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Abstract

Historical texts often contain terminology that reflects outdated or harmful social values. Identifying such contentious
terms is essential for the Galleries, Libraries, Archives, and Museums (GLAM) community, but manual annotation
requires cultural expertise and is difficult to scale. This study evaluates whether large language models (LLMs)
can support this process by aligning with human judgments of contentiousness in historical Dutch corpora. Using
the Dutch Contentious terms in Contexts Corpus (ConConCor), we formalize the task as context-dependent binary
classification and compare two LLMs across multiple prompt configurations and evaluation scenarios. The models
achieve near-human-level agreement on explicit cases but diverge when contextual or historical reasoning is
required. Analysis of disagreement patterns shows that LLMs capture overtly harmful expressions yet tend to over-
predict contentiousness for identity-related and colonial terms and under-predict for semantically shifted or figurative
uses. These findings suggest that LLMs can serve as auxiliary annotators for sensitive-language detection in his-
torical materials, provided that human oversight and contextual interpretation remain central to annotation workflows.

Keywords: large language models, contentious language detection, automatic annotation, cultural heritage

Content Warning: This paper may contain ex-
amples with harmful or offensive language. Such
language does not reflect the authors’ views but is
retained to represent the original sources and en-
able critical analysis faithfully.

1. Introduction

Historical texts offer invaluable insights into past
societies, but also reflect the hierarchies and preju-
dices of their time. When institutions in the GLAM
(galleries, libraries, archives, and museums) sec-
tor digitize these materials, they face the challenge
of exposing terms that may today be considered
outdated, biased, or offensive. Such language, of-
ten tied to colonial or discriminatory histories, can
perpetuate harm or exclusion if presented with-
out context (Modest, 2018). Responsible access,
therefore, requires methods to identify such terms
for curatorial review.

Existing workflows for identifying contentious
terms rely on manual annotation by experts or
trained crowdworkers (Kaldeli et al., 2021). This
process is resource-intensive and difficult to scale
to large corpora, as annotators must interpret not
only the historical language but also the socio-
cultural context in which terms were used (Kru-
sic, 2024). Judgments of offensiveness or con-
tentiousness are therefore subjective and context-
dependent. For example, the Dutch term in-
heems (“indigenous”) is considered derogatory
when describing a human character but neutral
when referring to a plant. Beyond such interpretive

variation, historical texts present additional chal-
lenges: prejudice and power relations are often
conveyed indirectly through euphemisms or insti-
tutional language, and lexical meanings shift over
time through semantic drift and polysemy (Yogara-
jan et al., 2023). These characteristics make it dif-
ficult for both humans and computational models
to determine contentiousness from linguistic form
alone, highlighting the need for context-sensitive
methods (MacAvaney et al., 2019).

Recently, large language models (LLMs) offer a
promising alternative, with strong contextual rea-
soning and natural-language explanation capabil-
ities (Bamman et al., 2024; Ziems et al., 2024).
Early work suggests that LLMs can approximate
or even surpass human performance in ethical
or value-sensitive classification tasks (Roy et al.,
2023; Hamerlik et al., 2024), enabling scalable
support for GLAM curators. Yet it remains unclear
to what extent LLMs align with human judgments
in identifying contentious terms, especially in his-
torically and culturally sensitive contexts, raising
concerns about reliability (Egami et al., 2023).

Therefore, in this work, we investigate: Can
LLMs assist in annotating contentious terms
in a historical context and be consistent with
human annotators in their judgments?

To address this question, we frame the problem
as a context-dependent term classification task,
where the goal is to determine whether a target
term in its surrounding historical context should
be considered contentious by contemporary stan-
dards. We evaluate two LLMs, one closed and
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the other open-source, on 2,090 annotated ex-
cerpts from the Dutch Contentious terms in Con-
texts Corpus (CoNConNCoR) (Brate et al., 2021).
The models are assessed under multiple prompt
configurations and evaluation scenarios that com-
pare their predictions against expert and crowd an-
notations. We measure alignment through inter-
annotator agreement, accuracy with respect to
human majority labels, and distributional similar-
ity of label proportions, complemented by qualita-
tive analyses of model-human disagreement and
term-level sensitivity. This combined design al-
lows us to examine not only how closely LLMs repli-
cate human judgments, but also how their decision
patterns differ across linguistic categories and his-
torical usage contexts.

Our results show that LLMs achieve near-
human-level reliability in explicit, unambiguous
cases (a~0.45-0.53) but diverge from human an-
notators when interpretation depends on historical
or contextual cues. Models capture overtly harmful
expressions with high alignment with humans but
tend to over-predict contentiousness for identity-
related and colonial terms and under-predict for
semantically shifted or figurative usages. These
findings highlight both the potential and the current
limitations of LLMs as auxiliary annotators for sen-
sitive language detection in historical and cultural
heritage materials.

Our contributions are threefold. First, we intro-
duce a systematic evaluation of LLMs as potential
annotators for identifying contentious terms in his-
torical text, framing the task as context-dependent
classification. Second, we conduct a compre-
hensive comparison across model types, prompt
configurations, and annotation settings, combin-
ing quantitative agreement metrics with qualitative
analysis of model-human disagreement. Finally,
we provide empirical evidence on the strengths
and limitations of current LLMs in handling socially
and historically sensitive language, offering prac-
tical insights for their integration into annotation
workflows within GLAM and other cultural heritage
contexts.

2. Related Work

Within the ongoing societal debate around decolo-
nization and representation of people and cultures,
the terminology used to describe them has re-
ceived growing attention (Ariese, 2020; Odumosu,
2020). Words Matter (Modest, 2018) advocates
for addressing outdated or offensive terminology
in GLAM collections, and provides English and
Dutch glossaries of colonial and other terms. It
contains information on the historical usage of
each term, and proposes alternatives. Words Mat-
ter has become influential among both cultural her-

itage professionals and researchers. Building onit,
Nesterov et al. (2023) created a machine-readable
knowledge graph of contentious terminology, and
Menis Mastromichalakis et al. (2025) extended this
model to a multilingual resource within the De-
BIAS project, incorporating, apart from Words Mat-
ter terms, many others in a wide range of lan-
guages.

Several computational methods have been pro-
posed for the detection of harmful words in histor-
ical data. Brate et al. (2021) and Hoeken et al.
(2023) applied supervised models to Dutch and
English historical texts, while Nesterov et al. (2024)
examined how existing knowledge graphs capture
stereotyping or offensive language. The De-BIAS
project further developed an API for large-scale
multilingual detection of contentious terms (Me-
nis Mastromichalakis et al., 2025).

Recent work has turned to LLMs as potential col-
laborators. Osti and Roke (2024) and Menis Mas-
tromichalakis et al. (2025) propose using LLMs not
merely as classification tools but as interpretive
partners capable of providing natural-language ex-
planations of why terms may be contentious, yet
they either do not compare LLM judgments to hu-
man annotations or rely solely on accuracy-based
evaluation. In parallel, Ziems et al. (2024) have
shown that LLMs can reach human-level agree-
ment in identifying hate speech and toxicity in con-
temporary texts, as measured by inter-annotator
agreement and accuracy. Motivated by these suc-
cessful use cases, we study how well open- and
closed-source LLMs align with human annotators
in recognizing contentious terminology in Dutch
historical texts.

Beyond performance, several papers empha-
size that disagreement among human annotators
should be seen as signal rather than noise (Aroyo
and Welty, 2015; Khurana et al., 2024). For offen-
siveness judgment, models should aim to reflect
the distribution of human judgments rather than a
single gold label, to not ignore minority voices (Sap
etal., 2022). Building on this line of work, our study
evaluates to what extent LLMs can reproduce the
variability inherent in human judgment.

3. Methodology

This section describes the experimental design
used to evaluate whether LLMs can align with
human judgments when identifying contentious
terms in historical Dutch texts. All experiments
are conducted in a zero-shot setting to assess the
models’ intrinsic ability to reason about historical
and contextual sensitivity without additional super-
vision. All code used in this study is available in
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the accompanying GitHub repository.’

3.1.

We formulate the identification of contentious
terms as a context-dependent binary classification
task. Given a historical text excerpt x containing
a highlighted target term ¢, the model predicts a
binary label y € {0,1}, where y=1 denotes a con-
tentious term and y=0 a non-contentious term:

Task Definition and Data

folz,t) = g € {0, 1},

where g denotes the predicted label and 6 the
model parameters. The decision relies on con-
textual semantics rather than lexical identity. The
key challenge lies in contextual semantics. Many
terms acquire or lose sensitive connotations de-
pending on the referent or author’s intent, and pol-
ysemy or diachronic semantic change further com-
plicates interpretation. Consequently, even expert
annotators may disagree, making this a nuanced
and inherently subjective classification problem.

Dataset. We use the Dutch Contentious terms
in Contexts Corpus (CoNConCoR) (Brate et al.,
2021), derived from the Europeana Dutch News-
paper Collection? spanning 1890-1941. The cor-
pus contains 2,715 excerpts, each highlighting one
potentially sensitive Dutch term and annotated by
experts and crowdworkers as contentious or not.
Most excerpts (2,395) received at least seven in-
dependent annotations. We use the human an-
notations as reference labels and adopt the orig-
inal annotation guidelines as the baseline prompts
for LLM evaluation, ensuring conceptual alignment
between human and model judgments.

Following Brate et al. (2021), we perform a
three-step filtering process to obtain reliable eval-
uation data. First, we remove low-quality anno-
tators whose mean pairwise Krippendorff's o was
below 0.2 or who failed more than half of the five
control items used by Brate et al. (2021). Second,
to mitigate noise from optical character recognition
(OCR) errors, we exclude all excerpts marked as
“lllegible OCR?”, retaining five control items. Third,
we collapse the original four annotation categories
into a binary scheme (Contentious vs. Not con-
tentious) by discarding labels “I don't know” and
“llegible OCR”.3

"Mttps://github.com/YahuiZo/LREC26-Eva
luating—Model-Human—-Alignment—-in-Detecti
ng-Contentious—Language—in—-Historical-C
orpora

2A subset of the Dutch National Library’s historical
newspaper archive. https://www.delpher.nl/

80riginal Dutch categories: “Omstreden”, “Niet Om-
streden”, “Weet ik niet”, and “Onleesbare OCR”.

After filtering, the dataset comprises 2,090 ex-
cerpts annotated by 19 unique expert IDs and 329
crowdworker IDs, covering 88 distinct target terms.
Among these, 1,254 excerpts exhibit complete hu-
man consensus (100% agreement), which we use
as an unambiguous subset for comparison with
model outputs. As shown in Figure 1, the remain-
ing excerpts display varying dominant label propor-
tions (50-99%), capturing subjective or ambigu-
ous cases that are later analyzed in Section 4. We
calculated the inter-human agreement of selected
excerpts and annotations from ConConCor as our
baseline: a=0.578 among experts and «=0.510
among crowdworkers.

All 88 target terms are Dutch unigrams sourced
from Words Matter (Modest, 2018). They span
several semantic domains, including racial and
ethnic descriptors, colonial or geographical refer-
ences, sexual-orientation, occupation, and body-
related terms, and neutral alternatives. The inter-
pretation of a term’s offensiveness depends on its
contextual usage rather than surface form alone,
making the corpus suitable for evaluating models’
sensitivity to context-dependent semantics and so-
ciohistorical variation in lexical meaning.

Distribution of Dominant Label Percentage
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Figure 1: Distribution of dominant label percent-
age from each sample.

3.2. Experimental Setup

3.2.1. Models.

We evaluate two LLMs capable of understanding
and generating Dutch text: GPT-40 (Achiam et al.,
2023) and LLaMA-3-70B-Instruct (Grattafiori et al.,
2024). These represent high-performance com-
mercial and open-source models, respectively.
Both are tested in a zero-shot setting without in-
context examples to isolate general linguistic and
contextual reasoning ability. We fix decoding pa-
rameters across all runs per model (temperature,
top-p, and max tokens) for comparability.
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3.2.2. Prompt Design.

We base all prompts on the original human an-
notation guidelines from ConConCor to maintain
conceptual alignment with human raters. Each
prompt consists of a task instruction and a Dutch
text sample in which the target term is highlighted.
We experiment with eight configurations varying
along three controlled dimensions (Hamerlik et al.,
2024; Zhao et al., 2021; Madsen et al., 2024;
Huang et al., 2023): (i) Instruction complexity:
original (ori) vs. simplified (simp) task definition;
(i) Prompt language: Dutch (nl) vs. English (en),
while keeping the sample text in Dutch; (iii) Output
requirement: label-only (onlyC) vs. label-plus-ra-
tionale (CandR). See Appendix A for all prompt
template variations. Below is an example of a
prompt with the English simplified task definition.

Example Prompt

Based on current standards, is
the bolded word **halfbloed**

in the following text delimited
by triple quotes, potentially
offensive, derogatory, or hurtful?
Answer only with Yes or No.

"""Historical Excerpt."""

These variations allow us to assess how prompt
language, task complexity, and reasoning require-
ments affect model alignment with human judg-
ments.

3.2.3. Evaluation Scenarios.

We design two complementary scenarios to ex-
amine model-human alignment and model consis-
tency.

Scenario 1: Single-run evaluation. Each model
produces one prediction per sample under all eight
prompt settings, with temperature=0 for deter-
ministic decoding. This setting simulates the use
of an LLM as an additional annotator. We evaluate
its agreement with individual human annotators
and with the majority vote using Krippendorff's a
and accuracy.

Scenario 2: Multi-run evaluation. Using the
best-performing prompt from Scenario 1, each
model generates multiple predictions per sam-
ple at temperature=1 to introduce stochasticity.
This setup captures intra-model variability and al-
lows comparison of model and human disagree-
ment patterns, label distributions, and per-term
sensitivity.

Implementation details. All experiments were
conducted via API calls using identical decoding

per model. Each model was queried indepen-
dently per sample to prevent cross-sample mem-
ory effects.

4. Results

We present findings from the two evaluation sce-
narios introduced in Section 3.2. Scenario 1 eval-
uates LLMs as potential annotators by comparing
their single-run predictions to human judgments,
while Scenario 2 examines model variability and
contextual sensitivity under multiple runs.

4.1. Agreement and Accuracy in
Single-Run Evaluation

Both models achieve agreement levels compara-
ble to human annotators, with GPT-40 slightly out-
performing LLaMA-3-70B. Table 1 reports Krippen-
dorff’'s o and accuracy averaged across all model—
prompt configurations. GPT-40 and LLaMA-3-70B
reach mean « values of 0.46 and 0.43, respec-
tively, and accuracies around 0.78. The best-
performing configuration, English instruction with
rationale, achieves a=0.53 for GPT-40 and «=0.50
for LLaMA-3-70B, close to the inter-crowdworker
baseline («=0.51). These results suggest that
both models can approximate human-level consis-
tency in identifying contentious terms, though they
remain below expert agreement (a=0.58).

4.2. Effect of Prompt Language,
Complexity, and Rationale

Prompt formulation significantly affects model-
human alignment. English instructions yield higher
agreement than Dutch prompts, likely reflecting
the models’ training data bias toward English.
Including rationales consistently improves agree-
ment, especially for original (non-simplified) task
descriptions. Simplified instructions reduce vari-
ance across prompt types, indicating that shorter
and clearer formulations enhance robustness. As
shown in Figure 2, most errors are false positives,
revealing a shared tendency across both models
to over-predict contentiousness rather than over-
look offensive terms. Among all configurations, the
English-with-rationale prompt provides the most
balanced trade-off between recall and precision
and is used for subsequent analyses.

4.3. Performance on Consensus and
Non-Consensus Samples

Model alignment increases markedly on unam-
biguous, high-consensus samples. Table 2
compares model agreement with human anno-
tations across all samples and the subset of
1,254 excerpts with perfect human consensus.
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Prompt GPT-40 LLaMA 3 70B

IAA Acc. IAA Acc.
ori-nl-onlyC 0.45+£002 0.77 £0.02 0.31 +£0.02 0.65 +0.02
ori-nl-CandR 0.51 £0.02 0.81 £0.02 0.44 +0.02 0.74 £0.02
ori-en-onlyC 0.46 +0.02 0.78 £0.02 0.30 £0.02 0.65+0.02
ori-en-CandR 0.53 +0.02 0.84 +0.02 0.50 +0.02 0.79 +0.02
simp-nl-onlyC 0.42 +0.02 0.74 £0.02 0.45+0.02 0.83 £0.02
simp-nl-CandR  0.45 +0.02 0.77 +002 0.45+002 0.83 +0.02
simp-en-onlyC 0.43 +0.02 0.76 £0.02 0.50 +0.02 0.85 +0.02
simp-en-CandR  0.42 +0.02 0.75+002 0.50+0.02 0.85 +0.02
Average 0.46 0.78 0.43 0.77

Table 1: IAA and accuracies across all prompts
and models. For reference, the IAA scores among
human annotators are 0.578 (experts) and 0.510
(crowdworkers). The bold scores are the highest
in their columns.

Normalized Confusion Matrix Components by Model Group

gpt-40 llama3-70b
ori_en_C 0.21 0.03 0.19 0.22 0.03 0.32 m
g ori_en_CandR 0.19 0.06 0.1 m 0.20 0.04 0.17 m
g ori_nl_C 0.21 0.03 0.21 m 0.23 0.01 m
g ori_nl_CandR 0.20 0.04 0.15 m 0.22 0.02 0.24 m
YZ simp_en_C 0.21 0.03 0.21 m 0.15 0.09 0.06
§ simp_en_CandR 0.21 0.03 0.22 m 0.16 0.08 0.07
g simp_nl_C 0.22 0.02 0.24 m 0.12 0.12 0.05 0.70
simp_nl_CandR 0.22 0.02 0.21 m 0.12 0.12 0.05 0.71

L FN FP ™ L FN FP ™

Confusion Matrix Cell

Figure 2: Relative proportions of true positives
(TP), false positives (FP), false negatives (FN),
and true negatives (TN) across prompt types for
each LLM. For each model, values are normalised
so that the four confusion matrix components sum
to 1.

On these clear cases, comparing with expert
annotators, GPT-40 achieves «=0.97 and 0.99
accuracy, while LLaMA-3-70B reaches a=0.99
and 0.99 accuracy—approaching expert-level re-
liability. Performance declines on non-consensus
samples, where subjectivity and contextual ambi-
guity dominate. This pattern indicates that while
LLMs can replicate human judgments for overtly of-
fensive or neutral terms, they struggle when mean-
ing depends on subtle historical or social context.

4.4. Model Variability, Label Diversity,
and Scatter-Level Alignment

LLMs exhibit limited internal variability and tend to
produce overconfident, deterministic predictions.
In the multi-run setting (temperature=1), we as-
sess whether repeated predictions capture human-
like disagreement. As shown in Figure 3, hu-
man annotations distribute across intermediate la-
bel proportions, whereas both models produce
strongly polarized outputs (0 or 1). Despite
stochastic decoding, neither model reproduces the

range of human disagreement, suggesting low
epistemic uncertainty and limited sensitivity to bor-
derline cases.

Distribution of Label 1 Proportions
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Proportion of Label 1

Figure 3: Distribution of contentious label propor-
tions per sample for humans, GPT-40, and LLaMA-
3-70B (ori-en—-CandR).

To examine this pattern more closely, Figures 4
and 5 show per-sample agreement between hu-
man and model predictions. Samples cluster
along the extremes, indicating strong alignment
on clearly contentious or non-contentious cases,
but a higher density appears above the diago-
nal, showing that both models, particularly GPT-
40, more frequently label samples as contentious
than humans do. This confirms an overall over-
prediction bias rather than random disagreement.

4.5. Qualitative Analysis of
Model-Human Disagreement

To complement the quantitative findings, we con-
ducted a qualitative analysis focusing on (i) how

Per-Sample Agreement (Point Size = Frequency)
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0.0 =; =S8 8o & O oCC o oo ¢ ©o o °
0.0 0.2 0.4 0.6 0.8 1.0
Human Annotators: Proportion of Label Contentious
Figure 4: Per-sample agreement between
human annotations and GPT-40 outputs

(ori-en—-CandR).
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GPT-40 LLaMA-3-70B
Sample I1AA Acc. I1AA Acc.
All Exp Crd Al Exp Crd Al Exp Crd Al Exp Crd
All 0.53 +0.02 0.65 +£0.06 0.52 +0.02 0.84 +0.02 0.86 +0.06 0.83 +0.02 0.49 +0.02 0.65 +0.06 0.49 +0.02 0.79 +0.02 0.88 +0.06 0.79 +0.02

Consensus 0.76 +0.03 0.97 +0.02 0.74 +0.03 0.92 £0.01 0.99 +0.03 0.92 +0.02 0.62 +£0.04 0.99 +0.02 0.60 4+0.04 0.88 +0.02 0.99 +0.03 0.88 +0.02

Table 2: IAA of LLMs with all human annotators, experts, and crowd workers, and accuracy per model
(All/Exp/Crd), on all samples and 1254 consensus samples.

Per-Sample Agreement (Point Size = Frequency)
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Figure 5: Per-sample agreement between hu-
man annotations and LLaMA-3-70B outputs
(ori-en—-CandR).

disagreement depends on contextual usage of
terms and (ii) how it relates to broader lexical do-
mains reflecting historical or social semantics.

4.5.1. Contextual Analysis

To further interpret model-human (dis)agreement
patterns, we manually inspected fifty samples
drawn from different regions of the scatterplot in
Figure 4. Seven strata were defined according
to the prediction difference, including exact agree-
ment at both extremes (LLM = 0, human = 0 and
LLM = 1, human = 1), two extremes of disagree-
ment (LLM = 0, human = 1 and vice versa), re-
gions of full and near-diagonal agreement (|LLM —
human| < 0.2), and intermediate zones around the
extremes. Figure 6 visualizes the selected sam-
ples in these strata, colored by their contextual cat-
egory.

The inspected samples were grouped by the
contextual use of the target term, using author-
defined categories: human (group) reference, non-
human reference, alternative term, semantically
shifted or irrelevant use, and miscellaneous (e.g.,
metaphorical or unclear reference) cases. Hu-
man references represent the prototypical con-
tentious situations where a term directly denotes
a person or group. Terms such as hottentot
(“Khoikhoi people”) and boesman (“Bushman”) oc-

Human vs Model per sample — auto-avoided labels

Sboriginat
Contextual category eskimo
1.0indjaan @ Humans(group) reference rottentot. inpooriing
bartfRar baboe © Alternative term boesman ?egerslaven
onbeschaafd ©® Semantically shifted or irrelevant use
@® Non-human reference
@ Misc (metaphor/quotes/etc.)
0.8 misvormden? o
koppensneller zwartje
[ L} inboorlin
babd? Rokkie o
@
primitief
=
0
g 069
s dwefd
<
s
5 Lven et ondekken °
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s o @barbaren
3 0.4 mosi
g 04 inlandsch®
=
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@ siaven
perb® moslim
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indo-europeaan @ inheems
s liliputter
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aziatiseh v T T i i
RSEIED 0.2 0.4 0.6 0.8 1.0

Human proportion (label=1)

Figure 6: Selected samples in the strata, colored
by contextual categories.

cur in the upper-right region of the scatterplot,
showing strong model-human agreement on of-
fensiveness. Other terms, including indiaan (“In-
dian”) and baboe (“Indonesian female servant”),
appear above the diagonal, indicating model over-
sensitivity, while inheems (“indigenous”) and mar-
ron (“Maroon”) occur below it, reflecting the mod-
els’ reduced sensitivity to historical context.

Non-human references, cases where the word
refers to an object or abstract entity rather than
people, tend to lie above the diagonal. For in-
stance, primitief (“primitive”) describes the con-
dition of a plantation, and koppensneller (“head-
hunter”) denotes a type of knife, yet both are of-
ten labeled contentious by the models. This sug-
gests that models generalize harmfulness from lex-
ical form rather than contextual meaning. Alterna-
tive terms, such as moslim (“Muslim”), mostly clus-
ter near the lower-left quadrant, where both mod-
els and humans agree on non-contentiousness,
though isolated uncertain cases indicate some
sensitivity variation.

Semantically shifted or irrelevant uses reveal
cases of lexical ambiguity or historical change,
for example marron meaning “brown” and homo
meaning “human”. The term marron originates
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from an older sense of “brown”, which evolved in
parallel with the later, contentious meaning “es-
caped slave”, while homo in some excerpts re-
tains its historical meaning “human” rather than the
modern, sensitive sense “homosexual’. Humans
more often flagged such cases as harmful, imply-
ing greater sensitivity to historically charged asso-
ciations or limited awareness of their older, non-
contentious senses. Finally, miscellaneous cases
mostly fall along the diagonal, showing strong
agreement, with two notable outliers where hu-
mans perceived clear harm but the model did not.
In these two cases, lilliputter (“Lilliputian”) was
used metaphorically to describe a small institution
or signify how small (all) humans are in compari-
son to the tower of Pisa.

Overall, the analysis shows that disagreement is
systematic rather than random. LLMs align closely
with human annotators when lexical offensiveness
is explicit, but tend to overgeneralize harmfulness
in non-human contexts and underestimate figura-
tive or historically nuanced meanings.

4.5.2. Lexical Domain Analysis

Beyond contextual usage, we also examined the
lexical thematic categories of the target terms to
capture their historical and social-semantic origins.
Each term was assigned to one or more overlap-
ping domains defined by the authors: racial and
colonial expressions, value-laden descriptors, de-
humanizing or stereotypical terms, social identity
labels, and neutral or reclaimed terms, as shown
in Table 3.

The overall patterns mirror those observed in
the contextual analysis. Racial and colonial terms
show the strongest alignment between models
and humans, both consistently identify overtly
derogatory ethnonyms such as hottentot as harm-
ful and recognize neutral forms such as Aziatisch
as non-harmful. In contrast, value-laden descrip-
tors often yield higher model sensitivity, suggest-
ing overgeneralization of harmfulness of such
terms.

In general, we see that model bias is structured
by the historical origin and social sensitivity of word
types rather than random variation. The interac-
tion between contextual use and lexical domain re-
veals that disagreement depends jointly on how a
term is used and what kind of social meaning it con-
veys. Models and humans generally align strongly
on racial and colonial terms. However, when such
terms have undergone semantic shifts, alignment
is weaker. Similarly, alignment is weaker when
terms are metaphorically used. Besides, value-
laden and dehumanizing expressions are judged
more harshly by models when stripped of explicit
group reference, implying that lexical associations
override contextual cues. Overall, model bias ap-

Category Example terms Share
(%)

Racial and boesman (Bushman), 58%

colonial expres- inheems  (indigenous),

sions ontdekken (discover),
slaven (slaves)

Social identity moslim (Muslim), homo 15%

labels (homosexual), baboe (In-
donesian female servant)

Value-laden de- wild (wild), primitief (prim- 12%

scriptors itive), onbeschaafd (un-
civilised), barbaren (bar-
barians)

Dehumanizing zwartje (diminutive form 18%

or stereotypical of zwart (black)), slaven

descriptors (slaves), lilliputter (Lil-
liputian), misvormden
(the deformed), homo
(homosexual)

Neutral or re- historisch (historical), azi- 21%

claimed terms atisch (Asian), inheems
(indigenous), moslim

(Muslim)

Table 3: Lexical domain categories of the ana-
lyzed Dutch terms with representative examples
(English translations in parentheses) and the pro-
portion of terms assigned to each category. Totals
may exceed 100% because some terms belong to
multiple categories.

pears contextually modulated rather than purely
lexical: models capture overt lexical offensiveness
but lack the contextual flexibility that humans apply
to historically and socially charged language.

4.6. Term-Level Sensitivity and Bias
Patterns

Building on the qualitative observations, we quan-
tify model sensitivity across all 88 target terms.
Figure 7 presents the proportion of samples la-
beled contentious for each term by human anno-
tators, GPT-40, and LLaMA-3-70B using the best-
performing prompt configuration (ori-en-CandR).
Terms are ordered by the proportion of human ma-
jority votes, providing a direct comparison of rela-
tive sensitivities.

Across the vocabulary, both models generally
predict a higher proportion of contentious cases
than humans, confirming the qualitative finding of
model over-sensitivity. GPT-40 matches human
proportions for 33 terms, assigns lower rates for 11,
and higher rates for 44, while LLaMA-3-70B aligns
on 23 terms, assigns lower rates for 13, and higher
rates for 52. LLaMA-3-70B is therefore slightly
more conservative in its predictions but also more
likely to over-predict contentiousness overall. De-
spite these differences, both models exhibit high
mutual consistency, sharing identical rates for 39
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Figure 7: Proportion of samples labeled contentious for each target term by humans and models

(ori-en—CandR).

terms.

Figure 7 highlights several consistent patterns.
Highly offensive racial and colonial expressions—
such as kaffer (“kaffir”), hottentot, and negerrijk
(“empire of negroes”)—are unanimously identified
as contentious by both models and human annota-
tors, reflecting strong alignment on explicit harms.
Similarly, neutral alternatives like achtergrond
(“background”), traditioneel (“traditional”), and his-
torisch are consistently judged non-contentious,
yielding few false positives. By contrast, reli-
gious and occupational designations (e.g., koelie
(“coolie”), muzelman (“Muslim”)) and outdated eth-
nonyms for Indigenous peoples (e.g., eskimo (“Es-
kimo”), indiaan, aboriginal (“Aboriginal”)) are more
frequently judged contentious by both models, indi-
cating heightened model sensitivity to lexical cues
of social identity. Conversely, context-dependent
terms such as lilliputter, volbloed (“full-blooded”),
knecht (“servant”), marron, and homo are under-
predicted, suggesting that models struggle to ac-
count for pragmatic and historical nuance. LLaMA-
3-70B tends to be slightly more sensitive across
categories, while GPT-40 is comparatively conser-
vative, resulting in smaller variance across terms.

Overall, the term-level analysis corroborates the
contextual and lexical findings. LLMs reliably iden-
tify overtly harmful expressions but remain lim-
ited in capturing subtle or contextually modulated
meanings. They tend to over-generalize from lex-
ical form and under-estimate the interpretive flexi-
bility that human annotators apply to historically or

socially situated language.

In general, across both evaluation scenarios,
large language models show strong alignment
with human annotators for explicit and unambigu-
ous cases but diverge when contextual interpreta-
tion is required. Their predictions are consistent
across prompt variations and reach agreement lev-
els comparable to human crowd annotators, yet
they remain overconfident and less adaptable to
context. Overall, the results indicate that model
sensitivity is influenced by the presence of sensi-
tive terms, particularly for racial and colonial terms,
while human annotators display greater flexibility in
interpreting meaning based on pragmatic and his-
torical context.

5. Discussion

Our findings show that large language models can
reach human-level reliability when judging clear-
cut cases of contentious language but remain in-
consistent in context-dependent settings that have
a higher subjectivity level. Both GPT-40 and
LLaMA-3-70B perform comparably to human an-
notators on unambiguous terms but fall short of
agreement when interpretation depends on histori-
cal usage, speaker intention, or figurative meaning.
This result aligns with prior work in contextual toxic-
ity and bias detection, where models often rely on
lexical patterns such as racial or gendered mark-
ers rather than reasoning over pragmatic or situ-
ational context (Kennedy et al., 2020; Abid et al.,
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2021; Park et al., 2018).

The over-prediction of harmfulness for identity-
related and colonial terms suggests that model
sensitivity is dominated by token-level associa-
tions learned from contemporary data rather than
from the historical framing of the corpus. Con-
versely, the consistent under-prediction for seman-
tically shifted terms such as marron and homo indi-
cates limited ability to recognize diachronic mean-
ing change. These findings point to a systematic
gap in how current models represent temporal se-
mantics and interpret language with culturally spe-
cific connotations.

For GLAM institutions and other domains involv-
ing archival material, this means that LLMs can
assist in identifying overtly harmful vocabulary but
should not be relied upon for contextually or his-
torically ambiguous cases. Integrating model pre-
dictions as part of a semi-automated workflow—
where LLMs flag potential cases, and experts
make final judgments, can balance scalability with
interpretive accuracy. Future work should focus
on improving calibration and contextual reasoning,
for example, through multi-turn prompting, few-
shot contrastive examples, or uncertainty-aware
ensemble annotation frameworks.

6. Conclusion

This study investigated the potential of large lan-
guage models to assist in annotating contentious
terminology in historical Dutch texts, using 2,090
excerpts from the CoNCoNCoRr corpus. GPT-40
and LLaMA-3-70B achieved agreement compara-
ble to human annotators on clear cases but were
less reliable for context-dependent judgments re-
quiring cultural or temporal interpretation. Both
models effectively recognized overtly offensive
racial and colonial terms but tended to overlook
figurative or historically shifted meanings, reflect-
ing reliance on surface lexical cues rather than
contextual reasoning. These results suggest that
LLMs can support scalable first-pass annotation
of sensitive language in GLAM collections, while
human expertise remains essential for contextual
validation. Future work should explore multilingual
and diachronic modeling to better capture seman-
tic change and contextual variation over time.
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gate whether LLMs can assist human annotators
in identifying potentially harmful language within
historical materials. We emphasize that deploying
such systems should include human oversight and
contextual review, particularly in cultural heritage
and educational applications.

Broader impacts of this research include promot-
ing transparency and accountability in the digitiza-
tion and annotation of archival materials. At the
same time, we acknowledge that models trained
on large-scale data may reproduce social and his-
torical biases. By comparing model predictions
with human annotations, our work aims to high-
light rather than conceal such discrepancies and
to provide evidence that can inform ethical cura-
tion practices. Future research should continue to
engage historians, linguists, and affected commu-
nities to ensure that automated tools for heritage
data respect cultural context, interpretive diversity,
and contemporary ethical standards.

Limitations

A key limitation of this study concerns diachronic
bias, referring to the mismatch between the histor-
ical language of our corpus and the largely con-
temporary data used to train modern LLMs. Al-
though the models we employed include data up
to 2024, their training emphasizes present-day lan-
guage use and social norms, which may diverge
from the meanings and connotations of terms in
texts from 1890 to 1941. This temporal gap may
lead models to project modern interpretations onto
historically situated expressions, resulting in over-
or underestimation of contentiousness depending
on how a term’s meaning has evolved.

Our study also focuses exclusively on Dutch his-
torical materials, which limits both linguistic and
cultural generalizability. To mitigate this, we re-
lied on annotations from both expert and crowd an-
notators and used contextual excerpts rather than
isolated words, allowing both human and model
judgments to account for surrounding discourse.
We evaluated two representative models, GPT-40
and LLaMA-3-70B, in a zero-shot setting to assess
alignment without additional fine-tuning, although
results may differ for other languages or domain-
specific corpora and other LLMs.

Because the notion of contentiousness is inher-
ently subjective and context-dependent, we com-
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pared model outputs with both expert and crowd
annotations and analyzed performance across
consensus and ambiguous cases. Finally, our
qualitative analysis covered a limited number of
disagreement samples rather than exhaustive cov-
erage. Future work should extend this framework
to multilingual and multi-period corpora, incorpo-
rate temporally aware models that explicitly ac-
count for semantic change, and explore human-in-
the-loop annotation pipelines to improve reliability
and interpretability.
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A. Prompt Design

This appendix lists the prompt templates used in

our experiments.

Prompt type

Prompt template

ori-nl-CandR

In deze annotatietaak vragen we u om te beoordelen of u de
vetgedrukte term **term** omstreden vindt (contentious in

het Engels) in de context van de tekst die eromheen staat,
afgebakend door drievoudige aanhalingstekens. Voor het doel

van deze taak beschouwen we een term als omstreden wanneer

het volgens u mogelijk beledigend, denigrerend, kwetsend, of

om een andere reden niet passend is naar huidige maatstaven.

Om uw oordeel te vellen kunt u zich bijvoorbeeld afvragen

of u de term in een soortgelijke zin zou gebruiken en/of

u verrast zou zijn als de term op deze manier gebruikt zou
worden door anderen. Als u een term in de gegeven zin een klein
beet je omstreden vindt, antwoord dan 'omstreden naar huidige
maatstaven'. Zo niet, antwoord dan 'niet omstreden'. En geef de
reden.

"""Historical Excerpt."""

ori-nl-onlyC

In deze annotatietaak vragen we u om te beoordelen of u de
vetgedrukte term **term** omstreden vindt (contentious in

het Engels) in de context van de tekst die eromheen staat,
afgebakend door drievoudige aanhalingstekens. Voor het doel
van deze taak beschouwen we een term als omstreden wanneer

het volgens u mogelijk beledigend, denigrerend, kwetsend, of
om een andere reden niet passend is naar huidige maatstaven.
Om uw oordeel te vellen kunt u zich bijvoorbeeld afvragen

of u de term in een soortgelijke zin zou gebruiken en/of

u verrast zou zijn als de term op deze manier gebruikt zou
worden door anderen. Als u een term in de gegeven zin een klein
beet je omstreden vindt, antwoord dan 'omstreden naar huidige
maatstaven'. Zo niet, antwoord dan 'niet omstreden'. Geef geen
reden.

"""Historical Excerpt."""

simp-nl-CandR

Naar huidige maatstaven, is het vetgedrukte woord **term**,

in de onderstaande context afgebakend door drievoudige
aanhalingstekens, mogelijk beledigend, denigrerend of kwetsend?
Antwoord met Ja of Nee en geef een reden.

"""Historical Excerpt."""

simp-nl-onlyC

Naar huidige maatstaven, is het vetgedrukte woord **term**,

in de onderstaande context afgebakend door drievoudige
aanhalingstekens, mogelijk beledigend, denigrerend of kwetsend?
Antwoord alleen met Ja of Nee.

"""Historical Excerpt."""

Table 4: Dutch prompt templates used in the experiments.
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Prompt type

Prompt template

ori-en-CandR

In this annotation task, we ask you to judge whether you find
the bolded term **term** contentious in the context of the
surrounding text, delimited by triple quotes. For the purposes
of this task, we consider a term to be contentious when you
think it is potentially offensive, derogatory, hurtful, or
otherwise inappropriate by current standards. In making your
judgment, you might ask yourself, for example, whether you
would use the term in a similar sentence and/or whether you
would be surprised if the term were used in this way by others.
If you find a term in the given sentence slightly contentious,
answer 'contentious according to current standards'. If not,
answer 'not contentious'. And give a reason.

"""Historical Excerpt."""

ori-en-onlyC

In this annotation task, we ask you to judge whether you find
the bolded term **term** contentious in the context of the
surrounding text, delimited by triple quotes. For the purposes
of this task, we consider a term to be contentious when you
think it is potentially offensive, derogatory, hurtful, or
otherwise inappropriate by current standards. In making your
judgment, you might ask yourself, for example, whether you
would use the term in a similar sentence and/or whether you
would be surprised if the term were used in this way by others.
If you find a term in the given sentence slightly contentious,
answer 'contentious according to current standards'. If not,
answer 'not contentious'. Don't give a reason.

"""Historical Excerpt."""

simp-en-CandR

Based on current standards, is the bolded word **term** in the
following text delimited by triple quotes potentially offensive,
derogatory, or hurtful? Answer Yes or No and give a reason.
"""Historical Excerpt."""

simp-en-onlyC

Based on current standards, is the bolded word **term** in the
following text delimited by triple quotes potentially offensive,
derogatory, or hurtful? Answer only with Yes or No.
"""Historical Excerpt."""

Table 5: English prompt templates used in the experiments.
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