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Abstract
This paper presents a novel corpus in Spanish tailored for the extraction of medical image-related entities from
radiological reports using Named Entity Recognition (NER) methods. The dataset was created by aggregating and
refining multiple existing corpora, focusing on entities that can be visually interpreted in associated medical images.
This resource aims to bridge the gap between natural language processing and computer vision in the biomedical
domain. The study evaluates various NER methods, including encoder-only, encoder-decoder, and decoder-only
architectures. It explores fine-tuning, zero-shot, and few-shot In-Context Learning (ICL) strategies to determine the

most effective approach for entity extraction. The resulting dataset is publicly available’.

Keywords: Biomedical NER, LLM, clinical NLP, Spanish corpus

1. Introduction

This paper introduces a new Spanish medical
dataset for Named Entity Recognition (NER), fo-
cused on entities that are visually discernible in
radiological images. By aligning textual annota-
tions with medically visual concepts, the dataset
facilitates a range of multimodal applications, in-
cluding image-text retrieval, feature alignment, and
cross-modal interpretation, bridging the gap be-
tween medical NLP and computer vision.

We benchmark NER models of different
architectures—encoder-only, encoder-decoder,
and decoder-only—covering proprietary and open-
source models of various scales, applying fine-
tuning and In-Context Learning (ICL). Through
experiments, we analyze entity extraction perfor-
mance and the strengths and limitations of each
approach. All technical details—per-class metrics,
prompts, hyperparameters, and the dataset—are
available on GitHub'. The main contributions are:

* A curated Spanish corpus annotated with
image-related medical entities, supporting fu-
ture research in medical language processing
and multimodal approaches.

* A comprehensive benchmark of NER mod-
els, analyzing trade-offs between architecture,
learning method, size and accuracy.

1https ://github.com/Vicomtech/SMINER

The paper is structured as follows: Section 2 re-
views related work on medical NER and language
models. Section 3 details the dataset construc-
tion. Section 4 explains the experimental setup
and methodologies. Section 5 presents and dis-
cusses results. Finally, Section 6 concludes the
paper and outlines future directions.

2. Related Work

The recognition and classification of medical
image-related entities are deeply intertwined with
several broader research trajectories. More gen-
eral research is associated with NER in electronic
health records (EHRs). Early approaches to NER
in EHRs in Spanish were implemented with Condi-
tional Random Fields (CRF) (Santiso et al., 2017),
neural networks, such as BiLSTM architecture
(Santiso et al., 2021), or BiLSTM combined with
CRF on top (Weegar et al., 2019). By 2020, al-
most all NER systems in Spanish shifted to BERT-
based models fine-tuned for sequence tagging
(Akhtyamova, 2020; Tamayo et al., 2022), adding
more pre-trained variants of BERT, such as clinical
and biomedical Spanish models (Baez et al., 2022;
Villaplana et al., 2023; Goenaga et al., 2023), and
adding multi-head classification (Garcia-Pablos
et al., 2020; Jonker et al., 2024).

Specific image-related NER is represented by
entity detection in medical image reports. Datasets
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such as the SpRadIE (513 anonymized radiology
reports) provide essential resources for training
and evaluating NER models in Spanish radiology
reports (Cotik et al., 2021). NER approximations
in Spanish radiology reports are also being led by
transformer-based models. Hybrid systems com-
bining BETO, a Spanish-specific BERT model, with
dictionary-based approaches and cross-lingual
word alignment were used by Suarez-Paniagua et
al. (2021) (Suarez-Paniagua et al., 2021). Godoy
et al. (2023) (Godoy et al., 2023) also uses an ap-
proach based on a transformer model, fine-tuned
on a corpus, which consists of mammographic ra-
diological reports annotated in laterality, location,
and the finding. Distant metastasis annotated cor-
pus based on computed tomography reports was
created by Ahumada et al. (2024) (Ahumada et al.,
2024). The authors used Bidirectional Long Short-
Term Memory (BiLSTM) combined with CRF layers
for detecting metastasis mentions.

Recent research focuses on generative mod-
els. For example, encoder-decoder multilingual
T5 pre-trained on clinical and biomedical corpora
(Garcia-Ferrero et al., 2024) achieves state-of-the-
art results in Spanish biomedical NER tasks. Early
experiments with decoder-only LLMs for Spanish
NER show competitive results (Garcia-Barragan
et al., 2024), though further research is needed.

3. Dataset Construction

To fulfill the objectives of this study, the corpus
required token-level annotations for entities rele-
vant to medical imaging research. To construct
the dataset, we assessed the use of six distinct
datasets from the Barcelona Supercomputing Cen-
ter (BSC), each comprising the same set of 1,000
Spanish-language documents manually annotated
in BRAT format for different topics. Each dataset
was analyzed to identify relevant annotations for
this study, with the goal of selecting and filtering
only those entities that can be perceived in medical
images (e.g., tumor), while excluding entities that
are not visually observable (e.g., diabetes).

+ MEDDOCAN (Marimon et al., 2020): includes
22,795 annotations related to demographic
information about the patient, healthcare cen-
ter, and consultation, such as patient name,
age, sex, address, and dates. Only the Age
and Sex classes were retained, as they can
be reasonably inferred from medical images.
During inspection, annotation errors were de-
tected and manually corrected. After curation,
the final dataset comprised 1,963 entities. Un-
like the other datasets, these documents con-
tained a header preceding the report; it was
removed and entity offsets were adjusted to
preserve alignment with the text.

» MedProcNER (Lopez et al., 2023): comprises
14,684 entities related to medical procedures.
To address this task, MediPhi, a LLM special-
ized in the medical domain, was employed.
Each entity, along with its textual context,
was provided to the model through specific
prompts. MediPhi classified each entity into
one of three categories based on whether it
referred to a medical imaging procedure: Pos-
itive, Negative, or Ambiguous. Subsequently,
Gemini 2.5 Pro was used to further classify
the Ambiguous cases and to provide justifi-
cations for each decision. Finally, a manual
review of the classifications and explanations
from model was conducted to ensure their ac-
curacy and consistency. This filtering process
resulted in a final set of 3,645 annotations.
This pipeline is represented in Figure 1.
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Figure 1: Dataset filtering pipeline, for Disease and
Procedure entities related to medical imaging.
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» DIsTEMIST (Miranda-Escalada et al., 2022):
a dataset containing 10,663 entities referring
to various diseases and conditions. To exclude
those not observable through medical imaging
procedures, the same filtering approach ap-
plied to MedProcNER was employed, which
resulted in a final set of 6,862 entities.

* PharmaCoNER (Gonzalez-Agirre et al.,
2020), CodiEsp (Miranda-Escalada et al.,
2020) and SympTEMIST (Lopez et al., 2024)
provide annotations for medications and chem-
ical compounds, diseases, procedures and
diagnoses, and symptoms, respectively. Al-
though based on the same clinical documents
as the previously mentioned corpora, they
were excluded from this study because their
annotations are either not related to the image
or overlap with entities in the other datasets.

As a result of these processes, we constructed a
dataset consisting of 1,000 Spanish medical docu-
ments divided into training (70%), validation (15%),
and test (15%) subsets. The dataset contains only
textual radiology reports (no images), annotated
with clinical entities corresponding to imaging find-
ings. Table 1 summarizes the main statistics of
the corpus, including the number of tokens and
annotated entities across each spilit.

Split | Reports Tokens Entities

Train 701 396.14 + 18299 37.72 +2558
Dev 150 409.13 +207.27 39.53 +27.77
Test 149 386.72 + 19528  35.49 +23.81
Full 1,000 396.69 + 18857 37.66 +25.67

Table 1: Average number of tokens, entities, and
documents per split, with their standard deviation.

The dataset includes token-level annotations for
four distinct classes: Age (Edad), Sex (Sexo),
Disease (Enfermedad), and Procedure (Proced-
imiento). The split was stratified to ensure that the
class distribution remained balanced and represen-
tative across all subsets. The overall distribution
of these classes, as well as the number of anno-
tated entities within each split, are summarized
and presented in Table 2.

Class Number of entities

Train Dev Test Total
Age 764 172 164 1,100
Sex 609 122 132 863
Disease 4811 | 1,097 | 954 6,862
Procedure | 2,529 | 581 535 3,645
Total 8,713 | 1,972 | 1,785 | 12,470

Table 2: Class distribution of the final dataset.

To facilitate the implementation of various meth-
ods and models, the dataset is publicly available?
in both BRAT and BI/O formats.

4. Experiments

The experimental evaluation was divided into three
distinct approaches based on the architecture of
models employed: encoder-only, encoder-decoder,
and decoder-only. The following sections detail the
methodologies used for each approach.

4.1. Encoder-Only models

Encoder-only models are a well-established choice
for various tasks involving medical texts and were
therefore selected as the baseline for the experi-
ments. To capture a representative range of model
characteristics among the many existing ones,
three architectures were fine-tuned:

» Multilingual BERT (Devlin et al., 2018)
» Biomedical RoBERTa (Carrino et al., 2021)
» EriBERTa (de la Iglesia et al., 2023)

Additionally, three GLINER models were evaluated
in a zero-shot setting to assess their out-of-the-box
performance on this task:

» GLINER-X (Stepanov and Shtopko, 2024)
» GLINER-BioMed large (Yazdani et al., 2025)
* NuNER-span (Bogdanov et al., 2024)

Table 3 summarizes their most relevant architec-
tural and training characteristics.

As seen in Table 1, some documents in the
dataset might exceed the token limit of 512 im-
posed by these models. In order to overcome the
input size limitation present in these models, a
sliding window was implemented. This technique
is applied prior to inputting the text into the model
and segments it into chunks that match the model’s
maximum input capacity. The chunks are then fed
sequentially to the model. To minimize the loss of
context during this process, a degree of overlap
equal to half the token limit for each architecture is
maintained between adjacent chunks.

During training, various hyperparameter com-
binations were evaluated to identify the optimal
model configurations. Specifically, different values
for learning rate, batch size, and weight decay were
tested. In all experiments, the number of training
epochs was fixed at 20. Details of the hyperparam-
eters used in the fine-tuning of the best-performing
model are specified in the supplementary materials
hosted in our GitHub repository?.

2https ://github.com/Vicomtech/SMINER
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Model Base model  Medical domain Languages Usage

Multilingual BERT BERT X Spanish + 101 more  Fine-tuning
Biomedical RoBERTa RoBERTa v Primarily Spanish Fine-tuning
EriBERTa RoBERTa v Spanish + English  Fine-tuning
GLINER-BioMed-large GLINER v Primarily English Zero-shot
NuNER-span GLINER X Primarily English Zero-shot
GLINER-X-large GLIiNER X Spanish + 19 more  Zero-shot

Table 3: Encoder-only models used and their distinct characteristics.

4.2. Encoder-Decoder Models (T5)

We experiment with Medical mT5-large (Garcia-
Ferrero et al., 2024), as it has shown high perfor-
mance in medical tasks in Spanish. Fine-tuning
of the T5 model requires data preprocessing to
match its text-to-text paradigm. We format the cor-
pus into input-output pairs, where the input is a
structured prompt and the output is an expected
response containing image-related entities. We
also split data into sentences to make the pairs fit
into the maximum sequence length of the model.
The resulting size is shown in Table 4.

Splits Train Dev  Test
Sentences | 10,716 2,532 2,454

Total
15,702

Table 4: Dataset split and number of sentences in
each part, for Medical-T5 training.

The prompt used consists of a prefix, which is
an instruction to extract named entities, followed by
a colon, and a sentence, as shown in Example 1.
In all examples, the Spanish original is presented
alongside its English translation in gray. For the
output, we design two formats: (a) a list of ex-
tracted spans with their entity labels separated by
a semicolon, shown in Example 2; (b) a tagged
sentence, where tags are the defined named en-
tities, given in Example 3. The sequences in the
List format of are notably shorter than those in the
Tag format, as they include only the entities.

Example 1. Input
Extract named entities: Varén de 38 afios, con an-
tecedentes de enfermedad de Crohn e ingresado en dos
ocasiones por episodios de obstruccion intestinal.
Extract named entities: 38-year-old male, with a his-
tory of Crohn’s disease and hospitalized on two occa-
sions for episodes of intestinal obstruction.

Example 2. Output Medical-mT5-large + List
Vardn | SEx0; 38 afios | EDAD; enfermedad de Crohn

| ENFERMEDAD, obstruccion intestina/ | ENFERMEDAD
/\/la/e | SEX; 38 years | AGE; Crohn’s disease |

DISEASE

DISEASE; intestinal obstruct/on | D
Example 3. Output Medical-mT5-large + Tag

<SEX0>Varén</SEX0> de <EDAD>38 afos</EDAD>,
con antecedentes de <ENFERMEDAD> enfermedad de
Crohn</ENFERMEDAD> e ingresado en dos ocasiones
por episodios de <ENFERMEDAD>obstruccion intesti-
nal</ENFERMEDAD>.

<SEx>Male</SEx> of <AGE>38 years</
a history of <D1SEASE>Crohn’s disease< A
and hospitalized on two occasions for ep/sodes of
<DISEASE>intestinal obstruction</DISEASE>

/DISEASE>.

Some sentences are not annotated with any la-
bel. In this case, the List model generates the
phrase “NO ENTITIES” and the Tag model gener-
ates just a copy of the input sentence.

4.3. Decoder-Only Models (LLMs)

For the experiments with Large Language Mod-
els (LLMs), we conducted tests using In-Context
Learning (ICL), followed by fine-tuning a smaller
model. We selected commercial models from dif-
ferent providers and open-source models of vary-
ing sizes. The open-source models included both
small models (~4B) and large models (~30B). No-
tably, two of the three open-source models were
specifically pre-trained on medical data to better
handle domain-specific terminology and entities.
Regarding commercial models, we selected three
state-of-the-art models recognized for achieving
top performance on a range of natural language
understanding and generation benchmarks. The
full list of models used is shown in Table 5.

For zero-shot experiments, we directly used the
test set reports along with task instructions. In
the few-shot setting, we incorporated 5 examples
from the training set into the prompt. Due to the
context length limitations of LLMs, we split texts
into sentences of approximately 100 tokens and
later merged the predictions.

During evaluation, we frequently encountered
cases where the models altered the text tokeniza-
tion, resulting in an excess or shortage of tags
that complicated the evaluation. This mismatch
prevented proper comparison, as the number of
predicted and ground-truth labels must match for
each text. To address this issue, we detokenized
the input text and then re-tokenized the model out-
put to align with the original tokenization, as shown
in Figure 2. We employed the same tagging format
as Medical-mT5-large defined in Example 3, where
each entity is enclosed within XML-like tags.
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Large Language Model Size Open antext Max. output  Release
source window tokens date
MediPhi (Corbeil et al., 2025) 3.8B 4 128k 16k May, 2025
Qwen 3 (Qwen Team, 2025) 4B v 128k 32k May, 2025
Qwen 3 (Qwen Team, 2025) 30B 4 128k 32k May, 2025
MedGemma (Sellergren et al., 2025) | 4B v 128k 8k May, 2025
MedGemma (Sellergren et al., 2025) | 27B v 128k 8k May, 2025
Gemini 2.5 Pro (Gemini Team, 2025) - X 1M 64k Jun, 2025
GPT-5 (OpenAl, 2025) - X 400k 128k Aug, 2025
Claude 4.5 Sonnet (Anthropic, 2025) - X 200k 64k Sep, 2025

Table 5: Evaluated LLMs. “-” indicates unknown model size.

[sex}- fo}, [ace], {ace]- {o]

Mujer |« de 42 | afios

Detokenization

Mujer de 42 afos.

........................................

l output

Mujer de <AGE>42 anos</AGE>.

i Tokenization

Lo} Ao} [ace], ~{ace]- fo]

Mujer  de 42 @ afos

\ 4
Ground truth labels Predicted labels
|SEX| (0} |AGE|AGE| o |<—>| (0] | o |AGE|AGE| Ol

Evaluation
Figure 2: LLM-based NER evaluation pipeline.

The models were tested with a temperature of
0 to ensure deterministic outputs, except for GPT-
5, which only allows a minimum temperature of 1.
After some trials, we found that using a Spanish
prompt (aligned with the dataset language) led to
better results.

For supervised fine-tuning, we used the best of
the smallest models (Qwen 3 4B). Fine-tuning is
performed in 16-bit precision for 5 epochs. Details
of the hyperparameters used in the fine-tuning are
specified in in our GitHub repository®. After training,
the model is evaluated in a zero-shot setting.

3https ://github.com/Vicomtech/SMINER

5. Results

To ensure a fair evaluation across all models, a
standardized evaluation script was developed. This
script utilizes token-level annotations in the I0B2
format to compute overall accuracy, precision, re-
call, and F1-score, as well as class-specific metrics.
Tables 6, 7 and 8 present a summary of the overall
best results achieved by each model.

Language Model Zero-shot
Decoder-only P R F1
MediPhi 37.89 11.71 17.88
MedGemma 4B 64.73 940 16.41
Qwen 3 4B 32.33 15.08 20.57
MedGemma 27B 45.87 16.54 24.32
Qwen 3 30B 32.19 1424 19.74
Gemini 2.5 Pro 49.08 64.60 55.78
Claude 4.5 Sonnet | 63.13 49.52 55.50
GPT-5 57.03 55.03 56.01
Encoder-only P R F1
NuNER 66.98 19.86 30.64
GLIiNER-BioMed 49.51 31.06 38.17
GLINER-X 47.41 3241 38.50

Table 6: Precision (P), Recall (R), and F-Score
(F1) in the zero-shot scenario. Underlined scores
indicate the best overall result; bold denotes the
best model within the group.

Among the LLMs in the zero-shot setting, mod-
els with a larger number of parameters tend to
achieve superior results. GPT-5 attains the highest
F1-score, offering a balanced trade-off between
precision and recall, while Gemini and Claude per-
form slightly worse overall. In contrast, MediPhi,
MedGemma, and Qwen show lower recall, sug-
gesting limited generalization in zero-shot settings.
Among encoder-only models, despite their smaller
size compared to LLMs, they achieve competitive
results, outperforming models ranging from 4B to
30B parameters. These results highlight that the
largest LLMs lead in zero-shot biomedical NER.
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Language Model Few-shot
Decoder-only P R F1
MediPhi 27.96 19.41 2292
MedGemma 4B 33.86 20.60 25.61
Qwen 3 4B 25,50 29.37 27.30
MedGemma 27B 43.60 43.73 43.66
Qwen 3 30B 33.77 36.07 34.88
Gemini 2.5 Pro 51.04 64.60 57.03
Claude 4.5 Sonnet | 64.95 57.46 60.97
GPT-5 59.49 5554 57.45

Table 7: Precision (P), Recall (R), and F-Score
(F1) in the zero-shot scenario. Underlined scores
indicate the best overall result;

Few-shot ICL approaches yield more substantial
performance gains in smaller models than zero-
shot approach, whereas larger LLMs show only
marginal improvements. Interestingly, Claude 4.5
Sonnet surpasses all others in few-shot mode, out-
performing GPT-5. Nonetheless, even with few-
shot prompting, smaller LLMs continue to under-
perform compared to larger LLMs in zero-shot set-
tings. Overall, the performance of all LLMs remains
considerably lower than that of encoder-only and
encoder-decoder models, indicating that ICL alone
remains insufficient for domain-specific biomedical
entity recognition.

Language Model Fine-tuning
Decoder-only P R F1
Qwen 3 4B 68.16 36.75 47.75
Encoder-only P R F1
mBERT 65.15 63.25 64.18
BioRoBERTa 68.21 71.24 69.69
EriBERTa 65.99 70.43 68.14
Encoder-Decoder P R F1
Medical mT5 + List | 81.97 82.96 82.40
Medical mT5 + Tag | 81.98 81.87 81.90

Table 8: Precision (P), Recall (R), and F-Score
(F1) in the fine-tuning scenario. Underlined scores
indicate the best overall result; bold denotes the
best model within the group.

Fine-tuned encoder-only models demonstrate a
clear advantage over all zero- and few-shot mod-
els. BioRoBERTa achieves the highest F1, show-
ing that domain-specific pretraining combined with
fine-tuning remains highly effective for biomedical
tasks. EriBERTa follows closely, confirming the
robustness of fine-tuned transformer encoders for
structured extraction. Within decoder-only archi-
tectures, fine-tuning also proves beneficial: Qwen
3 4B improves its F1 by more than 20 points and
trails the best-performing LLM evaluated in a zero-
shot setting (GPT-5) by only 10 points.

These results highlight that supervised domain
adaptation can significantly strengthen smaller gen-
erative models. Even with more limited architec-
tural capacity, fine-tuned decoder models can nar-
row the gap with larger LLMs and become compet-
itive for structured information extraction.

Finally, encoder-decoder architectures domi-
nate all settings. The Medical mT5 + List model
achieves the best scores across metrics, with the
Medical mT5 + Tag model close behind. These
results highlight that task-specific supervision com-
bined with architecture explicitly suited for struc-
tured sequence labeling yields the highest perfor-
mance. This suggests that models designed to
both understand the input and generate structured
outputs are particularly well suited for this task,
outperforming encoder-only and decoder-only al-
ternatives.

5.1. Discussion

1. Encoder-decoder architectures obtain the
best results. The top-performing model was
Medical-mT5 + List, likely due to the shorter
target sequences, since this format outputs
only the extracted entities while omitting the
remaining tokens, unlike the + Tag format
which assigns a label to every token. How-
ever, encoder-only models achieved strong
results at a much lower computational cost.

2. Few-shot ICL significantly improves perfor-
mance. Few-shot and zero-shot experiments
were conducted, and the few-shot approaches
consistently outperformed the zero-shot ones,
particularly in models ranging from 4B to 30B
parameters. Table 9 summarizes the average
F1 score improvement achieved by the LLMs,
divided by model size.

Model 0-shot 5-shot

MediPhi 4B 17.88  22.92 :5.04
MedGemma 4B 16.41 25.61 +9.20
Qwen 3 4B 20.57 27.30 :6.73
MedGemma 27B 24.32 43.66 +19.34
Qwen 3 30B 19.74  34.88 :15.14
Gemini 2.5 Pro 55.78 57.03 +1.25
Claude 4.5 Sonnet | 55.50 60.97 :4.96
GPT-5 56.01 57.45 1144
Mean 35.75 43.60 785

Table 9: Comparison of F1 scores between
zero-shot and few-shot across different mod-
els. Underlined score means the best overall
result, bold font stands for the best model
inside the group, and green indicates the dif-
ference in F-score.
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3. Fine-tuning yields substantial gains. The
fine-tuned Qwen 3 4B achieved an improve-
ment of 20 F1 points over its base version, sur-
passing even the 30B model in the few-shot
setting, as shown in Table 10. This demon-
strates that targeted fine-tuning can effectively
bridge or even overcome size-related perfor-
mance gaps, enhancing domain adaptation
and entity recognition accuracy.

Model Size Scenario F1 score
Zero-shot 20.57
Qwen3 4B Few-shot 27.30
Fine-tuned 47.75
Zero-shot 19.74
Qwen3 308 r i shot | 34.88

Table 10: Comparison of F-Scores between
zero-shot, few-shot and fine-tuned Qwen3
models. Underlined score means the best
overall result, bold font stands for the best
model inside the group.

4. Domain specificity has a significant im-
pact on encoder-only models. The
best-performing model in this category is
BioRoBERTa, which has been specifically
trained on clinical texts. It is closely followed
by EriBERTa, another model specialized in the
medical domain. The considerably larger gap
between these two models and the next best
one, MBERT, underscores the importance of
domain-specific training corpora in achieving
superior performance.

5. Model scale plays a crucial role in the
performance of LLMs. In this case, larger
proprietary models achieve the best results,
surpassing smaller, domain-specific medical
models. The increased parameter number
and broader training data of these large-scale
LLMs provide them with stronger generaliza-
tion capabilities, allowing them to outperform
specialized models despite lacking explicit
medical domain adaptation.

6. Model performance highly varies from
class to class. As seen in Table 11, the Dis-
ease and Procedure classes exhibit the lowest
performance across all models, with Disease
being particularly challenging to identify. This
difficulty likely stems from the high variability
and need for highly specific medical knowl-
edge to correctly interpret them. In contrast,
the Age and Sex classes are consistently rec-
ognized with high scores across all models, as
their expressions in text are highly standard-
ized and do not require specialized medical
understanding.

7. Hallucinations remain a persistent chal-
lenge in LLMs. Although the tokenization is-
sue was resolved, smaller models still showed
hallucination risks, introducing tags that were
neither requested in the prompt nor present in
the examples. Example 4 (original in Spanish,
with English translation in gray) illustrates a
case where the model hallucinates by generat-
ing previously unseen tags. This behavior sug-
gests a tendency of smaller architectures to
overgeneralize, which introduces uncertainty
and limits their reliability in precision-critical
tasks.

Example 4. Hallucination case in Qwen3 4B

Paciente de <EDAD> 41 afos </EDAD>
<FUMADORA> fumadora </FUMADORA> y diagnos-
ticada de <ENFERMEDAD> lipoma en muslo dere-
cho </ENFERMEDAD>.

Patient aged <AGE> 41 years </AGE>, <SMOKER>
smoker 2 and diagnosed with
<DISEASE> lipoma in the right thigh </DISEASE>.

6. Conclusions and Future Work

This work introduces a Spanish NER corpus, cu-
rated from multiple datasets extracting visually
grounded medical entities. This resource fills a
gap in domain-specific benchmarks for Spanish
and enables rigorous evaluation of NER systems
in clinical imaging contexts.

Results highlight the importance of having train-
ing data, with fine-tuning and few-shot approaches
(both data-dependent) achieving the best perfor-
mance. This is particularly critical in medical do-
main, where domain-specific data ensures that
models capture the precise terminology, and nu-
ances required for reliable predictions. Without
relevant domain data, even large models (including
proprietary ones) risk producing inaccurate out-
puts, yielding significantly worse results than when
domain-specific data is available.

Future work will focus on multimodal integration
and hallucination mitigation strategies in generative
models, while continuing to emphasize the collec-
tion and utilization of high-quality, domain-specific
datasets.
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Average F-Score per class
Small LLMs (< 4B) Sex Age Disease Procedure
Zero-shot 63.81 63.82 2.78 4.20
Few-shot 68.84 80.37 10.94 20.93
Fine-tuned 7488 69.66 34.17 57.53
Medium LLMs (27B / 30B) | Sex Age Disease Procedure
Zero-shot 66.16 57.33 9.98 10.28
Few-shot 85.43 8424 23.74 41.31
Large LLMs (proprietary) Sex Age Disease Procedure
Zero-shot 82.16 90.58  41.33 63.54
Few-shot 92.80 93.38 43.25 69.75
BERT-based models Sex Age Disease Procedure
Fine-tuned 9220 96.15 56.34 75.18
GLINER-based models Sex Age Disease Procedure
Zero-shot 91.66 89.90 15.07 28.88
mT5-based models Sex Age Disease Procedure
Fine-tuned 92.31 91.58 67.69 77.03

Table 11: Average F-Score per class across different model types and training configurations. Underlined

denotes the best scores.
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