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Abstract. Digital oral history collections need metadata that makes
long interviews searchable without flattening personal testimony. This
thesis studies concept linking in WO2Net, a Dutch Second World War
oral history project where interview segments are linked to concepts from
the WO2 Thesaurus. Earlier WO2Net validation work showed that con-
cept links can be too broad, missing, or ambiguous, especially when seg-
ments refer to specific camps, events, places, or organisations [1].
This thesis investigates whether retrieval from the WO2 Thesaurus im-
proves large language model (LLM)-based concept linking for oral history
segments. Three conditions were compared on five selected WO2Net in-
terview segments: baseline prompting, refined prompting, and knowledge-
graph retrieval-augmented generation (KG-RAG) prompting. All three
conditions used GPT-5.5 Instant. The outputs were evaluated through
a blind expert questionnaire completed by five WO2Net experts, who
rated proposed concepts for correctness and specificity.
The results show that KG-RAG was most useful for improving speci-
ficity. Among applicable specificity ratings, KG-RAG reached 79.17%,
compared with 74.36% for refined prompting and 65.62% for baseline
prompting. It recovered specific missing concepts such as Reichenbach,
Birkenau, Kristallnacht, and Bergen-Belsen. However, this specificity
gain did not translate into higher overall correctness, because the ex-
panded candidate list also introduced noisy or less central links. The
thesis concludes that retrieval from the WO2 Thesaurus improves speci-
ficity in the selected cases, but does not automatically improve overall
correctness.

Keywords: oral history · concept linking · knowledge graph · retrieval-
augmented generation · large language models · WO2 Thesaurus · expert
evaluation

1 Introduction

Digital oral history archives preserve personal accounts that are difficult to rep-
resent through short metadata labels. A single interview segment can contain
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explicit historical references, such as camps, organisations, and events, while
also communicating broader themes such as persecution, displacement, trauma,
family separation, or survival. Metadata is therefore important for search and
exploration: it gives users structured access points for finding relevant material
within large interview collections [2,3]. In this thesis, concept linking means con-
necting an interview segment to one or more controlled vocabulary concepts.
The challenge is that these links need to be accurate enough to support retrieval
and specific enough to be useful.

This thesis studies concept linking in the context of WO2Net, a Dutch Sec-
ond World War oral history project connected to the Oorlogsbronnen data in-
frastructure. Oorlogsbronnen provides access to Dutch Second World War source
material, while the WO2 oral history matching pipeline processes oral history
interview transcripts and enriches them with concepts from the WO2 Thesaurus
[4,5]. The pipeline works with .vtt files, a subtitle/transcript format used to store
time-aligned interview text. In the existing pipeline, these transcripts are seg-
mented, relevant segments are selected, and the selected segments are linked to
Second World War concepts using embeddings, exact matches, and LLM valida-
tion [5]. Earlier WO2Net validation work showed that this workflow can produce
useful segment and concept suggestions, but also that concept links can be too
broad, ambiguous, or missing [1]. In particular, prompt refinement can only se-
lect from the concepts available to the model. If a specific concept is missing
from the candidate list, stricter prompting alone cannot recover it.

The central idea of this thesis is to use the WO2 Thesaurus not only as the
controlled vocabulary from which final concept labels are selected, but also as a
retrieval source before concept selection. In the previous WO2Net/Oorlogsbronnen
matching pipeline, the WO2 Thesaurus is used as the source vocabulary for link-
ing interview segments to concepts. This thesis uses the same thesaurus not only
as the final vocabulary for concept labels, but also earlier in the concept-linking
process to retrieve additional candidate concepts that may be missing from
the original candidate list. This thesis proposes a knowledge-graph retrieval-
augmented generation (KG-RAG) approach for the WO2Net concept-linking
task. In this approach, candidate concepts are first retrieved from the WO2
Thesaurus, and the large language model (LLM) then selects which of these can-
didates are supported by the segment text. This changes the task from selecting
among a fixed set of original matched concepts to selecting from a candidate list
expanded through thesaurus retrieval. Related work on ontology-aware prompt-
ing and knowledge-source integration suggests that external structured resources
can support LLMs in specialized domains, but also shows that such integration
needs empirical evaluation rather than assuming uniform improvement [9,10,11].

The research question is:
To what extent does retrieval from the WO2 Thesaurus improve the correct-

ness and specificity of LLM-based concept linking for oral history segments?
The contribution of this thesis is threefold. First, it implements a small KG-

RAG pipeline for WO2Net concept linking using real WO2Net segments and
the WO2 Thesaurus. Second, it compares KG-RAG with two prompting-only
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conditions: the original baseline prompting and the refined prompt from ear-
lier WO2Net work. Third, it evaluates the outputs through a focused expert-
informed evaluation, using correctness and specificity as the main criteria. The
thesis does not claim to solve oral history interpretation as a whole. It tests
a narrower question: whether retrieval from a domain thesaurus improves the
concepts selected for specific interview segments.

2 Related Work

2.1 Computational access to oral history collections

Oral history collections preserve personal memories, lived experience, and inter-
pretations of the past, but they are difficult to access computationally. Interviews
are long, often non-linear, and shaped by memory, emotion, silence, and conver-
sational context. Metadata therefore plays a practical role: it helps researchers
and the public identify where relevant historical material appears in large col-
lections.

Cocciolo [2] studies the use of generative AI for oral history metadata in
an LGBTQ+ archival context. The study shows that AI can support metadata
creation, but also that AI-generated descriptions should be reviewed before pub-
lication. This is relevant here because this thesis also treats AI as a metadata
support tool rather than as an unsupervised archival authority.

Chen et al. [3] apply NLP and data analytics to the Densho Digital Col-
lection, a large oral history collection about Japanese American incarceration.
Their work shows that computational methods can reveal spatial, thematic, and
emotional patterns across oral history archives. However, it operates at collection
level, while this thesis evaluates segment-level concept linking.

Together, these studies show that AI and NLP can support access to oral
history collections, but that review and interpretation remain necessary. This
thesis therefore evaluates concept linking as a support method whose outputs
are checked by domain experts.

2.2 LLMs, ontologies, and knowledge graphs for information
extraction

LLMs can perform information extraction tasks without extensive task-specific
training, but they may struggle when a task depends on specialized domain
knowledge. In oral history collections, this is especially relevant because inter-
views often contain references to places, events, organisations, social groups, and
historical experiences that require contextual interpretation rather than simple
keyword matching [2,3]. Similar issues appear in domain-specific information
extraction, where relevant concepts may include specialized terms or common
noun phrases that do not fit standard named entity categories [12,10].

Ontology-aware prompting offers one way to connect LLMs to domain struc-
tures. Zeginis et al. [11] evaluate ontology-aware zero-shot LLM prompting for
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information extraction from Greek public administration documents. Although
their study is not about oral history, it is methodologically relevant because it
shows how an ontology can define the target structure for extracting metadata
from unstructured text.

Knowledge graph and ontology integration has also been studied in special-
ized domains such as biomedicine. Chang and Sung [9] review the integration
of SNOMED CT into LLM pipelines and show that external knowledge sources
can improve performance, but not consistently across all studies and evaluation
settings. This mixed evidence is important for this thesis because it motivates
separate evaluation of correctness and specificity instead of assuming that a
knowledge source improves every metric.

Xiao [10] frames ontology-guided, LLM-assisted information extraction as
a response to long-tail domain knowledge and limited annotation data. This
thesis follows the same broad logic at a smaller bachelor-project scale: it uses
an external thesaurus to provide candidate concepts at inference time instead of
fine-tuning an LLM.

2.3 Domain-specific concept recognition beyond standard named
entities

Concept linking in WO2Net is related to named entity recognition (NER), but it
is not identical to standard NER. Standard NER usually focuses on entities such
as persons, organisations, and locations. WO2Net concept linking also includes
camps, events, abstract themes, social categories, and thesaurus-specific labels.
Some relevant concepts are proper names, such as Auschwitz or Philips. Others
are common noun phrases or broader historical categories.

Chierchiello et al. [12] study ontology-guided domain entity recognition in en-
vironmental texts and distinguish ordinary named entities from domain-specific
entities expressed through common noun phrases. This distinction also applies to
WO2Net. Some segment concepts are named entities, but others require domain-
specific recognition and controlled-vocabulary alignment.

For this thesis, the implication is that concept linking should not be evaluated
only as whether the model recognizes named places. A good method also needs to
choose the right level of thesaurus concept. For example, Bergen-Belsen is more
specific and historically appropriate than Bergen in a camp-related segment.
Similarly, Kristallnacht is more informative than only place or family-related
concepts when the segment explicitly discusses that event.

2.4 Evaluation and reproducibility in LLM-based studies

LLM-based empirical studies require careful reporting because outputs can vary
with model choice, prompt wording, candidate lists, and post-processing. Baltes
et al. [13] provide guidelines for empirical studies involving LLMs and emphasize
reporting the LLM role, model versions, prompts, human validation, baselines,
and limitations. These recommendations align with the design choices in this
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thesis: the model is fixed across conditions, prompts and outputs are stored, and
human expert validation is used.

Krause [14] argues that conversational AI systems need to handle context,
uncertainty, and structured representations carefully. This is relevant to oral
history concept linking because a segment excerpt may not contain all context
needed for broader interpretation. The current thesis therefore treats segment-
level concept linking as one layer of metadata creation, while recognizing that
interview-level context may be needed for thematic interpretation.

3 Method

This chapter describes the setup of the thesis before the results are reported.
First, it defines the concept-linking task and the main terms used throughout the
thesis. It then describes the data sources and case-selection procedure, followed
by the three concept-linking conditions: baseline prompting, refined prompting,
and KG-RAG prompting. Finally, it explains the expert evaluation design, rating
scales, metrics, and analysis levels.

The evaluation in this thesis is based on five selected oral history segments
rated by five WO2Net experts. The larger set of enriched segments and valida-
tion groups was used to identify and select informative cases, not as a separate
full performance evaluation. The expert ratings are analysed in two complemen-
tary ways: first as an aggregate comparison between the three conditions, and
second as an in-depth case-level analysis to understand why the methods behave
differently.

3.1 Task definition and terminology

The task evaluated in this thesis is concept linking. Given one oral history seg-
ment, the system must select one or more relevant concepts from the WO2
Thesaurus. A good concept link should be correct, meaning that the concept is
supported by the segment, and specific, meaning that the concept is neither too
broad nor unnecessarily narrow for the segment.

A segment is a short excerpt from a longer interview transcript. In this thesis,
the five expert-facing segment excerpts range from 121 to 177 words. A case is one
selected segment together with its role in the evaluation, such as missing camp
concepts, missing event concept, or place/camp disambiguation. A condition
refers to one of the three concept-linking alternatives compared in this thesis:
baseline prompting, refined prompting, and KG-RAG prompting.

The expert evaluation uses concept rows and expert ratings. A concept row
is one row in the blind expert questionnaire, containing one proposed concept
for one selected case. An expert rating is one judgement by one expert for one
concept row. The main metrics are correctness and specificity. For specificity, the
thesis also reports an applicable-specificity rate, which excludes ratings marked
not applicable, unsure, missing, or blank.
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3.2 Workflow, data sources, and case selection

Figure 1 gives an overview of the thesis workflow. The workflow starts from
existing WO2Net/Oorlogsbronnen oral history data and focuses on the concept-
linking stage. The same five selected segments are processed under three condi-
tions: baseline prompting, refined prompting, and KG-RAG prompting. Baseline
and refined prompting use the original candidate concepts produced by the previ-
ous WO2 oral history matching pipeline. KG-RAG adds an intermediate retrieval
step from the WO2 Thesaurus before LLM-based concept selection. The outputs
of the three conditions are then merged into a blind expert questionnaire and
evaluated for correctness and specificity.

Fig. 1. Overview of the thesis workflow. The three conditions differ mainly in the
source of candidate concepts: baseline and refined prompting use the original WO2Net
candidate concepts, while KG-RAG retrieves additional candidates from the WO2 The-
saurus before concept selection.

The data used in this thesis comes from the WO2Net/Oorlogsbronnen oral
history workflow. The earlier WO2 oral history matching pipeline processes oral
history interview transcripts in .vtt format, creates transcript segments, selects
relevant segments, and enriches them with concepts from a Second World War
thesaurus [5]. The raw subtitle files are available in the public segmenten_ondertiteling
repository [6]. This thesis uses local processed JSON and CSV files derived from
these sources, so the experiments can be reproduced without querying the public
data sources during each run.

The controlled vocabulary used for concept linking is the WO2 Thesaurus.
The WO2 Thesaurus is available as linked data through the Oorlogsbronnen
WO2 Thesaurus dataset and can also be queried through the WO2 Oorlogs-
bronnen SPARQL endpoint [7,8]. In this thesis, the thesaurus was used through
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a local parsed export. This parsed version contained 17,820 concepts, including
concept URIs, concept IDs, labels, concept types, broader concepts, narrower
concepts, related concepts, and scheme membership. Concept URIs are treated
as stable identifiers because different labels or languages can refer to the same
thesaurus concept.

The local thesis pipeline used two main input files for case selection. The
first file, enriched_segments.json, contains transcript segments produced by
the earlier WO2 oral history matching pipeline together with automatically gen-
erated enrichment information, including candidate concept links. The second
file, segment_validations.json, contains previous crowdsource validation in-
formation for segments and proposed concept links. These files were not used
as a final evaluation dataset in this thesis. Instead, they were used to identify
informative cases for a focused expert evaluation.

The goal of case selection was to choose a small set of segments that could
test different concept-linking problems. The selected cases were not intended
to form a statistically representative benchmark of the full WO2Net collection.
Instead, they were chosen because previous validation information suggested dif-
ferent types of concept-linking behaviour: missing specific concepts, ambiguous
concepts, concept conflicts, and one mostly accepted segment used as a control
case.

For case selection, the local pipeline processed 4,761 enriched segments and
780 validation groups. A validation group refers to the previous validation infor-
mation associated with a segment and its proposed concept links. This produced
a shortlist of 487 candidate segments: 414 rejected segments, 38 conflict seg-
ments, and 35 accepted segments. In this context, rejected, conflict, and accepted
refer to previous validation status. Rejected segments were segments for which
previous validation indicated that the proposed output was problematic. Con-
flict segments had mixed validation signals. Accepted segments were segments
for which previous validation indicated that the output was mostly suitable.

From this shortlist, five segments were selected for the expert evaluation. In
this thesis, a case means one selected segment together with its role in the evalua-
tion. The five cases cover different concept-linking situations: organisation/work
concepts, missing camp concepts, a missing event concept, an accepted control
case, and place/camp disambiguation. The five excerpts come from four inter-
view contexts: two Lotty Huffener segments and one segment each from Annie
Sulzbach, Rob Wurms, and Geertruida Zeehandelaar. The expert-facing excerpts
are between 121 and 177 words.

Table 1 lists the selected cases and the reason each case was included.
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Table 1: Selected evaluation cases and reasons for inclusion.

Case Segment ID Interviewee/
Context

Role Reason for
inclusion

Case
01

02%20stiso_
20091008_
Huffener_Lotty_
1.nl_8

Lotty
Huffener

Organisation/work
conflict case

Tests whether
the method
handles Philips
and
work/labour-
related
concepts.

Case
02

01_JKKV_2003_
LOTTY_
HUFFENER-Veffer-h264.
nl_1

Lotty
Huffener

Missing camp
concepts case

Validators
mentioned
missing
Reichenbach
and Birkenau.

Case
03

04_JKKV_2003_
ANNIE_
SULZBACH-h264.
nl_3

Annie
Sulzbach

Missing event
concept case

Validators
mentioned that
Kristallnacht
was missing.

Case
04

08%20stiso_
20091104_Wurms_
Rob_1.nl_10

Rob Wurms Accepted control
case

Tests whether
KG-RAG
avoids
worsening a
mostly
accepted case.

Case
05

22%20stiso_
20110501_
Zeehandelaar_
Geertruida_1.nl_
4

Geertruida
Zeehandelaar

Specific
place/camp
disambiguation
case

Tests
Bergen-Belsen
versus Bergen
and other
camp/place
concepts.

The code and selected case data for this step are available in the thesis repos-
itory under 03_thesis_kg_rag/scripts/03_select_evaluation_segments.py and
03_thesis_kg_rag/data/evaluation_segments.json.

3.3 Concept-linking conditions

All three conditions were applied to the same five selected cases using GPT-
5.5 Instant. Keeping the model constant makes the comparison focus on the
method setup rather than on model choice. The three conditions differ in two

02%20stiso_20091008_Huffener_Lotty_1.nl_8
02%20stiso_20091008_Huffener_Lotty_1.nl_8
02%20stiso_20091008_Huffener_Lotty_1.nl_8
02%20stiso_20091008_Huffener_Lotty_1.nl_8
01_JKKV_2003_LOTTY_HUFFENER-Veffer-h264.nl_1
01_JKKV_2003_LOTTY_HUFFENER-Veffer-h264.nl_1
01_JKKV_2003_LOTTY_HUFFENER-Veffer-h264.nl_1
01_JKKV_2003_LOTTY_HUFFENER-Veffer-h264.nl_1
04_JKKV_2003_ANNIE_SULZBACH-h264.nl_3
04_JKKV_2003_ANNIE_SULZBACH-h264.nl_3
04_JKKV_2003_ANNIE_SULZBACH-h264.nl_3
04_JKKV_2003_ANNIE_SULZBACH-h264.nl_3
08%20stiso_20091104_Wurms_Rob_1.nl_10
08%20stiso_20091104_Wurms_Rob_1.nl_10
08%20stiso_20091104_Wurms_Rob_1.nl_10
22%20stiso_20110501_Zeehandelaar_Geertruida_1.nl_4
22%20stiso_20110501_Zeehandelaar_Geertruida_1.nl_4
22%20stiso_20110501_Zeehandelaar_Geertruida_1.nl_4
22%20stiso_20110501_Zeehandelaar_Geertruida_1.nl_4
22%20stiso_20110501_Zeehandelaar_Geertruida_1.nl_4
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main ways: the source of the candidate concepts and the prompt logic used to
select concepts.

Baseline prompting and refined prompting are prompting-only conditions.
They receive the segment excerpt and the original candidate concepts from the
previous WO2 oral history matching pipeline. KG-RAG differs because it first
retrieves additional candidate concepts from the WO2 Thesaurus and then asks
the LLM to select the supported concepts from this retrieved list.

Table 2 summarizes the three conditions.

Table 2: Overview of the three concept-linking conditions.

ConditionInput to
LLM

Candidate
source

Main
mechanism

Output

Baseline
prompt-
ing

Segment
excerpt and
original
candidate
concepts

Previous WO2
oral history
matching
pipeline

Original
archived
prompt logic

Selected
concepts from
the original
candidate list

Refined
prompt-
ing

Segment
excerpt and
original
candidate
concepts

Previous WO2
oral history
matching
pipeline

Stricter
prompt logic
from earlier
prompt-
refinement
work

Selected
concepts from
the original
candidate list

KG-RAG
prompt-
ing

Segment
excerpt and
retrieved
thesaurus
candidates

WO2
Thesaurus
retrieval

Candidate
retrieval
followed by
LLM-based
concept
selection

Selected
concepts from
the retrieved
candidate list

The exact prompt templates and prompt-file locations are reported in Ap-
pendix A.

3.3.1 Baseline prompting The baseline condition represents the original
prompt-based concept-linking approach from earlier WO2Net work. For each se-
lected case, the prompt receives two inputs: the segment excerpt and the original
candidate concepts already produced by the previous WO2 oral history match-
ing pipeline. The model is then asked to select the candidate concepts that are
supported by the segment.

The important limitation of this condition is that it can only choose from
the original candidate list. If a relevant concept is missing from that list, the
baseline prompt cannot recover it. This makes the baseline condition useful for
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testing the quality of the earlier prompt logic, but not for testing whether new
thesaurus concepts can be added.

For the baseline condition, prompts were generated from the selected segment
excerpts and the original WO2Net candidate concepts. The prompt asked the
model to choose only from this given candidate list and to return the selected
concepts in a structured output format. The prompt and output locations are
listed in Appendix A and Appendix D.

3.3.2 Refined prompting The refined condition uses the improved top-down
prompt from earlier WO2Net prompt-refinement work. Like the baseline condi-
tion, it receives the segment excerpt and the original candidate concepts from
the previous WO2 oral history matching pipeline. It therefore uses the same
candidate source as the baseline condition.

The difference between baseline prompting and refined prompting is the
prompt logic. The refined prompt applies stricter selection instructions: the
model is asked to select only concepts that are supported by the segment and to
avoid weak or unsupported matches. This condition tests whether better prompt
instructions improve concept selection when the candidate list stays the same.

For the refined condition, prompts were generated from the same segment
excerpts and original WO2Net candidate concepts as the baseline condition. The
difference is that the refined prompt uses stricter top-down selection rules. It asks
the model to prefer concepts that are clearly supported by the segment, avoid
weak or incidental matches, and be more conservative with generic concepts.
The prompt and output locations are listed in Appendix A and Appendix D.

3.3.3 KG-RAG prompting The KG-RAG condition changes the candidate
source. Instead of using only the original candidate concepts from the previous
WO2 oral history matching pipeline, it retrieves a new candidate list from the
local parsed WO2 Thesaurus before LLM-based selection. In this thesis, KG-
RAG means knowledge-graph retrieval-augmented generation: the thesaurus is
used as a structured retrieval source, and the LLM is then used to decide which
retrieved concepts are actually supported by the segment.

The KG-RAG retrieval step has four layers. First, concepts already matched
by the previous WO2Net pipeline are kept as seed candidates. This prevents
useful original concepts from being lost when they are not literally mentioned
in the segment. Second, the retriever performs explicit lexical matching between
the segment text and searchable WO2 Thesaurus labels. This layer retrieves con-
cepts whose labels are directly mentioned in the segment, such as named places,
camps, organisations, or events. Weak one-word labels and common stopwords
are filtered to reduce noisy matches.

Third, the retriever applies contextual event retrieval. This layer searches
specifically for event concepts that may be supported by combinations of textual
clues, such as dates, months, locations, and event-related words. For example,
a segment mentioning a date, a place, and terms related to bombing or fire
may support an event candidate even when the exact event label is not quoted
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literally. Fourth, the retriever performs a conservative event graph expansion.
For the strongest contextual event candidates, it may add a small number of
related or broader event concepts from the thesaurus graph. This expansion is
restricted to event concepts and is intentionally limited, so that the prompt is
not filled with loosely related concepts.

The retrieved candidates from these layers are merged by concept ID, ranked
by retrieval score and source priority, and limited to a maximum of 40 candidates
per segment. Each candidate is stored with its label, URI, concept type, scheme,
retrieval score, candidate source, and retrieval reason. This makes the candidate
list inspectable before the LLM selection step.

In the second stage, the segment excerpt and retrieved candidate concepts
are inserted into the KG-RAG prompt. For each candidate, the prompt includes
the concept label, URI, and concept type. Retrieval scores, retrieval sources,
and retrieval reasons are not shown to the LLM, because these fields are useful
for inspection but could bias the model’s selection. The model is instructed
to select only concepts that are supported by the segment text, reject noisy
or weakly related candidates, and prefer specific concepts when the segment
supports them. In this setup, retrieval expands the space of possible concepts,
while the LLM selection step filters the retrieved candidates.

This setup tests whether retrieval from the WO2 Thesaurus helps the model
recover specific concepts that are missing from the original WO2Net candidate
list. It also tests the main risk of KG-RAG: expanding the candidate list may
improve specificity, but it may also introduce weak or only incidentally related
concepts if retrieval and selection are not strict enough.

To avoid evaluation leakage, previous validation comments, consensus status,
removed concepts, and missing-concept comments were not included in the re-
trieval input or in the KG-RAG prompts. This means the model did not receive
the same validation information that was later used to interpret why the cases
were selected.

3.4 Evaluation design

The evaluation in this thesis is based on a blind expert questionnaire completed
by five WO2Net experts familiar with oral history annotation and Second World
War data. The questionnaire evaluated the concept links produced by the three
conditions for the five selected cases. The larger set of 4,761 enriched segments
and 780 validation groups was used only for shortlisting and case selection, as
described in Section 3.2. It was not used as a separate full performance evalua-
tion.

The expert ratings are analysed at two levels. First, the ratings are aggregated
by condition to compare baseline prompting, refined prompting, and KG-RAG.
This aggregate comparison answers the main research question by showing how
the three conditions differ in correctness and specificity. Second, the same expert
ratings are examined at case level to understand why the aggregate results look
the way they do. The case-level analysis is therefore an in-depth interpretation
of the five selected cases, not a separate evaluation dataset.
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The expert-facing questionnaire combined all concepts selected by the three
conditions into one blind list per case. Experts did not see whether a concept
came from baseline prompting, refined prompting, KG-RAG, or more than one
condition. Method provenance was stored only in an internal table and mapped
back after the questionnaire responses were collected. This design was used to
reduce bias and to make experts judge the concepts themselves rather than the
methods that produced them.

3.4.1 Expert questionnaire and rating scales The expert questionnaire
was prepared as an Excel workbook with three sheets: Instructions, Case Overview,
and Expert Evaluation. The Instructions sheet explained the task and rating cat-
egories. The Case Overview sheet listed the five cases. The Expert Evaluation
sheet contained 44 blind concept rows. Each concept row showed the case ID,
concept ID, segment excerpt, concept label, and concept URI, followed by empty
fields for ratings and optional comments.

The experts were asked to judge each proposed concept on two dimensions:
correctness and specificity. Correctness asked whether the concept was supported
by the segment. The allowed correctness values were: incorrect, partially correct,
correct, and unsure. Specificity asked whether the concept was at the right level
of detail for the segment. The allowed specificity values were: too broad, appro-
priate, too narrow, not applicable, and unsure. Experts could also add optional
comments, including missing-concept suggestions and general comments.

The questionnaire did not ask experts for their name or email address. Con-
sent forms were collected separately from the questionnaire responses and were
not included in the processed analysis files. In the processed dataset, experts
were anonymized as expert_01 to expert_05. The structure of the question-
naire, including the field names, rating values, and screenshots of the expert-
facing workbook, is shown in Appendix B.

3.4.2 Metrics and analysis The evaluation uses correctness and specificity
as the two main criteria. Correctness measures whether a proposed concept is
supported by the segment. Specificity measures whether the proposed concept
is at the right level of detail.

Correctness is reported in two ways. The strict correct rate is the proportion
of expert ratings marked correct. The partial-credit correctness score assigns
correct = 1, partially correct = 0.5, and incorrect = 0. Ratings marked unsure
or missing are excluded from the partial-credit calculation.

Specificity is also reported in two ways. The appropriate-specificity rate
across all ratings is the proportion of all specificity ratings marked appropri-
ate. The applicable-specificity rate is calculated after excluding ratings marked
not applicable, unsure, missing, or blank. This metric is useful because some
concepts cannot meaningfully be judged for specificity if the expert first decides
that specificity is not applicable or is unsure.

Because the three conditions produced different numbers of selected concepts,
raw counts alone are not sufficient for comparison. A condition that selects more



Improving Semantic Specificity in Oral History Segmentation 13

concepts has more opportunities to receive both correct and incorrect ratings.
For this reason, the thesis reports rates rather than only absolute counts.

One additional complication is that the expert questionnaire used one com-
bined blind concept list per case. If the same concept was selected by more
than one condition, a single expert rating for that concept contributes to each
relevant condition after method provenance is mapped back. The aggregate com-
parison by condition is therefore descriptive rather than a statistical test with
independent observations.

After the expert responses were collected, the ratings were processed into
summary tables by condition, case, concept, and comment theme. Shared con-
cept rows were expanded back to each condition that had selected the concept.
The main processed output files used in the Results section are listed in Ap-
pendix D.

4 Results

This chapter reports the results of the three concept-linking conditions. Sec-
tion 4.1 first shows what each condition selected for the five cases. Section 4.2
reports the aggregate expert-rating results by condition. Section 4.3 then exam-
ines the five cases in more detail to explain the main patterns in the aggregate
results. Section 4.4 summarizes the qualitative expert comments.

4.1 Outputs of the three concept-linking conditions

Before discussing expert ratings, it is useful to compare the raw selected concepts
produced by the three conditions. Table 3 shows the concepts selected by baseline
prompting, refined prompting, and KG-RAG for each case. These are the outputs
that were later merged into the blind expert questionnaire.

Table 3: Selected concepts by case and condition.

Case Baseline selected
concepts

Refined selected
concepts

KG-RAG selected
concepts

Case
01

Gevangenen;
Dwangarbeid;
Philips

Philips;
Dwangarbeid;
Gevangenen

Philips

Case
02

Vught; Auschwitz;
Kamp Vught;
Transporten;
Gevangenen

Kamp Vught;
Auschwitz

Kamp Vught;
Auschwitz;
Reichenbach;
Birkenau; Amsterdam
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Table 3: Selected concepts by case and condition.

Case Baseline selected
concepts

Refined selected
concepts

KG-RAG selected
concepts

Case
03

Familieleven;
Huisvesting;
Woningen;
Verhuizingen;
Amsterdam

Amsterdam;
Familieleven;
Huisvesting;
Woningen;
Verhuizingen

Kristallnacht;
Frankfurt am Mainz;
Duitsland;
Amsterdam;
Familienleben; Wohn-
raumbeschaffung;
Verhuizingen;
Residence

Case
04

Auschwitz; Sobibor;
Barakken;
Oorlogsgetroffenen;
Monnickendam

Auschwitz; Sobibor;
Barakken;
Monnickendam

Gas chambers;
Baracken;
Ondergedoken;
Auschwitz;
Auschwitz-Birkenau;
Sobibor; Krakau;
Oswiecim;
Netherlands; Utrecht

Case
05

Sobibor;
Westerbork; Bergen;
Auschwitz; Pearl
Harbor

Sobibor;
Westerbork; Bergen;
Auschwitz; Pearl
Harbor

Red Cross; Contact
Holland; Auschwitz;
Bergen-Belsen;
Sobibor; Pearl
Harbor; Westerbork;
Overleden

The output comparison shows the main difference between the prompting-
only conditions and KG-RAG. Baseline and refined prompting can only select
from the original candidate concepts provided by the previous WO2 oral history
matching pipeline. KG-RAG can select concepts that were retrieved from the
WO2 Thesaurus and were not available to the prompting-only conditions.

This difference is visible in several cases. In Case 02, KG-RAG selected
Reichenbach and Birkenau, while the prompting-only conditions did not. In
Case 03, KG-RAG selected Kristallnacht, while baseline and refined prompt-
ing selected family, housing, moving, and Amsterdam-related concepts. In Case
05, KG-RAG selected Bergen-Belsen and did not select Bergen, while both
prompting-only conditions selected Bergen. These outputs suggest where KG-
RAG may improve specificity. At the same time, KG-RAG often produced longer
concept lists, especially in Cases 03, 04, and 05. Whether these additional con-
cepts are useful or noisy is evaluated through the expert ratings reported below.
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4.2 Aggregate expert-rating results by condition

Table 4 summarizes the expert ratings by condition. The table is based on
expert_rating_summary_by_method.csv, generated by 14_process_expert_evaluation.py.
Although the output file uses the word ‘method”, the thesis refers to the three
alternatives as conditions: baseline prompting, refined prompting, and KG-RAG.
The column ‘unique concept rows” refers to the number of blind questionnaire
rows associated with each condition after method provenance was mapped back
from the internal table.

Table 4: Expert evaluation summary by condition. Correctness is
reported as strict correctness and partial-credit correctness. Speci-
ficity is reported across all ratings and among applicable ratings
only.

Condition Expert
ratings

Unique
con-
cept
rows

Strict
correct
rate

Partial-
credit
correct-
ness

Appropriate
specificity,
all ratings

Appropriate
specificity,
applicable
only

Baseline 115 23 66.96% 75.23% 54.78% 65.62%

Refined 95 19 68.42% 77.47% 61.05% 74.36%

KG-RAG 160 32 65.62% 74.68% 59.38% 79.17%

The aggregate results show that KG-RAG did not improve overall correctness
in these five cases. Refined prompting achieved the highest strict correct rate at
68.42%, followed by baseline prompting at 66.96% and KG-RAG at 65.62%. The
same pattern appears for partial-credit correctness: refined prompting scored
77.47%, baseline prompting scored 75.23%, and KG-RAG scored 74.68%.

The strongest result for KG-RAG is specificity. Among applicable specificity
ratings, KG-RAG reached 79.17%, compared with 74.36% for refined prompting
and 65.62% for baseline prompting. This means that when experts considered
a specificity judgement applicable, they more often judged KG-RAG concepts
to be at the right level of detail. However, this specificity advantage did not
translate into a higher correctness score.

These percentages should be interpreted descriptively. The evaluation con-
tains five selected cases, and the method-expanded ratings are not statistically
independent because the same concept row can contribute to more than one
condition when multiple conditions selected the same concept.

4.3 Case-level in-depth results

The aggregate results show a trade-off, but they do not explain which concepts
caused it. For that reason, the same expert-rating data was also examined at
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case level. Table 5 summarizes the main KG-RAG effect in each case. The full
numeric case-level summary is reported in Appendix C.

Table 5: Qualitative case-level summary of the main KG-RAG ef-
fects.

Case Main KG-RAG effect Main limitation

Case 01:
Philips/work

Selected Philips conservatively
and received relatively strong
correctness.

Did not fully capture the
work/labour context
discussed by experts.

Case 02:
missing
camps

Recovered Reichenbach and
Birkenau; both received
positive expert ratings.

This was the clearest
success case.

Case 03:
missing event

Recovered Kristallnacht, the
known missing event concept.

Also selected several
additional concepts
judged less relevant or too
broad.

Case 04:
accepted
control

Added several specific concepts
for an already accepted
segment.

Over-expanded the
output compared with
refined prompting.

Case 05:
Bergen-
Belsen

Selected Bergen-Belsen rather
than Bergen and recovered Red
Cross.

Also introduced debatable
concepts such as Contact
Holland and Overleden.

Case 02 shows the clearest benefit of candidate expansion. KG-RAG selected
Birkenau and Reichenbach, which were not selected by the prompting-only con-
ditions because they were not available in the original candidate list. Expert
ratings supported both concepts with the majority judgments of correct and ap-
propriate specificity. This case demonstrates the central advantage of KG-RAG:
it can recover specific missing concepts when thesaurus retrieval adds them to
the candidate list.

Case 03 shows a more mixed result. KG-RAG retrieved and selected Kristall-
nacht, which was the known missing event concept. This is an important quali-
tative success. However, the KG-RAG output also selected additional location,
family, housing, and residence-related concepts. Experts judged several of these
as less relevant or too broad. As a result, KG-RAG had a lower strict correctness
rate than the two prompting-only methods for this case, even though it recovered
the key missing event concept.

Case 05 shows the disambiguation value of KG-RAG. The KG-RAG output
selected Bergen-Belsen and rejected Bergen. This directly addresses the vali-
dation issue for which the case was selected. At the same time, KG-RAG also
selected additional concepts such as Contact Holland and Overleden, which ex-
perts considered more debatable. The case therefore supports the same general
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conclusion as Case 03: KG-RAG improves access to specific concepts but needs
filtering to avoid less central links.

Case 01 and Case 04 show that KG-RAG is not uniformly better. In Case
01, KG-RAG selected only Philips, which made the output conservative and
relatively correct, but it did not fully capture the broader work/labour context.
In Case 04, KG-RAG selected many concepts for an already accepted segment.
Some were useful and specific, but the increased number of concept links reduced
the strict correctness rate compared with refined prompting.

4.4 Expert comments

The expert comments provide an important qualitative layer beyond the numer-
ical ratings. Several comments point to concept-specific issues that are not fully
visible in the aggregate metrics. For example, experts suggested that Philips-
Kommando may be more specific than Philips in the organisation/work case.
Experts also noted that Vught can refer to the city rather than the concentra-
tion camp, which illustrates the importance of disambiguating place names from
camp-related concepts.

One follow-up comment raised a broader limitation of the evaluation setup.
The expert argued that some segments are difficult to judge without access
to the wider interview context, and that the main subject of a segment may
sometimes lie at a broader thematic level than the proposed keywords suggest.
Examples mentioned in this feedback include religious differences, persecution,
emigration, post-war trauma, and anti-Jewish measures in the Netherlands. This
feedback suggests that segment-level concept linking can recover explicit enti-
ties and events, but may miss broader interpretive themes that require more
contextual understanding.

The comment analysis therefore supports two conclusions. First, the KG-
RAG approach appears useful for recovering explicit missing concepts from the
thesaurus. Second, concept linking at the segment level does not fully address
the thematic interpretation of oral history testimony. A wider interview context,
or a separate thematic annotation step, would be needed for that task.

5 Discussion

5.1 Answering the research question

The research question asked to what extent retrieval from the WO2 Thesaurus
improves the correctness and specificity of LLM-based concept linking for oral
history segments. The results show a mixed answer. In the selected cases, KG-
RAG improved specificity, but it did not improve overall correctness.

The strongest KG-RAG result was the applicable-specificity score. When
experts considered a specificity judgement applicable, KG-RAG concepts were
more often judged to be at the right level of detail than concepts from baseline or
refined prompting. However, KG-RAG did not achieve the highest correctness
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score. Refined prompting had the highest strict correctness rate and partial-
credit correctness score. This means that retrieval from the WO2 Thesaurus
should not be interpreted as a general improvement in concept-linking qual-
ity. It is better understood as a candidate-expansion strategy that can improve
specificity when relevant retrieved concepts are available.

5.2 Interpreting the KG-RAG trade-off

KG-RAG is most useful when the original candidate list does not containsec-
tionInterpreting the KG-RAG trade-off

KG-RAG is most useful a specific concept that is directly supported by the
segment. This was clearest in Case 02, where KG-RAG selected Reichenbach
and Birkenau, and in Case 05, where it selected Bergen-Belsen instead of the
broader or ambiguous Bergen. Case 03 showed a similar benefit for event concepts
because KG-RAG selected Kristallnacht.

At the same time, the same expansion mechanism also explains why KG-
RAG did not improve correctness overall. By retrieving more candidate concepts,
KG-RAG gives the model more opportunities to select useful specific concepts,
but also more opportunities to select weak, broad, or only incidentally related
concepts. Case 03 illustrates this clearly: KG-RAG recovered Kristallnacht, but
also selected additional family, housing, residence, and location concepts that
reduced its correctness score. The results therefore suggest that retrieval alone
is not enough. A KG-RAG pipeline also needs strict filtering and selection so
that additional candidates improve specificity without adding too much noise.

5.3 Segment-level concept linking and wider interview context

The evaluation also shows a boundary of segment-level concept linking. The
current method receives a segment excerpt and a list of candidate concepts.
This setup is suitable for identifying explicit places, camps, organisations, and
events that are mentioned or clearly implied in the excerpt. It is less suitable for
identifying broader themes that require knowledge of the full interview or the
narrator’s life story.

This limitation matters for oral history. A segment that mentions a place,
camp, or event may also communicate broader themes such as persecution,
trauma, migration, family separation, religious identity, or survival strategies.
Expert feedback showed that some relevant meanings depended on wider con-
text and were not fully captured by the proposed concept links. This connects to
work on context in conversational AI, where structured representations can sup-
port interpretation but cannot replace situational and contextual understanding
[14].

For WO2Net, this suggests that concept linking and thematic interpretation
should be treated as related but different tasks. Concept linking can support
search and browsing through controlled thesaurus concepts, while thematic in-
terpretation may require surrounding segments, full-interview summaries, or a
separate annotation step.
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5.4 Limitations and future work

This thesis has several limitations. First, the evaluation is based on five se-
lected cases. These cases were chosen because they represent known concept-
linking problems, not because they statistically represent the full WO2Net col-
lection. Second, the evaluation involved five WO2Net experts. This provides
useful domain-informed judgement, but it is still a small expert sample. The
findings should therefore be read as a focused expert-informed case study rather
than as broad statistical evidence.

Third, the KG-RAG retrieval step was fixed after limited refinement. The
final retrieval version was sufficient for testing the main research question, but
it still produced noisy candidates in some cases. Better filtering of technical con-
cepts, broad lexical matches, multilingual labels, and weak contextual matches
could improve future versions. Fourth, the same LLM was used across all three
conditions. This controlled for model variation, but it means the thesis does not
show whether the same pattern would appear with other models. Finally, the
evaluation focused on correctness and specificity, not on usefulness for end users.

Future work should therefore scale the evaluation to more segments and
experts, improve retrieval and filtering, normalize concept labels before expert
review, and test the method with other LLMs or open models. A future WO2Net
pipeline could also separate segment-level concept linking from interview-level
thematic annotation, so that explicit thesaurus concepts and broader historical
meanings are handled as related but distinct tasks.

6 Conclusion

This thesis evaluated whether retrieval from the WO2 Thesaurus improves LLM-
based concept linking for WO2Net oral history segments. The study compared
three conditions on the same five selected cases: baseline prompting, refined
prompting, and KG-RAG prompting. All three conditions used the same LLM,
so the comparison focused on the method setup rather than model choice. The
outputs were evaluated through a blind expert questionnaire completed by five
WO2Net experts.

The results show that retrieval from the WO2 Thesaurus improved specificity
in the selected cases, but did not improve overall correctness. KG-RAG achieved
the highest applicable-specificity rate, meaning that experts more often judged
its concepts to be at the right level of detail when a specificity judgement was ap-
plicable. However, KG-RAG did not achieve the highest correctness rate. Refined
prompting performed slightly better on both strict correctness and partial-credit
correctness.

The case-level analysis explains this trade-off. KG-RAG was useful when
the original candidate list lacked specific concepts that were supported by the
segment. It recovered concepts such as Reichenbach, Birkenau, Kristallnacht, and
Bergen-Belsen, which the prompting-only conditions did not select. At the same
time, the expanded candidate list also introduced more opportunities for weak,
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broad, or only incidentally related concepts. This reduced the overall correctness
of the KG-RAG output in some cases.

The answer to the research question is therefore limited but clear: retrieval
from the WO2 Thesaurus can improve the specificity of LLM-based concept
linking when relevant missing concepts are retrieved and made available to
the model. However, retrieval alone does not guarantee a more correct concept
set. For WO2Net, KG-RAG is best understood as a candidate-expansion and
specificity-support method that still requires careful retrieval design, strict LLM
selection, URI-based normalization, and expert validation.

Reflection / Use of Generative AI

Generative AI was used as a support tool during this thesis for wording, restruc-
turing, debugging, and revision. It was not used as a source of expert judgment
or as a replacement for the evaluation. The research design, implementation
decisions, data processing, interpretation of results, and final thesis text were
reviewed and revised by the author. All reported results come from the docu-
mented scripts and processed data files in the thesis repository.

This project highlighted both the potential and the limits of using large
language models in cultural heritage workflows. A key insight was that model
outputs may appear useful at a general level while still lacking the specificity
needed for archival search and interpretation. Working with WO2 Thesaurus
retrieval showed that external knowledge sources can help recover more specific
concepts, but also that retrieval does not automatically make the final concept
set more correct. The project therefore showed the value of a middle ground:
lightweight retrieval and prompting can support metadata creation, but expert
evaluation remains necessary for historically sensitive oral history material.

References

1. Bakhtiyorova, F., Boon, D.: Optimizing AI-driven segmentation of oral history: A
feedback-loop approach using crowdsourced validation in WO2Net. Course pa-
per, Vrije Universiteit Amsterdam, WO2Net (2026). https://www.wo2net.nl/
app/uploads/2026/02/Group1_Final_Paper.pdf

2. Cocciolo, A.: Oral history metadata and AI: A study from an LGBTQ+ archival
context. Preservation, Digital Technology & Culture 54(1), 27–33 (2025). https:
//doi.org/10.1515/pdtc-2024-0054

3. Chen, H., Kim, J.A., Chen, J., Sakata, A.: Demystifying oral history with natural
language processing and data analytics: A case study of the Densho digital collec-
tion. The Electronic Library (2024). https://doi.org/10.1108/EL-12-2023-0303

4. Oorlogsbronnen: Bronnen. https://www.oorlogsbronnen.nl/bronnen
5. Oorlogsbronnen: WO2 oral history matching pipeline. GitHub repository (2025).

https://github.com/Oorlogsbronnen/wo2-oral-history-matching-pipeline
6. Oorlogsbronnen: Segmenten ondertiteling. GitHub repository (2025). https://

github.com/Oorlogsbronnen/segmenten_ondertiteling

https://www.wo2net.nl/app/uploads/2026/02/Group1_Final_Paper.pdf
https://www.wo2net.nl/app/uploads/2026/02/Group1_Final_Paper.pdf
https://doi.org/10.1515/pdtc-2024-0054
https://doi.org/10.1515/pdtc-2024-0054
https://doi.org/10.1108/EL-12-2023-0303
https://www.oorlogsbronnen.nl/bronnen
https://github.com/Oorlogsbronnen/wo2-oral-history-matching-pipeline
https://github.com/Oorlogsbronnen/segmenten_ondertiteling
https://github.com/Oorlogsbronnen/segmenten_ondertiteling


Improving Semantic Specificity in Oral History Segmentation 21

7. Oorlogsbronnen: WO2 Thesaurus dataset. Linked data dataset, Spinque
Data Catalog (2025). https://data.spinque.com/ld/data/oorlogsbronnen/
wo2_thesaurus/

8. LDMax: WO2 Oorlogsbronnen SPARQL endpoint. https://query.ldmax.nl/
wo2-oorlogsbronnen/nfeAGR

9. Chang, E., Sung, S.: Use of SNOMED CT in large language models: Scoping review.
JMIR Medical Informatics 12, Article e62924 (2024). https://doi.org/10.2196/
62924

10. Xiao, J.: An ontology-guided, language model-assisted approach for theme-
specific information extraction. Doctoral dissertation, University of Illinois Urbana-
Champaign, IDEALS (2025). https://hdl.handle.net/2142/129450

11. Zeginis, D., Kalampokis, E., Tarabanis, K.: Applying an ontology-aware zero-shot
LLM prompting approach for information extraction in Greek: The case of DI-
AVGEIA.gov.gr. In: Proceedings of the 28th Pan-Hellenic Conference on Progress
in Computing and Informatics. ACM (2024). https://doi.org/10.1145/3716554.
3716603

12. Chierchiello, E., Chiril, P., Pagano, A.: Ontology-guided domain entity recognition
in environmental texts: Evaluating syntax-driven and LLM approaches using Ba-
belNet and GEMET. In: Proceedings of the Eleventh Italian Conference on Com-
putational Linguistics (CLiC-it 2025), pp. 233–244. CEUR Workshop Proceedings
(2025). https://aclanthology.org/2025.clicit-1.25/

13. Baltes, S., Angermeir, F., Arora, C., Muñoz Barón, M., Chen, C., Böhme, L.,
Calefato, F., Ernst, N., Falessi, D., Fitzgerald, B., Fucci, D., He, J., Treude,
C., Kalinowski, M., Lambiase, S., Russo, D., Lungu, M., Martinez Montes, C.,
Prechelt, L., Ralph, P., van Tonder, R., Wagner, S.: Guidelines for empirical
studies in software engineering involving large language models. arXiv (2026).
https://arxiv.org/abs/2508.15503v7

14. Krause, L.: Contextualising conversational AI. Doctoral dissertation, Vrije Univer-
siteit Amsterdam (2025). https://doi.org/10.5463/thesis.1210

A Prompt reporting and prompt-file locations

The three concept-linking conditions used different prompt setups. The exact
generated prompt files are stored in the thesis repository under 03_thesis_kg_rag/results/llm_prompts/.
This appendix reports the prompt locations and the structure of each prompt.
The full generated prompt text can be inspected in the repository.

Table 6: Prompt locations and prompt structure.

Condition Prompt folder Prompt structure

Baseline
prompting

03_thesis_kg_rag/results/
llm_prompts/baseline/

Segment excerpt; original
WO2Net candidate concepts;
instruction to select supported
concepts; JSON output format.

https://data.spinque.com/ld/data/oorlogsbronnen/wo2_thesaurus/
https://data.spinque.com/ld/data/oorlogsbronnen/wo2_thesaurus/
https://query.ldmax.nl/wo2-oorlogsbronnen/nfeAGR
https://query.ldmax.nl/wo2-oorlogsbronnen/nfeAGR
https://doi.org/10.2196/62924
https://doi.org/10.2196/62924
https://hdl.handle.net/2142/129450
https://doi.org/10.1145/3716554.3716603
https://doi.org/10.1145/3716554.3716603
https://aclanthology.org/2025.clicit-1.25/
https://arxiv.org/abs/2508.15503v7
https://doi.org/10.5463/thesis.1210
03_thesis_kg_rag/results/llm_prompts/baseline/
03_thesis_kg_rag/results/llm_prompts/baseline/


22 F. Bakhtiyorova

Table 6: Prompt locations and prompt structure.

Condition Prompt folder Prompt structure

Refined
prompting

03_thesis_kg_rag/results/
llm_prompts/refined/

Segment excerpt; original
WO2Net candidate concepts;
stricter top-down selection
rules; JSON output format.

KG-RAG
prompting

03_thesis_kg_rag/results/
llm_prompts/kg_rag/

Segment excerpt; retrieved
WO2 Thesaurus candidate
concepts with labels and URIs;
instruction to select supported
concepts, reject noisy
candidates, prefer specific
supported concepts, and return
JSON output.

Table 7: Main scripts used to generate prompts and outputs.

Step Script Purpose

Case selection 03_thesis_kg_rag/scripts/
03_select_evaluation_
segments.py

Selects the five
evaluation cases from the
larger set of enriched
segments and validation
groups.

KG-RAG
retrieval logic

03_thesis_kg_rag/scripts/
retrieve_candidates.py

Defines the retrieval
layers used for KG-RAG
candidate retrieval:
original seeds, explicit
lexical retrieval,
contextual event
retrieval, and
conservative event graph
expansion.

KG-RAG
candidate
retrieval

03_thesis_kg_rag/scripts/
04_run_candidate_
retrieval.py

Retrieves candidate
concepts from the local
parsed WO2 Thesaurus
for each selected
segment.

03_thesis_kg_rag/results/llm_prompts/refined/
03_thesis_kg_rag/results/llm_prompts/refined/
03_thesis_kg_rag/results/llm_prompts/kg_rag/
03_thesis_kg_rag/results/llm_prompts/kg_rag/
03_thesis_kg_rag/scripts/03_select_evaluation_segments.py
03_thesis_kg_rag/scripts/03_select_evaluation_segments.py
03_thesis_kg_rag/scripts/03_select_evaluation_segments.py
03_thesis_kg_rag/scripts/retrieve_candidates.py
03_thesis_kg_rag/scripts/retrieve_candidates.py
03_thesis_kg_rag/scripts/04_run_candidate_retrieval.py
03_thesis_kg_rag/scripts/04_run_candidate_retrieval.py
03_thesis_kg_rag/scripts/04_run_candidate_retrieval.py
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Table 7: Main scripts used to generate prompts and outputs.

Step Script Purpose

KG-RAG
prompt
generation

03_thesis_kg_rag/scripts/
05_build_kg_rag_prompts.py

Builds KG-RAG prompts
from the selected
segments and retrieved
thesaurus candidates.

Refined prompt
generation

03_thesis_kg_rag/scripts/
08_build_refined_prompts.
py

Builds refined prompts
using the original
candidate concepts and
the refined prompt logic.

Baseline
prompt
generation

03_thesis_kg_rag/scripts/
10_build_baseline_prompts.
py

Builds baseline prompts
using the original
candidate concepts and
archived baseline prompt
logic.

Expert
evaluation
processing

03_thesis_kg_rag/scripts/
14_process_expert_
evaluation.py

Processes expert
questionnaire responses
and generates summary
tables for the Results
section.

B Expert evaluation questionnaire structure

The expert evaluation was prepared as an Excel workbook. The workbook con-
tained three sheets: Instructions, Case Overview, and Expert Evaluation. Ex-
perts only saw the blind questionnaire and did not see which condition produced
each concept. Method provenance was stored separately in internal_expert_evaluation_table.csv
and mapped back after the responses were collected.

Table 8: Expert evaluation workbook structure.

Sheet Purpose

Instructions Explains the evaluation task and the meaning of
the rating categories.

Case Overview Lists the five selected cases and gives experts an
overview of the evaluated segments.

Expert Evaluation Contains the blind concept rows to be rated by the
experts.

03_thesis_kg_rag/scripts/05_build_kg_rag_prompts.py
03_thesis_kg_rag/scripts/05_build_kg_rag_prompts.py
03_thesis_kg_rag/scripts/08_build_refined_prompts.py
03_thesis_kg_rag/scripts/08_build_refined_prompts.py
03_thesis_kg_rag/scripts/08_build_refined_prompts.py
03_thesis_kg_rag/scripts/10_build_baseline_prompts.py
03_thesis_kg_rag/scripts/10_build_baseline_prompts.py
03_thesis_kg_rag/scripts/10_build_baseline_prompts.py
03_thesis_kg_rag/scripts/14_process_expert_evaluation.py
03_thesis_kg_rag/scripts/14_process_expert_evaluation.py
03_thesis_kg_rag/scripts/14_process_expert_evaluation.py
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Table 9: Fields in the Expert Evaluation sheet.

Field Meaning

case_id Identifier for the selected case, e.g. case_01.

concept_id Identifier for the concept row within the case,
e.g. case_01_concept_03.

segment_excerpt Segment text shown to the expert.

concept_label Human-readable label of the proposed WO2
Thesaurus concept.

concept_uri Stable URI of the proposed concept where
available.

correctness Expert rating of whether the concept is
supported by the segment.

specificity Expert rating of whether the concept is at the
right level of detail.

missing_concept_commentOptional field for missing or alternative concepts.

general_comment Optional free-text comment.

Table 10: Rating values used in the questionnaire.

Rating dimension Allowed values

Correctness incorrect; partially correct; correct; unsure

Specificity too broad; appropriate; too narrow; not
applicable; unsure

The Expert Evaluation sheet contained 44 blind concept rows. Each row rep-
resented one proposed concept for one selected case. Because the questionnaire
was blind, experts did not see which condition produced each concept. After
the responses were collected, each concept row was linked back to one or more
conditions using the internal method-provenance table.

Figures 2, 3 and 4 show the structure of the expert evaluation workbook.
The workbook contained three sheets: Instructions, Case Overview, and Expert
Evaluation. The screenshots are included to make clear what experts saw during
the blind evaluation. Method provenance was not visible in the expert-facing
workbook.
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Fig. 2. Expert Evaluation sheet of the blind expert questionnaire. Each row represents
one proposed WO2 Thesaurus concept for one selected case. Experts saw the segment
excerpt, concept label, and concept URI, and filled in correctness, specificity, missing-
concept comments, and general comments. Method provenance was hidden from this
sheet.
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Fig. 3. Instructions sheet of the expert evaluation questionnaire. This sheet explains
the purpose of the evaluation, how experts should complete the form, and the allowed
rating values for correctness and specificity.
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Fig. 4. Case Overview sheet of the expert evaluation questionnaire. This sheet gives
experts an overview of the five selected cases, including the case ID, number of proposed
concepts, and the segment excerpt used for evaluation.

C Additional result tables

Table 11: Full case-level expert evaluation summary.

Case Role Condition Strict
correct rate

Applicable
specificity
rate

Case 01 Organisation/work
conflict

Baseline 73.33% 50.00%
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Table 11: Full case-level expert evaluation summary.

Case Role Condition Strict
correct rate

Applicable
specificity
rate

Case 01 Organisation/work
conflict

Refined 73.33% 50.00%

Case 01 Organisation/work
conflict

KG-RAG 80.00% 60.00%

Case 02 Missing camp
concepts

Baseline 76.00% 60.87%

Case 02 Missing camp
concepts

Refined 100.00% 100.00%

Case 02 Missing camp
concepts

KG-RAG 96.00% 100.00%

Case 03 Missing event
concepts

Baseline 52.00% 45.45%

Case 03 Missing event
concepts

Refined 52.00% 45.45%

Case 03 Missing event
concepts

KG-RAG 42.50% 48.28%

Case 04 Accepted control Baseline 72.00% 78.95%

Case 04 Accepted control Refined 75.00% 100.00%

Case 04 Accepted control KG-RAG 66.00% 85.29%

Case 05 Place/camp
disambiguation

Baseline 64.00% 94.44%

Case 05 Place/camp
disambiguation

Refined 64.00% 94.44%

Case 05 Place/camp
disambiguation

KG-RAG 67.50% 90.00%

D Reproducibility notes

The thesis repository is available at:
https://github.com/ferufera/wo2-segmentation-optimization.git
The relevant thesis folder is:
03_thesis_kg_rag/

https://github.com/ferufera/wo2-segmentation-optimization.git
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The main previous WO2 oral history matching pipeline is available at:
https://github.com/Oorlogsbronnen/wo2-oral-history-matching-pipeline
The raw subtitle files are available at:
https://github.com/Oorlogsbronnen/segmenten_ondertiteling
The WO2 Thesaurus dataset is available at:
https://data.spinque.com/ld/data/oorlogsbronnen/wo2_thesaurus/
The WO2 Oorlogsbronnen SPARQL endpoint is available at:
https://query.ldmax.nl/wo2-oorlogsbronnen/nfeAGR
The main thesis scripts are listed below.

– 03_thesis_kg_rag/scripts/03_select_evaluation_segments.py: selects
the five evaluation cases from the larger set of enriched segments and vali-
dation groups.

– 03_thesis_kg_rag/scripts/retrieve_andidates.py: defines the KG-RAG
candidate retrieval logic, including original seed concepts, explicit lexical re-
trieval, contextual event retrieval, and conservative event graph expansion.

– 03_thesis_kg_rag/scripts/04_run_candidate_retrieval.py: runs KG-
RAG candidate retrieval on the five selected evaluation segments and saves
the retrieved candidate lists.

– 03_thesis_kg_rag/scripts/05_build_kg_rag_prompts.py: builds KG-RAG
prompts from the selected segment excerpts and retrieved WO2 Thesaurus
candidates.

– 03_thesis_kg_rag/scripts/08_build_refined_prompts.py: builds refined
prompts using the original WO2Net candidate concepts and stricter prompt
logic.

– 03_thesis_kg_rag/scripts/10_build_baseline_prompts.py: builds base-
line prompts using the original WO2Net candidate concepts and archived
baseline prompt logic.

– 03_thesis_kg_rag/scripts/14_process_expert_evaluation.py: processes
expert questionnaire responses and generates the summary tables used in the
Results section.

The processed expert evaluation outputs are stored under:
03_thesis_kg_rag/results/expert_evaluation/responses_processed/
The core result files are:

– expert_rating_summary_by_method.csv
– expert_rating_summary_by_case.csv
– expert_rating_summary_by_concept.csv
– expert_comment_themes.csv
– combined_expert_ratings.csv

E Glossary of key terms

Table 12 defines the key terms used in the thesis. These definitions are included
because the thesis moves between several levels of analysis: segments, candidate

https://github.com/Oorlogsbronnen/wo2-oral-history-matching-pipeline
https://github.com/Oorlogsbronnen/segmenten_ondertiteling
https://data.spinque.com/ld/data/oorlogsbronnen/wo2_thesaurus/
https://query.ldmax.nl/wo2-oorlogsbronnen/nfeAGR
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concepts, selected concepts, expert questionnaire rows, and aggregate condition
summaries.

Table 12: Key terms used in the thesis.

Term Definition

Segment A short excerpt from a longer oral history
interview transcript. The five expert-facing
excerpts used in this thesis are between 121 and
177 words.

Concept A controlled-vocabulary term from the WO2
Thesaurus, identified by a stable URI and usually
shown with a human-readable label.

Concept linking The task of matching one segment to one or more
relevant WO2 Thesaurus concepts.

Candidate concept A concept made available to the LLM for a
segment before selection.

Original candidate
concept

A candidate concept produced by the previous
WO2 oral history matching pipeline. Baseline and
refined prompting use these concepts.

Retrieved candidate
concept

A candidate concept retrieved from the WO2
Thesaurus in the KG-RAG condition.

Selected concept A candidate concept that the LLM output keeps
as relevant for the segment.

Condition One of the three concept-linking alternatives
compared in this thesis: baseline prompting,
refined prompting, and KG-RAG prompting.

Case One selected evaluation segment together with its
role in the evaluation, such as missing camp
concepts, missing event concept, or place/camp
disambiguation.

Validation group Previous crowdsource validation information
associated with a segment and its proposed
concept links.

Previous validation
status

The status derived from earlier validation signals.
In this thesis, accepted, rejected, and conflict
indicate whether previous validation mostly
accepted the output, rejected it as problematic, or
showed mixed judgements.
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Table 12: Key terms used in the thesis.

Term Definition

Concept row One row in the blind expert questionnaire. Each
row contains a case ID, segment excerpt, proposed
concept label, concept URI, and empty fields for
expert ratings and comments.

Expert rating One judgement by one expert for one concept row.
Experts rated correctness and specificity.

Applicable specificity
rating

A specificity judgement where the expert could
meaningfully judge whether the concept was too
broad, appropriate, or too narrow. Ratings marked
not applicable, unsure, missing, or blank are
excluded from this metric.
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