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Abstract. Explicit bias in job advertisements perpetuates systemic dis-
crimination, challenging fairness and equity in labor markets. The con-
tributions of this paper are: 1) the evaluation of the effectiveness of
transformer-based Natural Language Processing (NLP) in detecting ex-
plicit gender bias in Dutch job postings; 2) the interpretability of these
models to uncover discriminatory terms and contextual biases. Our ex-
periments compare monolingual models (BERTje, RobBERT) and a mul-
tilingual model (XLM-RoBERTa), as well as Shapley Additive Expla-
nations (SHAP) and Local Interpretable Model-Agnostic Explanations
(LIME). Results show that RobBERT leverages Dutch linguistic nu-
ances effectively, achieving balanced performance, while XLM-RoBERTa
demonstrates superior precision-recall balance and achieves the highest
AP score. Learning curve analysis highlights the importance of larger
datasets for improved model generalization, and SHAP and LIME anal-
yses reveal critical linguistic features driving predictions, emphasizing
transparency in bias detection systems. By addressing gaps in explicit
bias detection and advancing transparency, this research not only shows
novel insights into transformer-based models and scalabilty, but also sup-
ports societal efforts to foster equitable hiring practices.

Keywords: Gender bias · Transformer models · SHAP · LIME · Fairness
· Dutch NLP

1 Introduction

Hiring discrimination is a global challenge that perpetuates systemic inequalities
and reduces workforce diversity. According to the United Nations Development
Programme (UNDP), nearly 90% of people harbor at least one bias against
women, affecting recruitment outcomes across sectors [23]. In the Netherlands,
despite progressive legislation like the Dutch Equal Treatment Act, job adver-
tisements continue to feature explicit gendered language that subtly or overtly
discourages certain groups from applying. Terms like “enthousiaste jongeman”
(“enthusiastic young man”) remain commonplace, signaling persistent cultural
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and structural bias [22]. In fact, discrimination in Dutch vacancy texts has been
empirically demonstrated across multiple dimensions, including age, as shown
by Fokkens et al. [13].

Job advertisements play a critical gatekeeping role in the hiring process. Re-
search shows that gendered wording in these texts influences who applies, thereby
reinforcing occupational segregation and limiting access to opportunity [3]. As
women hold only around 25% of engineering roles in the Netherlands, compared
to over 90% of caregiving roles, the gendered formulation of job advertisements
may be a significant factor in this imbalance [24].

While traditional methods for detecting bias, such as keyword matching, lack
nuance and scalability, transformer-based language models offer a more powerful
alternative. Yet questions remain about their performance on Dutch-language
data, their ability to generalize across data sizes, and the transparency of their
decisions.

This study investigates how monolingual (BERTje, RobBERT) and multilin-
gual (XLM-RoBERTa) transformer models perform in detecting explicit gender
bias in Dutch job advertisements. It also explores how explainability techniques
such as SHAP and LIME can uncover the linguistic features driving the predic-
tions of these models. Learning curve analysis is used to assess how data avail-
ability affects model performance, with implications for scalable, low-resource
deployment.

By integrating model performance, interpretability, and scalability, this work
contributes to a comprehensive framework for bias detection in Dutch recruit-
ment texts, supporting both academic inquiry and real-world fairness in hiring
practices.

2 Related Work

Early approaches to detecting bias in text relied on rule-based systems and
keyword dictionaries [3], which were effective for overt cases but lacked scalability
and failed to capture contextual nuance. Vectorization methods such as Bag-of-
Words (BoW) and TF-IDF improved representation but remained limited by
sparsity and the inability to model semantic meaning.

The introduction of static word embeddings like Word2Vec [1] and Fast-
Text [6] enabled models to capture semantic relationships between words. How-
ever, these embeddings are context-independent and often perpetuate biases
present in training corpora [15]. Contextualized embeddings with transformer
architectures [2] overcame this limitation and have since become the state of the
art in NLP.

In the domain of bias detection, Van Zandweghe et al. [?] showed that BERT-
based models outperform dictionary-based tools such as the Gender Decoder for
English STEM job postings, highlighting the advantages of contextual modeling.
For Dutch, Vethman et al. [4] critically evaluated AI for discrimination detec-
tion in job ads. They created a 5,947-sentence dataset with expert annotations
for Highly Suspected Discrimination (HSD), showing that BERTje achieved an
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Average Precision of 83.3%, outperforming BoW and Word2Vec baselines. Im-
portantly, BERT generalized well to unseen discriminatory terms, suggesting
that transformers can detect new patterns beyond pre-defined keyword lists.

At the same time, several limitations have been identified. The annotation
task revealed subjectivity (moderate inter-annotator agreement), and experts
emphasized that efficiency gains must be weighed against issues of accountabil-
ity, transparency, and proportionality. These concerns echo broader critiques of
language models. Bender et al. [12] caution that larger models do not automat-
ically lead to societal benefit, while Blodgett et al. [17] highlight the limitations
of narrow bias definitions in NLP. Similarly, Delobelle et al. [19] argue for ac-
tionable fairness metrics that move beyond abstract benchmarking. Industry has
also begun experimenting with inclusive writing tools such as Textio [20] and
Develop Diverse [21], showing that bias-aware NLP has both practical demand
and societal visibility.

While these studies confirm the promise of transformers for bias detection,
two gaps remain. First, the comparative performance of monolingual versus mul-
tilingual transformer models on Dutch bias detection tasks has been underex-
plored. Second, explainability methods such as SHAP [8] and LIME [9], though
widely applied in NLP, have not been systematically used to interpret Dutch
models in this context. Addressing these gaps, our study contributes a compar-
ative evaluation of BERTje, RobBERT, and XLM-RoBERTa, combined with
interpretability techniques, to assess performance, scalability, and transparency
in detecting explicit gender bias in Dutch job advertisements.

3 Methodology

3.1 Dataset

The dataset used in this study originates from Vethman et al. [22], who investi-
gated explicit discrimination in Dutch job advertisements. It was derived from a
large-scale scrape of 2.4 million vacancies posted online in 2018. Domain experts
from the Netherlands Labour Authority (NLA), the Dutch Employment Insur-
ance Agency (UWV), and the Netherlands Institute for Human Rights (NIHR)
provided guidance in curating and annotating the data.

Sentences were first flagged using gender-related search terms aligned with
the Dutch Equal Treatment Act, then annotated independently by five experts.
Each sentence was labeled as either Highly Suspected of Discrimination (HSD)
or Non-discriminatory, with ambiguous cases removed to ensure binary classi-
fication. Inter-annotator agreement on a shared subset reached a Fleiss’ κ of
0.5573, indicating moderate reliability and substantial agreement for positive
(HSD) cases[18].

3 Fleiss’ κ is a statistical measure for assessing the reliability of agreement between
multiple raters when assigning categorical ratings to a fixed number of items. Values
between 0.41 and 0.60 typically indicate moderate agreement.
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After preprocessing and filtering, the final dataset contains 5,947 sentences,
of which 28.8% are labeled as HSD and 71.2% as non-discriminatory. This class
imbalance not only reflects the relative rarity of explicit bias in real-world post-
ings, but also underscores its persistence: despite being legally prohibited, a
substantial proportion of vacancies still contain discriminatory wording. At the
same time, the dataset provides a representative basis for training and evaluating
models.

3.2 Models and Setup

We compare three transformer models: BERTje [22], RobBERT [10], and XLM-
RoBERTa [11]. BERTje and RobBERT are Dutch-specific models trained on
large national corpora, while XLM-RoBERTa is a multilingual model pretrained
on text from over 100 languages. Together, these models represent strong mono-
lingual baselines alongside a widely adopted multilingual architecture, enabling
a direct comparison between language-specific and cross-lingual approaches.

Each model has been validated in prior research. BERTje has proven effective
in detecting explicit discrimination in Dutch job advertisements [22], establish-
ing its relevance for bias detection. RobBERT, introduced by Delobelle et al.
[10], achieved state-of-the-art performance across Dutch NLP benchmarks such
as sentiment analysis and part-of-speech tagging, demonstrating its robustness
across tasks. XLM-RoBERTa, developed by Conneau et al. [11], set new stan-
dards on cross-lingual understanding benchmarks, showing its ability to gener-
alize effectively across diverse languages.

By comparing these three models, we aim to evaluate whether Dutch-specific
pretraining offers advantages in capturing linguistic nuance, or whether a large
multilingual model provides superior generalization. This rationale directly sup-
ports our research objective of analyzing the trade-offs between monolingual and
multilingual architectures for detecting explicit gender bias in Dutch recruitment
texts.

The overall experimental workflow, including preprocessing, model fine-tuning,
hyperparameter optimization, and evaluation, is illustrated in Figure ??. All
models were fine-tuned for binary classification with a dense classification head
on top of the transformer encoder. To maintain label balance, we applied strat-
ified sampling to split the dataset into 70% training (4,163 samples) and 30%
test data (1,784 samples). Hyperparameters were optimized using Optuna’s Tree-
structured Parzen Estimator (TPE) across a search space including learning rate,
batch size, weight decay, and number of epochs, with optimization conducted
through 3-fold cross-validation on the training data to ensure robustness.

Model performance was evaluated using metrics suited to imbalanced data:
Average Precision (AP), which emphasizes the precision–recall trade-off, and
ROC AUC, which measures class separability across thresholds. These metrics
provide a fair assessment of each model’s ability to detect minority-class (biased)
cases.
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Fig. 1. Overview of the experimental pipeline: from dataset to interpretability.

3.3 Explainability

To address the “black-box” nature of transformer models, we employ two comple-
mentary post-hoc explainability methods. Shapley Additive Explanations (SHAP)
[8] provide global interpretability by quantifying the overall contribution of indi-
vidual tokens to model predictions across the dataset. Local Interpretable Model-
agnostic Explanations (LIME) [9], in contrast, generate local explanations by
perturbing inputs and approximating the model decision boundary around spe-
cific instances.

Using SHAP, we identify the most influential gendered terms (e.g., vrouwelijk,
jongeman) driving classifications, while LIME highlights token-level contribu-
tions for individual job advertisements. Together, these methods ensure both
systemic and instance-level transparency, offering insights into how biased lan-
guage shapes predictions and supporting trust in automated bias detection.

4 Results

4.1 Model Performance

Table 1 summarizes the performance of the three transformer models. XLM-
RoBERTa achieves the highest Average Precision (AP) at 86.5%, indicating
superior performance in detecting minority-class instances. RobBERT shows
the best balance, combining high AP (84.3%) with stable ROC AUC (93.1%).
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BERTje lags slightly behind, but remains competitive with an AP of 83.6% and
the highest ROC AUC at 93.3%.

Table 1. Performance of transformer models on Dutch job ad bias detection.

Model AP (%) ROC AUC (%)
BERTje 83.6 93.3
RobBERT 84.3 93.1
XLM-RoBERTa 86.5 93.2

While quantitative metrics highlight overall model performance, they do not
reveal where and why the models succeed or fail. To gain deeper insight, we ex-
amined individual job advertisement sentences using SHAP and LIME explana-
tions. This qualitative error analysis shows how models handle explicit gendered
terms and how token importance differs across architectures. Table 2 presents il-
lustrative examples, including cases where models disagreed or misclassified, and
highlights how reliance on specific tokens (e.g., mannen, vrouwelijke) influenced
predictions. These examples complement the aggregate results by demonstrating
the strengths and limitations of each model in practice.

Fig. 2. Confusion matrices for BERTje, RobBERT, and XLM-RoBERTa on the held-
out test set. The matrices illustrate true positives (bottom right), true negatives (top
left), false positives (top right), and false negatives (bottom left) for the binary classi-
fication task (Class 0 = Non-discriminatory, Class 1 = HSD).

4.2 Learning Curve

Figure 3 illustrates how model performance scales with increasing amounts of
training data. Both monolingual models, BERTje and RobBERT, show steady
improvements and reach stable performance with relatively modest amounts of
data. In contrast, XLM-RoBERTa exhibits greater variability at smaller training
sizes but continues to improve with more data, reflecting its reliance on larger
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Table 2. Illustrative examples of model predictions with token-level importance dif-
ferences.

Sentence (Dutch → English) True Label Model Predictions
“Beschrijving vacature ... op zoek naar 2
sterke mannen ... glaszetter.” (Job de-
scription ... looking for 2 strong men as
glaziers.)

HSD BERTje: Non-discriminatory
RobBERT: HSD
XLM-R: HSD (strong weight on *man-
nen*)

“Vacature omschrijving Vrouweli-
jke assistente/secretaresse gezocht
...” (Job description: Female assis-
tant/secretary wanted ...)

HSD BERTje: HSD
RobBERT: HSD (high weight on
*vrouwelijke*)
XLM-R: HSD (distributed weights)

“... op zoek naar een representatieve
dame als Administratief Medewerkster
...” (. . . looking for a representative lady
as an administrative assistant . . . )

HSD BERTje: Non-discriminatory / borderline
RobBERT: HSD
XLM-R: HSD

“... op zoek naar reno-
vatietimmermannen ...” (. . . looking
for renovation carpenters . . . )

HSD BERTje: Non-discriminatory / borderline
RobBERT: HSD
XLM-R: HSD (strong weight on *timmer-
mannen*)

“Onze organisatie zoekt medewerkers die
goed kunnen samenwerken met mannen
en vrouwen.” (Our organization is look-
ing for employees who can work well with
men and women.)

Non-HSD BERTje: Non-discriminatory
RobBERT: HSD
XLM-R: HSD (emphasis on *mannen* /
*vrouwen*)

corpora for stability. Across all models, performance gains plateau around 80%
of the training data, suggesting diminishing returns beyond this threshold.

4.3 Explainability Findings

To better understand why the models classify a sentence as biased or unbiased,
we applied two complementary interpretability methods. SHAP provides global
interpretability, identifying which tokens most strongly contribute to predictions
across the dataset, while LIME offers local interpretability by highlighting the
specific tokens driving individual classifications.

Using SHAP, we found that explicitly gendered terms—particularly vrouwelijk
(female)—consistently received strong positive attribution across all models. In
contrast, masculine-coded tokens such as man or jongeman showed more varied,
and occasionally even negative, SHAP contributions. This suggests that models
internalized a stronger association between feminine markers and discriminatory
language.

Notably, the discriminatory attribution of gendered terms also appeared sen-
sitive to lexical combinations. For instance, phrases like enthousiaste jongeman
(enthusiastic young man) received higher SHAP scores than the same terms
in isolation, underscoring the role of modifier-noun interactions. However, this
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Fig. 3. Learning curves (AP vs. proportion of training data) for BERTje, RobBERT,
and XLM-RoBERTa. RobBERT and BERTje scale efficiently, while XLM-RoBERTa
requires more data for stable performance.

effect was more consistent for feminine constructions (e.g., vrouwelijke secreta-
resse) than for masculine ones, indicating that feminine tokens may carry a more
direct signaling function within these contexts.

LIME analysis reinforced these findings at the sentence level. In one exam-
ple, a sentence containing the term mannen (men) was classified as discrimina-
tory by RobBERT and XLM-RoBERTa—largely due to token attribution—while
BERTje down-weighted the same token, leading to a neutral classification. Such
inconsistencies highlight that while all models detect overt gender markers, they
differ in how strongly they rely on these cues, with feminine-coded terms exerting
a more uniform and influential effect.

Overall, these findings suggest that transformer models do not simply memo-
rize biased keywords, but learn context-sensitive patterns of attribution—patterns
that are themselves shaped by training data asymmetries. The prominence of
feminine terms in model predictions likely reflects both their legal salience and
their structural positioning in job ads. Understanding this dynamic is critical if
such models are to be used in fairness-sensitive applications.

Together, SHAP and LIME demonstrate that transformer models not only
capture explicit gender markers but also contextual interactions. To better un-
derstand the model’s decisions to classify a sentence as biased or unbiased, we
applied these two complementary methods: SHAP for global interpretability,
which identifies the tokens that most strongly influence classifications across the
entire dataset, and LIME for local interpretability, which highlights the specific
tokens that drive the prediction for an individual sentence. By combining global
and local perspectives, these methods enhance transparency and provide action-
able insights into model behavior, thereby enabling greater trust in automated
bias detection.
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Fig. 4. SHAP summary plot showing influential tokens for bias detection across mod-
els. Terms such as vrouwelijk receive consistently high importance, while others like
jongeman show lower or variable contributions.

5 Discussion

The comparative evaluation highlights important trade-offs between monolin-
gual and multilingual transformer models for Dutch gender bias detection. Rob-
BERT consistently achieved stable and balanced results, demonstrating the ben-
efits of Dutch-specific pretraining for linguistic nuance. BERTje, while slightly
weaker, remains a reliable baseline and underscores the value of domain-specific
resources. By contrast, XLM-RoBERTa achieved the highest Average Precision,
indicating strong capacity to capture discriminatory cues. However, the learning
curve analysis (Figure 3) showed that XLM-RoBERTa required substantially
more data to reach stability. This can be explained by its larger size and param-
eterization compared to BERTje and RobBERT: while its capacity allows it to
model more complex patterns, it also makes the model more data-hungry and
increases the risk of overfitting when trained on smaller datasets. Its multilin-
gual pretraining further contributes to this effect, as representations optimized
for over 100 languages may be less efficient when fine-tuned on limited Dutch-
specific data.

Explainability analyses provide further insight into model behavior. SHAP
revealed that explicit markers such as vrouwelijk and jongeman were consistently
influential across models, while LIME illustrated model-specific differences in to-
ken weighting. For instance, RobBERT and XLM-RoBERTa emphasized terms
like mannen more strongly than BERTje, leading to divergences in classification.
These findings show that even high-performing models differ in their reliance on
linguistic cues, which has several implications. First, from a fairness perspective,
it means that two systems trained on the same data may still disagree on which
sentences are discriminatory, raising questions of consistency and accountability
in deployment. Second, from a trust perspective, it highlights the need for trans-
parent explanations: recruiters, auditors, and regulators must be able to see why
a sentence is flagged, and whether this reasoning aligns with legal and societal
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expectations. The combination of global (SHAP) and local (LIME) explana-
tions proved valuable in uncovering both systematic patterns and case-specific
decisions, thereby supporting transparency in deployment.

Despite these contributions, several limitations must be acknowledged. First,
the dataset is restricted to explicitly gendered terms and a binary label scheme,
limiting the ability to detect more subtle or intersectional forms of discrimi-
nation. Second, inter-annotator agreement, while moderate, indicates inherent
ambiguity in defining discriminatory language. This has two important impli-
cations. First, for models, it means the training signal may be noisy—different
annotators may interpret the same phrase differently, which can limit achiev-
able performance. Second, for practical deployment, it underscores that even
experts may disagree—discrimination in language can be subjective and context-
dependent. This echoes recent discussions in NLP disagreement research, which
argue that annotator differences are not merely noise but reflect valid, competing
perspectives on sensitive language tasks (Fleisig et al. 2023) [16]. Collectively,
these findings suggest that automated systems should support rather than re-
place human judgment in complex evaluative tasks. Third, while transformer
models achieved strong results, they remain computationally demanding relative
to traditional methods. However, compared to much larger GPT-like language
models, BERT-style architectures such as BERTje and RobBERT are already
more efficient and thus represent a more realistic option in resource-constrained
environments. Future work should further examine efficiency and fairness trade-
offs, particularly when deploying models in settings with limited computational
or data resources. Finally, this study focused on gender; future research should
expand to age, ethnicity, and other legally protected categories to build a more
comprehensive framework for bias detection in recruitment.

Overall, the findings demonstrate that transformer-based NLP models can
effectively detect explicit gender bias in Dutch job advertisements, but their
real-world adoption requires careful consideration of interpretability, annotation
quality, and societal context. The discussion underscores the importance of bal-
ancing performance with transparency and fairness when deploying automated
systems in sensitive domains such as hiring.

6 Conclusion

This study demonstrates the effectiveness of transformer-based models in de-
tecting explicit gender bias in Dutch job advertisements. Among the three mod-
els, RobBERT provides stable and balanced performance, while XLM-RoBERTa
achieves the highest precision–recall trade-off. BERTje, though slightly behind,
remains a competitive Dutch baseline.

Beyond classification performance, the integration of SHAP and LIME strength-
ens interpretability by revealing the linguistic cues driving model predictions. By
making model reasoning visible, interpretability builds trust in automated bias
detection, not as a black box, but as a tool that can be inspected, challenged,
and improved. This trust is essential for adoption in recruitment, where legal
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accountability and fairness are paramount: organizations must be able to jus-
tify why a vacancy is flagged as discriminatory, and regulators need transparent
evidence to act upon. Interpretable outputs also empower practitioners to iden-
tify systematic patterns of bias, refine recruitment texts, and increase confidence
that automated systems are supporting, rather than undermining, equitable hir-
ing practices.

Overall, the findings highlight the potential of scalable and explainable NLP
pipelines to support fairer hiring practices in the Netherlands and beyond. Fu-
ture research should expand the scope beyond gender to other forms of bias (e.g.,
age, ethnicity), evaluate models on larger and more heterogeneous datasets, and
explore newer transformer architectures to further advance fairness in recruit-
ment technologies.
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