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Abstract

Clinical language models are typically pre-
trained with self-supervised objectives whose
geometry reflects linguistic co-occurrence
rather than clinical knowledge structure. For
downstream tasks that operate directly on the
representation space, without task-specific
fine-tuning, this gap limits what the model
can do. We introduce DOKTERBERT (Dutch
Ontology-grounded Knowledge-injected
Text Encoder for Representations using
BERT), a Dutch clinical language model
pre-trained with a structure-aware contrastive
objective that aligns contextual span repre-
sentations to SNOMED concept anchors,
with negative pressure weighted by graph
distance in the SNOMED hierarchy. We
evaluate DOKTERBERT against three Dutch
baselines (RobBERT, MedRoBERTa.nl,
and MedRoBERTa.nl-SapBERT) through
supervised named entity recognition on
MultiClinNER-nl and an unsupervised
representation analysis spanning retrieval,
clustering, entity linking, and concept-level
separation. On supervised NER, all four
models perform comparably; on the rep-
resentational evaluations, DOKTERBERT
separates from every baseline. Standard fine-
tuning evaluation obscures pre-training-level
differences in representation quality that
representation analysis exposes, and these
differences matter for clinical applications that
depend on embedding geometry.

1 Introduction

Clinical natural language processing increasingly
relies on contextual language models, whose repre-
sentations underpin a growing range of downstream
tasks. These representations are learned through
self-supervised objectives on clinical text, and their
geometry reflects the statistical co-occurrence struc-
ture of that text rather than the structure of clinical
knowledge itself. Two concepts that are clinically

distinct may appear in systematically similar con-
texts; two that are clinically equivalent may co-
occur rarely through discourse structure alone. The
resulting representation space encodes linguistic
distribution, not clinical meaning.

For tasks that use the geometry directly, without
task-specific fine-tuning, the ability of the space to
resolve fine-grained clinical distinctions largely de-
termines what the model can do. Similarity-based
retrieval, clustering, and anomaly detection over
clinical text all depend on the representation space
having clinical structure rather than only linguistic
structure. These tasks operate on clinically informa-
tive spans extracted from noisy text; named entity
recognition provides the filter that isolates those
spans, making the quality of the underlying repre-
sentation space consequential rather than hidden
beneath the noise of full-document pooling.

We introduce DOKTERBERT (Dutch Ontology-
grounded Knowledge-injected Text Encoder for
Representations using BERT), a Dutch clinical lan-
guage model pre-trained with a structure-aware
contrastive objective that aligns contextual span
representations to SNOMED CT (Donnelly, 2006)
concept anchors. SNOMED CT is the international
standard clinical terminology, organising clinical
concepts into an IS-A hierarchy that supports se-
mantic comparison between concepts. The con-
trastive signal is weighted by graph distance in
the SNOMED hierarchy, concentrating discrimi-
native pressure on semantically adjacent concepts.
We evaluate on MultiClinNER-nl (Gallego-Donoso
et al., 2026), the Dutch subtask of the MultiCli-
nAl shared task at the SMM4H/HeaRD workshop
(Lopez-Garcia et al., 2026), through supervised
named entity recognition and an unsupervised rep-
resentation analysis against three Dutch baselines.
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Figure 1: DOKTERBERT pre-training pipeline. Spans extracted from the corpus are linked to SNOMED concepts
(stages 1-3) and aligned to concept anchors through distance-weighted contrastive pre-training (stage 4).

2 Related Work

The Dutch clinical NLP landscape is narrow.
MedRoBERTa.nl (Verkijk and Vossen, 2021)
adapts RoBERTa to Dutch clinical text through pre-
training on hospital-based electronic health records,
and is the backbone for downstream clinical NLP
in Dutch. Its pre-training corpus does not include
primary care text, which limits its coverage of the
linguistic register and clinical vocabulary used in
general practice. MedRoBERTa.nl has no ontology
grounding: its geometry reflects the distribution of
its pre-training corpus rather than the structure of
clinical knowledge. Term-level ontology ground-
ing is introduced by SapBERT (Liu et al., 2021),
which contrastively aligns isolated concept names
against UMLS; MedRoBERTa.nl-SapBERT (Har-
tendorp et al., 2024) extends this to Dutch clinical
terminology by applying the SapBERT objective
on top of MedRoBERTa.nl. Both operate on iso-
lated terms rather than on spans in clinical context
and were designed for entity linking rather than as
general contextual encoders.

3 Method

DOKTERBERT is trained through the pipeline in
Figure 1: candidate spans are extracted from a
Dutch clinical corpus, linked to SNOMED con-
cepts, and aligned to concept anchors through
distance-weighted contrastive pre-training.

3.1 Pretraining Corpus and Initialization

DOKTERBERT is initialized from
MedRoBERTa.nl and continues pre-training
on 2.33 GB of Dutch clinical text: GP consultation
notes from the AHON registry (Twickler et al.,
2024), Nederlands Tijdschrift voor Geneeskunde
(NTVG) articles, clinical and pharmacological
guidelines, and patient-facing health information
(Table 1). This extends MedRoBERTa.nl’s
hospital-based foundation into primary care.
Reference and educational sources were included
to broaden SNOMED concept coverage beyond
routine GP consultations, addressing the long tail
of clinical terminology the contrastive objective
requires.

Source Size (GB)
GP consultation notes 1.14
NTVG articles 0.91
NHG guidelines 0.13
Dutch medical Wikipedia 0.06
Apotheek.nl 0.05
Farmacotherapeutisch Kompas 0.02
MultiClinNER-nl (train) 0.01
UMCG patient information 0.004
RIVM 0.004
Total 2.33

Table 1: DOKTERBERT pre-training corpus by source.

3.2 Span Extraction

Candidate medical spans are extracted from the
corpus using spaCy dependency parsing, retain-
ing nouns, noun phrases, proper nouns, and stan-
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dalone adjectives. This yields 69.8M candidate
spans across the corpus.

3.3 SNOMED Linking

Each candidate span is linked to a SNOMED CT
concept by exact string match against the Dutch
SNOMED term set, with a SapBERT-based similar-
ity fallback (cosine threshold 0.85) for unmatched
spans. Spans below threshold are excluded from
contrastive training.

This produces 11.4M linked spans covering
30,408 unique SNOMED concepts, with roughly
half of linking from exact match and half from
SapBERT similarity.

3.4 Contrastive Pre-training

Span and anchor representations. Span repre-
sentations s are mean-pooled final-layer hidden
states of the span tokens in their original sentence.
Concept anchors a. are the [CLS] embedding of
each concept’s preferred Dutch term under the base
model, held fixed during training.

SNOMED graph distance. Concept distances
d(c;, ¢;) are shortest-path lengths in the SNOMED
IS-A hierarchy, precomputed for all pairs in the
training corpus.

Distance-weighted contrastive loss. Let z(c) =
exp(sim(s, a.)/7) denote the exponentiated co-
sine similarity between span s and anchor a,
where 7 is a temperature hyperparameter. The
InfoNCE loss with graph-distance-weighted nega-
tives is

z(c™)

LinfoNcE = — log

(D
where N is the set of negative concepts drawn
from other medical spans in the same batch, with
c™ excluded, and the weight function is

w(ch,e) = exp<—d(6+’c_)) ) (2)

g

The weight function concentrates contrastive pres-
sure on semantically adjacent concepts.

Training objective. The contrastive loss is com-
bined with standard masked language modeling
loss:

Liotal = Lmim + @ - LinfoNCE- 3)

2eh) + Lemenwlet, e7) z(e7)

Training details. We continue pre-training from
MedRoBERTa.nl for one epoch with contrastive
weight a = 0.2, temperature 7 = 0.07, and graph-
distance decay o = 15. Full hyperparameters are
listed in Appendix A.

4 Experiments and Results

4.1 Supervised Named Entity Recognition

Table 2 reports per-entity F1 on MultiClinNER-nl.
All four models fall within a narrow band, with
general-purpose RobBERT (Delobelle et al., 2020)
slightly ahead of the clinical models.

4.2 Unsupervised Representation Analysis

We evaluate the geometric organisation of span rep-
resentations in the held-out MultiClinNER develop-
ment set. For each gold entity span, we mean-pool
the token hidden states at the span’s position to pro-
duce a contextual span embedding, leaving 1,350
spans across 120 SNOMED concepts. The results
are reported in Table 3.

Retrieval. For each span, we identify its nearest
neighbour in the embedding space by cosine sim-
ilarity, and record whether the neighbour shares
the same SNOMED concept. DOKTERBERT
retrieves concept-matched neighbours more of-
ten than any baseline, while MedRoBERTa.nl-
SapBERT’s nearest neighbours share a concept less
than a third of the time, below both non-grounded
models. Same-concept spans end up adjacent
in DOKTERBERT’s space; in MedRoBERTa.nl-
SapBERT’s space, applied to contextual spans
rather than isolated terms, they do not.

Clustering. We run k-means with £ = 50 on the
span embeddings, then measure how well the result-
ing clusters align with SNOMED concept labels.
Normalised mutual information (NMI) quantifies
how much the cluster assignments and the con-
cept labels share, and adjusted Rand index (ARI)
measures pairwise agreement corrected for chance.
DOKTERBERTs clusters align most closely with
SNOMED structure on both metrics. The ARI gap
between DOKTERBERT and the rest is larger than
the NMI gap, reflecting that the other models pro-
duce clusters that are correlated with concept labels
but not consistently aligned at the pairwise level.

Entity linking. For each span we compute cosine
similarity to its correct SNOMED concept anchor,
obtained by encoding the preferred term in isola-
tion, and to a random concept anchor. The discrimi-
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F1

Model DISEASE PROCEDURE SYMPTOM Macro
RobBERT 0.7115 0.7410 0.6622 0.7049
MedRoBERTa.nl 0.7116 0.7334 0.6532 0.6994
MedRoBERTa.nl-SapBERT  0.7047 0.7270 0.6493 0.6936
DOKTERBERT 0.7161 0.7310 0.6513 0.6995

Table 2: Supervised NER on MultiClinNER (dev set). Macro F1 averages across the three entity types.

Retrieval Clustering Entity linking Intra/inter
Model NN same-concept NMI  ARI  Discrim. gap Ratio
RobBERT 0.567 0.835 0.507 +0.045 1.13
MedRoBERTa.nl 0.563 0.824 0.537 +0.108 1.62
MedRoBERTa.nl-SapBERT 0.288 0.715 0.389 +0.170 1.43
DOKTERBERT 0.607 0.903 0.729 +0.592 3.46

Table 3: Representational analysis on MultiClinNER dev (120 SNOMED concepts, 1,350 contextual spans).

nation gap is the difference. DOKTERBERT’s gap
exceeds half a cosine similarity unit; every baseline
stays below 0.2.

Intra/inter-concept separation. For concepts
with at least three spans in the evaluation set, we
compute the average pairwise similarity within
the same concept and between different concepts.
Their ratio captures cluster compactness and sepa-
ration together. DOKTERBERT’s ratio exceeds
3, meaning same-concept spans are more than
three times as similar to each other as they are
to different-concept spans. The baselines cluster
between 1.1 and 1.6, indicating only mild concept-
level separation.

5 Discussion

The evaluations give a consistent picture. Super-
vised fine-tuning overrides pre-training geometry
to the point where clinical specialization provides
no measurable advantage; further gains on super-
vised NER will come from scaling the training
set or the model, with large language models a
plausible next step, not from pre-training innova-
tions at this scale. On the representation evalua-
tions, DOKTERBERT separates from every base-
line. MedRoBERTa.nl and RobBERT have no ex-
plicit link between their geometry and clinical con-
cept structure; their embedding spaces reflect lin-
guistic co-occurrence rather than clinical meaning.
MedRoBERTa.nl-SapBERT trails DOKTERBERT
most sharply on the task it was designed for, be-

cause its objective aligns isolated terms rather than
contextual spans. A representation that strips con-
text to concept identity reduces to symbolic con-
cept lookup; the value of a learned embedding is
the contextual information it carries, so that two
instances of the same concept qualified differently
receive different representations.

The two regimes are complementary. NER ex-
tracts clinically informative spans from noisy text;
unsupervised representation tasks operate on those
spans. Where labelled data is abundant, the start-
ing geometry matters little. In the more common
clinical setting where annotation is expensive, in-
consistent across sites, or unavailable for rare pre-
sentations and novel syndromes, supervised fine-
tuning is not a viable option, and representation
quality determines what downstream systems can
do. Where tasks depend on the embedding space
itself, such as similarity-based retrieval, clustering,
and anomaly detection over clinical text, the gap is
large and observable. Unsupervised representation-
based systems for clinical surveillance (Homburg
et al., 2026) operate in this regime. DOKTER-
BERT is the first Dutch clinical language model
to align contextual span representations directly to
SNOMED concept anchors, providing a represen-
tation substrate for clinical applications that cannot
rely on task-specific fine-tuning. More broadly, our
results show that supervised fine-tuning evaluation
obscures differences in representation quality that
representation analysis exposes.
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Limitations

The contrastive training signal depends on the qual-
ity of the span-to-concept linker. Our two-stage
linker (exact match against the Dutch SNOMED
term set, with a SapBERT similarity fallback at
cosine 0.85) introduces errors at both stages: exact
match misses surface variants such as abbrevia-
tions, spelling variants, and inflected forms, ex-
cluding them from training, while the similarity
fallback can assign wrong concepts when a near
neighbour sits above threshold. We did not evalu-
ate linker precision or recall directly, so the extent
of these errors is unknown. Concepts the linker
systematically mislinks will have distorted geome-
try, and concepts it misses entirely will have none.
The geometry reflects the linker’s decisions, not
SNOMED structure in any pure sense.

Our representation evaluations use SNOMED
concept identity as ground truth, the same structure
used in the contrastive objective. This is appro-
priate for measuring whether the model encodes
clinical concept structure, but does not address
whether the geometry transfers to tasks whose la-
bel structure differs from SNOMED. The super-
vised NER evaluation provides one independent
check, with DOKTERBERT at parity with base-
lines on a SNOMED-free task, but extrinsic evalu-
ation across diverse clinical applications is left to
future work. A related question concerns coverage:
the contrastive objective sees 30,408 SNOMED
concepts in training, a small fraction of the full
ontology, and whether the geometry generalizes to
concepts absent from training is not something our
evaluation addresses.

NER results are from single fine-tuning runs
without seed averaging. Differences within roughly
one F1 point are within typical seed variance; the
narrow-band observation is robust to seed choice,
but specific orderings within the band are not.

Ethics Statement

This study complies with the Declaration of
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Code and Data Availability

The DOKTERBERT pre-trained model is available
athuggingface.co/gijsdanoe/DOKTERBERT and
the training code at github.com/gijsdanoe/
DOKTERBERT.

The MultiClinNER-nl benchmark is available
to shared task participants through the organisers.
The pre-training corpus combines openly avail-
able Dutch clinical and health-information sources,
NTVG content under a formal access agreement
with the publisher, and GP consultation notes from
the AHON registry. All sources were obtained
with formal approval. AHON contains confidential
patient health information and cannot be made pub-
licly available; access requires application to the
AHON steering committee.
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A Hyperparameters

Table 4 reports the full set of training hyperparam-
eters for DOKTERBERT continued pre-training.
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