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Abstract: The secondary use of clinical reports is essential for improving patient
care. While NLP tools have become instrumental in extracting insights from such
reports, domain-specific language models for clinical Spanish remain scarce. There-
fore, we introduce EriBERTa, the first open-source bilingual clinical language model
for English and Spanish, designed to advance clinical NLP in under-resourced set-
tings. We evaluate its performance across multiple dimensions: public vs. propri-
etary pretraining data, data availability, and cross-lingual transfer. Results show
that pretraining on in-domain Electronic Health Records yields strong gains, espe-
cially for complex tasks like clinical document section identification. EriBERTa also
performs well on monolingual tasks and transfers effectively across languages, mak-
ing it a valuable tool for multilingual clinical NLP. The model is publicly released
to support further research.

Keywords: Evidence-Based Medicine, Language Models, Cross-Lingual Transfer.

Resumen: El uso secundario de los informes clinicos es esencial para mejorar la
atencion al paciente. Si bien las herramientas de PLN se han vuelto fundamen-
tales para extraer informacion de dichos informes, los Modelos del Lenguaje es-
pecificos de dominio para el espafiol clinico siguen siendo escasos. Presentamos
EriBERTa, el primer Modelo del Lenguaje clinico bilingiie de cédigo abierto para
inglés y espanol, disenado para impulsar el Procesamiento del Lenguaje Clinico en
entornos de bajos recursos. Evaluamos su rendimiento en multiples dimensiones:
datos de preentrenamiento publicos y privados, disponibilidad de datos y transfer-
encia interlingiiistica. Los resultados muestran que el preentrenamiento en Informes
Clinicos Electrénicos dentro del dominio produce importantes mejoras, especial-
mente en tareas complejas como la identificacién de secciones en informes clinicos.
EriBERTa también muestra buen rendimiento en tareas monolingiies y transfiere el
conocimiento adquirido eficazmente entre idiomas, lo que lo convierte en una her-
ramienta valiosa para el PLN clinico multilingiie. El modelo se publica para apoyar
futuras investigaciones.

Palabras clave: Medicina basada en evidencia, modelos del lenguaje, transferencia

interlingtiistica.
1 Introduction their unstructured nature. Natural Lan-
Processing relevant information from clinical guage Processing (NLP) techmques have
reports in healthcare systems presents par- emerged as powerful tools for tackling these

challenges and unlocking the potential of clin-

ticular challenges given the domain-specific ‘
ical data.

language, extensive use of abbreviations, and
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Furthermore, as highlighted by Goenaga
et al. (2021), the advancement of technology
in automatic processing has occurred simul-
taneously with the exponential increase in
digitized data by healthcare systems. Offi-
cial reports substantiate this trend. For ex-
ample, in 2016, the proportion of primary
care consultations using electronic health
records was approximately 80% on average
in 15 European Union (EU) countries (EUH,
2020), a figure that surged to 96% in the
United States (U.S.) by 2020 (EUH, 2020;
ITD, 2021). This digitization of health-
care systems plays a pivotal role in en-
hancing clinical and translational studies,
making interoperability and information ex-
change between systems more crucial than
ever. Consequently, public policies and rec-
ommendations advocate for the exchange of
health information (ONC, 2015; Hor, 2019;
ONC, 2020). Numerous standards, includ-
ing openEHR (ope, 2020), HL7-FHIR (HL7,
2019b), HL.7 CDA/CCR (HL7, 2019a), Inter-
national Classification of Diseases (ICD-10,
ICD-11 (ICD, 2022)), and Concept Unique
Identifier (CUIs (I.LH.T.S.D.O, 2022)), exem-
plify the ongoing standardization efforts.

However, as highlighted by Lépez—Ubeda
(2022), standardization presents several chal-
lenges due to the significant variability
in medical terminology, especially between
medical literature and day-to-day clinical
practice. For example, a specific entity can
be lexicalized in many different ways, as is
the case with “adriamycin”, “doxorubicin”,
and “hydroxydaunorubicin”, all referring to
the same drug. Another important consider-
ation is the extensive use of acronyms (such
as “chronic obstructive pulmonary disease”
and “COPD”), and the fact that the same
acronym does not always have a unique des-
ignation; “PCR” can refer to “cardiopul-
monary resuscitation”, “Polymerase Chain
Reaction”, or “C-Reactive Protein”. Finally,
as seen in the examples, biological entities
can also have multi-word names, further com-
plicating the issue by the need to determine
the boundaries of the name and resolve the
overlap of candidate names.

Although LLMs demonstrate strong per-
formance in various medical tasks, such as
medical QA and summarization, they still
fall short of Pretrained Language Mod-
els (PLM) in performing fundamental but
essential tasks, such as clinical NER and
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identification of clinical record sections (Li
et al.,, 2024). (Hu et al., 2024) show for
English, where LLMs are more performant
than in some other languages, that GPT-
4 achieved an F1 score of 0.861 on certain
clinical datasets, whereas BioClinical BERT
(Alsentzer et al., 2019) scored 0.901, suggest-
ing domain-specific models currently main-
tain an edge in clinical NER. Furthermore,
the computational resources needed even for
LLM inference exceed what is typically avail-
able to hospital professionals.

Unfortunately, obtaining the required am-
ple domain-specific data for the pretraining
of PLMs proves to be a challenge, especially
within the medical domain. However, it
should be noted that significant strides have
been made in recent years in improving open-
source medical literature data accessibility
within the English-speaking community (i.e.,
National Library of Medicine (2024), Na-
tional Center for Biotechnology Information
(2024)). The same is not true for real clinical
data. Due to the sensitive nature of these
data, access is tightly controlled and sub-
ject to rigorous regulations. This scarcity of
clinical data becomes even more pronounced
when addressing non-English languages, in-
cluding Spanish.

Although progress has been made in low-
resource languages (Nunes et al., 2024), ev-
idence indicates that domain-specific cross-
lingual PLMs effectively mitigate perfor-
mance disparities by leveraging knowledge
transfer from high-resource languages (Hu
et al., 2020; Gaschi et al., 2023).

Ideally, in the best possible scenario,
healthcare institutions would benefit from
PLMs that can be deployed in clinical set-
tings without requiring further continual pre-
training on institution-specific data or the
costly development of large manually anno-
tated in-domain corpora, such as the case re-
searched in Aracena et al. (2023). This poses
several research questions for PLM to be used
in real healthcare scenarios:

Research Question 1: Do domain-
specific PLMs trained solely on publicly
available open-source medical data perform
on par with PLMs trained on proprietary
data from healthcare institutions? How sig-
nificant are the performance differences, if
any, between lower-level lexical tasks, such
as medical entity recognition (MER),
and higher-level document tasks, like clinical
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notes section identification?

Note that medical literature tends to use
highly standardized language, whereas clin-
ical notes written by practitioners in daily
practice contain spelling errors, non-standard
word usage, a high density of abbreviations,
and document structures that can vary sig-
nificantly between hospitals.

Research Question 2: If performance
differences emerge, how significantly are the
models affected by changes in the size of the
annotated corpus? Do PLMs that continue
training on proprietary data from health-
care institutions require less annotated data
to achieve performance comparable to those
trained on public datasets?

Research Question 3: To what ex-
tent can a bilingual medical language model
perform effectively on medical tasks that
are strictly monolingual? Additionally, does
cross-lingual knowledge transfer occur effec-
tively, allowing the model to leverage its
bilingual training to improve performance
across languages?

To try to solve these questions we have
built two English-Spanish bilingual BERT-
based Language Models named EriBERTa
and EriBERTa private.  Pretraining the
model in both languages allows to take ad-
vantage of the cross-lingual transfer as there
is considerably more medical data in English
than in Spanish.

Our main research contributions are:

1.- EriBERTa: The first open-sourced
clinical English-Spanish LM.

2.- A set of experiments and a detailed
analysis of the impact private versus pub-
lic PLMs have on different clinical tasks.

3.- A set of monolingual and cross-
lingual experiments measuring the quality
of EriBERTa and its transfer learning abili-
ties of EriBERTa (public and private) as well
as the adequacy of using comparable but non-
equivalent English datasets for intermediate
fine-tuning.

2 Related Work

To the best of our knowledge, (Labrak
et al., 2023) is the only study that compares
the performance of a PLM called DrBERT,
trained from scratch on public open-source
French medical literature with a PLM called
ChuBERT, trained from scratch on a French
private healthcare system data, and a mix of
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both evaluating all of them on a separate sub-
set of that private healthcare system data.

The public open-access data included sci-
entific articles and medical texts in French.
The private hospital data included -clini-
cal data, mainly composed of Electronic
Health Records (EHRs) and internal
medical documentation. All models are built
using RoBERTa architecture and (Labrak
et al., 2023) built different DrBERT versions
depending on the size of the continual train-
ing data. They built a Dr BERT44e version
on a 7.4GB dataset, and a Dr BERT ;4 ver-
sion built on the same dataset size as Chu-
BERT, namely 4 GB. The study evaluated
all models on multiple medical NLP tasks on
datasets originated in the private hospital.
Tasks such as Named Entity Recognition
(NER), part-of-speech (POS) tagging, and
text classification. According to their exper-
iments, DrBERT performs as well as or even
better than ChuBERT on most tasks despite
using only public data. Their results sug-
gest that publicly available biomedical texts
can be sufficient for training effective medical
NLP models.

Our work differs from (Labrak et al., 2023)
in different respects. First, EriBERTa has
been trained on bigger datasets. EriBERTa
contains a significant amount of bilingual
medical as well as clinical data, although
this data is approximately four times smaller.
Additionally, we perform different task fine-
tuning data size ablations to measure the im-
pact that finetuning dataset size has on the
results of both models. Our aim is to check if
it is necessary to continually pretrain a model
with its own datasets and how much data the
private health care system needs to annotate
to get similar performance in different tasks.

3 Pretraining EriBERTa

The EriBERTa model is a pretrained
transformer-based language model designed
to enhance the performance of natural lan-
guage processing tasks in the medical-clinical
domain for the Spanish language. It is based
on the RoBERTa architecture, which is a
popular pretrained model and a variant of
BERT (Devlin et al., 2019). EriBERTa uses
the same tokenizer and pretraining methods
as RoBERTa, as described in the work of Liu
et al. (2019). This ensures that EriBERTa
has similar performance characteristics to
RoBERTa but with the additional advantage
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of being fine-tuned on English and Spanish
medical-clinical data. We trained two varia-
tions of EriBERTa:

EriBERTa Trained exclusively on pub-
licly available medical and clinical cor-
pora. By leveraging diverse open-access
datasets, EriBERTa ensures broad applica-
bility while remaining accessible for research
and biomedical-clinical use'.

EriBERTa-private Pretrained on a com-
bination of public datasets and proprietary
EHRs from hospitals, allowing for deeper spe-
cialization in real-world clinical language.

In this section, we will delve into the de-
tails of the pretraining and evaluation pro-
cedures utilized in our research. Specifically,
we will begin by describing the corpora used
for the pretraining and will highlight the dif-
ferences between the corpora used for both
EriBERTa versions. Finally, we will proceed
to explain the specific pretraining procedures
for the EriBERTa versions.

3.1 Corpora

To pretrain the EriBERTa model, we used a
combination of publicly available and private
medical-clinical corpora in Spanish and En-
glish. The selection of corpora was based on
their relevance to the medical domain and the
availability of high-quality data. However,
acquiring medical and clinical datasets, par-
ticularly in the Spanish language, can prove
to be a demanding endeavor.

A primary obstacle in procuring medical
and clinical corpora lies in the inherent sensi-
tivity of the data. Medical records are repos-
itories of profoundly personal and confiden-
tial information, rendering the collection and
dissemination of such data for research pur-
poses an intricate task. These intricacies are
further compounded when dealing with the
Spanish language. In contrast to English, the
availability of medical and clinical corpora in
Spanish is notably limited, posing a challenge
in amassing sufficient data for the pretrain-
ing of language models. Moreover, the qual-
ity and quantity of accessible Spanish corpora
can vary significantly, potentially impacting
the performance of pretrained models.

Despite the challenges of gathering medi-
cal and clinical corpora, we have successfully
assembled and curated a diverse collection
of relevant corpora in both Spanish and En-

"https://huggingface.co/HiTZ/EriBERTa-base
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Lang Source No. Words
Medical Corpus
EMEA 12M
ENG  PubMed Abstracts 968.4M
Clinical Trials 127.4M
EMEA 13.6M
PubMed 8.4M
SNOMED-CT 7.2M
ES SPACCC 350k
UFAL 10.5M
Wikipedia (Med) 5.2M
& Medical Crawler 918M
Clinical Corpus (EHRs)
ENG MIMIC-III 206M
ES & Private Hospital Documents 222M
Table 1: Pretraining corpora, categorized

by document type and language. Corpora
marked with & were used exclusively for
training the publicly available version, while
those marked with # were used solely for the
private version.

glish to pretrain the EriBERTa model. Ta-
ble 1 provides more detailed information on
the language and size of each corpus used for
pretraining.

The corpora we used for pretraining
EriBERTa are:

MIMIC-III (Johnson et al., 2016) En-
glish database on ICU stays of over 40,000
patients between 2001 and 2012. It contains
information such as vital sign measurements,
laboratory test results, procedures, medica-
tions, caregiver notes, and mortality, among
others.

EMEA (Tiedemann, 2012) A parallel
corpus in English and Spanish consisting
of documents from the European Medicines
Agency.

ClinicalTrials A set of English documents
on clinical studies carried out worldwide?.

PubMed Contains abstracts and full texts
of biomedical literature from multiple NLM
literary sources, including MEDLINE?,

*https://clinicaltrials.gov
Shttps://www.nlm.nih.gov/medline/medline_
overview.html
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PubMed Central?, and Bookshelf>. We used
abstracts for English, and abstracts and full
texts for Spanish.

SNOMED-CT (I.H.T.S.D.O, 2022)
Standardized and multilingual medical
vocabulary consisting of more than 300,000
medical concepts, including categories such
as body parts, clinical findings, and pharma-
ceutical /biological products, among others.
For this work, the descriptions in Spanish
associated with each term were used.

SPACCC (Intxaurrondo, 2018) Span-
ish corpus created after collecting 1,000 clin-
ical cases from SciELOS, and categorizing
them based on structure and content into
those that were similar to actual clinical texts
and those that were not suitable for this task.

UFAL (UFAL, 2017) Multilingual medi-
cal corpus composed of parallel corpora col-
lected over various projects.

Wikipedia Med A Spanish corpus com-
posed of entries collected from Wikipedia, fil-
tered by scope, and cleaned.

& Private Clinical Documents A set of
Spanish clinical narratives from health cen-
ters.

& Medical Crawler (Carrino et al.,
2021) A corpus comprising over 3,000
URLs related to Spanish biomedical and
health domains, collected through web crawl-
ing.

It is important to note that the main dif-
ference between the private and public ver-
sions of EriBERTa is the type of clinical doc-
uments used for pretraining. EriBERTa-
private was trained using the Private Clin-
ical Documents corpus but not the Medi-
cal Crawler corpus. In contrast, the pub-
lic version of EriBERTa was trained using
the Medical Crawler corpus but not the Pri-
vate Clinical Documents corpus. These dif-
ferences in pretraining corpora may affect the
performance of the models on different tasks,
particularly those that involve hospital clini-
cal documents.

3.1.1 Balancing the Corpus

As shown in Table 1, the amount of resources
in Spanish and English for the private version
of EriBERTa is imbalanced (1,313M words in

‘https://www.ncbi.nlm.nih.gov/pmc/about/
intro/

*https://www.ncbi.nlm.nih.gov/books/

Shttps://scielo.isciii.es/scielo.php

287

English and 267M in Spanish). This imbal-
ance could result in English having too much
weight when generating the tokenizer and
pretraining the model, leading to poor per-
formance in Spanish, as reported in Conneau
et al. (2020). Notably, the private EriBERTa
version that uses the crawler does not suffer
from this imbalance and requires no balanc-
ing.

To address this issue, we employed the
formula (1) proposed in Conneau and Lam-
ple (2019). Here, n; and p; represent the
number of words and the frequency of occur-
rence of the language i, respectively, and ¢;
denotes the probability that a word in lan-
guage 7 is sampled according to the multino-
mial distribution. « is a parameter that con-
trols the language sampling rate, with lower
values reducing the sampling probability of
the most represented languages and increas-
ing the likelihood of those with scarce re-
sources. Based on the studies described in
Conneau et al. (2020) for multilingual mod-
els with few resources for some languages, we
decided to balance the corpus using a param-
eter of a = 0.3.

{aiti=1.N 5 6= J]Vjila
=)
where p; = NZ
=11

In the corpus balancing calculations, we
decided to omit the section related to the
EHR files because it was already balanced:
206M in English and 222M in Spanish. With-
out considering these files and applying the
formulas in (1), we obtain:

Pes = 0.04
Ges = 0.277

Deng = 0.96
Qeng = 0.723

(2)
(3)

Therefore, to satisfy the probabilities ges
and geng derived in (2), the Spanish corpus
must be scaled by 9.5, expanding from 45.4M
to 438M tokens, by duplicating the texts.

3.2 Model Pretraining

In this section, we detail the pretraining pro-
cess of our EriBERTa models, which are
based on the RoBERTa-base architecture.
We first describe the tokenizer we used, which
is the same as RoBERTa, followed by the vo-
cabulary and pretraining details.


https://www.ncbi.nlm.nih.gov/pmc/about/intro/
https://www.ncbi.nlm.nih.gov/pmc/about/intro/
https://www.ncbi.nlm.nih.gov/books/
https://scielo.isciii.es/scielo.php

Iker De la Iglesia, Adrian Sanchez-Freire, Oier Urquijo-Duran, Ander Barrena, Aitziber Atutxa

Our tokenizer is based on Byte-Pair
Encoding (BPE), introduced by Sennrich
et al. (2016), which is a data compression
technique used to represent a large set of
symbols or words using a smaller vocabulary,
converting them to subwords, allowing the to-
kenizer to handle rare or out-of-vocabulary
words. We defined a cased vocabulary with
a size of 64,000 that was chosen to accommo-
date the bilingual nature of the models and
ensure sufficient coverage of both languages
(Conneau et al., 2020).

For pretraining, we used the Masked
Language Modeling (MLM) objective for
all model variants, which involves randomly
masking tokens in the input sequence and
training the model to predict the original to-
kens based on the surrounding context (De-
vlin et al., 2019). To generate the pretrain-
ing data, we concatenated the corpora and
then split the concatenated text into seg-
ments of the maximum input length allowed
by each model. We trained the RoBERTa-
based EriBERTa models from scratch for
125k steps, with checkpoints saved every 2.5k
steps. The model parameters and training
hyperparameters are defined in Table 2.

Training Hyperparameters

Number of Layers 12 Batch Size (tokens) 2,083,840
Hidden Size 768 Weight Decay 0.0

FFEN inner hidden size 3,072 Maz Steps 125k
Attention heads 12 Learning Rate Decay  Linear with warmup
Dropout 0.1 Adam € le-08
Attention Dropout 0.1 Adam (1 0.9
Warmup Steps 7.5k Adam B2 0.99

Peak Learning Rate 2.683e-4  Gradient Clipping 1

Table 2: Parameter and hyperparameter de-
tails for EriBERTa models.

4 Fine-tuning EriBERTa

In this section, we evaluate the performance
of EriBERTa across multiple NER tasks in
the biomedical domain, covering both En-
glish and Spanish. The evaluation is struc-
tured into three main parts, each focusing on
a distinct aspect of model performance:

Evaluation on Standard Datasets We
evaluate EriBERTa’s performance on widely
used benchmark datasets for medical NER
in both Spanish and English. The English
evaluation serves as a validation step to en-
sure that EriBERTa can effectively perform
NER tasks in this language, despite it not
being its primary focus. In contrast, the
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Spanish evaluation is more extensive as it di-
rectly aligns with the model’s core objective.
This assessment provides a deeper analysis of
EriBERTa’s capabilities in Spanish-language
medical text processing.

Transfer Learning Evaluation To assess
EriBERTa’s cross-lingual generalization ca-
pabilities, we perform a zero-shot evalua-
tion. This involves fine-tuning the model
in one language and evaluating its perfor-
mance in the other, allowing us to mea-
sure its ability to transfer knowledge between
English and Spanish without direct expo-
sure to the target language. The results
highlight EriBERTa’s effectiveness in cross-
lingual medical text processing, demonstrat-
ing its potential for multilingual applications
in clinical NLP.

Evaluation on Real-World Clinical
Datasets Beyond standard benchmarks,
we evaluate EriBERTa in real clinical set-
tings using private hospital datasets, focus-
ing on medical entity recognition. Addition-
ally, we investigate the model’s performance
when trained on limited data. This is a com-
mon constraint in hospital environments due
to strict data privacy regulations and the
scarcity of expert clinician annotators.

To ensure a rigorous assessment, we em-
ployed the SeqEval library (Nakayama, 2018)
to compute precision, recall, and micro F1
scores for each entity type. Additionally, we
conducted an extensive hyperparameter opti-
mization process Biewald (2020), employing
the validation split, for each model-dataset
combination to explore up to twenty hyper-
parameter configurations per case. The opti-
mization was performed within a predefined
search space (Table 3), using the AdamW
optimizer while maintaining default settings
from HuggingFace’s Transformers library for
all other parameters (Wolf et al., 2020). Af-
ter optimization, we fine-tuned the model for
10 epochs per task, repeating the process five
times with different random seeds, and eval-
uated it on the test split.

Batch size 8, 16, 32
le-5, 2e-5, 2.5e-5, 3e-5, 5-e5, 7.5e-5
0.0, 0.01, 0.2, 0.3, 0.5

0.0, 0.2

Learning rate (LR)
Weight decay (WD)
Warmup ratio (WR)

Table 3: Hyperparameter search space used
for model optimization.
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# Instances

Laguage Dataset Train Dev Test # Labels Description
NCBI-disease 5,424 923 960 1 This corpus was created for disease recognition and concept normalization tasks. In this work, only
(Dogan et al., 2014) the entity recognition task has been carried out.
BC5CDR-disease 4,560 4,581 4,797 1 Introduced as part of the BioCreative V challenge, the dataset includes PubMed abstracts annotated
(Li et al., 2016) with entities and chemical-disease relationships. In this case, the disease recognition part was used.
EN BC5CDR-chem 4,560 4,581 4,797 1 Chemical recognition task from the BC5CDR dataset.
(Li et al., 2016)
BC4CHEMD 7,000 7,000 6,000 1 A biomedical NER dataset introduced in the BioCreative IV challenge. It contains PubMed abstracts
(Krallinger et al., 2015) annotated with a wide variety of chemical mentions, including drugs, chemical compounds, and
formulas.
JNLPBA 37,094 3,857 3,857 1 Created from MEDLINE, this corpus contains 2,000 manually annotated abstracts with 5 entity
(Kim et al., 2004) labels: protein, DNA, RNA, cell line, and cell.
CANTEMIST 501 500 300 1 Focuses on neoplasm morphology mentions, including cancer types and tissue abnormalities. Anno-
(Miranda-Escalada et al., 2020) tated for entity recognition and normalization to oncology terminologies.
CODIESP 500 250 250 2 Clinical case reports annotated with diagnoses and procedures. Entities are linked to ICD-10 codes.
(Miranda-Escalada et al., 2020)
DisTEMIST 600 150 250 1 Includes mentions of diseases ranging from chronic conditions to infections. Annotations are normal-
(Miranda-Escalada et al., 2022) ized to SNOMED CT.
MEDDOCAN 500 250 250 21 Comprises clinical texts annotated with personal and institutional identifiers. Entities include names,
(Marimon et al., 2019) dates, locations, and contact details.
MEDDOPROF Subtrack 1 (NER) 990 248 344 3 Targets mentions of job-related information, including medical professions, work activities, and em-
(Lima-Lépez et al., 2021) ployment status. Focuses on occupations and labor-related terms.
MEDDOPROF Subtrack2 (Class) 990 248 344 4 Classifies text segments that mention individuals according to their role in the clinical context, as-
BS (Lima-Lépez et al., 2021) signing labels such as patient, healthcare professional, family member, or other.
MedProcNER 599 150 250 1 Focuses on mentions of medical procedures and interventions. Includes diagnostic, surgical, and
(Lima-Lépez et al., 2023) therapeutic processes annotated for normalization.
MultiCardioNER Track 1 1,000 258 250 1 Includes annotations of cardiovascular conditions, covering heart diseases and disorders of the circu-
(Lima-Lépez et al., 2024) latory system.
MultiCardioNER Track 2 1,000 258 250 1 Covers pharmacological substances related to cardiology. Annotations include drugs and therapeutic
(Lima-Lépez et al., 2024) agents for heart-related conditions.
PharmacoNER Full Cases 500 250 250 4 Includes mentions of normalizable and non-normalizable drugs, proteins, and ambiguous terms across
(Gonzalez-Agirre et al., 2019) full clinical texts.
PharmacoNER Sentences 8,129 3,787 3,952 4 Same entity scope as Full Cases but annotated at the sentence level.
(Gonzalez-Agirre et al., 2019)
SympTEMIST 595 149 250 1 An annotated dataset for symptoms, signs, and findings across various medical fields.
(Lima-Lépez et al., 2023)
ClinAIS 781 127 130 7 The ClinAIS shared task focuses on identifying seven distinct section types within unstructured

(De la Iglesia et al., 2023a,b)

clinical records written in Spanish.

Table 4: Summary of the datasets used to evaluate EriBERTa across various biomedical tasks.

4.1 Monolingual Evaluation on
Public Datasets

To ensure robust and representative evalua-
tion, we curated a rich collection of publicly
available datasets spanning multiple clini-
cal subdomains and entity categories. Our
benchmark includes 5 English and 13 Span-
ish datasets, as summarized in Table 4.
These resources feature annotations for di-
verse medical concepts, ranging from diseases
and symptoms to procedures, chemicals, and
anatomical structures.

While the English evaluation plays a sec-
ondary role, it verifies that EriBERTa can
effectively handle English-language medical
NER tasks despite not being explicitly opti-
mized for this language, ensuring the quality
of the transferred knowledge. In contrast, the
Spanish evaluation forms the centerpiece of
this study, as the model was intentionally de-
veloped to enhance Spanish clinical language

processing.
To contextualize EriBERTa’s perfor-
mance, we compare it against strong

reference models. For English, we use
BioBERT v1.1 (Lee et al., 2020), a well-
established domain-specific model pretrained
on biomedical literature, known for its

high performance in biomedical NER tasks.
Although BioALBERT (Naseem et al., 2021)
represents another relevant model in the
domain, its architectural differences and
divergent model sizes limit its suitability as
a direct point of comparison. For Spanish,
we employ bsc-bio-ehr-es (Carrino et al.,
2022), the current state-of-the-art model
for Spanish clinical text, trained on a large
corpus of EHRs and optimized for Spanish
medical NLP tasks.

The full results of this evaluation are pre-
sented in Table 57. EriBERTa demonstrates
strong performance across the board, par-
ticularly in Spanish datasets, where it out-
performs the state-of-the-art model in most
tasks. In English, despite being trained on
significantly less English data and not specif-
ically tailored for this language, EriBERTa
performs competitively.

4.2 Transfer Learning in Zero-Shot

Scenarios Evaluation

To evaluate the transfer learning capabil-
ities of our models in zero-shot scenarios,

"The BioBERT results are those reported in Lee
et al. (2020), and for consistency, we used the dataset
versions provided by the authors.
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Dataset Reference Model EriBERTa EriBERTa-private

89.71
87.15
93.47
92.36

87.27
84.94

NCBI-disease
BC5CDR-disease
BC5CDR-chem
BC4CHEMD
JNLPBA

87.31
84.95
92.32

89.85

Average

CANTEMIST 83.59+0.37 85.09+0.22 84.85+0.44
CODIESP 65.72+0.33 65.80+0.47 67.22+0.44
DisTEMIST 74.44+0.48 75.761+0.68 75.2940.65
MEDDOCAN 96.62+0.28 96.914+0.34 96.27+0.24
MEDDOPROF Subtrack 1 (NER) 74.19+£1.67 77.53+0.34 72.76+0.67
MEDDOPROF Subtrack2 (Class) 69.72+1.85 69.39+3.88 65.3620.47
MedProcNER 75.09+0.36 75.8940.55 76.04+£0.36
MultiCardioNER Track 1 72.4140.20 72.4040.69 73.08£0.40
MultiCardioNER Track 2 90.83+0.68 91.1740.67 91.2140.50
PharmacoNER Full Cases 88.00+0.43 90.321+0.46 89.94+0.45
PharmacoNER Sentences 88.05+0.32 89.09+0.68 89.59+0.11
SympTEMIST 67.51£0.52 69.59+0.63 69.77+0.56
ClinAIS 76.06£1.18 76.81+0.96 75.66+0.18
Average 78.64 79.67 79.01

Table 5: Performance of EriBERTa on var-
ious monolingual biomedical datasets and
comparison with the reference models for
each language.

we leveraged the DIANN dataset (Fabregat
et al., 2018), which provides a bilingual set-
ting where each document is available in both
Spanish and English. This dataset focuses on
identifying disability-related mentions, such
as “low vision” and “deafness”. Given the
broader availability of annotated datasets in
English compared to Spanish, we aimed to as-
sess whether models trained on English data
could effectively perform the same task in
Spanish without requiring additional Span-
ish annotations by effectively transferring the
learned knowledge.

For this experiment, we fine-tuned
EriBERTa on one language and evaluated
its performance on the other, using the
best hyperparameter configuration identi-
fied through optimization and training for
15 epochs instead of 10. This approach
allowed us to analyze the extent to which
cross-lingual transfer learning can mitigate
resource disparities and enhance model

deployment in Spanish-language clinical
NLP tasks.

The results of this zero-shot evalu-
ation, presented in Table 6, confirm

EriBERTa’s ability to generalize across lan-
guages. Both model variants successfully
transferred knowledge and achieved ade-
quate performance in the target language,
with particularly promising results in the
English-to-Spanish transfer, the primary in-
tended use case. Notably, the public version
of EriBERTa demonstrated superior cross-
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lingual transfer learning capabilities com-
pared to the private version.

Target Language

Model Training EN ES
Language
_ EN 80.89+1.66 71.97+2.12
EriBERTa
ES 71.33+4.83  81.78+1.32
EN 80.83+0.73  67.124+4.53
EriBERTa Private
ES 63.06+£2.55 79.09+1.73
Table 6: Performance comparison of

EriBERTa in a zero-shot transfer learning
scenario, evaluated on English and Spanish.

We also compared its performance with
the best model presented by Goenaga et al.
(2023). In their study, they assessed the per-
formance of the XLM-RoBERTa (Conneau
et al., 2020) model and multiple FLAIR (Ak-
bik et al., 2019) approaches in the Span-
ish zero-shot case. The comparative analy-
sis, presented in Table 7, demonstrates that
EriBERTa surpasses their results.

System Precision  Recall Micro F1-Score
FLAIR mEg 50.64 34.50 41.04
EriBERTa 68.46 76.24 71.97
EriBERTa-private 67.51 66.81 67.12

Table 7: Comparison of the EriBERTa mod-
els and the state-of-the-art system trained
only on English and evaluated in Spanish.

4.3 Evaluation in Real-World
Clinical Datasets

Beyond standard benchmarks, we assess
EriBERTa’s performance in real-world clin-
ical settings using private hospital datasets.
This evaluation focuses on two key tasks:
medical entity recognition (MER) and
clinical section classification. Addition-
ally, we analyze the models’ robustness in
data-scarce scenarios, simulating common
constraints in hospital environments due to
stringent data privacy regulations and the
limited availability of expert clinician annota-
tors. By systematically reducing the training
data, we aim to compare the adaptability of
both EriBERTa versions under varying levels
of data scarcity.
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4.3.1 Datasets

We utilized three datasets from the same
healthcare center that provided the EHRs
used to pretrain EriBERTa. It is important
to note that the EHRs used for pretraining
were not included in the validation or test
splits of these datasets, ensuring an unbiased
evaluation of the model’s performance.

For MER, we use a refined and expanded
version of the dataset introduced by Casillas
et al. (2019), which annotates seven distinct
medical entity types® within clinical docu-
ments. The dataset consists of 434 EHRs for
training, and 92 each for validation and test.

For clinical section classification, we
employ two variations of the dataset pre-
sented in Goenaga et al. (2021), which con-
sists of semi-structured clinical notes. The
goal is to correctly classify different segments
of each document into predefined sections,
such as “Present Illness”, “Exploration”, and
“Treatment”. Omne dataset variant contains
non-standardized section headers, while the
other lacks section headers entirely, provid-
ing a challenging test of the models’ ability to
infer structure from unstructured text. The
dataset consists of 300 clinical notes, evenly
split into training, validation, and test sets
with 100 notes each.

4.3.2 Experimental Setup

To systematically assess the impact of data
scarcity, we conduct experiments by training
the models on progressively smaller subsets
of the dataset, using 5%, 10%, 20%, 30%,
50%, 75%, and 100% of the available data.
For each subset size, we perform the hy-
perparameter optimization process and then
five independent runs with the best hyper-
parameter values. To ensure robustness and
mitigate selection bias, a different random
subset is selected for each independent run.
This approach enables a comprehensive com-
parison of the generalization capabilities of
both EriBERTa versions under different data
availability conditions and analyzes the im-
pact of pretraining a model with clinical doc-
uments from the same hospital.

4.3.3 Results
The results, summarized in Table 8, un-
derscore the clear advantage of leveraging

in-domain clinical data during pretraining.
The EriBERTa-private model, which was

8Drugs, Diseases, Body Structures, Allergies, Pro-
cedures, and Qualifiers.

291

pretrained on EHRs originating from the
same hospital as the downstream evalua-
tion datasets, consistently surpasses the per-
formance of its publicly pretrained counter-
part. This performance gap is especially pro-
nounced in the clinical section classification
task, where EriBERTa-private benefits from
its prior exposure to documents with similar
lexical, structural, and stylistic characteris-
tics.

Task EriBERTa EriBERTa-private
Medical Entity Recognition (MER)  73.59+0.42 73.84+0.34
Section Detection 72.80+5.00 77.351+3.15
Section Detection [w/o Headers] 52.49+1.96 59.3313.02

Table 8: Evaluation results on private hospi-
tal datasets for two crucial tasks.

Crucially, this advantage becomes even
more evident under low-resource conditions.
As shown in Figure 1, EriBERTa-private
demonstrates significantly greater robustness
when fine-tuned with limited annotated data.

72
69

66

F1-Score

63

Model
60 =®- ErBERTa
EriBERTA-private

57

20% 40% 60% 80% 100%

(a) Medical Entity Recognition.

75
60

45

F1-Score

30

Model

=@- ErBERTa
EriBERTA-private

o 8
20% 40% 60% 80% 100%
(b) Section Detection.
60 Model
=@— EriBERTa

EriBERTA-private

F1-Score
w
S

20% 40% 60% 80%

100%

(¢) Section Detection without Headers.

Figure 1: Performance comparison of
EriBERTa and EriBERTa-private under
varying levels of training data availability.
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5 Discussion

This study investigates the effectiveness of
domain-specific PLMs in clinical natural lan-
guage processing, with a particular focus on
the impact of in-domain data, data scarcity,
and multilingual capabilities. ~ We struc-
tured our analysis around three core research
questions, exploring performance differences
between public and proprietary pretraining
data, the impact of annotated dataset size,
and the potential for cross-lingual transfer in
bilingual models. In the following sections,
we discuss our findings concerning each ques-
tion, highlighting their implications for both
clinical NLP development and real-world de-
ployment.

RQ1 - Public vs. Proprietary Pretrain-
ing Our results show that PLMs trained
on public medical corpora can achieve strong
performance across a variety of clinical NLP
tasks. Asshown in Subsection 4.1, EriBERTa
demonstrated competitive results in MER
and section classification, even outperform-
ing established reference models in Spanish
and matching strong baselines in English.

However, the benefits of training on pro-
prietary clinical notes from the same institu-
tion become evident when models are eval-
uated on tasks involving real-world hospital
narratives, as verified in Subsection 4.3. In
this setting, EriBERTa-private consistently
outperformed its public counterpart. This
performance gap was especially pronounced
in higher-level tasks such as section classifica-
tion, which are highly sensitive to document
structure and local clinical conventions.

These findings suggest that while pub-
licly sourced medical corpora enable ro-
bust general-purpose modeling, incorporat-
ing institution-specific data can yield sig-
nificant gains, especially in tasks that re-
quire deep contextual understanding of clini-
cal documentation practices unique to a par-
ticular healthcare setting.

RQ2 - Data Efficiency Under Scarcity
As shown in Subsection 4.3, EriBERTa-
private demonstrates a clear advantage in
low-data regimes, achieving strong perfor-
mance with significantly less annotated data.
Moreover, its performance continues to im-
prove steadily as more training data be-
comes available, highlighting superior scala-
bility. This effect is especially pronounced in
the clinical section classification task, which
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relies heavily on understanding the structure
and conventions of documentation specific to
a given healthcare institution. In contrast,
medical entity recognition tasks, being more
lexical and standardized, show smaller gains
under the same conditions.

RQ3 - Bilingual and Cross-Lingual Ca-
pabilities As shown in Subsection 4.1 and
discussed in RQ1, both EriBERTa models,
despite being bilingual, achieve strong perfor-
mance on strictly monolingual tasks, remain-
ing competitive in English and outperforming
the state of the art in Spanish. In Subsec-
tion 4.2, we further demonstrate their capac-
ity for effective cross-lingual knowledge trans-
fer. This ability is especially valuable for
leveraging annotated data from high-resource
languages to support tasks in lower-resource
ones, such as Spanish, where annotated clin-
ical datasets are scarce.

6 Conclusions

In this work, we presented EriBERTa, the
first open-source bilingual clinical language
model for English and Spanish, designed to
bridge the gap in medical NLP for under-
resourced languages and settings. Through a
comprehensive series of experiments, we eval-
uated the impact of pretraining on public ver-
sus proprietary clinical data, the model’s per-
formance under varying data availability con-
ditions, and its ability to transfer knowledge
across languages.

Our results confirm that while domain-
specific PLMs trained solely on public data
can perform competitively on general clini-
cal tasks, models pretrained on EHRs from
the same institution as the target data ex-
hibit significant performance gains, particu-
larly in tasks that heavily rely on institu-
tional document structures or conventions.
This advantage becomes even more evident in
low-resource settings. Furthermore, we show
EriBERTa’s robustness in monolingual tasks
and knowledge transfer across languages in
zero-shot scenarios. This cross-lingual capa-
bility is especially relevant in the clinical do-
main, where annotated datasets in many lan-
guages remain scarce.

Additionally, by releasing EriBERTa pub-
licly, we provide the community with a re-
source to advance multilingual medical NLP
and foster further research in cross-lingual,
low-resource, and institution-specific clinical
settings.
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