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Abstract

This paper describes the BIT.UA sys-
tem for the MultiClinNER shared task at
#SMM4H–HeaRD 2026, targeting multi-
lingual clinical named entity recognition
across seven languages for three entity types
(Disease, Procedure, Symptom). We extend
the Multi-Head CRF architecture, originally
developed for multi-class NER on Spanish
clinical text, to the multilingual setting. To
enable joint multi-entity training despite per-
entity text variations in the dataset, we develop
an adaptive text consolidation pipeline that
preserves over 94% of annotations. Our central
finding is that a single xlm-roberta-large model,
trained jointly on all seven languages and
three entity types, achieves competition rank 2
for five of seven languages, outperforming
dedicated monolingual models by up to +6.94
F1 points, while requiring only a single set
of weights. Ensembling multiple seeds of
this model achieves rank 1 for those five
languages, and combining it with monolingual
models yields rank 1 for the remaining
two. Code and models are publicly avail-
able at https://github.com/ieeta-pt/
Multi-Head-CRF/tree/MultiClinNER and
https://huggingface.co/collections/
IEETA/multiclinner-models.

1 Introduction

Clinical named entity recognition (NER) is fun-
damental to extracting structured information
from medical narratives, supporting tasks such as
clinical decision-making and epidemiological re-
search (Raza et al., 2022; Durango et al., 2023;
Jonker et al., 2024a). While progress has been
made for English clinical NER, most languages
lack the annotated corpora and domain-specific lan-
guage models needed to build competitive systems
(Elvas et al., 2025).

The MultiClinNER shared task (Gallego-
Donoso et al., 2026; Lopez-Garcia et al., 2026)

addresses this gap by providing comparable clinical
NER annotations across seven languages: Czech,
Dutch, English, Italian, Romanian, Spanish, and
Swedish, and for three entity types: Disease, Symp-
tom, and Procedure.

Our system extends the Multi-Head CRF archi-
tecture (Jonker et al., 2024a), originally developed
for multi-class biomedical NER on Spanish clin-
ical notes. The central question we investigate
is whether a single multilingual model can match
or exceed the performance of dedicated monolin-
gual systems, each with its own domain-specific
model and hyperparameter tuning. This question
has practical significance: maintaining separate
NER pipelines for each language and entity type is
expensive in terms of development effort, compute,
and deployment complexity. If a single model can
serve all languages competitively, it dramatically
reduces the barrier to multilingual clinical NLP
adoption. Our contributions are:

1. A systematic comparison showing that jointly
training a model on 7 different languages al-
ways outperforms its monolingual counter-
part.

2. A systematic comparison showing that a sin-
gle multilingual model outperforms optimized
monolingual models for five of seven lan-
guages.

3. An entity-level ensemble boosts performance,
achieving rank 1 in the official competition for
all seven languages across our submissions.

2 Related Work

The Multi-Head CRF model (Jonker et al., 2024a)
was introduced for multi-class biomedical NER
on Spanish clinical text, combining datasets
from SympTEMIST (Lima-López et al., 2023b),
MedProcNER (Lima-López et al., 2023a), Dis-
TEMIST (Miranda-Escalada et al., 2022), and Phar-
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maCoNER into a unified five-class corpus. The
architecture places multiple CRF heads on a shared
transformer backbone, enabling detection of over-
lapping entities across classes with single-model
efficiency. This architecture was further shown to
already be state of the art in the MultiCardioNER
competition related to single entity cardiological
NER (Jonker et al., 2024b). Our work extends this
to the multilingual setting.

The MultiClinNER training data builds on the
Spanish Clinical Case Corpus (Intxaurrondo and
Krallinger, 2018) and CardioCCC (Lima-López
et al., 2024), with multilingual versions created
through machine translation and expert validation.
Cross-lingual transfer via multilingual pre-trained
models such as XLM-RoBERTa (Conneau et al.,
2019) has shown strong results in general-domain
NER but remains underexplored for clinical text.
Our work evaluates whether such transfer can sub-
stitute for language-specific clinical backbones.

3 Methodology

Our approach consists of three components: (1) a
data consolidation pipeline that unifies per-entity
text variants into a single document for joint train-
ing, (2) the Multi-Head CRF model, and (3) an
entity-level majority-vote ensemble over multiple
model seeds. We train both language-specific mod-
els using monolingual backbones and a single mul-
tilingual model using xlm-roberta on all seven lan-
guages jointly. The following subsections describe
each component in detail.

3.1 Data
The MultiClinNER training data contains 1,258
clinical case reports per language across seven lan-
guages, covering Disease, Symptom, and Proce-
dure entities. For all languages except Spanish,
each entity type has its own text version; anno-
tators independently corrected machine-translated
clinical concepts, sometimes producing conflicting
corrections across entity types. This prevents di-
rect multi-entity training with the Multi-Head CRF,
which requires a single text with aligned spans for
multiple entity types.

3.1.1 Adaptive Text Consolidation
We developed a pipeline that selects a single canon-
ical text per document. For documents with diver-
gent text variants, each variant is considered as a
candidate anchor. Annotations from the other entity
types are realigned using exact positional matching,

falling back to contextual similarity (30-character
window, SequenceMatcher threshold > 0.6). The
anchor retaining the most annotations is selected.
This partially reverses annotator corrections for
non-anchor entity types, but is necessary to lever-
age the multi-head architecture for joint multi-
entity prediction. Table 1 shows retention rates
of 93.82–100%.

Table 1: Annotation consolidation statistics. Ret.: %
preserved. Symptom/Disease/Procedure: anchor wins
per entity type.

Lang. Ret.(%) Lost S D P

ES 100.0 – – – –
EN 99.59 316 279 836 143
NL 99.37 492 245 864 149
CZ 98.16 1,471 512 596 150
SV 97.13 2,255 403 527 328
IT 94.85 4,149 516 302 440
RO 93.82 4,868 604 348 306

Documents were split 830/428 for train-
ing/validation per language. A mixed multilingual
dataset was created by concatenating all languages
(552,567 annotations). At test time, inference ran
on each entity-type text variant using the same
model.

3.2 Model Architecture

We use the Multi-Head CRF (Jonker et al., 2024a):
a shared transformer encoder with one CRF head
per entity type, each decoding BIO sequences inde-
pendently. Training minimizes the sum of negative
log-likelihood losses across heads. We trained two
model families: (i) language-specific models using
monolingual backbones, and (ii) a single multi-
lingual model using xlm-roberta (base for most
validation, large for official submissions) on the
mixed 7-language dataset. For each language, we
swept over context size {32, 64}, CRF hidden lay-
ers {1, 3}, and augmentation (random/unknown to-
ken replacement or none). Fixed hyperparameters
are listed in Table 8 (Appendix).

3.3 Experimental Setup

For final submissions, the top 5 configurations per
language were retrained on the full dataset across
4 seeds, yielding up to 20 models per language.
Seed diversity was prioritized since the F1 range
across configurations was narrow (≤1.74 points).
Predictions were combined via entity-level major-
ity voting, retaining spans in ≥⌈N/2⌉ models. We
submitted five runs per language: single best multi-
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lingual (ML-1), single best monolingual (Lang-1),
and ensembles of multilingual (∼ 8 models, ML-
ens), monolingual (11-20 models, Lang-ens), and
all runs (All-ens). Details on how many models
were trained per language can be seen in Table 13,
in the Appendix.

4 Validation Experiments

We performed a large amount of validation experi-
ments, and across 272 runs, the architecture proved
robust to hyperparameter variation (σ ≤ 0.48,
∆ ≤ 1.74 F1, Table 2), as found in the original
paper. In general the backbone model selected
has a much higher impact than any hyperparame-
ter tuning done, as shown in the Appendix (Table
7). The ablation tables in the Appendix further
examine individual hyperparameter effects: con-
text size 64 consistently outperforms 32 across all
languages (Table 9), three CRF hidden layers gen-
erally improve over one (Table 10), augmentation
via random or unknown token replacement yields
small but consistent gains over no augmentation
(Table 11), and training for 60 epochs helps for
most languages except Dutch and Romanian where
it leads to slight degradation (Table 12). Fixed
training hyperparameters are listed in Table 8.

Table 2: Hyperparameter sensitivity on validation
F1 (%).

Lang. Best Worst ∆ σ n

ES 80.71 79.93 0.78 0.22 24
EN 73.87 72.97 0.90 0.25 24
IT 70.62 69.71 0.91 0.24 22
CZ 69.98 68.84 1.15 0.28 33
RO 67.58 66.34 1.24 0.27 25
SV 70.51 69.19 1.31 0.32 24
NL 68.98 67.24 1.74 0.48 22

Table 3 compares three strategies. A single xlm-
roberta-base model trained on all seven languages
(XLM-Mix) outperforms the best optimized mono-
lingual backbone for 5/7 languages, despite using a
single fixed configuration rather than per-language
hyperparameter search. Only Spanish and English,
which have strong clinical-domain backbones as
well as being much higher resource languages, do
not follow this finding. Notably, training multilin-
gually consistently improves over training the same
xlm-roberta-base backbone per-language (XLM-
Mono), demonstrating genuine cross-lingual trans-
fer rather than simply a better pre-trained model.

Table 4 reports results for the mixed setting. The
xlm-roberta-large model achieved a peak F1 of 74.1

Table 3: Validation F1 (%): best monolingual after
hyperparameter search (Mono, best of 14–33 configs)
vs. xlm-roberta-base per-language (XLM-M) and on
all languages (XLM-Mix), both single fixed configs.
†Clinical pre-training.

XLM-RoBERTa

Lang. Backbone Mono XLM-M XLM-Mix

ES roberta-es-clin.† 80.71 77.75 78.01
EN PubMedBERT-b.† 73.87 71.42 72.59
IT medBIT† 70.62 69.75 71.71
SV bert-base-sv 70.51 70.63 72.48
CZ RobeCzech-b. 69.98 69.59 71.14
NL MedRoBERTa.nl† 68.98 69.42 71.31
RO bert-base-ro 67.58 67.77 69.21

during training but suffered from gradient instabil-
ity across runs, particularly at longer training du-
rations. The large backbone was not extensively
hyperparameter-searched due to computational con-
straints; further tuning may improve stability and
performance.

Table 4: Multilingual model size variation on the mixed
validation set. The large model achieved a peak F1 of
74.1 during training but suffered from gradient instabil-
ity across runs.

Model Ep. Best Mean Worst n

xlm-roberta-b. 10 72.65 72.46 72.20 9
xlm-roberta-b. 30 72.20 65.80 56.42 10
xlm-roberta-l. 10 72.37 68.37 64.45 5

Table 5 shows ensemble gains over single mod-
els. The improvement scales inversely with base-
line performance: +3.05 for Romanian vs. +0.78
for Spanish. The largest jump occurs between Top-
1 and Top-5, with diminishing returns thereafter.

Table 5: Ensemble size effect on validation F1 (%).

Lang. Top-1 Top-5 Top-10 Top-20 ∆

ES 80.71 81.26 81.31 81.49 +0.78
EN 73.87 74.64 74.93 74.94 +1.07
Mix 72.65 73.51 73.62 74.11 +1.46
SV 70.51 72.14 72.31 72.41 +1.90
CZ 69.98 71.79 71.72 71.92 +1.94
IT 70.62 72.09 72.57 73.03 +2.41
NL∗ 68.98 68.74 69.82 71.38 +2.40
RO 67.58 69.80 70.13 70.63 +3.05
∗Convergence failures: 3/5, 6/10, 14/20 active.

5 Results

Our most important result is the performance of
ML-1 (MultiLingual-1): a single xlm-roberta-large
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checkpoint handling three entity types across all
seven languages simultaneously. Table 6 shows that
this single model achieves competition rank 2 for
five languages (CZ, IT, NL, RO, SV), outperform-
ing the best dedicated monolingual model (Lang-1),
by substantial margins: +4.70 F1 on Czech, +4.87
on Italian, +5.96 on Dutch, and +6.94 on Roma-
nian. This is achieved with a single set of weights
and substantially less computational overhead at
inference compared to the ensemble submissions.

Table 6: Official competition results (strict F1, %,
macro-averaged across entity types). Formatting shows
average rank (rounded): bold+uline = 1st, bold = 2nd,
uline = 3rd. Per-entity breakdown in Appendix Table 14.

Lang. Lang-1 Lang-ens ML-1 ML-ens All-ens

CZ 64.73 67.49 69.43 70.75 69.08
EN 73.69 75.67 75.20 76.19 76.65
ES 79.03 79.92 77.76 78.66 80.56
IT 66.93 69.52 71.80 72.55 71.15
NL 63.11 65.24 69.07 70.11 67.88
RO 66.56 68.83 73.50 74.22 70.75
SV 66.14 68.01 71.33 72.25 70.50

Lang-1/ens: single/ensemble monolingual; ML-1/ens: sin-
gle/ensemble xlm-roberta-large; All-ens: all runs combined.

Ensembling multiple seeds of the multilingual
model (ML-ens) lifts performance by a further
0.9–1.3 F1 points, achieving rank 1 for all five
languages where ML-1 ranks second. For En-
glish and Spanish, where stronger clinical-domain
backbones exist, the combined ensemble (All-
ens) achieves rank 1 by leveraging complementary
monolingual and multilingual models.

Even for English and Spanish, where the mul-
tilingual model does not top the leaderboard, it
remains competitive (76.19, rank 2, and 78.66
F1, rank 6, respectively), with gaps of only 0.46
and 1.90 points to the best strategy. We attribute
this gap entirely to the availability of clinical-
domain backbones for these large-resource lan-
guages, which provide domain-specific priors that
a general-purpose xlm-roberta-large cannot match.
For the five languages lacking comparable back-
bones, cross-lingual transfer from joint training
more than compensates, confirming the validation
finding (Table 3).

Across all languages and strategies, Disease and
Procedure entities are consistently easier to detect
than Symptoms (Appendix Table 14). For ML-1,
the average F1 across languages is 75.15 for Dis-
ease, 72.57 for Procedure, and 67.67 for Symptom.
This pattern is consistent with prior work on the un-

derlying Spanish corpora (Jonker et al., 2024a) and
likely reflects the greater variability in how symp-
toms are expressed in clinical text compared to the
more standardized terminology used for diseases
and procedures.

From a deployment perspective, the ML-1 model
offers a compelling trade-off: a single checkpoint
that can be deployed for any of the seven target
languages, handling all three entity types simulta-
neously, with no language-specific infrastructure
required. Compared to maintaining seven separate
monolingual pipelines, the multilingual approach
reduces both engineering complexity and computa-
tional cost while delivering superior performance
for the majority of languages.

6 Conclusion

We presented the BIT.UA system for MultiClin-
NER, extending the Multi-Head CRF architecture
to multilingual clinical NER. Our central finding
is that a single xlm-roberta-large model, jointly
trained on three entity types across seven lan-
guages, outperforms dedicated monolingual mod-
els for five of seven languages while using a single
set of weights, reducing deployment complexity
from seven separate pipelines to one. Ensembling
provides further gains of +0.78 to +3.05 F1, and
combining multilingual with monolingual models
achieves rank 1 for all seven languages.

The text consolidation pipeline we developed
enables joint training despite per-entity text vari-
ations, retaining over 94% of annotations. The
architecture is robust to hyperparameter choices
(∆ ≤ 1.74 F1), suggesting that backbone selection
and training strategy matter more than fine-grained
tuning.

These results support a practical recommenda-
tion: for clinical NER in languages lacking special-
ized biomedical backbones, a single multilingual
model trained on diverse clinical data provides a
strong baseline that is difficult to beat with mono-
lingual approaches, at a fraction of the development
and inference cost. For high-resource languages
with established clinical backbones (such as En-
glish and Spanish), combining multilingual and
monolingual models via ensembling remains the
best strategy. Future work should explore whether
the approach generalizes to additional entity types
and languages, and whether domain-adaptive pre-
training of multilingual models on clinical text can
close the gap for high-resource languages.
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Limitations

Our text consolidation partially reverses expert
translation corrections for non-anchor entity types,
potentially training on lower-quality text. The mul-
tilingual xlm-roberta-large model was not exten-
sively hyperparameter-searched due to computa-
tional constraints, and suffered from gradient in-
stability during training. Our approach handles
inter-class entity overlap but not intra-class over-
lap. Finally, evaluation was performed on machine-
translated clinical text; performance on native clin-
ical records may differ.
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A Detailed Results and Ablations

Tables 7–12 report detailed ablation results from
the 272 validation runs. In Table 7 we can see the
different models tested for each language. Key find-
ings from the ablations: context size 64 uniformly
outperforms 32 (Table 9), with Dutch benefiting
most (+1.32); three CRF hidden layers improve
over one for 5/7 languages (Table 10), though En-
glish and Italian prefer a single layer; augmenta-
tion provides marginal gains (<1 F1 point) with no
clear winner between random and unknown token
replacement (Table 11); and training for 60 epochs
helps most languages except Dutch and Romanian,
which show signs of overfitting (Table 12). Table
13 shows how many models were used for each
languages ensemble. The original target was 20
per language, however due to exploding gradients
and increases of loss during training, we chose to
remove certain runs. Table 14 provides the full
per-entity competition results with ranks for all five
submission strategies.

Table 7: Backbone comparison on validation F1 (%).
†Clinical pre-training. Selected models in bold.

Lang. Backbone Best Mean σ n

ES
roberta-es-clin.† 80.71 80.34 0.22 24
bsc-bio-ehr-es† 80.10 79.64 0.18 14
bert-base-spanish 76.73 – – 1

EN
PubMedBERT-b.† 73.87 73.40 0.25 24
PubMedBERT-l.† 73.68 73.61 0.10 2
Bio_ClinicalBERT† 71.57 71.26 0.17 14

CZ RobeCzech-base 69.98 69.56 0.28 33
Czert-B-base 53.87 – – 1

IT medBIT† 70.62 70.07 0.24 22
bert-base-it-xxl 70.17 69.77 0.24 16

NL MedRoBERTa.nl† 68.98 68.05 0.48 22
RobBERT-v2 68.44 68.11 0.22 16

RO bert-base-ro 67.58 67.09 0.27 25

SV bert-base-sv 70.51 69.94 0.32 24

Table 8: Fixed training hyperparameters.

Parameter Lang-specific Multilingual

Learning rate 4×10−5 2×10−5

Batch size 64 16
Warmup ratio 0.1 0.1
Weight decay 0.01 0.01
Max seq. length 512 512
Epochs 30–60 3

Table 9: Context size effect on validation F1 (%).

Lang. Ctx 32 Ctx 64 ∆

NL 67.65 68.98 +1.32
CZ 69.45 69.98 +0.54
IT 70.15 70.62 +0.46
ES 80.29 80.71 +0.42
RO 67.21 67.58 +0.37
EN 73.53 73.87 +0.34
SV 70.19 70.51 +0.32

Table 10: Hidden layers per CRF head on validation
F1 (%).

Lang. 1 layer 3 layers ∆

NL 67.65 68.98 +1.32
RO 67.01 67.58 +0.57
SV 70.14 70.51 +0.37
ES 80.45 80.71 +0.26
CZ 69.80 69.98 +0.18
EN 73.87 73.58 −0.29
IT 70.62 70.25 −0.36

Table 11: Augmentation effect on validation F1 (%).

Random Unknown None
Lang. Best Mean Best Mean Best

ES 80.64 80.31 80.71 80.43 79.96
EN 73.76 73.35 73.87 73.47 73.65
CZ 69.98 69.54 69.84 69.60 69.89
IT 70.62 70.08 70.30 70.06 69.94
NL 68.98 67.94 68.65 68.16 68.70
RO 67.43 67.05 67.58 67.15 67.41
SV 70.51 69.93 70.40 69.94 70.16

Table 12: Training epochs effect on validation F1 (%).

Lang. 30 ep. 60 ep. ∆

SV 69.98 70.51 +0.53
EN 73.40 73.87 +0.47
ES 80.44 80.71 +0.27
IT 70.41 70.62 +0.21
CZ 69.84 69.98 +0.15
RO 67.58 67.43 −0.15
NL 68.98 68.03 −0.95
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Table 13: Number of models trained per language. For
the mixed category, there are seven large models and
one base model (which was included erroneously). Note
that for certain languages, one of the seven large models
failed during inference. The repository provides weights
exclusively for the seven large models.

Language Ensemble size per language

CZ 20
EN 20
ES 20
IT 14
NL 18
RO 18
SV 11
MIXED 7-8
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Table 14: Full official competition results with per-entity breakdown (strict F1, %, overall corpus) and competition
rank (#).

Lang-1 Lang-ens ML-1 ML-ens All-ens
Lang. Entity F1 # F1 # F1 # F1 # F1 #

CZ
Disease 66.10 10 68.38 5 71.34 2 72.47 1 70.32 3
Procedure 67.46 7 70.48 4 71.02 3 72.72 1 71.70 2
Symptom 60.64 8 63.61 4 65.92 2 67.07 1 65.22 3

Avg 64.73 67.49 69.43 70.75 69.08

EN
Disease 77.70 7 79.45 3 79.21 4 79.91 2 80.51 1
Procedure 72.01 11 74.14 4 73.91 5 75.02 2 75.32 1
Symptom 71.37 5 73.43 3 72.49 4 73.63 2 74.11 1

Avg 73.69 75.67 75.20 76.19 76.65

ES
Disease 81.10 4 81.84 2 79.62 8 80.51 7 82.43 1
Procedure 79.97 5 80.78 2 78.35 8 79.26 6 81.33 1
Symptom 76.02 4 77.15 2 75.30 7 76.21 3 77.93 1

Avg 79.03 79.92 77.76 78.66 80.56

IT
Disease 70.09 10 72.58 4 74.41 2 74.92 1 73.76 3
Procedure 68.43 7 70.86 4 72.64 2 73.87 1 72.44 3
Symptom 62.28 8 65.12 4 68.34 2 68.87 1 67.26 3

Avg 66.93 69.52 71.80 72.55 71.15

NL
Disease 66.38 11 68.54 7 73.05 2 73.74 1 71.00 4
Procedure 65.75 13 67.67 10 70.90 2 71.84 1 70.14 4
Symptom 57.19 10 59.50 6 63.27 2 64.75 1 62.49 3

Avg 63.11 65.24 69.07 70.11 67.88

RO
Disease 67.89 14 69.82 9 76.32 2 77.04 1 71.76 5
Procedure 69.46 10 71.20 6 74.12 2 75.23 1 73.41 3
Symptom 62.34 10 65.47 5 70.05 2 70.39 1 67.09 4

Avg 66.56 68.83 73.50 74.22 70.75

SV
Disease 67.63 8 69.41 4 73.07 2 73.76 1 71.91 3
Procedure 68.96 8 70.52 4 72.63 3 73.77 1 72.98 2
Symptom 61.84 8 64.09 6 68.29 2 69.21 1 66.60 3

Avg 66.14 68.01 71.33 72.25 70.50
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