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Abstract

This paper addresses the MultiClinAI chal-
lenge, subtask MultiClinNER, which focuses
on clinical Named Entity Recognition (NER)
across seven languages: Czech, Dutch, En-
glish, Italian, Romanian, Spanish, and Swedish.
The main goal of MultiClinNER is to identify
and extract clinical terms specifically related
to diseases, procedures, and symptoms from
discharge summaries. The paper explores a va-
riety of state-of-the-art methods, both monolin-
gual and multilingual, ranging from pretrained,
zero-shot, domain-adapted transformers to fine-
tuned transformer models, and demonstrates
the benefits of ensemble modeling. Data aug-
mentation through external resources signifi-
cantly enhanced the models’ ability to recog-
nize clinical entities. Both monolingual and
multilingual approaches showed complemen-
tary strengths depending on the language and
entity type. The average F1 score achieved
across the best models for each language and
category is 0.6502.

1 Introduction

Automatic recognition of clinical entities in medi-
cal text is a fundamental task in biomedical natural
language processing (NLP), enabling applications
such as clinical decision support, pharmacovigi-
lance, and population-level health analytics.

Clinical Named entity recognition (NER) mod-
els trained on large English clinical corpora like
MIMIC-III1, MIMIC-IV2, i2b2 (Uzuner et al.,
2011), n2c2 (Henry et al., 2020) have shown
strong performance. Most clinical documenta-
tion is in languages other than English, creating
a gap between NLP model capabilities and health-
care needs. The BioASQ3, CLEF4, and BioCre-

1https://doi.org/10.13026/2kv6-1s83
2https://doi.org/10.13026/7qgp-kc16
3http://bioasq.org/
4https://clef2026.clef-initiative.eu/
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ative challenge5 ecosystems play a crucial role in
benchmarking multilingual clinical NER. Evalua-
tion results from recent challenges — DisTEMIST,
which focuses on diseases (Miranda-Escalada et al.,
2022); SympTEMIST, covering symptoms, signs,
and findings (Lima-López et al., 2023); Multi-
CardioNER, addressing diseases and drugs (Lima-
López et al., 2024); and MedProcNER, dedicated
to procedures (Lima-López et al., 2023)—demon-
strate that monolingual BERT-based models con-
sistently achieve high accuracy across these tasks.
In SympTEMIST, the top NER F1 score of 0.7477
was achieved by an ensemble of fine-tuned models,
including BSC-Bio-Es, Roberta-Biomedical-Es,
XLMR-Galen, BETO, and mBERT-Galen. Med-
ProcNER’s best F1 score, 0.7985, came from a
transformer model with masked CRF and data aug-
mentation. DisTEMIST’s highest F1, 0.777, was
reached by fine-tuning PlanTL-GOB-ES/roberta-
base-biomedical-clinical-es. In MultiCardioNER,
the highest F1 score of 0.8199 was achieved with
an ensemble of RoBERTa-based models.

Multilingual transformers such as mBERT,
XLM, and XLM-R allow cross-lingual NLP, but
often do not cover clinical domains. Specialized
models (e.g., BETO for Spanish, CamemBERT
for French, medBERT.de for German) and cross-
lingual transfer methods, such as zero-shot learning
(e.g., GliNER (Zaratiana et al., 2024)), machine
translation, and annotation projection, are used to
improve clinical NER, with varying success de-
pending on the language and domain. Recently,
large language models (LLMs) have shown promis-
ing results in zero-shot clinical NER, although chal-
lenges related to entity boundaries and consistency
of results remain (Lu et al., 2025), (Monajatipoor
et al., 2024).

This paper explores transformer-based ap-

5https://www.ncbi.nlm.nih.gov/research/bionlp/
biocreative9
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proaches for the MultiClinAI challenge part of the
SMM4H workshop (Lopez-Garcia et al., 2026),
subtask 1: MultiClinNER 6, combining domain
adaptation, cross-lingual learning, and enriched
datasets to improve clinical NER across seven Eu-
ropean languages (Czech, Dutch, English, Italian,
Romanian, Spanish, and Swedish). Our code is
available publicly on GitHub 7.

2 Data

The MultiClinNER shared task provides expert-
validated clinical NER data for seven languages:
Spanish, English, Italian, Dutch, Romanian,
Swedish, and Czech (Gallego-Donoso et al., 2026).
The multilingual versions of the corpus are pro-
duced via machine translation from the Spanish
gold standard into each target language. All an-
notations are distributed in BRAT standoff format
with character-level spans and one of three entity
types: Disease, Symptom, or Procedure. The total
annotations differ by language. Since entity types
are provided in separate document sets, we treat the
task as three independent labeling problems and
train a dedicated model for each.

3 Methods

Our approach addresses the entity NER task sepa-
rately for each category and language. We fine-tune
a separate encoder model for each category and lan-
guage due to differences in their training datasets
and overlapping entities across categories.

The high-level NER pipeline implemented for
different categories and languages is presented in
Figure 1. It consists of four main steps with slight
variations in the implementation in different lan-
guages:

Splitting into chunks - since the discharge sum-
maries are quite long and exceed the maximum
length for the standard encoder models, we use sen-
tence splitting or a sliding window to process each
part of the summary and then combine the results.

Entity token classification - we fine-tune BERT-
based models on the token classification task using
BIO tagging, where each token is classified as Be-
ginning, Inside, or Outside an entity. For some
experiments, we add a CRF layer on top of the
classifier.

6https://temu.bsc.es/MultiClinAI/
7https://github.com/svassileva/enigma_

multiclinai

Multi-model ensembling - we optionally apply
ensembling of model predictions by using a major-
ity or weighted voting on the span-level predictions.
Depending on the language, a different number of
models is used in the ensemble due to training time
constraints.

Post-processing - we apply some minor post-
processing like cleaning up punctuation and whites-
paces, and predictions shorter than 2 characters.

3.1 Chunking Strategies
For chunking, we use two different strategies for
the different languages:

Sentence splitting - we apply it to Spanish and
Czech. For Spanish, we use the SPACCC Sentence
Splitter 8. For Czech, we use punctuation heuristics
with a curated list of Czech abbreviations (e.g.,
mudr., např.).

Sliding window - we use a sliding window ap-
proach for English, Romanian, Italian, and Dutch.
Token-level logits for words that appear in multiple
windows are aggregated via mean pooling.

3.2 Token Classification
For fine-tuning the BERT-based models, we use
the train set provided by the organizers. We retain
sentences without entities to prevent recall bias. We
use the same token classification fine-tuning across
all languages, with additional variations applied
to Czech. The models and hyperparameters for
fine-tuning are listed in Appendix Sections B and
C.

For Dutch, we applied filtering on the training
data before model training: We removed docu-
ments shorter than 100 characters, dropped annota-
tions longer than 10 words (which we considered
likely projection errors), and excluded annotations
that contained only punctuation or had invalid char-
acter offsets. This resulted in removing about 2%
of the labeled mentions.

We experiment with data augmentation for
Czech, using up-sampling of sentences with en-
tities, as well as morphological synonym augmen-
tation based on a medical dictionary. For Czech,
we also experiment with additional CRF layer (Laf-
ferty et al., 2001) that enforces valid BIO transi-
tions via Viterbi decoding, preventing invalid label
sequences (e.g., I-X after O).

Tokenizer artifact XLM-RoBERTa’s Sentence-
Piece byte-fallback emits overlapping tokens at

8SPACCC Sentence Splitter
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Figure 1: The high-level NER pipeline used for different categories and languages. Multi-model ensembling is an
optional step.

identical character offsets (∼4 per Czech clinical
document), causing contradictory B→B training
signal and spurious short predicted spans. Dur-
ing training, overlapping tokens are assigned label
−100 and excluded from the loss. During infer-
ence, such tokens extend rather than split the cur-
rent span. As a post-filter, spans of ≤1 character
are discarded, and 2-character spans are retained
only if fully uppercase (valid abbrv. such as DM,
HT).

Morphological synonym augmentation - Czech
Czech is morphologically rich: the same medi-
cal concept may appear in many inflected surface
forms (e.g., hypertenze → hypertenzí, hypertenzi).
We build a Czech medical synonym dictionary
(1,399 entries, 887 morphological families) and
generate augmented documents by replacing rare
entity surface forms (frequency ≤5) with morpho-
logical variants, yielding 2,161 - 2,271 new docu-
ments per entity type - more than tripling the train-
ing set size.

LLM paraphrase augmentation - Czech We
additionally generated paraphrases using GPT-
4.1-mini following the BioSynNER methodology
(Lima López et al., 2026), prompting the model to
rewrite clinical sentences while preserving entity
spans. This provided an additional 0.002-0.004 F1
gain on the development set beyond morphological
augmentation.

3.3 Ensembling Strategy

We experiment with two different ensembling
strategies for different languages at the span level.
We perform experiments with varying numbers of
fine-tuned models in the ensemble.

For Italian, we combine the four model predic-
tions via span-level agreement majority voting - a
candidate span is accepted if at least K=2 mod-
els predict it, irrespective of span boundaries. This
majority-agreement strategy balances precision and
recall without tuning model weights.

For Dutch, we perform majority voting over 5
model predictions, which yields the best results
in test-set experiments. A span is predicted if at
least 3 models agree on it. We also experimented
with averaging the model outputs; however, this
approach can miss entities predicted by a single
model that may still be correct. Therefore, we take
the union of all model predictions in part of our
experiments. When two predictions overlap, we
keep the longer one.

In the case of Czech, we combine four
model checkpoints via span-level weighted voting
(weights proportional to development F1). We use
XLM-RoBERTa, two checkpoints of RobeCzech
trained with different data augmentation methods,
and GPT-4.1-mini zero-shot.

3.4 Post-processing

Predictions were passed through a deterministic
post-processing stage that: normalized span bound-
aries to valid document offsets, dropped dupli-
cates, removed trailing punctuation, filtered invalid
punctuation-only spans, and merged overlapping or
immediately adjacent spans when the gap consisted
only of whitespace or simple connector characters
(hyphen, dash, or slash). In addition, we removed
Dutch-only stopwords and numbers.

4 Experiments and Results

We split the train set into two parts - train and
validation (80%/20%), and conduct initial experi-
ments using the validation set. The best performing
models on the test set for different languages and
categories are shown in Table 1.

4.1 Fine-tuning Improvements

In our Czech experiments, Morphological aug-
mentation is the single most impactful interven-
tion, adding ≈4 F1 points over the non-augmented
baseline (0.657 → 0.710 - 0.712). CRF decoding
adds a small consistent gain over softmax. De-
spite being Czech-specific, RobeCzech slightly
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Language Model Disease F1 Procedure F1 Symptom F1

Czech RobeCzech + morph. aug. 0.6552 - -
XLM-R + CRF 0.6381 0.6552 0.5960
XLM-R + RobeCzech (weighted) 0.6148 0.6492 0.5949
RobeCzech + oversampling - 0.6620 0.6070

English XLM-R 0.7452 0.7019 0.6641
XLM-R + GliNER_multi-v2.1 0.7376 - -
GliNER_multi-v2.1 0.1697 - -

Spanish CLIN-X-ES 0.6845 0.6734 0.5451
RigoBERTa-Clinical 0.6834 0.6764 0.5454

Italian 4-model ensemble (majority) 0.7055 0.3873 -
medbit-r3-plus 0.3484 - 0.5958
bioBIT - - 0.6133

Dutch 5-model ensemble (majority) 0.7119 0.7083 0.6055
3-model ensemble (majority) 0.6868 0.6855 0.5823
4-model ensemble (union) 0.5336 0.5757 0.4815

Romanian XLM-R 0.6920 0.7087 0.6302
XLM-R + GliNER 0.6902 - -
GliNER 0.1072 - -

Table 1: Overall results on the test set for all languages and categories using strict F1.

lags XLM-RoBERTa under morphological augmen-
tation alone (0.698 vs. 0.710), but benefits more
from LLM paraphrases, reaching 0.714 as the best
single model. Oversampling (OS×1) yields no
additional gain beyond morphological augmenta-
tion, though it helps without augmentation. The
tokenizer artifact fix improves the performance
between 13-14% based on the entity type as shown
in Table 2.

4.2 Ensemble Performance
In general, we see performance improvement of
ensembles over individual models.

For Italian disease entities, the 4-model ensem-
ble (bioBIT + medbit-r3-plus + umberto + xlmr)
achieves strict F1 = 0.706, outperforming a single
model (MedBIT-r3-plus, F1 = 0.348) by a substan-
tial margin. The difference is explained by an issue
in determining the entity boundaries, which was
resolved for the ensemble. The character-level F1
difference between the ensemble and the single
model is smaller: 0.7832 vs 0.7706.

For Dutch, majority voting with 5 models
(MedRoBERTa.nl + dragon-bert + robbert-v2-
dutch-ner + wikineural-multilingual-ner + xlmr-
ner-hrl) performed best, with an average F1 across
the three categories of 0.67. When comparing a

3-model ensemble (MedRoBERTa.nl + robbert-v2-
dutch-base + dragon-bert) using majority voting
and a 4-model (xlmr + MedRoBERTa.nl + robbert-
v2-dutch + dragon-bert) one using the union of
all predictions, the former scored 0.65 on average,
while the latter only scored 0.53.

For Czech, the weighted voting achieves F1 =
0.738, outperforming the best single model by 2.4
points. Including GPT-4.1-mini increases recall
(0.719 → 0.730) without substantially hurting pre-
cision, since 65.8% of its correct finds are entities
missed by all fine-tuned models.

5 Conclusion

We developed separate models for each entity cat-
egory and language and experimented with using
different BERT-based models for token classifica-
tion and ensembling their predictions. The ensem-
bles outperform the individual models that com-
prise them, and we experimented with majority and
weighted span-level voting in different languages.
Furthermore, we performed different experiments
for different languages, including morphological
and GPT-4.1-mini augmentation, as well as identi-
fied a fix for the XLM-R tokenizer, which improved
the model performance.
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Limitations

Experiments were conducted on the MultiClinNER
dataset, and the results may not generalize directly
to other datasets. The ensembling methods are im-
proving the strict F1 scores; however, they may not
be feasible in a clinical setting due to computational
cost and inference time constraints.
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A Tokenizer Artifact Fix Experiments

The SentencePiece byte-fallback fix brought sub-
stantial precision gains (Table 2), confirming that
overlapping token positions were generating a large
number of spurious short entity spans. Disease pre-
cision improved from 0.565 to 0.708; symptom
from 0.564 to 0.695.

Entity System P R F1

Disease Ensemble (pre-fix) 0.565 0.674 0.615
Ensemble (post-fix) 0.708 0.675 0.691

Procedure Ensemble (pre-fix) 0.617 0.685 0.649
Ensemble (post-fix) 0.634 0.692 0.662

Symptom Ensemble (pre-fix) 0.564 0.629 0.595
Ensemble (post-fix) 0.695 0.582 0.634

Table 2: Test set impact of the SentencePiece tokenizer
artifact fix.

B Models

The list of models used for different languages is
shown in Table 3.

C Hyperparameters

The hyperparameters used for different languages
and models are listed in Table 4. Training was
performed in Google Colab with an A100 or an L4
GPU, depending on the model size.
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Model Multi-
lingual

Domain Languages

bioBIT (Buonocore et al., 2023) No Biomedical Italian
medBIT-r3-plus (Buonocore et al., 2023) No Clinical Italian
umberto (Parisi et al., 2020) No General Italian
xlm-roberta-base/large (Conneau et al., 2020) Yes General all
roberta-base-biomedical-clinical-es (Carrino
et al., 2021)

No Biomedical /
Clinical

Spanish

CLIN-X-ES (Lange et al., 2022) No Clinical Spanish
RigoBERTa-Clinical (Subies et al., 2025) No Clinical Spanish
XLM-R_Galén (López-García et al., 2021) No Clinical Spanish
GliNER_multi-v2.1 (Zaratiana et al., 2024) Yes General English, Romanian
MedRoBERTa.nl (Verkijk and Vossen, 2025) No Biomedical Dutch
RobBERT-v2-dutch-ner (Delobelle et al.,
2020)

No General Dutch

Dragon-BERT (Bosma et al., 2025) No Mixed Dutch
WikiNEURAL multilingual NER (Tedeschi
et al., 2021)

Yes General Dutch

XLM-RoBERTa multilingual NER 9 Yes General Dutch
robeczech-base (Straka et al., 2021) No General Czech

Table 3: List of models used for fine-tuning on different languages

GliNER was fine-tuned on all three categories
per language - English and Romanian. The GliNER
labels were identified via manual testing on the
base model: "disease or medical condition", "ab-

normality", "symptom or sign", "clinical procedure
or clinical intervention", and "treatment". The pre-
diction threshold was set to 0.65.
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Language Model LR BS E P

Italian BioBIT 3×10−5 16 10 bf16
MedBIT-r3-plus 3×10−5 16 10 bf16
UmBERTo 3×10−5 16 10 bf16
XLM-RoBERTa 2×10−5 16 10 bf16

Spanish RigoBERTa-Clinical 2×10−5 64 10 bf16
Clin-X-ES 2×10−5 64 10 bf16

English XLM-RoBERTa 2×10−5 8 5 bf16
GliNER 5×10−5 8 3 bf16

Romanian XLM-RoBERTa 2×10−5 8 5 bf16
GliNER 5×10−5 8 3 bf16

Dutch XLM-RoBERTa 1×10−5 8 12 fp16
MedRoBERTa.nl 2×10−5 8 7 fp16
DRAGON BERT 2×10−5 8 7 fp16
RobBERT NER 2×10−5 8 7 fp16
WikiNEURAL multilingual NER 2×10−5 8 7 fp16
XLM-RoBERTa multilingual NER 2×10−5 8 7 fp16

Czech RobeCzech 2×10−5 16 10 fp16
XLM-RoBERTa 2×10−5 16 10 fp16

Table 4: Hyperparameters used for training the models for different languages. LR - learning rate, Opt - optimizer,
WD - weight decay, BS - batch size, E - epochs, P - precision, S - schedule, WR - warmup ratio. Common parameters
for all models Opt - AdamW, WD - 0.1, S - linear, WR - 0.01.
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