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Abstract: Named entity recognition (NER) is a core information extraction (IE) task dependent on high-quality annotated data that
are expensive and time-intensive to produce. Large language models (LLMs) offer a promising alternative through LLM-generated
pseudo-annotations, yet their reliability in domain-specific legal settings remains insufficiently studied. This study investigates the use
of LLM-generated annotations to expand the training set for supervised NER models applied to sentences from Dutch administrative
decisions as a low-resource domain and language. To this end, LLM-based annotations of predefined legal entities are created using
a schema-driven few-shot prompt, which are evaluated against a human-annotated dataset. Next, two different NER architectures
are trained—a token-level NER model and a span-based NER-RE model (joint NER and relationship extraction (RE))—under
three training settings: (1) human annotations only, (2) LLM-generated annotations only, and (3) models trained on LLM-generated
annotations further fine-tuned on human annotations. The results indicate that LLMs can accurately generate annotations for legal
entities that are explicitly defined in legislation but generate less reliable annotations for other legal entities that require deeper contextual
understanding beyond what is explicitly stated in the text or prompt. Furthermore, fine-tuning a NER model trained on these LLM-
generated annotations with human annotations turns out to slightly outperform models trained on human-annotated data only. Our
findings highlight the potential of hybrid supervision strategies to scale low-resource legal NER tasks while maintaining human-level

accuracy.
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1. Introduction

Named entity recognition (NER) is considered a foun-
dational technique for information extraction (IE) [1, 2]. By
identifying and classifying relevant entities (e.g., persons, orga-
nizations, or dates), NER allows for a structured representation
of unstructured texts. While large language models (LLMs) have
already shown promising results for various tasks in natural lan-
guage processing (NLP), such as text classification and question
answering [3, 4], their application to IE tasks is more lim-
ited, as the generative nature of LLMs does not naturally align
with the token-level sequence labeling required for IE tasks such
as NER [5]. As a result, supervised transformer-based models
like NER have remained the dominant approach within IE in
domain-specific settings so far [1, 5].

Legal entity recognition (LER) specifically deals with the
extraction of relevant “legal entities” from legal texts. Unlike
domain-agnostic NER tasks that mostly focus on isolated entities
(e.g., names, dates, or locations), these legal entities are deter-
mined by the (domain-specific) relationships that characterize the
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specific role of an entity (e.g., the recipient of a legal decision or
the legal basis of that decision). LER is therefore not only a task
of identifying (domain-agnostic) entities (e.g., persons) but also
of assigning specific capacities among the identified entities (e.g.,
the specific person receiving a decision).

Considering legal information extraction (LIE) in general,
transformer-based architectures for NER have already shown
strong multilingual performance [6—8], but this performance typ-
ically relies on large volumes of high-quality annotated data. In
many low-resource domains, the acquisition of such annotations
is both costly and labor-intensive. Recent studies have therefore
explored the use of LLMs to generate pseudo-annotations for
NER tasks [9-11]. However, since these studies focus primarily
on general-purpose or high-resource NER datasets, they provide
limited guidance on how to handle domain-specific structures and
relationships between entities.

In this work, we make two main contributions to the field
of legal NLP in general and legal information extraction in par-
ticular. First, we introduce a new annotated dataset specifically
designed for legal entity extraction in the low-resource domain of
Dutch administrative decisions!. This dataset provides a valuable

!GitHub link to the created LEAD-NL dataset
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benchmark for research in IE from legal texts, thereby addressing
a notable gap in available Dutch-language resources. Second, we
investigate the potential of LLMs to generate pseudo-annotations
that can augment and enhance the performance of supervised
NER models. Through a systematic evaluation, we assess both the
accuracy of LLM-generated pseudo-annotations and the result-
ing improvements in NER performance when these annotations
are incorporated into training data for extracting legal entities.
This dual focus offers insights into how LLMs can be effec-
tively leveraged to scale low-resource datasets and to advance
hybrid annotation strategies that combine human expertise with
automated labeling.
Specifically, this study addresses two research questions:

« To what extent can LLMs generate accurate pseudo-
annotations, compared to human-labeled annotations?

» To what extent does the inclusion of LLM-generated pseudo-
annotations improve the performance of supervised NER
models?

This study shows that although LLMs can generate large
volumes of pseudo-annotations, their reliability is uneven. Nev-
ertheless, augmenting human annotations with LLM-generated
annotations can increase the performance of NER tasks by
expanding training coverage in a scalable way, while the inclusion
of human-annotated data ensures the accuracy and reliability of
the NER model.

2. Related Work

2.1. Legal information extraction

LIE aims to automatically identify and structure legally rele-
vant information from legal texts, thereby supporting applications
such as case retrieval and legal analytics [2, 12], compliance and
contract analysis [12], and decision support in legal and adminis-
trative contexts [13, 14]. Within LIE, a range of LER techniques
have been explored, including rule-based approaches [12, 14], tra-
ditional machine-learning methods [14, 15], and more recently
transformer-based models that learn contextual representations of
legal language [1, 16]. While these techniques have demonstrated
strong performance, existing research in LIE has predominantly
focused on certain types of legal documents where annotated bench-
marks are more readily available [2], particularly court judgments,
but also legal contracts [12] and wills [17]. However, this predom-
inant orientation toward certain types of legal documents raises
questions about the transferability of existing LIE methods to other
types of legal documents, such as administrative decisions, which
may differ substantially in structure and legal context [13].

Given that most downstream tasks in LIE depend on accu-
rate identification of entities that are legally relevant, NER
constitutes a key challenge here [1]. Recent work has increasingly
applied transformer-based NER models to low-resource legal
domains and underrepresented languages, including Portuguese
[6], German [7], and Turkish [8], where annotated corpora are
scarce. However, limited data availability across multilingual and
domain-specific settings continues to constrain NER performance
[18, 19]. Such bottlenecks in entity recognition directly affect
subsequent downstream tasks and overall system performance.

One prominent example of such a downstream task is
Relationship Extraction (RE), which aims to identify semantic
relationships between recognized entities [18, 20]. To better cap-
ture the structural dependencies inherent in legal texts, a new line
of research has explored joint modeling approaches that combine
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NER and RE. These models jointly optimize both entity and rela-
tionship prediction, penalizing errors in both tasks and thereby
explicitly modeling interdependencies between entities and their
relationships. Although joint approaches have demonstrated more
consistent improvements for RE [21], their impact on NER per-
formance remains inconclusive: while some studies report modest
gains, particularly in domains with strong structural dependen-
cies [22, 23], others find little or no advantage over baseline NER
models [21]. This highlights an unresolved question in legal IE
research: how can domain-specific structures and relationships be
most effectively leveraged to improve NER performance?

Apart from data scarcity, the complex structure of legal
texts strongly affects annotation quality. Legal texts often con-
tain domain-specific characteristics such as specialized vocabulary
and formal syntax [14]. In addition to linguistic structure, visual
and layout-related information can be valuable for LIE: Docu-
ment Layout Analysis (DLA) has been applied to incorporate
visual cues (such as headings of documents) into NER tasks,
improving performance in document-centric settings [24]. Simi-
larly, document segmentation techniques restrict entity extraction
to predefined zones of legal texts when entity locations and struc-
tural patterns are predictable [14]. In the absence of such visual
cues or predefined zones, however, textual indicators are needed
to limit the amount of text from which legal entities are to be
extracted [15].

2.2. LLM-driven NER

To mitigate the scarcity of available annotated data, recent
work has focused on developing few-shot or limited-data
approaches [10, 11] and weakly supervised or other limited
supervision techniques [9, 25] to reduce the reliance on large
human-annotated datasets while still enabling supervised models
to achieve strong and reliable performance [1, 5]. To counter this
bottleneck of scarce annotated datasets, LLMs have been used to
reduce the required work needed to obtain high-quality annotated
data. Some studies have applied LLMs to assist legal researchers
by improving annotation efficiency and annotator agreement
[26] or applied (hybrid) methods to perform IE tasks directly
[13, 17]. Other studies have shown that LLM-generated anno-
tations, when combined with human annotations, can achieve
human-level performance in domain-specific settings [9, 10, 20].

Since domain specificity poses an additional challenge for
legal NER, adapting transformer-based NER models, such
as Bidirectional Encoder Representations from Transformers
(BERT), through domain-specific pretraining has been shown to
enhance performance in both legal classification and LER tasks
[16]. When applying LLMs, these structural and stylistic cues,
while often intuitive to human readers with legal expertise, are
not always explicitly encoded in the text. As a result, LLMs may
struggle to infer implicit cues that signal legal meaning, which
can limit their performance on legal NER tasks [27]. To address
this limitation, some studies have incorporated domain-specific
relationships directly into prompts, thereby providing additional
structural guidance and improving LLM performance on NER
tasks [20].

Ensuring accuracy and reliability in LLMs requires more
than just scale, as it depends critically on the quality of
supervision. Recent studies show that models fine-tuned on
human-curated datasets consistently achieve superior or at least
comparable performance to those trained solely on LLM-
generated labels [28]. Moreover, even a relatively small proportion
of human-labeled examples can improve the accuracy and rea-
soning ability of LLMs [29]. Human-labeled data are therefore
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particularly effective in improving correctness, depth of reasoning,
and robustness to ambiguity, while synthetic data such as pseudo-
annotations provide unmatched scalability. Consequently, the
most effective strategy seems to be a hybrid one, where human
annotations ensure quality and reliability, and synthetic data are
employed to broaden coverage in a cost-efficient manner.

A common strategy for using LLMs in annotation genera-
tion is to frame NER as a generative or question-answering (QA)
task [4, 5]. Research shows that explicit label definitions, fixed
output formats, and decomposed QA strategies improve NER
performance [4]. Additionally, integrating entity extraction with
RE has been found to be effective [11, 20]. Few- and zero-shot
prompting techniques have also been applied to NER [4], show-
ing that LLMs can achieve reliable entity labels in low-resource
settings, with few-shot techniques often resulting in higher per-
formance [5]. However, most research focuses on general-purpose
datasets and largely ignores domain-specific contexts, relation-
ships between entities, and the impact of pseudo-annotations on
supervised NER model performance, as these are often used to
replace human annotations [1, 9, 18]. However, such relationships
are of utmost importance in the legal domain, where legal entities
derive their meaning from their specific roles and the relationships
defining them.

In summary, prior research highlights two key challenges:
(1) supervised methods remain dominant for NER but are costly
to apply in low-resource legal domains, and (2) while LLMs
offer promising strategies for reducing annotation burden, most
work has focused so far on general-purpose datasets rather than
domain-specific (legal) corpora. Together, these gaps call for a
systematic evaluation of the question of whether LLM-generated
pseudo-annotations, enriched with domain-specific relationships,
can improve NER performance in legal texts. Our work addresses
both challenges by evaluating LLM-generated annotations in
a low-resource domain and language, namely, Dutch admin-
istrative decisions, and examining the impact of incorporating
LLM-generated annotations into two different supervised NER
models.

3. Methodology

Figure 1 shows an overview of the methodology of this paper.
Section 3.1 characterizes administrative decisions as a specific
type of legal document and explains which legal entities can be
extracted from these documents. Section 3.2 demonstrates how
the dataset is obtained and how candidate sentences for IE are
selected from full documents, resulting in the dataset used in this

study. Sections 3.3 and 3.4 describe the annotation process for
human and LLM-generated annotations, respectively. Section 3.5
explains the experimental setup used in this study, followed by a
description of the two different NER models in Section 3.6.

3.1. Legal entities in administrative decisions

Following the Model Rules on EU Administrative Proce-
dure?, an administrative decision can be understood as a specific
type of “administrative action addressed to one or more individu-
alized public or private persons which is adopted unilaterally by a
[public authority] to determine one or more concrete cases with a
legally binding effect.” In the same vein, though less explicit about
its constitutive elements, the Dutch General Administrative Law
Act defines an administrative decision as a type of administrative
action that is not of a general nature’.

From the legal definition of administrative decision provided
for in the Model Rules, five key entities of administrative decisions
can be derived, which should be present in every administrative
decision, irrespective of its substance. See Table 1. First, two types
of legal subjects [30] are involved in every administrative decision:
(1) a “person” receiving the decision (to one or more individual-
ized persons) (recipient) and (2) a “public authority” issuing the
decision (authority). Next, every decision has a “legally binding
effect,” which means that certain rights or obligations are con-
ferred on the recipient (legal act [30]). In particular, such a legal
effect consists of the combination of some form of (4) legal action
(e.g., to grant or to revoke) (3) related to some legal object (e.g.,
a license or a fine). Finally, since an administrative decision is
adopted “unilaterally,” that is, without the consent of the recip-
ient, it should always have (5) a legal basis ([30]): a statutory
provision that confers competence to a specific public authority
to issue a specific type of administrative decision. While other
legal entities can also be present in certain types of administra-
tive decisions (such as breach of a legal provision in case of an
enforcement decision), these five entities can be assumed to be
present in all types of administrative decisions.

3.2. Dataset creation

To answer the research questions and to ensure generalizable
results, a highly diverse set of administrative decisions is created.

2 Article IT11-2(1) and (2) of the ReNEUAL Model Rules on EU Administrative
Procedure

3 Article 1:3(2) of the Algemene wet bestuursrecht

Figure 1
Flowchart of the methodology
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Table 1
Five constitutive entities of administrative decisions
Entity Explanation Example (English)
Recipient The natural or legal ABC Construction
person to whom the BV
decision is addressed
Authority The public authority Minister of
competent to take Economic Affairs
the decision
Legal The legal right or obli-  Permit, sanction,
Object gation affected by penalty
the decision (noun)
Legal The act with regard to ~ Grants, imposes,
Action a certain legal object withdraws
(verb)
Legal Basis  The statutory provi- Article 2a, first para-

sion authorizing the
authority to take a
decision

graph, under a, of
the Gas Act

This diversity covers both variety in administrative decisions (such
as permits and sanctions) and variety in public authorities within
the Netherlands. In total, 20,798 administrative decisions publicly
accessible and available in PDF format were scraped from the
different websites of seven public authorities and were saved in txt
format using pdfplumber where possible. Table 2 shows the dataset
statistics of the administrative decisions obtained from these seven
different authorities.

Legal documents such as administrative decisions can be
quite long [14], but the five legal entities identified in Section 3.1
are usually present together in only a few individual sentences in
the text (usually referred to as the “operative part” or dictum of
the decision). However, unlike judicial decisions, administrative
decisions do not follow a predefined or harmonized structure,
giving public authorities considerable flexibility in how they com-
pose their decisions. Consequently, for IE tasks, it is not always
possible to focus on certain predefined segments or zones of the
text of an administrative decision containing its dictum. There-
fore, we adopt a sentence-level approach rather than a segment or
zone-based approach [7, 12]. Specifically, individual sentences are
selected from the full text of the decision and the legal entities will
be extracted from them. To select those sentences containing the
operative part of the decision, we identify the sentences in which the
legal effect of the decision is expressed using keyword pair match-
ing. To that end, we have defined pairs of legal action (verbs) and
legal object (nouns) based on the applicable legislation.* Since the
consistent use of terminology used for legal action and legal object
is prescribed by (general) legislation, such as the Algemene wet
bestuursrecht, and additional government-wide instructions (e.g.,
Drafting instructions for legislation (Aanwijzingen voor de Regel-
geving), these pairs of legal action and legal object can be assumed
to consistently and almost exhaustively express the legal effect of
a decision (e.g., the pair of grant and permit).

The texts of the decisions were split into sentences using
SpaCy?, after which regular expressions were applied to identify
whether one of these pairs of legal action and legal object was

4See GitHub for the action-object pairs and their derivation from the
Algemene wet bestuursrecht.

3SpaCy’s pretrained model “nl_core_news_lg”
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present in a sentence. If such a pair was identified, this sentence
was stored for subsequent processing as it might contain one or
more of the five legal entities defined above. As an example, a
legal effect (a combination of legal action and legal object) always
applies to a specific person (recipient), and that legal action always
supposes a legal actor (authority), which is often stated in the
same sentence. A total of 14,793 documents were found that con-
tained this sentence pattern at least once, which resulted in a total
of 38,766 candidate sentences. See Table 2. Documents in which
no such sentence pattern was found were not machine readable
or were not administrative decisions (noise).

3.3. Human annotation

After selecting these sentences, two law students (one third-
year bachelor and one master) annotated the predefined five
legal entities in these sentences (recipient, authority, legal basis,
legal object, and legal action) using Lawnotation. The annota-
tions were based on an annotation protocol® drafted for this
study and tested beforehand. One third of the sentences were
annotated by both annotators to measure inter-annotator agree-
ment, which resulted in an overall Cohen’s kappa score of 0.47
(with a raw agreement of 0.78 (recipient), 0.58 (authority), 0.51
(legal object), 0.46 (legal action), 0.39 (legal basis) for the individ-
ual features), indicating moderate agreement. Among the entity
classes, disagreement occurred most frequently for legal basis (303
token-level disagreements), followed by legal object (140), author-
ity (113), legal action (76), and recipient (75). This suggests that
disagreements were often caused by boundary mismatches (such
as “Schiphol Nederland B.V.” versus “Schiphol Nederland”) or
by cases where one annotator marked a span as an entity while
the other left it unannotated. Qualitative analysis shows that the
moderate agreement can largely be attributed to ambiguities in
determining whether a sentence expressed the operative part of
a decision or merely referred to, for example, a legal object in
another part of the text of that decision. This indicates limitations
in the sentence selection techniques used, which might nonethe-
less be inevitable given the lack of a harmonized structure of
administrative decisions. For example, references to legal effects in
precedents, legal reasoning, or hypothetical scenarios may resem-
ble operative legal effects linguistically, even though they do not
express the actual legal effect of the decision.

To address the observed level of inter-annotator agreement
and to ensure the legal correctness and internal consistency of
the annotated data, all annotations were subsequently reviewed
and validated by a legal expert (law professor). The expert served
as an adjudicator in cases of disagreement, resolving conflicts
and correcting annotations where necessary to ensure consistency
and legal validity, thus acting as an (expert) reviewer [31]. The
adjudication process did not systematically favor one annota-
tor: in disagreement cases, the final ground truth followed the
first annotator in 334 token-level cases and the second annota-
tor in 364 cases, while only 6 cases matched neither annotator.
For sentences that were annotated by a single annotator, 809
out of 20,303 tokens were changed during expert review, corre-
sponding to 3.98%. A further entity-level analysis shows that most
entity spans remained unchanged: 2093 entities exactly matched
the final ground truth, while 424 entities were removed and 334
new entities were introduced. Boundary corrections were compar-
atively rare, with 58 small boundary corrections (< 3 tokens) and
only 6 larger boundary corrections (> 3 tokens). Overall, these

%GitHub link to annotation protocol
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Table 2
Overview of documents and extracted sentence statistics per authority and document type

Extracted sentence characteristics

Public authority Documents Extracted sentences (in length of tokens)
With Mean per
Total extracted Total Mean extracted
Name Type Type of decision number Sentences % number per doc. doc. Mean Med. Min Max
ACM Supervisory Sanction License 4725 1764 37.3 10,767 1.19 6.01 31.70 27.0 192
ANVS Supervisory - License 10,948 9975 91.1 16,703 1.53 1.67 29.53 29.0 80
DNB Supervisory Sanction - 729 317 43.5 2589 2.85 8.17 31.68 30.0 8 75
Rotterdam Municipality - License 3791 2,261 59.6 6702 1.65 2.96 35.17 38.0 18 44
(ROT)
KSA Supervisory Sanction - 390 239 61.3 1524 3.90 6.38 29.85 28.0 76
Drenthe Province - Subsidy 74 72 97.3 203 2.74 2.82 16.49 18.0 35
(DRE)
Rijksover- Central Gov- - Subsidy 141 138 97.9 278 1.97 2.01 23.39 21.0 7 65
heid ernment
(RLJ)) (Ministries)
Total 20,798 14,793 71.1 38,766 1.82 4.00 28.14 25.0 4 192
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Table 3
Entity counts (c) and mean token length (m) per authority and entity type for the complete and test dataset

Authority Set No Recipient Authority Legal object legal action Legal basis

c m c m c m c m c m
ACM All 293 76 3.00 105 2.96 99 1.25 101 1.00 58 8.24
Test 53 13 3.08 24 3.21 19 1.47 19 1.00 13 7.92
ANVS All 149 98 4.39 3 1.00 112 1.00 112 1.01 4 14.0

Test 25 17 4.88 = 21 1.00 21 1.00 0 =
DNB All 149 31 1.55 28 1.18 32 1.88 33 1.00 14 6.79
Test 37 5 1.20 11 1.00 6 1.83 6 1.00 4 7.25
ROT All 60 36 1.00 36 1.00 41 1.00 41 1.00 30 8.53
Test 6 5 1.00 5 1.00 5 1.00 5 1.00 5 9.00
KSA All 150 28 2.25 46 3.96 37 2.16 37 1.00 25 6.52
Test 27 4 2.75 7 3.71 8 2.00 8 1.00 6 7.50
DRE All 150 71 1.00 80 1.05 82 1.01 82 1.00 3 5.67
Test 15 7 1.00 10 1.00 10 1.00 10 1.00 1 12.0
RIJ All 150 50 1.06 64 1.09 88 1.04 88 1.00 22 11.3
Test 21 8 1.12 10 1.00 13 1.15 13 1.00 3 12.0
Total All 1101 390 2.38 362 1.99 487 1.21 494 1.00 156 8.42
Test 184 59 2.73 67 2.07 82 1.29 82 1.00 32 8.44

results show that the final dataset was not a mechanical merge of
the raw annotations, but the result of expert adjudication aimed
at improving legal validity and annotation consistency. Table 3
shows the results thereof, demonstrating the number of entities
found per authority, and the average length of each type of entity
in tokens. The human-annotated dataset is available on GitHub.

3.4. Pseudo-labeling using GPT

GPT-57 was used for this study to expand the training
data for the NER model. Based on recent advances in LLM-
based NER, a schema-driven few-shot prompt® was designed.
The prompt was based on recent work for prompt engineering, as
explained in Section 2.2. Earlier work has conceptualized NER
tasks for LLMs as a prompting task, for example, by applying
schema-driven instructions to guide the LLM to generate enti-
ties in a structured manner. Ideas from previous studies were
implemented in the prompt by treating the NER task at stake
as a structured generation task aligned with domain-specific def-
initions, as seen in Table 4. Following prior work in legal IE
that validates automated pipelines using statistically representa-
tive randomly selected subsets rather than exhaustively annotating
entire corpora [7], we use the human-annotated dataset as a
benchmark (n = 1101) to evaluate LLM-generated annotations
before scaling to a larger dataset. The LLM-generated annota-
tions were evaluated using precision (P), recall (R), and F1 by
comparing them with the human-annotated dataset. Afterward, a
total of n = 7228 additional sentences were annotated using GPT-
5, resulting in the Silver dataset. The LLM-annotated dataset is
available on GitHub.

3.5. Experimental setup

This study trains two different NER models on three dif-
ferent subsets of data, which results in six different experimental

7 gpt-5-2025-08-07
8GitHub link to full prompt
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settings. A stratified random 20% sample of the human-annotated
data was used as a test set to evaluate each model, with stratifi-
cation applied to preserve the representation of documents across
administrative authorities. The remaining 80% served as train-
ing data for the NER models trained on human annotations.
Because sentences expressing the operative clause of the decision
frequently use standardized legal terminology, similar sentences
may appear multiple times. To prevent data leakage, sentences
that occurred in both the training set and the test set were
removed from the test set, resulting in a test set containing 184
sentences.

After training, model performance was evaluated using
token-level annotations from this test set (n = 184). Model out-
put was transformed to token-level predictions to align with the
test set where necessary. Precision (P), recall (R), and F1 were
computed at the token level. Scores were calculated per class and
subsequently micro-averaged to obtain an overall performance
score across all classes. The evaluation followed a strict match-
ing criterion, where partial overlaps between LLM-annotated
and human-annotated entities at the token level were considered
incorrect.

3.6. NER models

For this study, two different NER architectures were trained
under three different training settings, each resulting in three mod-
els: Gold, Silver, and Silver-to-Gold. All models were optimized
using AdamW with a learning rate of 5e-5, batch size 8, weight
decay 0.01, and linear learning rate decay. Training was conducted
for a maximum of 10 epochs with early stopping (patience = 3)
based on validation F1. See the GitHub repository for the full
training settings.

First, a token-level BERT NER model based on the Dutch
BERT variant (BERTje) [32] was trained on three data subsets.
BERT]je was chosen because its Dutch-specific pretraining enables
state-of-the-art performance on Dutch NLP tasks, making it a
reliable choice for token-level NER in Dutch legal texts [32]. The
model assigns an entity label to each token using its context-aware
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Table 4
Structured overview of the prompt

Prompt structure Implementation

Idea

Generative task for entity extraction [4]
Schema-driven prompting [5] and
highlighting entity relations [20]

Normalization and fixed output [4]

Introduction Introduce the role of the LLM and frame the task as a QA task

Entity descriptions Define entities individually in a schema-driven way and
include an explanation, with possible relations to other legal
entities with entity examples

Normalization Explain rules for normalization (deduplication, abstain,
span/boundary), and show expected output with an example
JSON structure

Examples Provide three examples

Few-shot prompting

Figure 2
Example of NER (highlighted) and RE (red arrows; automatically constructed)’

authorizes

v
De Autoriteit Consument en Markt besluit op grond van_

erforms

Per]

EREETAEEATBEIGERHED < onhefir o @

enjvan de verplichting een

receives

netbeheerder aan te wijzen aan Schiphol Nederland B.V. voor het [...].

representation. The dataset was tokenized with the BERTje
tokenizer [32]. Three training settings were applied:

1) Gold model: Trained on the manually annotated dataset
(n = 883; Section 3.3), of which 20% was used as a validation
set.

2) Silver model: Trained on the LLM-generated annotations
(n = 7228; Section 3.4), with 20% used for validation.

3) Silver-to-Gold model: Initialized from the Silver model and
subsequently fine-tuned with human-annotated data (20% of
human-annotated data used for validation).

Second, a span-based joint NER-RE model was trained,
based on BERTje [32]. This is a more sophisticated NER archi-
tecture that combines NER with RE. Inspired by spERT [21],
this span-based model represents candidate spans with contextual
embeddings, labels them as entities, and simultaneously predicts
relationships between spans.

Since relationships between entities were not annotated by
humans, these relationships were constructed automatically by
pairing, where possible, entities present in a sentence according
to a pre-set schema. Four relationship types were defined for this
project based on the legal definition of administrative decisions
(as described in Section 3.1): (1) recipient receives legal object,
(2) legal action concerns legal object, (3) legal basis authorizes
authority, and (4) authority performs legal action. See Figure 2 for
an example of this combined NER and RE task. This automated
construction of relationships could introduce some noise. How-
ever, based on a qualitative analysis of 200 randomly selected
sentences with at least one entity present, only five samples were
found to contain incorrect or missing relationship labels (2.5%).
Four of these were caused by misclassified or missing entities,
and one was caused by the automated pairing procedure itself:
the sentence contained two different legal actions and two differ-
ent legal objects, resulting in too many relationships, since each
legal action should have been paired with only one legal object.

Translation: “The Dutch Authority for Consumers and Markets decide, pur-
suant to Article 2a(1)(a) of the Gas Act, to grant an exemption from the
obligation to appoint a grid operator to Schiphol Nederland B. V., for the [... |

The joint NER-RE model was trained with a combined loss
function, combining the entity classification loss with the relation-
ship classification loss. This span-based model was trained under
three different training settings, identically to the token-level NER
model, resulting in a Gold, Silver, and Silver-to-Gold NER-RE
model.

4. Results

4.1. LLM pseudo-annotation performance

Table 5 shows the quality of the pseudo-annotations gen-
erated by GPT-5, by comparing them with human annotations
(n = 1101). Relatively high F1-scores can be observed for the enti-
ties of “authority” (F1 = 0.69) and “legal object” (F1 = 0.59).
These high scores can be explained by the uniform way in which
these entities are defined in legislation and by the structure of
these entities being relatively consistent across administrative deci-
sions, making it easy for LLMs to capture these. These scores
are lower, however, for authorities that impose sanctions (ACM,
DNB, KSA). This can be explained by the more complex nature
of sanctioning decisions, which often contain lengthy reasoning
preceding the relevant operative part of the decision (see also
Table 2). Additionally, in our dataset, the average token length
of the authority imposing a sanction is often longer than that of
authorities imposing licensing or subsidizing decisions, as Table 3
shows. As an example of these longer token lengths, enforcement
decisions (such as a fine) often display the legal object with an
adjectival premodifier, an adjective that appears before a noun to
tailor it (such as administrative fine). The LLM failed to capture
these premodifiers, suggesting systematic boundary annotation
erTors.

The model shows moderate performance for the entity of
“legal action” (F1 = 0.51), which, despite being formally defined
in legislation, exhibits considerable variation in form and often
depends on the context. For example, legal actions may be con-
fused with auxiliary or procedural verbs (e.g., decide to grant) and
can be expressed through different grammatical forms (e.g., grant,
granted, granting) as well as a wide range of action-specific verbs
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Table 5
LLM pseudo-label quality per authority in precision (P), recall (R), F1, and total TP + FP + FN count (#) per entity

Legal basis

Legal action

Legal object

Authority

Recipient

F1
0.00
0.00
0.48
0.80
0.60
0.00
0.09
0.38

F1

F1

F1
0.60
0.75
0.45
0.79
0.52
0.96
0.87
0.69

F1
0.05
0.08
0.09
0.82
0.12
0.98
0.85
0.42

59

0.00
0.00
0.43
0.67
0.48
0.00
0.05
0.25

0.00
0.00
0.55
1.0
0.80
0.00
1.0
0.78

223

0.51
0.65
0.41
0.72
0.39
0.57
0.31
0.51

0.75
0.60
0.82
0.56
0.76
0.94
0.30
0.66

0.38
0.71
0.27
1.0
0.26
0.41
0.33
0.41

261

0.51
0.88
0.01
0.81
0.36
0.62
0.80
0.59

0.90
0.98
0.03

0.36
0.80
0.01
0.68
0.23
0.46
0.67
0.44

178

0.74
1.0
0.96
1.0
0.94
0.99
0.95
0.90

0.51
0.60
0.29
0.66
0.36
0.94
0.80
0.56

150
213
41

0.05
0.09
0.07
1.0
0.11
1.0
0.94
0.44

0.05
0.07
0.17
0.69
0.13
0.96
0.77
0.41

ACM

140

140

ANVS
DNB
ROT
KSA

19
30
28

105

41

138
60

93

1.0
0.81
0.96
0.98
0.89

55

52
48

116

139

122
85
79

617

194
141
960

176

74

64
642

DRE
RIJ

22
167

124
1038

Combined

(e.g., grant, approve, amend, revoke). In contrast, the entity “legal
object” (F1 = 0.59), although also formally defined in legislation,
is generally expressed through a more limited and stable vocab-
ulary (e.g., permit, fine, exemption). These findings suggest that
the LLM has greater difficulty identifying the boundaries and
meaning of legal actions than those of legal objects.

In contrast, the entities of “recipient” and “legal basis” yield
lower scores (recipient: F1 = 0.42; legal basis: F1 = 0.38). These
entities are typically longer, more heterogeneous in form (e.g.,
the recipient can be any person), and more complex from a
legal-linguistic perspective, which makes it difficult for LLMs to
identify them consistently. Performance for “recipient” is higher
among authorities that frequently issue their decisions in a pre-
structured letter format (e.g., province of Drenthe (DRE), Central
Government (Rijksoverheid, RIJ), municipality of Rotterdam
(ROT)) where the recipient is often expressed through short and
direct referential tokens such as “you.” This drafting style in let-
ter format differs from more formally drafted decisions ready for
publication. Interestingly, precision scores for legal basis are rela-
tively high (p = 0.78) compared to its recall (R = 0.25), suggesting
that while LLMs can correctly capture clearly identifiable pat-
terns, they fail to identify less explicit instances or relevant legal
provisions that they have not seen before.

The results reveal a key limitation of using LLMs for data
annotation and NER tasks. Although LLM:s reliably identify enti-
ties expressed through clear and explicit patterns, they perform less
consistently when entities are novel relative to the prompt, require
deeper contextual inference, or rely on common-sense knowledge
that is not explicitly encoded in the text.

4.2. NER performance

Table 6 shows the results of the token-based NER and
span-based joint NER-RE models, with precision, recall, and
Fl-scores for each of the three subsets of annotated data:
Gold (human annotations only), Silver (LLM annotations only),
and Silver-to-Gold (Silver model fine-tuned on human annota-
tions).!" Additional information about the test set is reported in
Table 3.

These results show that both Gold models achieve high
micro average Fl-scores (NER: 0.87, NER-RE: 0.95), providing
a strong baseline and demonstrating good performance on human
annotations. In contrast, the Silver models, trained exclusively
on LLM-generated pseudo-labels, perform worse (NER: 0.50;
NER-RE: 0.84), largely due to inconsistencies in LLM-generated
annotations for complex or implicit entities such as “recipient”
and “legal basis.” Importantly, when the Silver models are subse-
quently fine-tuned with human annotations (Silver-to-Gold), their
performance surpasses the baselines of the Gold models, improv-
ing the micro average F1-scores by 0.02 and 0.04, respectively, for
the NER and NER-RE models.

Using McNemar’s exact test, with the prediction of the
model (binary: correct or incorrect based on human baseline)
as the dependent variable and the model type (Gold or Silver-
to-Gold) as the independent variable, no statistically significant
difference was found for the NER models. For the NER-RE
models, the individual entity-level comparisons were also not
found to be statistically significant. However, a pooled analysis
across all entities together showed a statistically significant dif-
ference between the Gold and Silver-to-Gold model (p = 0.019)
for overall model performance for NER-RE, although this result

0GitHub link to more detailed results per authority
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Table 6
Per-label performance (P, R, F1) of three approaches for both BERT-based NER and spERT-based joint NER-RE models
NER
Gold Silver Silver-to-Gold
P R F1 P R F1 P R F1
Recipient 0.77 0.86 0.82 0.22 0.34 0.26 0.83 0.92 0.87
Auth. 0.80 0.90 0.85 0.58 0.84 0.69 0.83 0.90 0.86
Legal Ob;. 0.97 0.85 0.91 0.43 0.85 0.57 0.95 0.88 0.91
Legal Act. 0.96 0.89 0.92 0.41 0.61 0.49 0.96 0.89 0.92
Legal Basis 0.76 0.91 0.83 0.53 0.25 0.34 0.83 0.94 0.88
Total 0.87 0.88 0.87 0.41 0.63 0.50 0.89 0.90 0.89
Joint-NER-RE
Recipient 1.0 0.97 0.98 0.95 0.32 0.48 1.0 0.98 0.99
Auth. 0.98 0.93 0.95 0.98 0.91 0.95 1.0 0.97 0.99
Legal Ob;. 0.96 0.94 0.95 0.99 0.85 0.91 0.99 0.98 0.98
Legal Act. 0.96 0.94 0.95 0.96 0.92 0.94 1.0 1.0 1.0
Legal Basis 0.94 0.91 0.92 1.0 0.41 0.58 1.0 0.94 0.97
Total 0.97 0.94 0.95 0.98 0.74 0.84 1.0 0.98 0.99

should be interpreted cautiously because the pooled entity-level
decisions are not fully independent. A further qualitative analysis
shows that improvements in the Silver-to-Gold models compared
to Gold models primarily stem from more accurate span bound-
aries and better coverage of alternative expressions for entities
(e.g., abbreviations or referential phrases). This finding indicates
that combining imperfect but large-scale LLM-generated annota-
tions with smaller sets of more reliable human annotations can
effectively expand coverage and performance in low-resource legal
NER tasks.

Across different experimental setups, the models show a clear
performance divide: entities expressed through standardized and
explicit legal phrasing, such as public authority, legal object, and
legal action, are identified most reliably, whereas more context-
dependent and linguistically variable entities, particularly recipient
and legal basis, remain more challenging. Similarly, sentences that
contain the legal clause of an entitlement letter decision, which
are thus more harmonized, achieve better results compared to
decisions where these entities are not part of such harmonized
components. An example thereof is the entity of recipient, which
scores lower for documents that are not written in a letter for-
mat and thus lack structured sections for recipient (see footnote
7). These observations confirm that model performance depends
strongly on both the linguistic structure of the texts and the
degree of standardization in the way an administrative decision is
drafted.

Interestingly, the Silver NER-RE model performs better
than expected given the quality of its LLM-generated train-
ing labels (Table 5). This indicates that the model may be able
to generalize beyond the noise present in the pseudo-labels.
The joint NER-RE architecture likely encourages structurally
coherent predictions by linking entities through predefined rela-
tionships. In addition, the large volume of pseudo-labeled data
increases the model’s exposure to diverse linguistic contexts, effec-
tively broadening its training coverage. These aspects suggest that
the model benefits from denoising effects, which may explain
the high precision and Fl-scores observed despite the noisy
supervision.

5. Discussion

5.1. Pseudo-annotations by LLMs

This study shows that LLMs are relatively consistent in iden-
tifying entities with clear patterns and little linguistic variety but
act less consistently with regard to entities that have a lot of
linguistic variety and may require more contextual understand-
ing or common sense in a less consistent way. To illustrate this,
legal entities such as the legal object of decision or the public
authority issuing the decision are defined explicitly in legislation
and require specific domain knowledge. The (legally) formalized
nature of administrative decisions means that there is little vari-
ation in terminology and syntactic structure for features that are
explicitly defined in legislation. In contrast, features such as the
recipient, which are not necessarily defined in legislation and
do not require specific domain knowledge (as any citizen can
be the recipient of an administrative decision), score relatively
low. Since the latter features rely more on common-sense reason-
ing, LLMs struggle to identify these entities correctly, as these
features require understanding of everyday knowledge or con-
textual inference beyond what is explicitly stated in legislation
or elsewhere. However, when these entities are written concisely
or uniformly, the scores for extracting these entities correctly
improve.

These results are in line with other studies insofar as LLMs
demonstrate limitations in abstract common-sense reasoning,
often failing to grasp relationships or contexts that humans intu-
itively understand [27]. Additionally, the findings are also in line
with other studies [11], indicating that general-purpose LLMs
show promise for NER in few-shot settings but continue to face
challenges related to boundary errors, false positives, and incom-
plete recall. More broadly, the results highlight the limitations of
LLMs in handling contextual variation across certain entity types,
suggesting that tailoring models to legal language may be nec-
essary to achieve more reliable performance. Our findings align
with the literature, indicating that prompt design has a strong
impact on performance and that a more optimal formulation

09



Journal of Computational Law and Legal Technology

Vol. 00 Iss. 00 2026

could further improve results [27]. All in all, LLMs can pro-
vide useful annotations and improve coverage in a cost-efficient
way, specifically for more standardized legal entities. However,
for more ambiguous entities, which require deeper common-sense
understanding, LLM annotations are less reliable, highlighting
the importance of expert prompt optimization or the inclusion of
expert annotated data.

5.2. Impact of pseudo-annotations on supervised
NER

Gold models, trained solely on human annotations, achieve
strong results and form a reliable baseline for NER. This is con-
sistent with prior work showing the superiority of supervised
methods over LLM-only approaches [1, 5]. As expected, the Sil-
ver models perform considerably worse due to incorrect and noisy
annotations in the LLM-generated labels. However, when the Sil-
ver models are fine-tuned on human annotations (Silver-to-Gold),
their performance slightly exceeds that of the Gold models, indi-
cating that weakly supervised LLM-generated annotations can
broaden training coverage and better represent the linguistic and
legal variation in the data for low-resource LER tasks, albeit with
modest gains. Even though the observed improvements are small
in absolute terms, they are consistent across both models (NER
and NER-RE), indicating that the gains are not confined to a
single model configuration or entity type. This pattern suggests
that the improvements reflect enhanced generalization rather than
overfitting or random variation.

The observed improvement of the Silver-to-Gold models over
the Gold-only baselines could be explained by the complemen-
tary roles of pseudo-annotations and human annotations during
training. While LLM-generated pseudo-annotations are noisier,
they increase the diversity and coverage of entities observed dur-
ing training and thereby expose the model to a broader range
of lexical, syntactic, and contextual variations. While qualitative
analysis shows that errors made only by Silver-to-Gold models
were likely introduced by noise in the LLM-annotated data, the
opposite was also true: when cases are classified correctly by the
Silver-to-Gold models only, the pseudo-annotations likely have
contributed to a broader representation of the dataset and contain
more diverse examples from which the model can learn. This can,
for example, be observed for the specific entity of a legal basis,
as the Silver-to-Gold models identify legal provisions better, as
these are better represented in additional examples. As a result,
the Silver-to-Gold models achieve slightly improved performance
compared to models trained solely on limited human-annotated
data.

Within the joint NER-RE setting, precision is generally
higher than recall. In contrast, within the token-based NER set-
ting, recall generally exceeds precision, even though the absolute
scores are lower compared to the joint setting. This behavior can
also be observed in previous work [21] and might be explained
by the structural constraints introduced by RE: entity predic-
tions are no longer independent but must participate in valid
relationships defined by the domain-specific schema. As a result,
weakly supported entities are suppressed, reducing false positives
and increasing precision. At the same time, this constraint leads
to the omission of some correct but atypical or implicit entities
that fail to form explicit relationships, resulting in lower recall. In
contrast, the NER model relies solely on local token-level cues,
leading to higher recall but also more false positives. To support
this finding, qualitative analysis shows that in some cases NER
models misclassified entities, while these mistakes were not found
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for NER-RE models. This indicates that the addition of the RE
task could help reduce misclassification in such cases by filtering
out or correcting these false positives.

In contrast to earlier studies, which found that weakly super-
vised models generally underperform fully supervised ones [9, 28],
our findings show that fine-tuning a Silver model on human-
annotated data can slightly surpass human-only baselines. Unlike
prior work that simultaneously combined human and pseudo-
labels for training NER models [9], our Silver-to-Gold strategy
separates learning into two phases. This separation allows the
model to first learn broad representational patterns from large-
scale pseudo-annotations and to constrain these representations
only afterward using reliable human supervision, reducing the
risk that noisy labels dominate the learning signal. Neverthe-
less, inconsistencies in the pseudo-labels can still introduce noise,
emphasizing the need for careful integration of LLM-generated
data.

5.3. Limitations

Although the results highlight the potential of NER and
NER-RE models for extracting legal entities, they also point
to several limitations that call for further investigation. First,
the methodology can be further refined and strengthened in
future research. For example, some sentences were included in
the dataset for NER despite the absence of a legal effect, reveal-
ing shortcomings in the sentence selection process. To address
this shortcoming in the stage prior to the actual extraction of
entities from preselected parts of the legal text, future research
could explore structure-aware or visually rich document NER
approaches, such as DLA or document segmentation techniques,
to ensure a more accurate sentence selection [1, 24].

Second, despite creating a diversified but prevalence-aware
dataset, certain rare pairs of legal action and legal object were
underrepresented in the dataset (such as revoking a subsidy), which
may lead to scalability issues.

Third, entities expressed as pronouns in letter-style decisions
(e.g., “I,” “you”) may create coreference issues for downstream
tasks and may have simplified the NER task.

Fourth, the experimental setup was restricted to a sin-
gle transformer-based token classification model, one LLM
configuration, and one fixed split between training set and
test set. Alternative NER architectures such as span-based or
transformer-based RobBERT (instead of BERTje), alternative
LLM architectures such as LLaMA or Mistral, and multiple-
seed settings, for example, through cross-validation, may yield
different performances. Moreover, although the experiments
were conducted at the sentence level, template leakage can-
not be fully excluded. Administrative decisions often contain
recurring formulations, and certain formulations may be overrep-
resented in the dataset, which could allow models to benefit from
authority-specific or template-specific patterns rather than gener-
alizable entity recognition. Future work should therefore include
document-level evaluation, in which all sentences from a docu-
ment are assigned exclusively to either the training or test set,
or authority-held-out evaluation, in which decisions from one or
more administrative authorities are excluded from training and
used only for testing. Such evaluation settings would better assess
the robustness of the approach and reduce the risk of template
leakage.

Fifth, pre-training BERTje on the larger unlabeled adminis-
trative decisions could provide a stronger baseline and potentially
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amplify the hybrid gains obtained by the strategy adopted in this
study.

Finally, future research should evaluate the influence of
including an RE task on NER performance. Although we observe
that the more sophisticated joint span-based NER-RE model out-
performs the token-based NER model on the same data, future
research should investigate whether these gains indeed stem specif-
ically from the inclusion of RE and thus the inclusion of extra
domain knowledge by comparing a span-based NER task with a
similar span-based NER-RE task.

6. Conclusion

Low-resource legal domains pose a challenge for NER tasks,
as high-quality annotated data are costly and time-consuming to
create. To address this problem, this study examined the use of
LLM-generated pseudo-annotations to augment supervised NER
models in a low-resource legal domain (Dutch administrative
decisions) on a sentence level. Specifically, (1) few-shot GPT-5
was used to generate large-scale pseudo-annotations for five pre-
defined legal entities, after which their performance was evaluated,
and (2) these LLM-generated annotations were used to expand
the training data of two different NER architectures (token-based
NER and span-based NER-RE), after which their impact was
evaluated by comparing multiple training configurations: Gold
(human data only), Silver (LLM data only), and Silver-to-Gold
(LLM-trained model fine-tuned with human data).

Overall, the findings highlight the promise and limitations
of LLM-generated pseudo-annotations: (1) GPT-5 can produce
large-scale annotations, but with uneven quality: legal entities
that are defined explicitly in legislation and consistently expressed
(e.g., public authority, legal object) are captured in a reliable way,
while longer or context-dependent entities (e.g., recipient, legal
basis) remain challenging for LLMs to extract. Furthermore, (2)
although NER models trained solely on LLM-generated annota-
tions underperform compared to NER models trained on human
annotations, fine-tuning these LLM-based models with a smaller
set of human annotations yields performance that slightly sur-
passes NER models trained only on human-labeled data. This
indicates that weakly supervised LLM-generated annotations,
although adding some noise, provide broader training coverage
and can thereby improve performance in low-resource legal NER
tasks. These findings demonstrate promising initial evidence of the
value of hybrid annotation strategies that combine scalable LLM-
generated labels with targeted human supervision, which can offer
a practical approach for developing more scalable and accurate
legal IE systems.
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