclically refining tacit insights into actionable frameworks:

Identifying Knowledge: Recognize and define the tacit knowledge
to be codified. This step involves analyzing processes, tasks, and capa-
bilities where knowledge resides [155].

Articulation: Express tacit knowledge in an explicit form via notes,
diagrams or structured documentation. Tools like templates, blueprints,
and documentation are helpful at this step [10].

Creating Codes: Develop or apply standardized symbolic represen-
tations to structure knowledge into transferrable formats, such as man-
uals, algorithms, or digital repositories [20].

Validating Knowledge: Ensure the accuracy and usability of codified
knowledge by involving domain experts.

Storage and Dissemination: The codified knowledge shall be stored
in accessible repositories and disseminated within or across organiza-
tions using KMSs [16].
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6. Continuous Updating: The codified knowledge should be periodi-
cally updated to reflect evolving knowledge [50].

2.2  Automatic Extraction

Automatic extraction methods represent a significant advancement over man-
ual approaches in terms of reducing resource requirements such as time and
skilled personnel at the actual extraction stage, but potentially not at (pre-
)training as they could require extensive data management and supervision.
While all the described methodologies (QC, KC, IE, KE) share the common
goal of transforming unstructured data (in particular, NLT) into structured
formats, IE and KE fundamentally differ by relying on machine processing
rather than human evaluation.

It must be noted that such reliance could introduce biases, which human
coders, in theory, should aim to avoid or, at the very least, be conscious
about during the extraction process as well as when evaluating results. Fur-
thermore, QC and KC imply domain expertise on the part of human coders
as well as an implicit ability to solve natural language ambiguities. Finally,
human coders performing their tasks conscientiously are presumed to be able
to justify their annotations. This section introduces IE and KE as extraction
methodologies.

2.2.1 Information Extraction

Initially, IE has been defined in contrast to IR as the process that goes beyond
merely retrieving relevant documents, but instead identifying and isolating
only the text fragments that contain information of interest, extracting the
specific structured facts from these fragments and placing these facts into a
consistent framework ("a template") [27]. "With large amounts of potentially
useful information in hand, an IE system can then transform the raw mate-
rial, refining and reducing it to a germ of the original text” by "find|ing| and
link[ing| relevant information while ignoring extraneous and irrelevant infor-
mation” [27]. Here, one could already draw parallels to deductive approaches
of QC and Directed Analysis in CA. IE research can be characterized along
multiple dimensions [111], as illustrated in Table 6.
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Dim. Aspect Description Examples
Entities Named entities or domain-specific objects  People, locations, proteins,
] chemicals
[
ER
w0 Relations Binary or n-ary relations or events [Person] -employedBy- [0rg]
5 9 ployedBy g
=
ég Attributes Qualities describing entities Polarity, numeric quantity
& Higher-order More complex info (lists, tables, Lists, taxonomies,
ontologies) hierarchies
Granularity IE on short snippets vs. entire Single-sentence vs.
5 documents/corpora multi-document
Q
= Document Type Templatized text vs. heterogeneous Classified ads vs. Web
free-form text pages
Structured DBs Pre-existing KBs or gazetteers for Geographic DBs,
. validating/alignment enterprise KBs
9}
3}
é 5 Labeled Data Manually annotated or Training corpora for
] 2 distant /self-supervised data CRFs, neural models
Q
= Preprocessing Shallow (POS tagging) or deep POS tagger, parser,
(dependency parsing) chunker
Rule-Based Expert-crafted pattern rules Regex, dependency
= templates
L2
g :O Learning-Based Supervised or semi-supervised CRFs, neural networks,
- .
; § bootstrapping
= Hybrid Combination of rule-based & statistical Large-scale or domain-rich
scoring IE
Annotated Text Marking entity boundaries & linking Named-entity spans plus
o them to relations relation labels
]
==
a8 Relational Tuples — Storing facts as (Subject, Relation, ([Person], worksFor,
5 7 Object) [Company])
°a
Contextual / Handling attribution, negation, nested Factuality, modality,
Nested args conditionals

pipeline with Semantic Web standards [75].

Table 6: Dimensions of Information Extraction

One implementation of IE is the OBIE systems, which align the IE

Figure 4 illustrates the main

steps of an IE pipeline and summarizes the ways ontologies inform them
|. Most crucially, ontologies can be used to: a) pre-filter inputs, b) guide
tokenization by providing labels, c) for entity disambiguation and classifica-
tion, d) for relationship extraction and validation, e) as the output of the IE
pipeline and finally, f) for output validation and further inference.
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Figure 4: Ontology-enhanced Information Extraction Pipeline

In OBIE systems, ontologies are systematically integrated throughout
each step of the IE process: during input handling, ontologies guide the
processing of NLT through ontology-based pre-filtering to identify relevant
text segments; in preprocessing, they enhance tokenization with ontology
labels and can assist POS tagging, and dependency parsing; for entity recog-
nition and linking, ontological classes define the categories for NER, with
equivalence links guiding disambiguation and KGs queries confirming entity
matches; during relation extraction, ontological predicates facilitate identify-
ing relationships between recognized entities and validate extractions, further
enhanced by existing relationships from KGs; in output structuring, they in-
form how to convert extracted entities and relationships into a format. e.g.,
using RDF as a data model, supporting ontology alignment or re-using the
ontology; and finally, during post-processing, ontologies enable validation
and reasoning over the extracted information through OWL (or other im-
plementations of) inferencing and constraint validation, e.g., with SHACL.
Thus, ontologies can underpin the entire extraction process to produce con-
sistent structured information. This IE model will inform the design of the
generalized KE pipeline described in Section 5.
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2.2.2 Knowledge Extraction

While KE possesses many commonalities with TE, the distinguishing principle
is that in KE either "existing formal information must be reused (e.g., in
KGs or knowledge bases) or a schema must be derived from the source data"
[108]. Thus, KE places an even greater emphasis on the tighter integration
of ontologies into the pipeline. Similarly to IE, KE relies on NER and NED
as well as RE and RL. Here, KGs and ontologies provide the structured
knowledge and schemas for the mapping of the extracted knowledge [108].

The method is frequently employed in research ecosystems to extract
knowledge from both academic literature [12, 93] and historical sources [14].
KE is particularly valuable for texts containing rich knowledge which remains
effectively inaccessible when shrouded by the "shimmer" of NLT when it is
approached as an unstructured data source. Through systematic KE, this
knowledge can be transformed into formats that enable broader accessibility
through standardization and linking, and automatic analysis. For scientific
articles, there exist dedicated ground truth datasets [120], although such
resources primarily focus on metadata.

2.3 Reliability Testing Methodologies

Reliability testing methodologies aim to validate extraction quality and con-
sistency across different extraction approaches. These methodologies span
ground truth and golden standard studies for evaluating automated sys-
tems, benchmarking studies for comparing different tools and approaches,
and ICR assessments for measuring agreement between (human) annotators.
While they share common goals of ensuring reproducibility and quality, each
methodology employs distinct validation techniques addressing its specific
requirements.

2.3.1 Ground Truth and Golden Standard Studies

One of the methodologies for evaluating reliability and performance is ground
truth studies. Also referred to as Gold Standard Evaluations [64], they are
used evaluate the reliability of IE and KE pipelines. The ground truth
study methodologies differentiate the design of ground truths, collaborative
labelling practices and quality assurance [30].

Design of Ground Truth There are three 36| key approaches to design-
ing ground truths which mirror the inductive and deductive approaches in QC
and CA: in (a) Principled Design, ground truth is created using predefined
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guidelines and labeling vocabularies (this approach is similar to deductive
QC and theory-driven CA); in (b) Iterative Design, ground truth is refined
over successive cycles (this approach is similar to mixed /multi-cycle QC and
summative /mixed-method CA); in (¢) Improvisational Design, labels emerge
through adaptive, on-the-fly processes. The latter approach bears similarities
to inductive QC and data-driven CA.

Labelling and Quality Assurance In terms of labelling practices, there
are different approaches to achieving consensus: either multiple annotators
could be called upon to coordinate on a common label or there exists a hierar-
chical structure to resolve ambiguities. There may also be differences to how
subsets of data or labelling categories are split between annotators. Here,
greater redundancy improves the validity of reliability testing, while at the
same time driving costs. Quality in ground truth is achieved through redun-
dant labelling, the implementation of a consensus mechanism and detailed
annotation guidelines (which could be iteratively refined).

Limitations Still, there are notable limitations associated with ground
truths studies [64]: (1) studies involving human annotators are more resource-
intensive and costlier than golden standard studies, (2) human annotation is
not perfectly reproducible, (3) ICR above 90% is practically unattainable for
specific tasks, (4) evaluations with ground truths are limited to the specific
dataset and the results cannot be generalized (e.g., for other applications) and
(5) ground truth studies leave room for "cheating," e.g. by misrepresenting
the pool of annotators, being "generous" in evaluation etc.

Despite these limitations, ground truth studies are often the only evalu-
ation possible to assess the usefulness of a tool [(1] — sometimes, "the gold
standard is not the perfect test but merely the best available test" [129].

Metrics Table 7 gives an overview of metrics [102] commonly used for
reliability evaluation in golden standard studies. The first two, Precision and
Recall are the most commonly applied metrics to test the accuracy of positive
predictions (Precision) and the completeness of predictions (Recall). F1-
Score represents a balanced combination of two. While Specificity, Accuracy
and further metrics are included for completeness, in I[E and KE, the negative
space is often unbounded when there is not a finite set of items to classify,
and the metrics are not directly applicable without additional definition or
reformulation of the task as a classification of a with a finite set of categories.

26



Name Definition Purpose Interpretation

Precision TPSF*_;_PFP Measures the accuracy  High Precision means most predicted
of positive predictions positives are correct

Recal.l o TPE—% MeaS}lres the a.bi.lity to High Recall means few actual positives

(Sensitivity) identify all positives are missed

F1-Score 2- Ww Balances Precision and  x High F1 indicates good balance be-

recision+Recall .
Recall tween Precision and Recall

Specificity %ﬁFP Measurgs the accuracy High Specificity means most negatives
of negative predictions  are correctly classified

Accuracy TPITNFPIFN +:f,§f£g o Mea§ures overall classi- High Accuracy. means a high propor-
fication correctness tion of all predictions are correct

Fallout ' 7FP11PTN Measures the rate of High 'Fallou§ indicates many negatives

(False Posi- false alarms are misclassified as positives

tive Rate)

Miss Rate 7FNFETP Measures the rate of High Miss Rate means many actual

(False Nega- missed positives positives are misclassified

tive Rate)

Jaccard % Measures oYerlap be-  Higher Jaccard Index indicates better

Index tween predicted and agreement
actual positives

Matthews TP IN_FP FN Quantifies the quality = MCC near 1 means strong correlation,

(TP+FP)(TP+FN)(TN+FP)(TN+FN) X i . N

Corr. Coeft. of binary classifications near 0 means weak correlation

(MCC)

Informedness  Recall 4+ Specificity — 1 Indicates the probabil- High Informedness indicates that pre-
ity of making an in- dictions are far better than chance
formed decision

Markedness Precision + 7T1\;FEFN -1 Indicates the reliability = High Markedness means predictions
of predictions align well with actual outcomes

Area w Evaluates classifier ~Higher AUC means better classifica-

Under Curve performance tion performance

(AUC)

Weighted 4c - W Accounts for bias and Higher WRAcc indicates better ad-
Relative imbalance in classifica-  justed accuracy

Accuracy tion

(WRAcc)

Chi-Square (TPEZET(E)P))Q ngggp))Q Tests statistical signifi- Higher values indicate significant devi-
Statistic cance of results ations from the null hypothesis

(x*)

Table 7: Common Metrics for Ground Truth Studies

ground truth studies are broadly applied to LLM and RAG-based pipelines
[100], which imitate tasks normally performed by humans. In the context of
SW, a crowdsourcing approach has been proposed for gathering ground truth

datasets |

I
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2.3.2 Benchmarking Studies

Another approach for performance and reliability testing is benchmarking
studies. Benchmarking is a systematic process of comparing the perfor-
mance of different computational methods using well-characterized reference
datasets and evaluation criteria [137]. Unlike the ground truth evaluations
that commonly focus on a particular system against a (bespoke) Gold Stan-
dard, benchmarking studies are designed to facilitate performance compar-
isons between multiple approaches. Thus, benchmark datasets can be seen
as publicly available and broadly recognised ground truths.

Limitations A practical limitation, however, becomes the possibility of the
benchmark being included into the training dataset for a model (i.e. bench-
mark contamination). The issue is particularly relevant with LLMs [117]
trained on vast and commonly intransparently reported sets of openly acces-
sible data. Because of the common lack of transparency with regards to the
training dataset and the difficulty of reliably identifying test set contamina-
tion, a common approach to avoiding the issue is to evaluate models trained
on data predating the publication of a given benchmark. Later in the work,
Table 9 specifies the knowledge cut-off dates for major LLMs.

2.3.3 Inter-Coder Reliability

For reliability testing of extraction between single coders, ICR is the com-
monly used methodology. ICR is "a statistic commonly reported by re-
searchers to demonstrate the rigour of coding procedures during data analy-
sis" [20]. The following metrics are commonly reported in ICR studies:

Percent Agreement Proportion of the number of agreements to the total
number of coding decisions [90]. This metric is straightforward and most
reported, but does not account for agreement by chance, which is especially
relevant when coding schemes have few categories.

Number of A t
Percent Agreement = ( HIber 07 STCCmonts ) x 100

Total Number of Coding Decisions
Cohen’s Kappa (k) This metric improves upon Percent Agreement for

pairwise agreement between codes by considering the possibility of agreement
by chance.
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where:

P, : Observed agreement (proportion of agreements over all annotations)

P, : Expected agreement by chance based on marginal category frequencies.

However, expected high agreement on common categories may lead to
perceived overcompensation and conservative s values. Furthermore, where
the set of possible annotations (e.g., categories) is unbounded, P, is difficult
to estimate. In such cases, a practical but limited solution is to report the
metric for the actually observed set of categories, with the limitation that
this could overestimate the probability of chance agreement.

Krippendorff’s Alpha (« This metric enables reliability assessment across
multiple coders and different data types (nominal, ordinal, interval, ratio).
Unlike other coefficients, a accommodates missing values, handles multiple
coders and considers different measurement levels. Again, extensible cate-
gory sets where the set of possible values may be theoretically unbounded
require additional considerations, similar to .

=1 DO
o = De

where:

D, : Observed disagreement as a weighted sum of annotation differences

D, : Expected disagreement from the distribution of possible pairings.

2.4 Knowledge Representation

The Semantic Web [|9] provides a set of standards for human-understandable
and machine-processable knowledge representation. At its core, it relies on
RDF as a data model, which represents knowledge as subject-predicate
-object triple statements that use unique identifiers for concepts. An RDF
triple is formally defined as:

(s,p,0) € (UUB)xUx (UUBUL)

where:

e U is the set of all IRI,
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e B is the set of all blank nodes (without an identifier),

e [ is the set of all literals.

These statements collectively form directed labelled graph structures ul-
timately known as KGs [51]. Such graph data can be queried with SPARQL.
In this context, ontologies serve as schemas that define the relationships and
constraints among entities, enabling reasoning and data integration (through
re-use of the same concepts). In the context of Semantic Web, OWL is com-
monly used to define ontological semantics and SHACL to define constraint
shapes.

2.5 Retrieval-Augmented Generation

LLMs are neural networks, predominantly based on the transformer architec-
ture [128], that have been trained on vast corpora of text to generate human-
like responses to prompts. These models process text as sequences of tokens
and, as noted in Section 1, have demonstrated remarkable capabilities in
understanding and generating NLT, including, initially, translation, but also
creative content generation, becoming the backbone technology of GenAl
However, LLMs face inherent limitations: their knowledge is bounded by
their training data (with a knowledge cut-off date), they sometimes generate
incorrect information (hallucinate), and they lack direct access to external,
continuously updated information sources.

RAG is a systematic approach to language modelling that addresses the
limitations of LLMs by integrating a corpus or a database for retrieval [65].
This approach combines the capabilities of GenAl with the reliability of re-
trieval modules, providing a solution to the incompleteness of knowledge
inherent in purely parametrized models [11|. This subsection presents im-
portant aspects of RAG, following the previously proposed schema [11], illus-
trated in Table 8. The presented dimensions discuss various implementation
aspects of RAG systems, including architectural paradigms for RAG, various
augmentation stages, types of data sources, retrieval processes and evaluation
methods.
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Dim. Aspect Description Examples
Naive RAG Traditional indexing, retrieval, and Basic "retrieve-read"

" generation process approach

£
(O Advanced RAG Optimized or specialized Fine-grained segments,
é E pre/post-retrieval methods metadata integration

-

o]

A Modular RAG Flexible architecture with additional Search module, memory

functional modules

module, alignment module

Augmentation
Stage

Pre-training

Enhancing pre-trained language models
with retrieval

Fine-tuning

Fine-tuning retrievers and generators for
specific tasks

Augmentation
Data Sources

Inference Adding retrieval capabilities during -

inference
Unstructured Textual data from pure text corpora Web documents, articles,
Data other documents

Structured Data

Knowledge stored in structured formats

Knowledge graphs, tables,
databases

LLM Generated

Content generated by LLMs themselves

LLM-generated contexts

Once Retrieval

Single retrieval-generation process

Text-based, semantic,
vector, hybrid search

context relevance

B a

5w

.g 3 Iterative Multiple retrievals based on previous Following multiple levels

% g Retrieval results of references

e A
Adaptive Dynamic retrieval based on model Additional prompting in
Retrieval judgments the retrieval process
Independent Separate evaluation of retriever and Hit Rate, MRR,

o generator (Normalized) DCG,

0

ST Precision

0

g g

-% B End-to-End Evaluation of final model response Faithfulness, answer and

32

Ability Testing

Testing specific capabilities for RAG

Noise robustness, negative
rejection, performance in
information integration

Table 8: Dimensions of Retrieval-Augmented Generation

RAG Paradigms
The "naive" RAG represents the earliest methodology gaining prominence
after the widespread adoption of ChatGPT, involving traditional indexing,
retrieval, and generation processes in a basic "retrieve-read" framework. Ad-
vanced RAG, in comparison, proposes improvements by incorporating pre-
retrieval and post-retrieval methods, optimizing indexing approaches, fine-
grained segmentation, and including metadata. On the other side, modular
RAG breaks away from the traditional framework, offering greater flexibil-

RAG has evolved through three main paradigms |
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ity by integrating various methods to expand functional modules, such as
incorporating search capabilities, memory and alignment modules.

Augmentation Stages The augmentation stage dimension in Table 8 il-
lustrates when retrieval can be incorporated in the model lifecycle [11]. RAG
systems could incorporate retrieval mechanisms (1) from the ground up for
training, (2) in the fine-tuning stage or (3) at the inference stage/on-the-
fly without modifying the underlying model parameters. The architecture
proposed in this work demonstrates the application of pre-trained LLMs for
KE, therefore relying on the inference-stage retrieval. Future work (see Sec-
tion 8) includes details on the extension of the approach to (2) and (1), which
is expected to further improve performance.”

Augmentation Data Sources RAG systems can utilize various types of
knowledge repositories [11] including: unstructured data in pure NLT corpora
(incl. web documents, articles etc.), structured data (incl. KGs, tables, and
databases). Some RAG implementations even leverage content generated by
LLMs themselves, creating a self-reinforcing knowledge loop.

Retrieval Process The retrieval process can be (i) singular, (ii) iterative
and (iii) adaptive [11]. Once retrieval involves a single retrieval-generation
process using text-based, semantic, vector search, or other search techniques.
Iterative retrieval includes multiple levels of retrieval based on previous re-
sults. Adaptive retrieval dynamically adjusts the retrieval process based on
model judgments implementing a more context-aware retrieval logic.

Evaluation Methods The final dimension outlines different general ap-
proaches to evaluating RAG systems [11]|. Independent evaluation separately
assesses the retriever and generator using metrics like hit rate, measures for
assessing ranking quality (e.g., Mean Reciprocal Rank and Discounted Cu-
mulative Gain) and Precision (see Table 7). End-to-end evaluation, on the
other hand, examines the final model response. Another approach is ability
testing, which focuses on specific capabilities crucial for RAG, such as noise
robustness and negative rejection (e.g., performance and rejection in case of
semantically similar documents, which are, however, not helpful for question
answering), and information integration(e.g., to answer complex questions
requiring integration of multiple data sources).

"Huggingface LLM Leaderboard suggests that fine-tuning pre-trained LLMs signifi-
cantly improves performance for specific tasks, see: https://huggingface.co/spaces/open-
llm-leaderboard /open 1lm_leaderboard.

32


https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard
https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard

Notable Benefits Through implementation of methods described above,
RAG improves performance of language models [11] for certain tasks: (1)
by integrating provenance into the system, RAG reduces hallucinations and
improves explainability of results and, therefore, trust; (2) reliance on exter-
nal knowledge base or corpus addresses the knowledge cut-off and resource-
intensive fine-tuning when integrating additional or actively evolving data.
(3) Retrieval also allows models to be tailored to different domains or chang-
ing use cases by including new domain knowledge. The latter benefit is
especially relevant in this work, as it allows to change the ontology based on
the codebook or feature catalogue for a particular extraction task.

The flexibility and modular nature of RAG, as presented in Table 8,
make it a powerful approach for adapting LLMs to specific tasks and use
cases. Nonetheless, the provided flexibility also places a greater emphasis on
rigorous evaluation and adapting evaluation approaches to particular tasks
as will be discussed in Section 4.2.

3 Related Work

LLMs have emerged as powerful tools for IE and KE with a number of
studies looking into applying LLMs to various parts of IE and KE pipelines.
In this context, one particular area of application gaining prominence is KE
from scientific texts. This section gives an overview of relevant literature on
structured 1E, KE with LLMs as well as the role of Semantic Web in the
field. Thus, it focuses on the intersection between (a) IE and KE, (b) LLMs
and (c) Semantic Web, LD and KGs.

LLM-supported Information Extraction A study published in Na-
ture Communications [28] fine-tuned GPT-3 and Llama-2 to extract spe-
cialised knowledge in the chemistry domain, outputting results as English
sentences and in a structured format (as JSON objects). Precision, re-
call and F1-Scores (as described in Table 7) were computed using an ex-
act word-matching approach: i.e., each entity was first converted into a set
of words. For example, Bi2Te3 thin film becomes {‘‘Bi2Te3’, ‘‘thin’’,
“film’}. For relationships between entities, triplets of the form (wordi,
word2, relationship_type) were extracted. The scores were then com-
puted by comparing the sets of true and predicted triplets (triple-level com-
parison). While the approached showed promise, reliability remained a con-
cern, with F1-Scores generally around 0.5 except for one task reaching the
score of 0.821, which, however, still could not be considered reliable.
LLM-based exaction has found applications in several specialized fields:
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e Scientific Literature: LLMs are being used [130] to extract metadata
from scientific literature, enabling scalable processing and analysis of
large volumes of research. With research output (as a total number of
articles published and available in bibliographic databases) following an
exponential growth of approx. 5.6% annually |1 1], automatic processing
of scientific literature becomes increasingly relevant.

e Clinical and Biomedical Domain: Pipelines in the clinical |3, | and
biomedical domain [16, 22| have been proposed for IE from NLT.

e Material Science: and material science [98]. Here, zero-shot and few-
shot extraction IE approaches for various tasks have been evaluated,
including metadata extraction from study reports [134, 71, , ,

].

Evaluation in LLM-supported Information Extraction Broad appli-
cation of LLMs in various fields has prompted the development of new evalu-
ation metrics. Specifically, the issues [38] of (1) semantic consistency between
model outputs and ground truth, whereby model might generate close, but
not literally matching annotations, and (2) incompleteness of broadly used
benchmarks, whereby a model might generate correct annotations, which,
however, were not previously included in a benchmark.

Approaches based on LLMs and have been proposed to address these is-
sues [38]. While such approaches effectively address erroneously-attributed
underperformance of LLM-powered IE pipelines by proposing advanced met-
rics (SQC-Score), though the use of LLMs in evaluation, they add a level of
methodological complexity which potentially limits the validity of results.

Information Extraction in the Context of Semantic Web The in-
tersection of IE and Semantic Web represents a particularly rich area of
research, where information is not only extracted, but also represented in
machine-readable and interoperable format, following LD [10] and FAIR data
principles [15].

Before the advent of LLMs, the popularity of such approaches increased
immensely with the availability of Wikipedia-related KGs such as DBPedia
[30] and Wikidata [133]. One of the most prominent approaches for IE with
Semantic Web follow the EEL architecture [75].

In EEL, the IE process is comprised in two conceptual steps: entity recog-
nition and linking. First, entity mentions are identified in the text using
string/token and NER-based approaches [75]. Then, in the disambiguation
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phase, entities are linked to external reference through a wide range of ap-
proaches [75].

LLM-supported Knowledge Extraction Recently, LLMs have demon-
strated potential in KE, extracting LD across various domains. In this con-
text, most approaches target NLT as input data for extraction (e.g., [10]).

e Biomedical domain: LLMs have been extensively applied to extract
LD in the biomedical domain [109, 17, 60].

e Conversational UI: Recent work [37] explores using LLMs to extract
structured knowledge from conversational interfaces and integrating it
with existing KGs.

e Cultural heritage: The application of LLMs for KE extends to the
cultural heritage domain [35, 74].

Beyond these specific domains, LL.Ms have been applied to extract knowl-
edge from general NLT across diverse contexts. Annotated datasets have
been proposed for evaluation of transformer-based extraction from scholarly
publications [97]. Furthermore, LLMs have demonstrated applied potential
for KE in the manufacturing domain |[78], where they can extract technical
specifications, process parameters, and domain-specific relationships.

Ontology Learning While this work focuses on using existing ontologies
to guide KE, with defining broader categories to enable inductive QC, the
complementary field of OL targets the automatic creation of the ontologies
themselves. A number of approaches [59] could potentially feed into the
ontology-guided extraction pipeline proposed in our work. OL creates a po-
tential positive feedback loop where extraction benefits from better ontolo-
gies, and the extracted knowledge could, in turn, enable ontology refinement.
This connection between OL and LLM-based KE represents a promising di-
rection for creating adaptive knowledge systems that evolve their ontology
based on encountered information, further enhancing the extraction perfor-
mance.

4 Methodology

This section discusses the methodology for: (1) creating a automated ex-
traction pipeline, in Section 4.1; (2) evaluating the extraction reliability, in
Section 4.2; (3) evaluating the extraction pipeline on concrete use cases in
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research ecosystem, in Section 4.3. In describing the requirements, this sec-
tion refers to specific aspects of related methodologies described in Section 2.
It also establishes parallels to existing pipelines described in Section 3.

4.1 Creating the Extraction Pipeline

This section will review the requirements towards a pipeline that could re-
place manual feature extraction approaches. Here, we refer to both coding
(i.e., assignment of codes in the sense of QC) and feature extraction in the
sense of IE and KE under the broader term of feature extraction. In this
sense, feature extraction includes both assignment of salient categories to
NLT (as classifications of entities identified in the text) as well as extraction
of quantitative data as annotations and extraction of semantics according to
pre-defined ontological patterns.

Requirements The pipeline should enable both deductive and inductive
approaches for QC (see Section 2.1.1) and CA (see Section 2.1.2), thus en-
abling both explorative extraction without pre-defined categories or with
the possibility of extending an incomplete/transient set of categories (open
schema, see Table 2) as well as theoretically-guided extraction (fixed schema)
of a predefined, bound set of categories as well as annotations following
theoretically-informed constraints. Furthermore, the approach should en-
able iterative category evolution (see Table 3) and qualitative CA (see Sec-
tion 2.1.2). To enable quantitative CA, the approach should also support
extraction of different numerical values (incl. datatypes) (see Figure 3).

Input Granularity Requirements The pipeline must flexibly handle
various levels of input granularity, ranging from individual labels (such as
headlines in the example from SLR, see Appendix A) and phrases to larger
segments (e.g., paragraphs, posts, interview transcripts) and entire docu-
ments. This flexibility ensures that extraction can work with fine-grained
annotations as well as broader document-level analysis, depending on the
specific extraction need. Such granularity range enables both detailed an-
notation similar to manual coding of specific phrases in QC and broader
analysis of text segments.

Extraction Mode Requirements The pipeline should support both de-
ductive (top-down) and inductive (bottom-up) approaches. In deductive ap-
proaches, the system should apply predefined categories and annotations to
the data, as in Directed CA. With inductive approaches, the system discovers
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categories and patterns emerging from the data without a fixed framework of
categories, similar to Open Coding in GT. Mixed approaches, which combine
elements of both, should also be supported to accommodate the iterative
nature of qualitative research. This requirement enables both exploratory
research (where patterns emerge from the data) and theory-driven research
(where feature extraction is driven by established frameworks).

Output Structure Requirements The pipeline must produce structured
output implementing structures associated with QC, CA, but also KE. They
include categorical assignments (classifying text into defined categories), nu-
merical values with their associated units of measurement, and relationships
informed by ontologies (incl. taxonomic hierarchies). This diversity of output
formats supports both qualitative and quantitative analysis of the extracted
information, and required a data model capable of flexibly representing data
structures.

Provenance Requirements For transparency and validation purposes,
the pipeline must maintain clear links to the source material through text
citations (also referred to as evidence in this work). Each extraction should
be traceable back to its origin in the text, allowing verification of the ex-
traction’s accuracy and validity. This requirement is crucial for maintaining
the reliability and reproducibility, but is rarely contained in research data
published as a result of QC studies.

Process Requirements The extraction process must be iterative, allow-
ing for refinement and evolution of the extraction model. This iterative
architecture supports the progressive improvement of results and aligns with
established practices in QC and CA, where understanding deepens through
multiple analytical passes. The iterative nature of the process also facilitates
the kind of conceptual /theory development that occurs in the transition from
initial cycle to further cycles of coding in traditional QC (see Section 2.1.1).

Ontological Grounding Since complex relationships are part of the out-
put scope, we will specify valid RDF annotations as output format in line
with OBIE as illustrated in Figure 4. To follow the expected structure of
the output, the pipeline should accept a domain-specific ontology defining
features of interest, patterns and constraints, e.g. for datatypes as well as
complex shapes.

Consequently, ontological grounding not only enables the automatic struc-
turing of results as LD — facilitating seamless integration with LOD and cre-
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ating a readily publishable, self-descriptive resource beneficial to researchers
— but also supports automatic validation, inferencing, and, potentially, re-
pairs.

Pipeline Modules Following these requirements, we will adapt and ex-
tend appropriate components of RAG as described in Section 2.5. We will
demonstrate, how different modules of the pipeline fulfil the requirements
and integrate ontologies in various stages of the process. Most importantly,
we will detail, how the modules in this hybrid approach enable effective and
diverse feature extraction.

Language Models For evaluation purposes, the pipeline must accommo-
date multiple LLMs, including both open-source and commercial models.
The architecture should facilitate straightforward substitution of language
models without necessitating alterations to the pipeline’s implementation.

Overview of Language Models The choice of language models define
inputs that could be used for evaluation. Table 9 gives an overview of a se-
lection of recent pre-trained LLMs, their context window size and knowledge
cut-off dates. In this comparison, Gemini 2.0 Pro (Experimental) has the
most recent cut-off date (August 2024).

Model Version Context Max Training Source
Window Output Cutoff

Gemini 2.0 Pro®  gemini-2.0-pro- 2M 8,192 Aug 2024 Closed
exp-02-05

DeepSeck-R1° deepseek-rl 128K 32,768 July 2024 Open

Claude 3.5 claude-3- 200K 8,192 April 2024 Closed

Sonnet ¢ 5-sonnet-
20241022

Llama 3.3 70B¢ llama-3.3-70b- 128K 2,048 Dec 2023 Open
instruct

GPT-40° gpt-40-2024- 128K 16,384 Oct 2023 Closed
11-20

@See https://blog.google/technology /google-deepmind /gemini-model-updates-
february-2025/

bSee https://huggingface.co/deepseek-ai/DeepSeek-R1

¢See https://docs.anthropic.com/en/docs/about-claude/models

dSee https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct1

See https://platform.openai.com/docs/models#gpt-4o

Table 9: Comparison of Large Language Models
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Running Examples As a running example, this work uses Bram Stoker’s
Dracula |117]. This example merely serves as an illustration and, due to the
work potentially being included in the knowledge before the cut-off date of
LLMs, we will not use this example for evaluation. However, the journal-like
format of Dracula resembles field notes, which are a common input source for
QC. As an applied task, we are interested in extracting features of journal
entries (author, location, time) from chapter. Figure 5 gives an example for
an excerpt from a chapter.

JONATHAN HARKER’S JOURNAL (Kept in shorthand.)

3 May. Bistritz. — Left Munich at 8:35 P.M., on 15' May,
arriving at Vienna early next morning; should have arrived at
6:46, but train was an hour late. Budapest seems a wonderful
place, from the glimpse which I got of it from the train and
the little I could walk through the streets. I feared to go very
far from the station, as we had arrived late and would start as
near the correct time as possible. The impression I had was
that we were leaving the West and entering the Fast; the most
western of splendid bridges over the Danube, which is here of
noble width and depth, took us among the traditions of Turkish

rule. [...]
Figure 5: Excerpt from the 1st Chapter of Dracula by Bram Stoker, 1897.

As the second running example which lies beyond the knowledge cut-
off date of LLMs mentioned in Table 9, we will use the use the Financial
Results Year Press Release of NVIDIA (Q3 of the fiscal year 2025).% Figure 6
illustrates the press release from NVidia’s website.

8See https://nvidianews.nvidia.com/news/nvidia-announces-financial-results-for-
third-quarter-fiscal-2025
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NVIDIA Announces Financial Results for Third Quarter
Fiscal 2025

MNovember 20, 2024

= Record quarterly revenue of $35.1 billion, up 17% from Q2 and up 94% from a year ago
» Record quarterly Data Center revenue of $30.8 billion, up 17% from Q2 and up 112% from a year ago

SANTA CLARA, Calif, Nov. 20, 2024 (GLOBE NEWSWIRE) -- NVIDIA (NASDAQ: NVDA) today reported revenue for the
third quarter ended October 27, 2024, of $35.1 billion, up 17% from the previous quarter and up 94% from a year ago.

For the quarter, GAAP earnings per diluted share was $0.78, up 16% from the previous quarter and up 111% from a
year ago. Non-GAAP earnings per diluted share was $0.81, up 19% from the previous quarter and up 103% from a

year ago.

“The age of Al is in full steam, propelling a global shift to NVIDIA computing,” said Jensen Huang, founder and CEO of
NVIDIA. "Demand for Hopper and anticipation for Blackwell — in full production — are incredible as foundation model

makers scale pretraining, post-training and inference.

Figure 6: Press Release of Financial Results for Third Quarter of NVIDIA’s
Fiscal Year 2025

In this example, in comparison to the Dracula example, we will be more
interested in extracting numerical values. Specifically, the example will de-
scribe a task of extracting key financial performance indicators and CEQ’s
quotes from the press release, which, for example, could be valuable for fur-
ther aspect-based sentiment analysis.

4.2 Requirements for Reliability Assessments

This section reviews the requirements for adapting reliability assessment
methodologies to the ontology-driven KE pipeline. A comprehensive evalua-
tion framework must address two fundamental dimensions: (1) the pipeline’s
extraction accuracy when measured against a complete ground truth dataset,
and (2) its performance relative to human annotators and other LLMs. The
former establishes objective performance metrics for the extraction process,
allowing conclusions on the absolute performance of the pipeline while the
latter contextualizes these results in comparison to human annotators as a
potential co-annotator or replacement for manual annotation. Crucially, the
methodological adaptations required for each dimension must account for the
graph structure of ontology-guided extractions while maintaining compara-
bility with established reliability metrics in both QC and IE domains.

Adapting Ground Truth Evaluation For deductive feature extraction,
the adapted approach must accommodate the hierarchical nature of ontology-
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based annotations. Furthermore, the methodology must establish clear met-
rics for assessing the completeness of extraction relative to ground truth
datasets and provide strategies for reformulating the unbounded tasks in
such a way as to enable evaluation.

Inter-LLM Reliability

@ @ @ @ @
a | ] ] | ] a n a | ] a | ]
H E PRt R+ E 1 B
[ 1] [ 1] [ 1] [ 1} L1}
A5 E5 EE EE N

Coder-LLM Reliability

[ ) [ ] [ ) [ )
Inter-Coder Reliability

Figure 7: Reliability Assessment in Multiagent Context

Inter-LLM Reliability To assess extraction consistency across LLMs,
this work adapts ICR to measuring agreement between the models. This ap-
proach will adapt established metrics (see Section 2.3.3) for graph-structured
outputs, discussing blank node matching and semantic equivalence. The
framework should evaluate agreement at multiple granularity levels and ad-
dress methodological challenges when calculating chance-corrected agreement
metrics. It should also establish approaches to building consensus (a proce-
dure normally relying on coordination between human annotators) in case
of differences in annotation. Figure 7 illustrates the concept of Inter-LLM
Reliability.

Coder-LLM Reliability Coder-LLM reliability is evaluated to ultimately
assess the applicability of LLM-supported extraction as compered to man-
ual extraction. Therefore, for assessing human-LLM agreement, the human
and LLM annotations are aggregated into two consolidated annotations re-
spectively (as depicted in Figure 7 by blue and orange boxes). The final
reliability scores are accordingly calculated based on those two consolidated
annotations.
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4.3 Application and Evaluation

To evaluate the application of the proposed pipeline to genuine research chal-
lenges in the scholarly ecosystem, this work will present results of extraction
of conference-related knowledge. It will detail the evaluation across two use
cases: (1) extracting conference-related knowledge from conference websites
as demonstrated in the Semantic Observer framework [33], and (2) extracting
comprehensive scholarly knowledge from websites and conference proceedings
as implemented in the Scholarly Wikidata approach [32].

For each application, this work will discuss both extraction reliability
and practical utility. Reliability assessment will apply the metrics estab-
lished in 5.2, including Precision, Recall, and F1-Scores at the triple level.
The practical utility evaluation will discuss the potential of the extracted
knowledge to enhance research workflows through improved knowledge ac-
cessibility, searchability, and integration with existing KGs like Wikidata.
This approach will provide concrete evidence of the LLM-supported KE’s
applicability to addressing real-world challenges in research knowledge man-
agement.

5 Theoretical Framework

The theoretical framework described in this section begins with the imple-
mentation details of the pipeline, then describes the methodology for LLM-
specific golden standard studies, and, finally, approaches to calculating inter-
LLM and human-LLM agreements.

5.1 LLM-based Extraction Pipeline

The first part of this section — which describes the pipeline itself — is based
on the requirements listed in Section 4.1. Figure 8 illustrates the simplified
version of the pipeline: specifically, Figure 8a illustrates the first phase of the
pipeline, the entity recognition phase, and Figure 8b illustrates the second,
the annotation phase.

Phases The first phase of the pipeline, entity recognition, aims, based on
the domain ontology, to identify and classify entities in each text input. The
second phase, then, is tasked with annotating (incl. linking) the entities
based on the definitions of the domain ontology and input text.
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Module Overview In line with the modular RAG design, the pipeline
introduces three module types (Entity/Annotation Extraction, Entity/An-
notation Consolidation and Entity Merge) that can be combined to create
increasingly sophisticated LLM-supported extraction pipelines. Figure 9 il-
lustrates these modules with the same colour codes as the ones used to high-
light the modules in Figure 8.

Entity Entity Entity
Extraction Consolidation Merging
Annotation Annotation
(Extraction) Consolidation

Figure 9: Core Modules of the Pipeline

Extraction Modules The Extraction Modules prompt the LLM to either
extract entities from the text or annotate entities with specific property values
from text. In the first case, the Entity Extraction Module instructs the LLM
to identify entities corresponding to ontology-defined classes. The procedural
implementation details of the module as well as relevant data sources are
captured in Figure 8a. In the second case, the Annotation Extraction Module
directs the LLM to simultaneously annotate multiple properties for these
entities. The implementation details for the second module are presented in
Figure 8b.

Consolidation Modules The Consolidation Modules process outputs from
multiple validated extraction or annotation steps with identical inputs. These
modules prompt the LLM to integrate the results by resolving duplicates and
merging overlapping or complementary information, thereby producing a co-
herent, consolidated output.

Entity Merging The Entity Merging Module processes consolidated out-
puts from consecutive text inputs and integrates duplicates. If the number of
input text segments exceeds the number of inputs simultaneously processed
by the module, the outputs from each merge iteration become inputs for
subsequent merging steps. This recursive merging continues until all entities
extracted from the original segments are fully consolidated.
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Validation Submodule FEach module includes a validation submodule re-
sponsible for verifying the correctness of extraction results. If errors or in-
consistencies are detected, the submodule generates a validation report. This
report, together with the previous extraction output, is passed back to the
module to facilitate corrections. Optionally, a mandatory revalidation param-
eter could be set, ensuring iterative re-validation even if the initial validation
passes. Additionally, a mazimum retry parameter may be specified to limit
the number of re-validation attempts, ensuring that the validation process
halts after a predefined number of unsuccessful retries.

5.1.1 Knowledge Extraction Process

This subsection illustrates the two-phase process (entity recognition and
property annotation) applied to the running examples. It builds up the
ontologies step-by-step, illustrating the important aspects that are required
for the ontology to underlie the extraction process. Then, it illustrates how
the modules discussed above produce incremental output, completing the
generated RDF data.

Domain-Specific Ontology The first step in the extraction process is
defining a domain-specific ontology that will be used for automatic extrac-
tion. In the context of QC, the ontology could be derived from existing
codebooks or feature catalogues used in qualitative research and formalized
using RDF and OWL following an established ontology engineering method-
ology [127], possibly involving ontology re-use.

For optimal extraction performance, the ontology should include rich
textual descriptions: classes and properties require descriptive labels and
detailed rdfs:comment annotations that provide (i) comprehensive defini-
tions of concepts, (ii) examples, and (iii) crucial or complex constraints de-
scribed in natural language. Classes are formally defined using owl:Class
definitions, while properties are specified as either owl:0bjectProperty or
owl:DatatypeProperty depending on their intended range.

Validation constraints are implemented through SHACL to enforce var-
ious types of constraints: sh:NodeShape shapes validate entity instances,
while sh:PropertyShape shapes should be used to enforce cardinality, datatype
restrictions, and value constraints on properties. Notably, OWL should not
be used for expressing constraints due to its standard semantics being de-
signed for inference rather than expressing constraints [03] and its inherent
Open World Assumption impeding the use for validation.

The combination of semantic definitions and validation constraints creates
an ontology that can guide LLM extraction process. For the Dracula run-
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ning example, we will create an ontology focused on describing persons and
locations, extending FOAF where appropriate.® First, the relevant classes
with useful descriptions need to be defined (Figure 10).

@prefix : http://semantic.foundation/dracula# .

@prefix rdf: http://www.w3.org/1999/02/22-rdf-syntax-ns# .
@prefix rdfs: http://www.w3.org/2000/01/rdf-schema# .
@prefix xsd: http://www.w3.org/2001/XMLSchema# .

@prefix owl: http://www.w3.org/2002/07/owl# .

@prefix foaf: http://xmlns.com/foaf/0.1/ .

@prefix sh: http://www.w3.org/ns/shacl# .

:Person a owl:Class ;
rdfs:subClass0f foaf:Person ;
rdfs:label "Person'"@en ;
rdfs:comment A character in the novel ’Dracula’ who is explicitly named. Examples:
Jonathan Harker, Count Dracula, Mina Murray. Constraint: Must be a named

individual, not a generic reference to a group of people.Qen .

:Location a owl:Class ;
rdfs:label "Location"Qen ;
rdfs:comment A named geographical place mentioned in the text, including cities,
towns, regions, countries, or specific landmarks. Examples: London,
Transylvania, Castle Dracula, Whitby. Constraint: Must be a specific named
location, not a general area or direction like ’eastward’ or ’the

countryside’.@en .

Figure 10: Class Definitions in the Dracula Ontology

Then, the basic properties can be defined (Figure 11).

9See http://xmlns.com/foaf/spec/
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I :firstName a owl:DatatypeProperty ;

2 rdfs:subProperty0f foaf:firstName ;

3 rdfs:label "first name"@en ;

4 rdfs:comment The first or given name of a character. Examples: Andrew, Alexander,
Maria. Constraint: Extract only the given name, not titles or surnames.Qen ;

5 rdfs:domain :Person ;

6 rdfs:range xsd:string .

8 :surname a owl:DatatypeProperty ;

9 rdfs:subProperty0f foaf:familyName ;

10 rdfs:label "surname'"@en ;

11 rdfs:comment The family or last name of a character. Examples: Smith. Constraint:
Extract only the surname, not titles or first names.Qen ;

12 rdfs:domain :Person ;

13 rdfs:range xsd:string .

15 :knows a owl:0ObjectProperty ;

16 rdfs:subProperty0f foaf:knows ;
17 rdfs:label "knows"@en ;
18 rdfs:comment Indicates that one character knows another character personally.

Constraint: Only mark a relationship when there is explicit evidence of personal
acquaintance.@en ;
19 rdfs:domain :Person ;

20 rdfs:range :Person .

22 :visits a owl:0ObjectProperty ;

23 rdfs:label "visits"Qen ;

24 rdfs:comment Indicates that a character has physically traveled to and been present
at a location. Examples: Maria visits London. Constraint: Must be an actual
visit explicitly described in the text, not just a mention of a location.Qen ;

25 rdfs:domain :Person ;

26 rdfs:range :Location .

Figure 11: Property Definitions in the Dracula Ontology

In addition to classes and properties, constraints should be defined for val-
idation. For the Dracula ontology, the Turtle excerpt below defines SHACL
constraints to enforce structural and datatype constraints.
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I :PersonShape a sh:NodeShape ;
2 sh:targetClass :Person ;
3 sh:property [
sh:path :firstName ;
5 sh:name "First Name Constraint" ;
6 sh:description "Person’s first name should be at least 2 characters long." ;
7 sh:datatype xsd:string ;
8 sh:minLength 2 ;

11 :KnowsShape a sh:PropertyShape ;

12 sh:path :knows ;

13 sh:description "Validates that knows relationship points to valid Person" ;
14 sh:class :Person ;

15 sh:nodeKind sh:IRI .

17 :VisitsShape a sh:PropertyShape ;

18 sh:path :visits ;

19 sh:description "Validates that visits relationship points to valid Location" ;
20 sh:class :Location ;

21 sh:nodeKind sh:IRI .

Figure 12: SHACL Constraints for the Dracula Ontology

For the NVIDIA financial press release example, a simple financial re-
porting ontology focusing on key numerical data and CEQO’s statements is
created. Here, it would be appropriate to reuse the FIBO ontology, though
the example does not.'® Note that this example defines a different default-
/base namespace.

10Gee https://spec.edmcouncil.org/fibo/
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@prefix : http://semantic.foundation/financial#

:FinancialReport a owl:Class ;
rdfs:label "Financial Report"Qen ;
rdfs:comment A corporate financial report. Constraint: Must be a press release about

financial results.@en

:quarterlyRevenue a owl:DatatypeProperty ;
rdfs:label "quarterly revenue"Qen ;
rdfs:domain :FinancialReport ;
rdfs:range xsd:decimal ;

rdfs:comment The total revenue for the reported quarter in US dollars.@en ;

:netIncome a owl:DatatypeProperty ;
rdfs:label '"net income"Qen ;
rdfs:domain :FinancialReport ;
rdfs:range xsd:decimal ;

rdfs:comment The company’s profit after all expenses in US dollars.Qen ;

:ceoQuoteText a owl:DatatypeProperty ;
rdfs:label "CEO quote"Qen ;
rdfs:domain :FinancialReport ;
rdfs:range xsd:string ;
rdfs:comment Direct quotation from the company’s CEO. Constraint: Must be verbatim

text with attribution.@en ;

Figure 13: Minimal Financial Reporting Ontology

For automatic validation, SHACL constraints should also be defined.
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:FinancialReportShape a sh:NodeShape ;
sh:targetClass :FinancialReport ;
sh:property [

sh:path :quarterlyRevenue ;
sh:datatype xsd:decimal ;
sh:minCount 1 ;
sh:maxCount 1 ;
sh:message "Each financial report must specify exactly one quarterly revenue as
a decimal value." ;
1;
sh:property [
sh:path :netIncome ;
sh:datatype xsd:decimal ;
sh:minCount 1 ;
sh:maxCount 1 ;
sh:message "Each financial report must specify exactly one net income as a
decimal value." ;
1;
sh:property [
sh:path :ceoQuoteText ;
sh:datatype xsd:string ;

Figure 14: SHACL Constraints for Minimal Financial Reporting Ontology

Input Corpus The input corpus is processed sequentially (though parallel
processing is possible), with each document taken as a text input or split up
into paragraphs. The choice of segmentation (e.g., by chapter, by entry, or
by paragraph) depends on the specific requirements for feature extraction.
A notable limitation constraining the input length is the context window
(i.e., the whole composite prompt should be less than the context window).
However, also generation limit poses a constraint — i.e., how many tokens can
be generated at once. Together, it has to be considered that the results can
be represented in the output of this length.

For the Dracula running example, the chapters are split into paragraphs,
where each paragraph is presented as a single input to the extraction pipeline.
The example paragraph has already been presented in Figure 5. For the
NVIDIA running example, the press release excerpts as shown in Figure 6
are taken.

Class Definitions The pipeline extracts class definitions from ontologies
by querying for entities of type owl:Class and rdfs:Class, collecting their
labels, comments, and hierarchical relationships. For each class, it identi-
fies associated properties through two mechanisms: first by finding tradi-
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tional Semantic Web properties where the class appears as rdfs:domain or
rdfs:range, and second by examining SHACL shape constraints that target
the class, including relevant sh:NodeShape declarations and property paths.

Entity Extraction with Evidence The pipeline extracts entities from
text using a prompt where the target class(es), class definition(s) (including
properties and constraints), input text segment, and the latest output and
validation report are included. For each identified entity, the extraction pro-
cess captures supporting evidence directly from the text using rdfs: comment
predicates. This evidence consists of exact text segments that justify the en-
tity’s classification — the same provenance information is also included in the
output of other modules. Multiple evidence statements can be associated
with a single entity, providing comprehensive justification for its identifica-
tion. For example, when extracting instances of foaf:Person from Stoker’s
Dracula, the entity "Count Dracula" is identified with multiple supporting
evidence statements:

1 [1 a foaf:Person ;

2 rdfs:label "Count Dracula" ;

3 rdfs:comment "Count Dracula had directed me to go to the Golden Krone Hotel, which
I found, to my great delight, to be thoroughly old-fashioned, for of course I
wanted to see all I could of the ways of the country.",

| "I was not able to light on any map or work giving the exact locality of the

Castle Dracula, as there are no maps of this country as yet to compare with
our own Ordnance Survey maps; but I found that Bistritz, the post town

named by Count Dracula, is a fairly well-known place." .

Figure 15: Entity Extraction with Evidence in the Dracula Example

This evidence-based approach ensures that each extracted entity is con-
nected to the source text, facilitating validation and traceability.

I [] a financial:FinancialReport ;

2 rdfs:label "NVIDIA Q3 Fiscal 2025 Financial Report" ;

3 rdfs:comment "NVIDIA (NASDAQ: NVDA) today reported revenue for the third quarter
ended October 27, 2024, of $35.1 billion, up 17% from the previous quarter and
up 947 from a year ago.",

"For the quarter, GAAP earnings per diluted share was $0.78, up 16% from the
previous quarter and up 1117 from a year ago. Non-GAAP earnings per diluted
share was $0.81, up 19% from the previous quarter and up 103}, from a year

ago."

Figure 16: Entity Extraction with Evidence in the NVIDIA Example

51



Annotation with Evidence Annotation with evidence involves associat-
ing annotations explicitly with direct textual evidence, using the standard
RDF reification [13]. While alternative, less verbose approaches have been
proposed [19] including approaches specifically used in Wikidata [39], the
standard RDF reification provides a mechanism to make statements about
statements, allowing the attachment of evidence to specific triples. For in-
stance, when annotating Jonathan Harker’s acquaintance with Count Drac-
ula in Stoker’s Dracula, RDF reification is used as follows:

I [] a rdf:Statement ;

2 rdf:subject _:bl ;

3 rdf:predicate :knows ;
rdf:object _:b2 ;

5 rdfs:comment "(Mem., I must ask the Count all about them.)"~~xsd:string .

_:bl a :Person ;
8 rdfs:label "Jonathan Harker" ;
9 rdfs:comment "JONATHAN HARKERS JOURNAL"

11 _:b2 a foaf:Person ;

12 rdfs:label "Count Dracula" ;

13 rdfs:comment "Count Dracula had directed me to go to the Golden Krone Hotel, which
I found, to my great delight, to be thoroughly old-fashioned, for of course I
wanted to see all I could of the ways of the country.",

14 "I was not able to light on any map or work giving the exact locality of the

Castle Dracula, as there are no maps of this country as yet to compare with
our own Ordnance Survey maps; but I found that Bistritz, the post town

named by Count Dracula, is a fairly well-known place." .

Figure 17: Annotation with RDF Reification Providing Evidence for
Jonathan Harker’s acquaintance with Count Dracula

Here, the RDF reification technique is used to explicitly represent the
relationship between Jonathan Harker and Count Dracula, associating it with
supporting textual evidence. Note, the pipeline does represent all blank
nodes in a skolemized manner [73| until the last processing step, when the
skolemized entities are replaced by genuine blank nodes.
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I _:bl a financial:FinancialReport ;

2 rdfs:label "NVIDIA Q3 Fiscal 2025 Financial Report"

3 financial:quarterlyRevenue "35100000000"~"xsd:decimal ;

4 financial :netIncome "19309000000"~~xsd:decimal ;

5 financial:ceoQuoteText "The age of AI is in full steam, propelling a global shift to
NVIDIA computing. Demand for Hopper and anticipation for Blackwell in full
production are incredible as foundation model makers scale pretraining,
post-training and inference. AI is transforming every industry, company and
country. Enterprises are adopting agentic AI to revolutionize workflows.
Industrial robotics investments are surging with breakthroughs in physical AI.
And countries have awakened to the importance of developing their national AI
and infrastructure." ;

6 rdfs:comment "NVIDIA (NASDAQ: NVDA) today reported revenue for the third quarter
ended October 27, 2024, of $35.1 billion, up 17% from the previous quarter and

up 947 from a year ago.",

~

"For the quarter, GAAP earnings per diluted share was $0.78, up 167 from the
previous quarter and up 111} from a year ago. Non-GAAP earnings per diluted
share was $0.81, up 19% from the previous quarter and up 103}, from a year

ago.".

9 [1 a rdf:Statement ;
10 rdf:subject _:bl ;

11 rdf:predicate financial:quarterlyRevenue ;
12 rdf:object "35100000000"~"xsd:decimal ;
13 rdfs:comment "Record quarterly revenue of $35.1 billion, up 177, from Q2 and up 94/

from a year ago. xsd:string .

15 [] a rdf:Statement ;

16 rdf:subject _:bl ;
17 rdf:predicate financial:netIncome ;
18 rdf:object "19309000000"~"xsd:decimal ;

19 rdfs:comment "Net income $19,309 million, up 16% from the previous quarter and up

109% from a year ago. xsd:string .
Figure 18: Annotation with RDF Reification Providing Evidence for
NVIDIA’s Financial Report

In this case, the structured RDF reification associates each annotation
with textual evidence as well, providing explicit connection to the original
source text and enhancing transparency for validation purposes.

The presented examples demonstrated the main aspects of how ontologies
could be used to guide RAG-supported KE pipelines. Additional technical
details and full documentation on the pipeline are made available online.!!

Hhttps://git.ai.wu.ac.at/dobriy /rag-ke
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5.2 LLM-specific Golden Standard Studies

Golden standard studies focus on evaluating extractions against a human-
validated ground truth. For evaluating LLM extraction performance against
golden standards, we adapt traditional metrics while accounting for the se-
mantic nature of RDF output. For QC, the analysis is performed on the
level of annotated codes, which is a flat structure. For feature extraction
in general, the most common level of analysis is key-value pairs. In LLM-
supported KE, the analysis can be performed on various levels of granularity
as illustrated in Table 10.
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Evaluation Level & K & 2 < S 5 S
Triple Level v v v o v) V) V) ) V)
Entity Level v v v o v) V) V) V) V)
Property Level v v v o V) v) V) V) V)
Value Level v v v o v) v) V) V) V)

Table 10: Evaluation Metrics for Golden Standard Studies by Different Levels
of Evaluation

While metrics with v'are always directly applicable (e.g., Precision, Re-
call, F1-Score), metrics with (v') can be applied with limitations or meaning-
fully applied only if you the extraction task is framed as a bounded classifi-
cation problem (e.g., Specificity, Accuracy, MCC, Informedness, Markedness
and further metrics). The paragraphs below discuss the various levels of
evaluation and describe how different levels of evaluation can be treated as
bounded classification problems.

Triple-level Evaluation This level provides an overall assessment of the
extraction reliability. It is more general than code-level evaluation in QC
and key-value pair evaluation in IE and focuses on all, the correct underlying
entity of description, the correct property for annotation and the correct ex-
tracted value. Thus, high reliability on this level shows the overall reliability
of the pipeline as a whole.

Entity-level Evaluation This level of evaluation is similar to the code-
level evaluation in QC and therefore should be used in comparisons to QC
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study results. On this level, entity recognition can be evaluated separately.
When a more general class is defined in the ontology, extracted items can
be interpreted as open codes. Defining more precise categories transforms
the extraction into a bounded classification task which allows application of
advanced evaluation metrics. In general, this level evaluates the quality and
comprehensiveness of class descriptions in the ontology.

Property-level Evaluation This level of evaluation assesses how accu-
rately the models assigns properties and relationships to correctly-identified
entities. It is not concerned with the correctness of value extraction or entity
recognition. Property-level evaluation enables conclusions about extraction
of characteristics of objects, which includes the pipeline’s ability to recognize
the presence of a characteristic and distinguish between similar properties.
In general, this level evaluates the quality and comprehensiveness of prop-
erty descriptions in the ontology, whereby potential under-extraction or over-
generalization which could highlight the need for more concrete descriptions
in the ontology.

Value-level Evaluation This evaluation level focuses explicitly on the re-
liability of entities, literal values and datatypes assigned to properties. This
level of evaluation can distinguish the reliability of (a) entity linking — assign-
ing entity values to properties, and (b) literal value and datatype extraction.
This level of evaluation, together with property-level evaluation, could pro-
vide a pendant to property-value annotations. In such cases, the underlying
entity is less important and a general class can be defined in the ontology
to match a variety of entities. However it should be still evaluated that the
general class matches all instances of property-value as a pre-requisite for
evaluation.

Evidence Furthermore, on each level, evidence citations can be also eval-
uated together with the actual extractions. Despite evidence being collected
for entity recognition and annotation processes, it can be used to support
evaluation on every level: the evidence collected during entity recognition
can be used to evaluate extraction on entity level and the evidence collected
during the annotation process can be used at triple level, but also supporting
property-level extraction and value-level extraction at the same time.

5.2.1 Evaluation Reporting

The multi-level evaluation approach combining different layers of extraction
provides a comprehensive assessment of extraction quality while considering
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the semantic nature of RDF output. The metrics can then be aggregated into
a final score that weights different aspects according to task requirements.

5.2.2 Possible Interventions

Several interventions could be specified to improve pipeline performance.
These interventions are divided into pipeline-level changes (targeting specific
parameters of the extraction process) and ontology-level refinements (target-
ing specific parts of the guiding ontology).

Pipeline-level interventions focus on increasing the depth and granu-
larity of the pipeline:

P1:

P2:

P3:

P4:

P5:

Increase number of extraction runs per text: Performing multiple simul-
taneous extractions for each text segment can help to create a broader
pool to aggregate from and improve overall extraction coverage.

Increase number of extraction evaluations: Multiple evaluation cycles
can enhance robustness and reliability of extraction by repeating eval-
uations and reducing random errors.

Increase input text granularity: Processing smaller input segments or
fewer paragraphs at once allows the model to focus on finer details
and improve extraction precision and completeness. However, input
segments that are too short could impede contextual understanding and
make co-reference resolution during consolidation more error-prone.

Decrease number of classes recognized per extraction run: Reducing
the number of classes per run allows the model to focus on one entity
type extraction, increasing accuracy and completeness per class.

Decrease number of properties annotated per extraction run: Narrow-
ing the scope of property annotation in each run can similarly enhance
extraction accuracy and completeness per property.

Ontology-level interventions focus on changes to the ontology itself that
guide more accurate and complete extraction:

O1:

Improve class descriptions: Clarifying and enhancing textual definitions
and labels for classes in the ontology can improve entity recognition ac-
curacy and decrease the number of false positives. Textual constraints
in the descriptions and examples could be helpful in further improving
accuracy.
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02: Improve property descriptions: Refining textual descriptions and labels
of properties can facilitate accurate assignment and decrease the num-
ber of false positives. Here, textual constraints in the descriptions and
examples could also be helpful in further improving accuracy.

03: Refine datatype constraints: Specifying more precise datatype restric-
tions can improve literal and datatype extraction reliability.

O4: Refine class (NodeShape) constraints: Adjusting or introducing stricter
constraints to better validate entity classes and improve extraction of
their instances.

O5: Refine property (PropertyShape) constraints: Improving constraints
for properties guides accurate validation and improves extraction.

Effects on various errors The various interventions are theorized to have
different effects on different types of errors. Section 5.2.2 below summarizes
these effects. The direction of the effects are hypothesised based on the
mechanism of respective interventions. These directions are represented with
arrows: (1) indicates an increase, () indicates a decrease, and (+) indicates
no substantial change or a neutral effect. Entries marked with multiple di-
rections suggest that the effect could be different based on the specifics of
the implementation.

Intervention TP FP TN FN
P1: More extraction runs T T > d
P2: More extraction evaluations T d > d
P3: Increased granularity T > o d
P4: Fewer classes per run T T 1 d
P5: Fewer properties per run T T 1 d
O1: Improve class descriptions 0 d 0 d
02: Improve property descriptions 0 d 0 d
03: Refine datatype constraints 0 d 0 T
04: Refine class constraints /L | T e/
O5: Refine property constraints «~/L 1 T e/

Table 11: Impact of Pipeline and Ontology Interventions on Confusion Ma-
trix Elements
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More extraction runs (P1) Increasing the number of extraction runs
per text typically increases true positives (TP) by reducing the probability
of missing entities or relationships (i.e., it is more probable that one run
will catch them). However, it may also increase false positives (FP), as re-
peated extraction runs raise the probability of incorrectly identifying entities
or relationships. True negatives (TN) usually remain unaffected or are not
significantly affected. Finally, false negatives (FN) decrease since multiple
extraction runs enhance coverage.

More extraction evaluations (P2) Increasing the number of extraction
evaluations typically leads to an increase in true positives (TP), as repeated
confirmations reduce uncertainty and inconsistencies. Additionally, false pos-
itives (FP) tend to decrease because repeated verification helps filter out
incorrect initial extractions and hallucinations. True negatives (TN) would
remain unchanged, as they are presumed to be unaffected by confirming
positives. False negatives (FN) typically decrease, as repeated verification
reduces the chances of overlooked extractions. Thus, it makes sense to apply
P2 together with P1 because P1 would lead to considerably more TPs and
less FPs (but also more FPs), while P2 can balance the negative effect out.

Increase input granularity (P3) Increasing input text granularity by
processing smaller/less text segments would improve TPs by enabling more
precise identification of entities and relationships in a smaller text. The
effect on FPs and TNs is not clearly defined. Additionally, FNs decrease as
smaller input segments reduce the chance of overlooking relevant entities or
properties.

Fewer classes and properties per extraction run (P4, P5) Decreas-
ing the number of classes/properties recognized in each extraction run typ-
ically leads to an increase in TPs by enabling the model to focus on fewer
entity types/properties simultaneously. Additionally, FPs increase because
the model tends to over-eagerly assign entities/properties to scope even when
they should not be (yet, this behaviour can be mitigated by P2). TNs gen-
erally decrease for the same reason. Finally, FNs decrease as the narrowed
extraction focus helps ensure that relevant entities/properties belonging to
the fewer targeted classes are less likely to be overlooked.

Improve class and property descriptions (O1, O2) Improving class/prop-
erty descriptions by clarifying and enhancing textual definitions typically
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leads to increased TPs, as clearer descriptions help the model correctly iden-
tify relevant entities. Additionally, FPs significantly decrease because precise
descriptions reduce ambiguity and incorrect matches. TNs generally increase
due to better differentiation, and FNs decrease since improved descriptions
and examples reduce the probability of overlooking entities /annotations that
should match clearly defined classes/properties.

Refine datatype constraints (O3) Refining/providing datatype con-
straints typically increases TPs by ensuring correct identification of literal
values and datatypes, which sometimes could involve transformations into
the correct datatype. FPs decrease as clearer constraints prevent incorrect
datatype annotation, which could be closer to input text. TNs generally
increase for the same reason. Still, FNs could increase since the datatype
closer to the annotation in the text could not match the required datatype
and get overlooked.

Refine class and property constraints (04, O5) Refining class (Node-
Shape) and property (PropertyShape) constraints typically do not affect TPs
just leading to corrections in annotations or might actually decrease the TPs
due to strict constraints. FPs, on the other hand, decrease because con-
straints limit incorrect matches. TNs generally increases too for the same
reason. However, FN might slightly increase if constraints become overly
strict, causing ambiguously annotated instances to be erroneously excluded
if they are not corrected.

5.2.3 Effects of Interventions

Assessment of effects of interventions allows a systematic evaluation and
identification of areas for improvement, which can be achieved through (i)
changes to the pipeline parameters, (ii) changes to the underlying ontology.
Section 5.2.2 suggests possible interventions to address various insufficiencies.
To calculate those, we refer to metric definitions in Table 7 and identify effects
of various interventions (Section 5.2.2) on metric terms (inter-alia). Table 12
illustrates the direction of effect of interventions on various metrics.
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Table 12: Impact of Interventions (Inter-alia) across Evaluation Metrics

One clear learning from the table is that including more evaluation steps
and increasing granularity improves performance nearly across the board.
Thus, similarly to the hawk depicted in Figure 1, the extraction pipeline
should telescopically zoom in on one specific feature at a time, capturing it
with singular precision.

Furthermore, improving ontology descriptions tends to have clear posi-
tive impact on all metrics. This might suggest that ontologies in general
would profit from more descriptive, in-depth and example-rich annotations
that can be automatically used to support LLM-driven extraction from NLT,
suggesting a potential extension to ontology engineering methodologies and
their goals. This finding is in line with the requirement of detailed annotation
guidelines (see Section 2.3.1) for labelling and quality assurance.

5.3 Inter-LLM Agreement

Evaluating inter-LLM agreement is crucial to determine the generalizability
of extraction tasks performed by different LLMs. Studies have shown that
LLMs differ in their political affinities [105]. Furthermore, given variations
in architectures, training datasets (see Table 9) and procedures, identify-
ing consistency of extraction across multiple LLMs could help (a) assess the
quality of extraction instructions (incl. ontology definitions), (b) evaluate
the degree to which the variation in extraction results is dependent on model
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characteristics. High inter-LLM agreement between multiple models rein-
forces confidence in extracted data and suggests that extraction results are
reliably capturing intended semantics.

To assess extraction reliability across different LLMs, we adapt traditional
inter-coder agreement metrics to reflect the semantic structure inherent in
LLM-generated outputs. Unlike standard annotations, ontology-driven LLM
extractions involve graph structures, enabling agreement analysis at various
granularity levels, including triples, entities, properties, and values. As dis-
cussed in Section 5.2, various levels of analysis have parallels to other extrac-
tion approaches. While triple-level analysis provides an overall assessment of
extraction reliability, based on the task, an entity-level evaluation (e.g., for
classic QC tasks) and combined property and value-level evaluations (e.g.,
for key-value extraction) could be more applicable. Here, we will focus on
triple-level evaluation although the descriptions would be just as applicable
for other levels.

Percent Agreement This metric (as defined in Section 2.3.3) provides a
straightforward way of capturing consistency between LLM extraction out-
puts. When applying percent agreement to extraction pipelines producing
graph outputs, consistency can be assessed by directly comparing the RDF
graphs generated by extraction pipelines powered by different LLMs. Specif-
ically, percent agreement would quantify the proportion of triples identically
extracted by multiple models relative to the total number of unique triples ex-
tracted across those models. In practice, comparing such graphs is connected
to a number of considerations: (a) most extracted entities are instantiated
as blank nodes, which requires matching based on the structure and annota-
tions, (b) whenever the models generate labels or extract evidence excerpts
supporting annotations, those might deviate slightly and require adapting
string matching approaches.

Graph Isomorphism (a) In the first case, despite there existing no known
polynomial-time algorithm for deciding if two graphs are isomorphic, the
associated theoretical worst-case scenarios are unlikely to be encountered in
practice [50]. Heuristics involving labels and text evidence excerpts could
practically mitigate such eventualities.

String Variations (b) More common is the problem of marginal string
variations that, nevertheless, do not produce exact matches. Here, in the case
of evidence strings, partial matches and more advanced matching approaches
could be applied in practice when matching evidence is also in scope of eval-

61



uation. For label strings, variability could be considerable despite multiple
versions being appropriate (e.g., "Jonathan Harker" vs. "Narrator"). Thus,
for comparisons, such annotations should be ignored.

Percent agreement allows rapid identification of the extent to which differ-
ent LLM pipelines converge or diverge in extracting triples, thereby offering
a straightforward initial indicator of pipeline reliability.

Pairwise Model Agreement Adapting Cohen’s kappa for LLM pairs in-
volves assessing the degree of agreement beyond chance between two ex-
traction pipelines powered by different LLMs. To calculate this adapted
kappa, each potential triple is treated as a binary classification—either ex-
tracted or not extracted by the models. Cohen’s kappa then quantifies the
extent to which two LLMs independently agree on both the presence (pos-
itive agreement) and absence (negative agreement) of each triple, adjusting
for chance-level agreement.

Limitations Regarding Negative Space However, for triple-level ex-
traction, explicitly assessing negative space can be problematic due to the
inherently unbounded nature of potential triples. Since the set of all theo-
retically possible annotation triples that could be formulated is infinite, it
becomes meaningless to define the negative space (i.e., triples intentionally
not extracted by the model). Nevertheless, at the entity-level and property-
level evaluations, by framing these evaluations as classification tasks where
the presence or absence of specific class instances or properties is explicitly
assessed, negative space becomes defined, allowing meaningful application of
the metric.

Multi-Model Agreement Using Krippendorft’s alpha for multiple LLMs
simultaneously. Krippendorft’s alpha encounters a similar limitation as Co-
hen’s kappa. However, when applied to bounded classification tasks such as
entity-level or property-level extraction — Krippendorft’s alpha can effectively
measure the degree of consensus among multiple models. In these cases, the
metric captures nuanced variations in extraction consistency across many
models simultaneously.

Additionally, multi-model percent agreement can be, similarly to percent
agreement, calculated by identifying the proportion of triples consistently
extracted by all LLMs relative to the total unique triples extracted across
the models. High inter-LLM agreement, particularly among models with
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different architectures and training sets, would suggest robust extraction that
is less likely to reflect model-specific biases.

Other Interpretations While in the previous discussion the variability
stemmed from different LLM architectures, it could also be systematically
emulated with LLMs through using different prompting strategies with the
same LLM, including potentially inducing similar priming effects as are com-
mon among humans [110, 131]. Such a technique could provide more robust
reliability assessments by intentionally introducing controlled variation in
the extraction process, similar to how different human coders bring diverse
interpretive frameworks to manual coding tasks.

5.4 Human-LLM Agreement

To evaluate agreement between coordinated human annotations and LLM
extractions, we first aggregate annotations separately from human annotators
and LLM-based extraction pipelines.

Consolidating Human Annotations For human annotators, a collective
decision-making process [32] can be followed to arrive at a final, consolidated
annotation dataset. During this process, discrepancies or differences in cod-
ing between annotators are resolved through discussions, consensus-building,
or adjudication by experts, ensuring a unified and consistent reference anno-
tation.

Consolidating Extracted Graphs For LLM-based extractions, we sim-
ilarly aggregate the outputs into a final consolidated graph. Such consolida-
tion can take several forms: an intersection approach, including only entities
and annotations appearing in all individual extractions; a union approach,
combining all entities and annotations extracted by any model; or a majority
approach, integrating only entities and annotations extracted by the majority
of models.

Interchangeably, an LLM-as-a-judge process can be utilized, where mul-
tiple LLMs compare extraction outputs, assess associated evidence text ex-
cerpts, and collectively decide on the most accurate and representative final
version. This approach leverages a dedicated consolidation module within the
pipeline, retrieving relevant paragraphs from the evidence excerpts provided
by each LLM. The final judgment produced through this process results in a
unified graph representing the consensus extraction from multiple LLMs.
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Evaluation Approaches Once both human and LLM outputs have been
aggregated into their respective final annotation graphs, human-LLM agree-
ment can be evaluated using two distinct approaches: (1) treating human
annotations as ground truth, and (2) assessing ICR between human and
LLM annotations. The two methods differ fundamentally: the ground truth
approach evaluates LLM annotations explicitly against a standard of correct-
ness defined by human experts, whereas the inter-coder reliability approach
considers human and LLM annotations as equally valid, measuring the degree
of mutual semantic understanding without assuming correctness.

Ground Truth In the ground truth approach, the human-generated graph
serves as the definitive reference against which the LLM-generated graph is
compared. This evaluation directly measures the accuracy and completeness
of LLM-based extractions by assessing their conformity to the human-defined
standard. Such analysis emphasizes precision, recall, and other metrics tradi-
tionally associated with correctness relative to a known and trusted reference.

Inter-Coder Reliability Conversely, the ICR approach does not assume
either annotation set as inherently correct. Instead, it treats human and LLM
outputs as independent codings of the same underlying data, evaluating their
mutual consistency. Metrics such as Cohen’s kappa, Krippendorft’s alpha,
and percent agreement are employed, taking into consideration previously
noted limitations regarding negative space. Specifically, assessing negative
agreement at the triple level can be challenging due to the infinite set of
potential triples, whereas bounded entity-level or property-level evaluations
can more effectively leverage ICR metrics by explicitly defining the evaluation
space.

Comparative Assessment To systematically compare the performance of
human annotations and LLM-based extractions, both should first be indepen-
dently evaluated against a known external ground truth dataset, validated as
authoritative. This approach establishes an objective baseline for accuracy
and completeness. Subsequently, human and LLM-generated graphs can be
evaluated through inter-coder reliability metrics, treating each as indepen-
dent annotators. High inter-coder agreement would suggest that the LLM
extraction pipeline performs comparably to human annotators, effectively
serving as an additional annotator. This dual-layer evaluation thus provides
a comprehensive understanding of the relative strengths and consistency of
human versus LLM-driven extraction processes.
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6 Applications in Research

Academic events, including scientific conferences and workshops, are central
venues to share research findings and discuss research problems, which has
lead to significant growth over the years [32]. To find orientation in this
growing number of conferences often is proven difficult, especially for early-
stage researchers and researchers working on interdisciplinary research topics
[33].

A variety of platform collects information of different nature about aca-
demic conferences in computer science domain: conference rankings (CORE
Ranking portal, QUALIS Conference Ranking, ERA’s ranking etc.), collec-
tions of proceedings and basic metadata (DBLP, OpenResearch.org, IEEE
Xplore,Scopus, Web of Science, Wikidata etc.) and calls for papers (Wi-
kiCFP) [33]. Furthermore, there has been a number of ontologies (Schol-
arly Data, SEO, SemWeb Conference, SciGraph, Schema.org, EVENTSKG,
AceKG ontology, SEDE, Comprehensive Call Ontology for Research etc.)
proposed for scholarly metadata as well as Knowledge Graphs collecting
structured data about conferences (ORKG, Wikidata, SWDF, OpenResearch
etc.) [33, 82].

Despite these resources, in practice, scholarly data remains sparse and
inaccessible. In this regard, publication of scholarly data as embedded LOD
[33], large-scale collection of metadata and sustainability of making such
collected data available remain major challenges [32]. At the same time, the
improving capabilities of LLMs in understanding NL'T provide an opportunity
towards automatic collection of metadata from unstructured sources.

6.1 Proposed Approaches

Recently, two complementary approaches have been proposed for collecting
in-depth details about academic calls-for-papers from conference websites
[33] as well as extracting and making available in-depth conference-related
knowledge from proceedings and websites [32].

Semantic Observer Semantic Observer [33] applies an implementation of
the methodology described in this work to extracting information about calls-
for-papers from conference and workshop websites. The paper establishes an
ontology for describing calls-for-papers and uses the subset of top 20 confer-
ences in the field of Data Management and Data Science from the CORE
ranking for evaluation. The notable difference to to approach described in
this work lies in the input text collection.
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Input Text Collection The architecture is extended by a website crawler.
From the initial website URL which serves as an entry point, the crawler a)
creates a sitemap through traversing the links, b) extracts embedded meta-
data in different formats and c) retrieves HTML contents of website pages.
Then, this collected data is used as text input to the pipeline.

Scholarly Wikidata A similar approach has been further developed and
applied to a broader corpus of input data [32]. Here, the corpus of input
data also included structured sources (Scholarly Data and DBLP Knowl-
edge Graph) and conference proceedings. The scope of extracted metadata
has been broadly defined by comparing related ontologies for scientific data
publishing. A notable further component going beyond the methodology de-
scribed in this work has been the HITL integration pipeline with Wikidata.

Entity Linking and Human Validation Firstly, the created ontology
has been integrated with Wikidata by comparing existing properties and
qualifiers and proposing missing terms. Secondly, OpenRefine has been used
to link extracted entities with existing entities on Wikidata and create im-
port statements with QuickStatements. In this way, the extracted data can
be validated by a human and reconciled with data already available in a
knowledge base.

Exploration and Visualization Another notable extension of the pipeline
relates to the broader accessbility of the extracted knowledge. To this end,
the data has been integrated into Scholia'? and Synia'® platforms enabling
visualization and exploration. Scholia is a web application that allows users
to explore conferences, researcher profiles, publications and other scholarly
metadata. It is a web application build on top of Wikidata query service. On
the other hand, Synia is a wiki-based platoforms where users can not only
explore scholarly metadata, but also create own visualization templates.

6.2 Evaluation Results

The evaluation results from the Semantic Observer [33] and Scholarly Wiki-
data [32] provide initial evidence for the effectiveness of LLM-based extrac-
tion pipelines in real-world scholarly KE tasks. The LLM-supported ex-
traction approach demonstrated strong performance across multiple evalua-

2https:/ /scholia.toolforge.org/
L3https://synia.toolforge.org/
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tion dimensions, with performance varying by task type within the Scholarly
Wikidata [32].

The most notable success was seen in organization roles extraction and
the programme committee member extraction, which achieved near-perfect
results with F1-Scores of 0.98-1.00 and 0.99-1.00 respectively. Submitted and
accepted papers extraction also performed very reliably with F1-Scores rang-
ing from 0.89-0.95. These results demonstrate that the framework described
in this work enables structured information extraction with high reliability.

Looking more closely, when comparing different models, the evaluation
revealed significant task-dependant performance variations. While the eval-
uated models performed similarly well on organization roles and PC member
extraction, GPT-4 consistently outperformed Claude-3 when extracting im-
portant dates from less structured sources. This difference highlights how
model selection can impact extraction quality for certain tasks, particularly
those involving temporal information and less standardized formatting, and
suggests promising directions for future work.

Furthermore, input source type emerged as a factor affecting extraction
reliability. Highly structured content like proceedings front matter consis-
tently yielded more reliable extractions compared to websites with varied
layouts. Nevertheless, domain-specific terminology and academic jargon in
the conference context were well-handled by all models, indicating that LLMs
can effectively navigate specialized language when properly guided by quali-
tative domain ontologies.

Another aspect that the both approaches relied on was a harmonization
exercise for broadly-used domain ontologies. By analysing the common struc-
tures and relationships across different scholarly ontologies, a unified meta-
ontology could be constructed that preserves domain-specific concepts while
establishing standardized cross-domain mappings. The extraction results
from both Semantic Observer and Scholarly Wikidata highlight how domain
ontologies can be effectively augmented with rich descriptive annotations op-
timized for LLM comprehension, suggesting that future ontology engineering
methodologies should explicitly incorporate LLM-friendly descriptions along-
side formal semantic definitions. This approach would create a virtuous cycle
where improved ontologies lead to better extraction, which in turn could, in
an inductive manner, provide insights for further ontology refinement.

The practical impact of these approaches extends beyond demonstrating
the feasibility of LLM-supported KE systems in practice. Another contri-
bution of the approach was the successful reconciliation and integration of
over 6,000 entities with existing knowledge in Wikidata, which suggests that
ontology-based extraction approaches also facilitate interoperability. The
semi-automated approach significantly reduced the manual effort required to
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collect and structure conference metadata while maintaining high accuracy,
addressing one of the core challenges identified in the early chapters and
indicating potential to broaden the potential impact to productivity gains
in QC and other methodological areas relying on manual extraction. These
results collectively confirm that ontology-guided LLM extraction can effec-
tively bridge the gap between unstructured scholarly content and structured,
machine-readable knowledge.

7 Conclusion

This work has established a theoretical framework for ontology-guided knowl-
edge extraction with LLMs and demonstrated the viability the approach on
practical examples - open issues in research ecosystem.

Limitations of Manual Extraction First, this work discussed the struc-
tural issues associated with manual extraction approaches. On the one hand,
manual extraction studies are plagued by limited reliability which signifi-
cantly contributes to replicability crisis in science in general. On the other
hand, such studies, especially when targeting high reliaiblity, are highly
resource-intensive in terms of time and skilled personallel, which is associated
with significant pesonnel and administration/overhead costs. Existing tools,
while providing useful administration tools do not provide any automation
features for the extraction approach. Therefore, extraction remains heavily
dependent on manual labor.

Formulation as KE Tasks Manual extraction approaches can be for-
mulated as knowledge extraction tasks. The work goes into detail discussing
different approaches to QC and KC, highlighting essential, common elements
of the approaches. Then, a list of requirements is formulated as the basis
of formulating the knowledge extraction task and designing the knowledge
extraction pipeline. The requirements cover both deductive and inductive
QC approaches as well as common [E tasks. They also cover diversity of
output data to enable a multitude of downstream qualitative (Table 4) and
quantitative analysis approaches (Table 5).

Ontological Grounding One of the main approaches of QC and KC is
model building. Ontologies capture semantics and are prime candidates for a
formalized representation of such models. One the one hand, they are based
on versatile and practically established standards for data modelling (RDF),
capturing semantics and enabling inference (OWL), graph-based querying
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(SPARQL) and enabling structural validation (SHACL), which power Knowl-
edge Graphs.

On the other hand, such standards also enable seamless data integration
and publishing as Linked Open Data and part of community-curated Open
Knowledge Graphs. Capturing ontologies using these standards improves
data availability, accessibility, integration, interoperability and re-use, en-
abling smart interoperable applications and versatile implementation in a
multitude of other systems, including downstream applications tasked with
analysis and in applied use cases profiting from the extracted data annotated
using the ontology.

We have shown that qualitative descriptions as part of ontologies have a
potential to universally improve metrics associated with extraction reliabil-
ity, thus pointing at the need of re-formulation and extension of ontology
engineering methodologies by LLM-friendly class and property descriptions,
validation constraints as well as other useful annotations.

Extraction Pipeline Based on the requirements, we design a RAG pipeline
for ontology-guided extraction utilizing LLMs. The pipeline consists of re-
usable abstract modules implementing extraction, evaluation and consoli-
dation for entity recognition and annotation. It follows the Divide-and-
conquer problem-solving approach which is also underpinned by the finding
that increased granularity of input and lower number of classes/properties
to be extracted at each run. The modules can also be used in other LLM-
supported tasks and make the system easy-to-extend. An implementation
of the pipeline as Python library is made publicly available as a re-usable
resource.

Evaluation Metrics and Datasets We have discussed evaluation ap-
proaches commonly used in QC and IE for testing reliability of the pipeline.
here, we defined crucial metrics and discussed notable limitations of applying
these metrics as well as mitigation approaches for those limitations. Since
the pipeline produces higher dimensional annotations (graph structures) as
output, we discussed different levels of evaluation: triple, entity, property and
value-based evaluation and established parallels between levels and reliability
studies conducted in QC and TE.

Performance-improving Interventions Besides evaluation levels, we have
discussed possible pipeline-level and ontology-level interventions that could
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improve extraction performance. On the pipeline level, such interventions re-
late to abstract modules and their parameters. Here, interventions increasing
granularity, atomicity and validation of extraction lead to improved perfor-
mance while other interventions (e.g., parallelization) have trade-offs and
have to be used in combinations that balance opposite effects. On the on-
tology level, interventions target the quality of ontology descriptions. Here,
improved descriptions have a clear positive impact on extraction performance
while stringent constraints are great for eliminating FPs but should be used
in combination with other interventions to offset their negative effects such
as occasional filtering-out of potential TPs and the associated increase in
FNss.

Inter-coder Reliability Furthermore, we have discussed common inter-
coder reliability metrics and their limitations of evaluating chance annotation
connected to unbounded negative space and mitigation approaches in context
of LLM-supported and ontology-guided knowledge extraction. To apply met-
rics to LLM-based knowledge extraction contexts, we introduced inter-LLM
and coder-LLM reliability as metrics that can be used to assess consistency
of extraction between LLMs and compared to human coders. We also dis-
cussed minimal requirements for the LLM-supported extraction pipeline to
be considered an additional annotator and evaluation strategy for assessing
improved reliability compared to manual extraction.

Limited Availability of Knowledge in Research We discussed the lim-
ited availability and accessibility of scientific knowledge in research ecosys-
tem. In particular, we showed the limited availability of knowledge relat-
ing to academic conferences. Here, despite a number of ontologies available
for knowledge annotation, the reliance on manual annotation makes the ap-
proach infeasible in practice. Thus, automated knowledge extraction is a
promising approach to capturing rich knwoledge associated with academic
venues in research ecosystem.

Automatic Knowledge Extraction in Research Then, we demonstrated
that ontology-driven knowledge extraction utilizing LLMs is a viable and re-
liable approach for such tasks. Applying the pipeline, two approaches could
reliably extract conference knowledge from website text and conference pro-
ceedings, including calls-for-papers, programme and related academic events
(e.g., workshops, challenges, invited talks etc.), various types of participants
as well as more complex annotations such as acceptance rates.
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Scalability Considerations Finally, we discussed extensions to the ex-
traction pipeline that make it universally applicable for knowledge extrac-
tion at scale. On the one hand, web crawling and automatic platform dis-
covery utilizing multiple search engines enable automatic discovery of rel-
evant knowledge on the web as well as implement some aspects of agentic
behaviour. In a sense, such functionality enables "intelligent agents" as pro-
posed in the initial vision of Semantic Web [9]. On the other hand, we discuss
and approach to integrating the extraction results with community-curated
large Knowledge Graphs. This approach implements disambiguation and
final validation though a tool-supported HITL process, although a fully au-
tomated implementation is also feasible if sufficiently high reliability can be
demonstrated. Integrating the results with Open Knowledge Graphs ensures
that the extracted knowledge is broadly accessible and re-usable, improving
the value of extracted knowledge as an interoperable and highly available
resource.

Together, this work has established a framework for the automation of
manual extraction tasks and evaluation of its reliability. Furthermore, it has
demonstrated reliability of the approach on a practical example of extracting
knowledge in the research domain.

8 Discussion

This work has established a framework for ontology-guided KE with LLMs,
bridging the gap between manual and automated extraction methods. It also
provided reliability targets that have to be achieved if the extraction pipeline
is to be applied as a superior extraction method to average human coders.

The framework addresses the significant challenges faced by traditional
manual extraction approaches while leveraging the emergent capabilities of
LLMs for understanding and processing NLT. By formulating manual ex-
traction methodologies as knowledge extraction tasks and grounding them
in ontological frameworks, we have created a systematic approach that aims
to improve on the methodological rigour of traditional methods while reduc-
ing their resource intensity.

Theoretical Integration of Manual and Automated Approaches Our
framework represents a unique integration of previously distinct methodolo-
gies. By analysing the commonalities between QC, KC, IE, and KE, we
have demonstrated that these approaches, despite emerging from different
disciplines, share fundamental extraction processes. This integration enables
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practitioners from different domains to leverage extraction tools and insights
across disciplinary boundaries.

The formulation of manual extraction methodologies as knowledge extrac-
tion tasks provides several key advantages. First, it enables a clear specifica-
tion of the requirements for automating these processes. Second, it allows for
the application of established evaluation metrics from IE and KE to assess
the reliability of the automated extraction. Third, it facilitates the standard-
ization (and re-use) of extraction models through ontologies and integration
of the extracted knowledge.

Ontological grounding has proven particularly valuable in this context.
By encoding models as ontologies using Semantic Web standards, we ensure
that the extracted knowledge is not only structured but also semantically
meaningful, interoperable, and reusable. This approach aligns with the orig-
inal vision of the Semantic Web [9] as providing a framework for knowledge
representation and sharing across systems and applications.

Addressing the Replication Crisis through Automated Extraction
One of the most significant implications of our work relates to the repli-
cation crisis in scientific research. As discussed in the introduction, man-
ual extraction methods face substantial challenges regarding reliability and
replicability, contributing to broader issues in scientific reproducibility. Our
ontology-guided extraction approach directly addresses these challenges in
several ways:

1. By formalizing extraction categories and relationships in ontologies,
defining explicit constraints and integrating qualitative, extraction-
facilitating descriptions in ontologies, we create explicit, shareable mod-
els that allow for consistent application across studies.

2. The systematic extraction by LLMs reduces subjective interpretations
that can vary among human coders. When a number of LLMs with dif-
ferent architectures and training datasets are applied, this can achieve
higher objectivity of results. Furthermore, once validated, the extrac-
tion pipeline can be applied consistently across similar datasets, ensur-
ing methodological consistency. Now, the replication can be performed
automatically and is guided by concrete parameters: the underlying
ontology, versions and hyperparameters of applied LLMs, and configu-
ration parameters of the pipeline.

3. The automatic and systematic linking of extracted knowledge to textual
evidence and provenance information provides transparent justification
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for annotations, enabling easier verification. The justifications can be
published together with results.

Integrating multiple LLMs in extraction tasks and evaluation of extrac-
tion reliability provide additional mechanism for improving the objectivity
and replicability of the results.

Resource Efficiency and Scalability A primary motivation for this work
was addressing the resource intensity of manual extraction approaches. Our
evaluations suggest that the automated approach can significantly reduce the
time and personnel resources required for knowledge extraction while main-
taining acceptable reliability. This efficiency gain is particularly valuable in
research contexts where resources are limited or where large-scale extraction
is necessary. The scalability of our approach is demonstrated in the research
ecosystem applications, where we successfully applied the framework to ex-
tract knowledge from conference websites, proceedings, and other scholarly
sources. Such applications would be prohibitively resource-intensive using
purely manual approaches, yet they provide valuable structured knowledge
for the research community.

However, it is important to note that the resource efficiency of our ap-
proach does not (completely) eliminate the need for human involvement.
Rather, it shifts the focus of human effort from exhaustive manual coding
to more strategic tasks such as ontology design and interpretation of the
extracted knowledge. In a way, the effects of changes to the model can be
instantly transformed into extraction results and compared, paving the way
of iteratively improving of models — extracted entities could be further cat-
egorized or broader categories could be extracted for scouting, in the same
way, attributes with flexible definitions could be applied to explore data and,
then, stringent definitions, datatypes and constraints can be defined for pre-
cise extraction. This human-in-the-loop approach ensures that domain ex-
pertise continue to guide the extraction process while reducing the repetitive
aspects of manual coding, which is relegated to machines.

While public discourse often positions GenAl as primarily threatening
to replace creative work, our findings demonstrate its effectiveness in au-
tomating structured manual tasks. This approach redirects human expertise
toward strategic guidance rather than repetitive extraction, creating a com-
plementary relationship that could challenge prevailing narratives about Al’s
impact on research methodologies.

Further Applications The framework developed in this work has signifi-
cant potential across diverse domains:
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In SLRs and systematic mapping studies, the codebook and feature
catalogue could be described with an ontology and then data could be
automatically extracted and updated whenever new research is pub-
lished. Ontologies could capture various aspects of the papers, includ-
ing methodologies and the actual contents of papers.

In financial domain, key data from reports, company websites and news
(including social media posts) could be automatically extracted and
then used to automate investment and risk management decisions.

In education, knowledge from educational materials can be automat-
ically extracted: topics, explanations, multimodal examples, exercises
could be extracted, enabling automatic tutoring systems.

In healthcare, knowledge from studies could be automatically extracted
to enable semantic search and application of graph-based methods, po-
tentially uncovering connections previously not explored. Crucial data
from anamneses, subjective and objective clinical descriptions, clinical
reports could be extracted to enable automatic inference, illuminating
all potential connections, enabling diagnosis and treatment suggestions.

In the work domain, automatically generated transcripts of meetings
could be semantically annotated, allowing rule-based conclusions and
summaries. Furthermore, knowledge from CVs and job descriptions
could be automatically extracted and enable automatic matching.

In public governance, crucial details from applicants’ documents could
be extracted, enabling automatic public governance services. In this
context, applicant data could be securely stored in Personal Knowledge
Graphs and automatically matched with bureaucratic requirements.
Here, but also in other potential critical applications, HITL approaches
are especially called for to ensure humanity.

In legal studies, structured data could be extracted from (proposed)
laws and regulations, enabling the identification of potential conflicts,
inconsistencies, and gaps within legal frameworks. The approach pro-
posed in this work could potentially serve as the foundation for ontology-
based digital law, where legal concepts and their relationships are for-
mally defined in ontologies, facilitating automated reasoning, compli-
ance checking, and the development of more sophisticated legal infor-
mation systems and innovative legal workflows.
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e In politics, public communications from political figures could be an-
notated, enabling the creation of an overview of political positions and
more informed decision-making on the part of citizens, potentially im-
proving the functioning of democratic systems.

All these applications would necessitate further developments. Nonethe-
less, reliably, ontology-guided knowledge extraction remains the crucial com-
ponent enabling those applications. Most importantly, the approach enables
explainable, data-driven downstream applications, for which the quality of
the underlying knowledge is paramount.

Broader Considerations The methodology established in this work po-
tentially has transformative potential beyond individual studies. A central-
ized platform for qualitative research extraction could enable researchers to
publish ontologies, extraction parameters, and reliability metrics alongside
their studies, fostering transparency and reusability, similarly to how studies
are pre-registered in biomedical domain.

Furthermore, LLMs could dynamically enhance ontologies based on ex-
traction patterns and domain-specific corpora, creating a feedback loop of
continuous improvement. This could eventually lead to automatically gen-
erated meta-ontologies optimized for maximum knowledge coverage while
respecting pre-defined constraints on depth and complexity.

8.1 Limitations

Despite the promising results demonstrated by the framework, several im-
portant limitations must be acknowledged that affect both the theoretical
foundations and practical implementation of the approach. Here, challenges
that are actively mitigated by the pipeline and evaluation design (e.g., hal-
lucinations) are not listed repeatedly.

Systematic Bias While using multiple LLMs can mitigate some biases,
systematic biases remain embedded in the training data and architectures of
these models. These biases may influence extraction results in subtle ways,
particularly when extracting subjective information or working with con-
tested knowledge domains. The framework’s reliability assessments can iden-
tify consistency of annotation between models but are not targeting shared
biases that persist across LLMs. Still, such biases could be evaluated in
comparison to established ground truth datasets.
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Ontological Consistency Ontologies and their resulting KGs are often
not logically consistent [31], particularly when developed iteratively or when
capturing complex (or many) domains. This inconsistency can lead to extrac-
tion ambiguities and validation challenges. While logical consistency is not
one of the goals of extraction, the issue is well-known in Semantic Web com-
munity, although it has been given up with the advent of Knowledge Graphs,
which often rely on the Open World Assumption. Grounding higher ontolo-
gies in foundational ontologies could improve consistency but is associated
with increased complexity of modelling. This issue is further exacerbated by
the evolution of Knowledge Graphs and ontologies [L01, 95].

Institutional Adoption Barriers Significant institutional limitations ex-
ist in the adoption of automated extraction approaches.!* Research com-
munities have established practices and methodologies that researchers are
accustomed to, and transitioning to new approaches requires not only tech-
nological solutions but also cultural and procedural changes within research
institutions and publishing venues. Nonetheless, practical considerations,
ease-of-use and good methodological foundation are aspects that could facil-
itate adoption.

8.2 Future Work

Several promising directions for future research emerge from this work, ad-
dressing both technical enhancements and methodological extensions to the
ontology-guided knowledge extraction framework.

Ground Truths One avenue of future work is establishing qualitative
ground truth datasets for KE. One notable domain for such exercise is sci-
entific articles and research in general. Here, nanopublications [(6] are a
promising approach to representing extracted LD. However, nanopublica-
tions do not prescribe specific ontologies and despite a number of ontologies
and schemas being proposed, the task of modelling the different increasingly
complex aspects of the knowledge contained in scientific papers (e.g., method-
ologies, argumentation lines, findings) is increasingly urgent and relevant for
advancing the field. Creating qualitative ground truth datasets would allow
benchmarking of extraction approaches as a necessary step to proving the
reliability of extraction.

14 This limitation has been repeatedly identified in informal conversations with colleagues
from social sciences, and became a key topic of discussion at the AI for the Research
Ecosystem workshop 2024 in London (AI4RE, see https://aidre.github.io/).
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Ontology Learning Another promising direction is integrating OL meth-
ods with extraction pipelines. While this work relies on pre-defined ontologies
to guide extraction, future research could integrate workflows where LLM-
based extraction results inform ontology evolution directly, expanding the
potential for theory-building. This would create an adaptive system where
ontologies evolve based on the extraction results, and extraction is then im-
proved through a refined ontology. Furthermore, LLMs themselves could be
leveraged to propose ontology extensions based on patterns identified dur-
ing extraction, with constraints both validating the extraction, and being
dynamically defined and evaluated based on extraction results.

Linguistic Structure Utilization The proposed approach treats NLT
primarily as an unstructured input source. However, natural language has
syntactic patterns that could be exploited to enhance extraction of semantic
annotations. Future work could integrate linguistic dependency and bottom-
up semantic parsing to approach semantic annotation from the other direc-
tion. By mapping foundational ontologies and higher ontological relations
to common syntactic structures (e.g., noun and verb phrases [21] as well
as more complex reification), we could extract explicit semantic statements
from text. Furthermore, co-reference resolution and other disambiguation
approaches with the help of LLMs [107] could be incorporated.

Fine-tuning LLMs for Extraction While the current framework effec-
tively utilizes pre-trained LLMs through prompting and RAG techniques,
fine-tuning models specifically for structured extraction tasks represents a
significant opportunity for improvement. For one, fine-tuning LLMs on
domain-specific structured data could enhance their domain understanding
and performance. While pre-trained general-purpose LLMs have demon-
strated impressive capabilities in KE, architectural modifications specifically
designed for structured information extraction could improve performance:
specialized decoder heads optimized for graph-structured outputs, attention
mechanisms working with graph structures or hybrid architectures that com-
bine transformer models with graph neural networks.
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Appendix

A. Structured Literature Review Protocol

This protocol summarizes the main steps performed as part of the SLR aim-
ing at approximating the costs of qualitative coding at WU Vienna. In this
SLR, we follow the standard methodology [62] in line with using the SLR as
a rapid research strategy [].

Research Questions

This structured literature review addresses three research questions focused
on understanding and quantifying qualitative coding practices, on the exam-

ple of WU Vienna:

RQ1: What is the prevalence of qualitative coding in research projects at WU
Vienna?

RQ2: What is the scale of the coding exercises in qualitative coding projects?

RQ3: What resources in terms of time, personnel and tools were required for
qualitative coding projects?

Search Strategy

The search strategy employs a two-phase approach: (1) bibliographic database
querying and (2) full-text retrieval for relevant papers.

Phase 1: Bibliographic Search The primary data source is Scopus,
chosen for its its broad coverage [103]. Two queries have been constructed
for the SLR:

1. A baseline query (Figure 19) to establish the overall publication land-
scape at WU Vienna, targeting English-language publications since
2010 across four document types: articles, conference papers, book
chapters, and books.

2. A specialized query (Figure 20) focusing on qualitative research publi-
cations, extending the baseline query with methodological terms from
commonly associated with qualitative research approaches.
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Phase 2: Full-text Retrieval For identified publications, we implemented
a systematic full-text retrieval process utilizing multiple services in sequence:

1. Direct Links: Initial attempt using any direct URLs provided in the
bibliographic metadata, with content-type verification to ensure valid
PDF retrieval.

2. Unpaywall: Secondary attempt through Unpaywall’s API to locate
legally available open access versions from institutional repositories and
publisher platforms.

3. Crossref: Tertiary attempt utilizing Crossref’s metadata API to locate
authorized PDF versions through publisher-provided links.

In the retrieval process, retries for failed attempts and standardized file
naming based on DOIs and normalized titles are implemented.

Baseline Query The baseline query establishes the overall publication
landscape at WU Vienna. It covers core institutional affiliations using three
common variations of the university’s name. The query includes English-
language publications from 2010 onwards, focusing on research publications
(articles, conference papers, book chapters, and books).
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2 AF-ID("Vienna University of Economics and Business") OR
3 AFFIL("WU Vienna") OR
4 AFFIL("Wirtschaftsuniversitat Wien")

5 )

¢ AND

7 (

8 LANGUAGE (english)
o )

10 AND

o (

12 DOCTYPE(ar) OR
13 DOCTYPE(cp) OR
14 DOCTYPE(ch) OR
15 DOCTYPE (bk)

16 )

17 AND PUBYEAR > 2009

Figure 19: Baseline Scopus Query

Qualitative Research Query Building upon the baseline query, the search
query shown in Figure 20 adds methodological terms commonly associated
with qualitative research approaches. The terms were selected to capture var-
ious qualitative methods and techniques, including interviews, focus groups,
case studies, and different analytical approaches like grounded theory and
CA. Wildcards (e.g., ethnograph#*, phenomenolog#) are used to capture vari-
ations in terminology.

Inclusion Criteria

Publications were included if they met all of the following criteria:
e published by authors affiliated with WU Vienna;
e published after 2009;
e published in English;

e document type is either article, conference paper, book chapter, or
book;
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2 AF-ID("Vienna University of Economics and Business") OR
3 AFFIL("WU Vienna") OR

4 AFFIL("Wirtschaftsuniversitat Wien")
5 )

6 AND

7 (

8 LANGUAGE (english)

o )

10 AND

o (

12 DOCTYPE(ar) OR

13 DOCTYPE(cp) OR

14 DOCTYPE(ch) OR

15 DOCTYPE (bk)

16 )

17 AND PUBYEAR > 2009

18 AND

1 (

20 TITLE-ABS-KEY("qualitative" OR

21 "coding" OR

22 "interview" OR

23 "focus group" OR

24 "case study" OR

25 "ethnographx*" OR

26 "mixed-methods research" OR
27 "grounded theory" OR

28 "content analysis" OR
29 "thematic analysis" OR
30 "narrative analysis" OR
31 "phenomenolog*" OR

32 "participant observation" OR
33 "field research" OR

34 "field study" )

35 )

Figure 20: Qualitative Research Scopus Query
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e contains studies following qualitative research methodologies;

e full text is available through any of the retrieval methods.

Exclusion Criteria
Publications were excluded if they met any of the following criteria:

e only mentions qualitative methods in passing without actually employ-
ing them;

e uses the term qualitative in a different context (e.g., qualitative
characteristics in accounting);

e full text is not available through any of the retrieval methods;

e document is not a research publication (e.g., editorial, letter, or com-
ment).

Data Extraction

Table 13 gives an overview of data points systematically extracted from iden-
tified publications.

Publication Information

Basic Details: - Title - Author(s) - Year - Document Type

Research Classification

Methodology: - Primary Approach - Research Design - Analysis Method

Coding Implementation

Coders: - Total Number - Roles - Expertise Level
Materials: - Source Types - Volume - Format
Validation: - Reliability Tests - Protocol - Quality Checks

Resource Allocation

Requirements: - Time - Personnel - Financial Cost

Table 13: Data Collection Framework for the Structured Literature Review

The extraction process was conducted through systematic full-text anal-
ysis of the retrieved publications, with particular attention to methodology
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sections (e.g., Materials and Methods) where coding procedures and re-
source allocations are typically described.

Analysis

The following analysis quantifies the scale and implementation patterns of
qualitative coding at WU Vienna, providing the foundation for estimating
associated resource requirements.

Initial Dataset Coverage The initial Scopus query yielded 2127 publica-
tions. While this provides a substantial dataset for analysis, it is important
to acknowledge the inherent limitations of relying solely on Scopus as a bib-
liographic database. A comparative analysis with the institutional research
information system PURE! of the WU Vienna reveals a corpus of 11384
publications for equivalent types of publications — 5.35 times larger, with the
caveat that this comparison assumes no systematic differences in publication
distribution patterns.

Identification of Qualitative Research The Scopus query for qualita-
tive research papers lead to 310 results. From those, 264 or 85.16% have
been identified as relevant in terms of containing qualitative research stud-
ies based on the title and abstract text. In total, 78 full papers could be
retrieved — a corpus 3.38 times smaller than relevant papers considering no
systematic differences in distribution. From these, 34 (44.16%) apply the QC
methodology.

Coding Team Composition Among the 34 papers applying QC, 12 ex-
plicitly reported the number of coders. Of these, 41.7% (5/12) employed
two coders, 33.3% (4/12) used three coders, 8.3% (1/12) utilized five coders,
and 8.3% (1/12) engaged ten coders. Thus, the average number of coders
per paper is slightly above 3 (3.08). The majority of papers reporting coder
numbers relied on teams of coders. Of the 34 papers applying QC, only 9
(26.5%) explicitly reported the types of coders involved. In all cases but two,
the coders were authors themselves, sometimes being joined by colleagues,
native speakers and other groups.

Scale and Scope In 15 papers (44.1% of those applying qualitative cod-
ing), researchers reported the total number of items (unique artifacts) coded.

15See https://research.wu.ac.at/
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The reported item counts varied widely, from as few as 12 to as many as 5000,
with a mean of approximately 543 items and a median of 120 items.

Material Types Of the 34 papers applying QC, 19 (55.9%) reported the
types of items coded. Interview transcripts were the most prevalent, used in
19 papers (55.9% of those reporting interview-related items). This included
full transcripts, focus group discussions, semi-structured, in-depth, and cog-
nitive debriefing interviews. Other item types included organizational and
assessment materials (4 papers, 11.8%), websites (3 papers, 8.8%), and other
specific materials like survey responses and mixed-method sources (2 papers,

5.9%).

Reliability Tests 24 papers (70.6%) reported ICR, with percent agree-
ment ranging from 80% to 90% and in few cases coders spending time shar-
ing impressions to achieve a consensual view. 20 papers (58.8%) made the
coding protocols available.

Department Affiliations From the papers applying QC, four papers named
affiliations to specific WU departments, with the departments distributed
as follows: Department of Management named in two papers, Department
of Socioeconomics in one paper and Department of Foreign Language
Business Communication in one paper.

The systematic literature review process and its results are visualized in

Figure 21, which shows the progressive filtering of publications from the ones
officially reported to the final set of papers with detailed coding protocols.
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11,384
(100.0%)

Total Publications

Scopus Publications

Qualitative Research

264
(2.3%)

Confirmed Qualitative Research

Full Papers Downloaded

Applying Qualitative Coding

20

Publishing Coding Protocols
g g (0.2%)

Figure 21: Structured Literature Review Funnel (Logarithmic Scale)

While few papers have reported the time and costs of the coding exercise,
those could be presumed to be significant. The paper describing coding 5000
organization names reported 120 person-hours spend by a team of 3 coders
for the task, yielding a circulatory rate of 2.08 items per minute (per person).
As organizational names are fairly short and easy to directly annotate (not
requiring any search through text), this can be considered the distant lower
bound. Thus, an average study with the minimal conditions for reliability
testing (3.08 coders) would require 13.4 person-hours.

At the current gross salary for full-time PhD students (EUR 68 880.00)
without overhead costs, this would amount to the lower estimate of EUR
462.70 per QC task, not including overhead costs. In practice, the cost of
similar tasks is likely to be far higher.
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