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Abstract
The anonymization of clinical free-text records is a prerequisite for enabling the secondary use of healthcare data
while preserving patient privacy. This challenge is particularly acute for Spanish clinical text, where annotated
resources are scarce and practitioners lack clear empirical guidance on which technological approaches are more
adequate to their particular restrictions and capabilities.
In this work, we present a controlled comparative study of representative anonymization paradigms for Spanish
clinical narratives, including a baseline rule-based approach, a general-purpose large language model under
prompt-based inference, an off-the-shelf industrial NLP toolkit (spaCy) and comparable neural sequence labeling
architectures. To ensure a fair and contamination-aware evaluation, particularly given the opacity of pretrained model
training data, we introduce a synthetic clinical dataset designed to mirror the structural properties of established
benchmarks while avoiding direct overlap.
Across heterogeneous evaluation settings, recurrent neural network architectures, particularly the off-the-shelf spaCy
toolkit, consistently achieve the best balance between effectiveness, computational efficiency, and deployment
feasibility. In contrast, the evaluated large language model and rule-based approach exhibit limited robustness in this
domain. We further observe that training task-specific embeddings end-to-end yields stronger generalization than
incorporating pretrained representations.
Although limited to Spanish and to representative instances of each paradigm, the study identifies stable performance
tendencies across datasets. These results provide actionable guidance for institutions seeking to implement
anonymization pipelines under realistic infrastructure constraints, and substantially narrow the technological search
space for practitioners operating in under-resourced clinical NLP settings.
This work contributes reproducible evaluation procedures, synthetic benchmark resources, and empirical evidence
for privacy-preserving clinical NLP in Spanish—an area where comparative studies remain limited.
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1. Introduction and Motivation

Clinical narratives such as discharge summaries,
progress notes, and radiology reports contain rich,
fine-grained information that is essential for clinical
research, quality assessment, and healthcare opti-
mization (Stubbs et al., 2015). However, these doc-
uments frequently include personally identifiable
information (PII), making their use subject to strict
legal, ethical, and regulatory constraints, including
frameworks such as GDPR (European Parliament
and Council of the European Union) and HIPAA
(U.S. Congress, 1996).

De-identification, the removal or transformation
of personally identifiable information to prevent re-
identification of patients and workers, constitutes
a core component of clinical data anonymization.
It enables controlled data sharing across institu-
tions and research initiatives while mitigating pri-
vacy risks. Although anonymization cannot elimi-
nate all re-identification risks, it plays a central role
in enabling the secondary use of healthcare data
and supporting reproducible clinical research.

Despite its importance, anonymization remains
a technically demanding task. Even manual

de-identification has been shown to be time-
consuming, cognitively demanding, and subject to
inter-annotator variability (Dorr et al., 2006). Clinical
text is characterized by high variability across insti-
tutions and specialties, frequent spelling errors, un-
conventional abbreviations, domain-specific short-
hand, and elliptical phrasing. These properties
make automatic anonymization particularly chal-
lenging and sensitive to domain shifts.

Over the years, a wide range of approaches
has been proposed, including rule-based systems,
statistical sequence models, and neural architec-
tures. More recently, large pretrained language
models (LLMs) have been applied to clinical de-
identification, promising improved generalization
and reduced need for feature engineering (Staab
et al., 2024; Liu et al., 2025). At the same time,
industrial NLP toolkits such as spaCy offer readily
deployable pipelines that lower the entry barrier for
institutions seeking practical solutions.

However, practitioners, particularly in under-
resourced language settings, often face a funda-
mental question: which paradigm should be pri-
oritized under realistic infrastructure and regula-
tory constraints? While English clinical NLP bene-
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fits from multiple comparative evaluations, Spanish
clinical text remains comparatively under-studied.
Annotated corpora are scarce, cross-dataset anal-
yses are limited, and empirical guidance for tech-
nology selection is lacking. As a result, institutions
frequently must make high-stakes technological de-
cisions with limited evidence.

Evaluation practices further complicate this land-
scape. Performance is commonly measured on a
small number of public benchmarks, such as i2b2
(Stubbs et al., 2015) and MEDDOCAN (?). For pre-
trained LLMs in particular, the opacity of training
data raises concerns about benchmark contamina-
tion and potential information leakage, which may
lead to overly optimistic performance estimates and
hinder fair cross-paradigm comparison.

Robust evaluation therefore requires not only
multi-dataset validation but also methodological
safeguards against data leakage, especially when
assessing large pretrained models. Additionally,
clinical documentation varies substantially across
institutions, languages, and document types. Sys-
tems that perform well on a single benchmark may
fail to generalize in real-world deployment settings.
For practitioners, this variability underscores the
need for evaluation protocols tailored to local usage
scenarios.

In this paper, we present a controlled and
contamination-aware comparison of representa-
tive anonymization paradigms for Spanish clini-
cal text. Specifically, we evaluate: (i) a baseline
rule-based approach, (ii) general-purpose large lan-
guage model under prompt-based inference, (iii) an
off-the-shelf industrial NLP toolkit (spaCy), and (iv)
fully trainable neural sequence labeling architec-
tures based on recurrent neural networks. To miti-
gate benchmark contamination and ensure a fair
comparison, we introduce two synthetic datasets
that reproduce the structural and statistical char-
acteristics of clinical narratives without replicating
existing corpora. We complement these resources
with evaluation on the recently released CARMEN-
I dataset of naturally occurring Spanish clinical
records (Farre Maduell et al., 2024).

By combining synthetic and natural datasets un-
der uniform experimental conditions, this study
aims to identify stable performance tendencies
across paradigms rather than isolated benchmark
scores. Our goal is not to claim universal supe-
riority of any single architecture, but to provide
empirically grounded guidance that narrows the
technological search space for institutions imple-
menting anonymization pipelines in Spanish clinical
settings.

The remainder of this paper is structured as fol-
lows. Section 2 reviews related work in clinical
de-identification, with special attention to Spanish-
language resources. Section 3 describes the

datasets and the rationale behind the synthetic
data generation. Section 4 outlines the evalu-
ation methodology, and Section 5 presents the
anonymization approaches compared. Section 6
reports the experimental results. Finally, we dis-
cuss implications, limitations, and practical recom-
mendations for deployment.

2. Relevant Work

Early work on clinical text anonymization relied pri-
marily on rule-based systems, often implemented
using regular expressions and domain-specific dic-
tionaries (Neamatullah et al., 2008; Uzuner et al.,
2007). These approaches offer transparency, de-
terministic behavior, and low computational cost,
but they typically suffer from limited coverage, brit-
tle pattern matching, and poor generalization to
unseen writing styles or institutions because they
are typically based on the concrete cases seen
by the people who develop the systems, thus tai-
lored to specific practices, and also because it
seems impossible to have a rule-based system
cover all use cases, as the resulting set of rules
would most probably be inconsistent, with contradic-
tory rules (Meystre et al., 2010). Similar tendencies
have been observed in Spanish clinical text, where
handcrafted rules are effective for highly unambigu-
ous, regular entities such as dates or identification
numbers, but struggle with ambiguity (specially ab-
breviations), lexical variability and informal writing
(González et al., 2019).

Machine learning approaches, especially
sequence-aware approaches like Conditional
Random Fields (CRFs) and recurrent neural net-
works, later became dominant due to their ability
to model contextual dependencies and reduce
manual rule engineering, and, with deep learning,
also reducing feature engineering (Dernoncourt
et al., 2017; Lavergne et al., 2010). In the context
of Spanish, shared tasks such as MEDDOCAN
fostered the development of supervised sequence
labeling systems for clinical de-identification
(Martínez et al., 2019). Many top-performing
systems in MEDDOCAN relied on bidirectional
LSTM architectures, often combined with a CRF
decoding layer, confirming the effectiveness of
BiLSTM-CRF models for Spanish clinical named
entity recognition (Saluja et al., 2019). These
architectures build on earlier work demonstrat-
ing the effectiveness of deep-learning-based
sequence labeling for NER (Lample et al., 2016;
Ma and Hovy, 2016), and have since become
a strong baseline or state-of-the-art for clinical
anonymization tasks.

More recently, pretrained language models
based on the Transformer architecture have been
applied to de-identification, including for Spanish
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medical text. Multilingual models such as mBERT
and XLM-R, as well as Spanish-specific models
like BETO, have shown promising results on clini-
cal and biomedical NLP tasks (Cañete et al., 2020;
Conneau et al., 2020; Moreno-Barea et al., 2025;
Subies et al., 2025).

Within the MEDDOCAN challenge, several sys-
tems reported improved performance through the
incorporation of contextualized embeddings and
Transformer-based architectures (Martínez et al.,
2019), highlighting the value of pretrained compo-
nents in low-resource clinical settings. More re-
cently, approaches leveraging large pretrained lan-
guage models (LLMs) have been showing promis-
ing performance (Staab et al., 2024; Liu et al.,
2025). In particular, prompt-based approaches
have emerged as an attractive alternative, offer-
ing minimal implementation effort and rapid deploy-
ment, an appealing option for clinical institutions
without specialized machine learning expertise.

However, these approaches present practical
and methodological challenges. LLM-based sys-
tems entail substantially higher computational
costs, which may be difficult to accommodate in
secure, on-premise clinical infrastructures. In addi-
tion, because pretrained models rely on large and
partially opaque training corpora, it is not always
possible to determine whether reported bench-
mark performance reflects robust generalization
or incidental exposure to similar data during pre-
training (Bommasani et al., 2021). Consequently,
performance reported on widely used shared-task
datasets may not directly translate to new institu-
tional contexts.

More broadly, anonymization systems frequently
experience performance degradation when applied
across institutions, document types, or stylistic con-
ventions (Stubbs et al., 2017). This issue is partic-
ularly pronounced in Spanish, where publicly avail-
able resources remain scarce and often originate
from a single institutional source (González et al.,
2019).

These limitations motivate the present work,
which conducts a controlled comparative evaluation
across heterogeneous datasets to provide more reli-
able and practitioner-relevant evidence for Spanish
clinical text anonymization.

3. Datasets

The main purpose in determining the datasets to be
used in this evaluation was to ensure fair evaluation
of the different approaches, trying to avoid data
leakage from public datasets to large pretrained
models, and to provide a low-effort methodology to
create datasets that can be tailored to the specific
characteristics of particular deployment contexts.

Four datasets were used for this comparison

of anonymization approaches: the publicly avail-
able MEDDOCAN corpus, which has been avail-
able since 2019, and thus most probably used for
pre-training of large language models, the 2025
CARMEN-I corpus, which has most probably not
been used for training of models, and additionally
presents a big variety of texts, and finally two syn-
thetic datasets.

Sensitive entities are annotated following the
MEDDOCAN Protected Health Information (PHI)
guidelines (?), using a set of 28 entity types cover-
ing personal identifiers, healthcare professionals,
institutions, locations, dates, contact information,
identifiers, and other sensitive attributes.

3.1. MEDDOCAN
The MEDDOCAN dataset was released in the con-
text of the MEDDOCAN anonymization of medical
texts shared task organized within IberLEF 2019
(?). It consists of 1,000 synthetic clinical case re-
ports manually selected and curated by medical
experts and health documentalists, and enriched
with realistic instances of protected health informa-
tion derived from discharge summaries and medical
genetics records (?).

3.2. Carmen-I
The CARMEN-I corpus consists of anonymized
clinical narratives derived from electronic health
records collected at Hospital Clínic de Barcelona
between March 2020 and March 2022(??). For this
study, we worked only with the 1,697 documents
in Spanish. It comprises radiology reports (IR, 961
documents), discharge summaries (IA, 573 docu-
ments), transfer reports (IT, 154 documents), exitus
reports (IE, 5 documents), and clinical course notes
(CC, 4 documents).

3.3. Synthetic datasets
We created two synthetic datasets that reproduce
the properties of the MEDDOCAN corpus, to better
assess the performance of pre-trained components
by ruling out data leakage, that is, that the test data
had been used for training, in a manner similar to
Kim et al. (2024).

The SPG dataset was generated using the Syn-
thetic Patient Generator (SPG), an open-source
software module developed for this work and re-
leased under the MIT license1. The generator pro-
duces fully synthetic clinical documents in Span-
ish, including protected health information such
as names, addresses, dates, phone numbers,
and identifiers, reproducing the MEDDOCAN style.

1repository URL withheld for double-blind review
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Anonymization annotations were produced auto-
matically by the generator in BRAT and XML for-
mats.

Generation of reports was based on random sam-
pling functions from predefined lexical resources
containing person names, institution names, profes-
sions, and contact information. While this approach
ensures full control over the generated content, it
results in limited linguistic variability, as it relies
exclusively on random selection from static lists
and does not incorporate paraphrasing or syntactic
rewriting mechanisms.

To increase linguistic variability and better ap-
proximate real clinical narratives, the SPG dataset
was extended using the Llama 3.1 large language
model. Starting from the original SPG documents,
clinical reports were expanded to include richer
medical details and longer narratives, while pre-
serving the original patient and administrative sec-
tions.

The generation process followed a carefully de-
signed one-shot prompting strategy enforcing a
strict document structure and prohibiting meta-
comments or safety disclaimers. Despite these con-
straints, the raw outputs required extensive manual
curation. Documents containing refusals, meta-
text, missing sections, or invalid structure were re-
moved or corrected. After this curation process, a
total of 448 extended clinical reports were retained.

4. Evaluation Methods

4.1. Dataset Partitioning

Each dataset was divided into three subsets: train-
ing (train), development (dev), and evaluation (test).
For MEDDOCAN, CARMEN-I and SPG, a 50/25/25
split was used, following common practice in de-
identification benchmarks. Due to the smaller size
of SPG Extended after curation, an 80/10/10 split
was applied. Table 1 summarizes the partition sizes
and proportions for each dataset.

Dataset Train Dev Test
MEDDOCAN 500 (50%) 250 (25%) 250 (25%)
CARMEN-I 847 (50%) 425 (25%) 425 (25%)
SPG 500 (50%) 250 (25%) 250 (25%)
SPG Extended 358 (80%) 45 (10%) 45 (10%)

Table 1: Train, development, and test splits for each
dataset, in number of documents.

For CARMEN-I, the split was performed using
stratified sampling by document type to preserve
the original distribution of report categories (e.g.,
radiology, discharge summaries) across partitions.
This stratification reduces bias toward dominant
document types and supports better generalization.

4.2. Evaluation Metrics
All approaches were evaluated against gold stan-
dard annotations at the character level. Accuracy
and F1-scores were obtained by macro-averaging
the score for each class, leaving out the class of
non-entities (the "O" class), which is a majority and
tends to skew results.

Confusion matrices were also analyzed, to obtain
a more fine-grained analysis of systematic predic-
tion errors.

5. Approaches to anonymization

5.1. Rule-Based Anonymization Using
Domain Knowledge

As a representative symbolic approach, we evalu-
ated the set of regular expressions developed within
the ARPHAI initiative2. These rules encode domain
knowledge for detecting sensitive information in
Spanish clinical texts and do not require any train-
ing data. They were designed to process free-text
records of primary care in the public health system
of Argentinean province La Rioja.

The system comprises two types of patterns: (i)
context-aware expressions that detect entities di-
rectly from textual cues and their surrounding con-
text, such as dates, national identification numbers,
passport numbers, email addresses, and license
numbers; and (ii) dictionary-based patterns that rely
on curated lists of known entities, such as street
names and hospital names.

5.2. Recurrent Neural Networks:
BiLSTM-CRF

As a classical machine learning approach, we adopt
the BiLSTM-CRF model implemented by Saluja
et al. Saluja et al. (2019) for the MEDDOCAN
shared task. The architecture follows the end-to-
end sequence labeling approach proposed by Ma
and Hovy (2016), composed of three main lay-
ers: CNNs, BiLSTMs, and a CRF. First, a Con-
volutional Neural Network (CNN) is used to extract
character-level representations from words, allow-
ing the model to capture morphological information
like prefixes and suffixes. These character vec-
tors are concatenated with pre-trained word em-
beddings and fed into a Bi-directional Long Short-
Term Memory (BiLSTM) network, which models
contextual information by processing the sequence
in both forward and backward directions. Finally,
the output vectors from the BiLSTM are passed to
a Conditional Random Field (CRF) layer on top to
jointly decode the optimal label sequence.

2https://www.ciecti.org.ar/arphai/
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We hypothesize that, in the clinical domain and
specifically for EHRs, the word representation com-
ponent plays a critical role. Medical notes are
frequently filled with typographical errors, non-
standard abbreviations, and variations in word
forms that rule-based systems often struggle to cap-
ture. By extracting morphological information (such
as prefixes and suffixes) rather than looking for ex-
act whole-word matches, the CNN layer allows the
model to identify medical terms even when they
are misspelled or appear as variations not seen
during training. This design alleviates vocabulary
sparsity and improves robustness to the noisy and
informal nature of clinical text, compared to models
that depend solely on word-level embeddings.

The model is trained in a fully supervised manner
with the training partition of each dataset, using the
validation partition to select the best hyperparame-
ters.

The BiLSTM and CRF layers in our sequence
labeling model are initialized with random weights;
however, we also experiment with incorporating
pretrained word embeddings. The hypothesis guid-
ing this comparison is that embeddings learned
from very large, general-purpose corpora encode
linguistic and semantic regularities that may not
be captured when training solely on smaller anno-
tated datasets, even if they are domain-specific.
We used the following:

• PlanTL word embeddings pre-trained for Span-
ish biomedical text with the Scielo corpus
(Soares et al., 2019)

• Flair word embeddings for Spanish NER for
the Flair toolset (Akbik et al., 2018)

• spaCy word embeddings for Spanish NER for
the spaCy toolset (Honnibal et al., 2020)

5.3. Off-the-shelf Named Entity
Recognition

In addition to custom models, we evaluated a widely
used Named Entity Recognition (NER) tool, spaCy
(Honnibal et al., 2020). It is a production-oriented
natural language processing library that provides
neural network-based models for text annotation.
Its NER component is also based in a BiLSTM
architecture, but it builds its representations using
features derived from token vectors produced by
the tok2vec layer and learned sequence patterns.

We initialized all the components of the spaCy
model randomly using the default configuration pro-
vided by the library, which resulted in a training of
the parameters from scratch.

Using spaCy offers several practical advantages.
First, it is an off-the-shelf framework with a well-
tested architecture similar to the previous one,

which simplifies implementation and experimen-
tation. Second, the tok2vec layer generates con-
textual token representations via a trainable em-
bedding and more complex encoding subnetworks,
potentially yielding richer features. However, the ex-
periment is justified as further evaluation is neces-
sary, since neural architectures trained from scratch
may not generalize as effectively to new domains
without sufficient labeled data.

5.4. Large Language Models
We evaluated a large language model approach
using Meta-Llama-3.1-8B-Instruct, a transformer-
based model optimized for instruction following. Ex-
periments were conducted on GPU infrastructure at
the Centro de Computación Avanzada of the Univer-
sidad Nacional de Córdoba, using mixed-precision
inference to reduce computational costs.

Entity recognition was performed via prompt-
based annotation, instructing the model to gen-
erate in-line XML annotations directly within the
clinical text, as shown in Figure 1. Multiple prompt-
ing strategies were explored, including zero-shot
and one-shot variants. Zero-shot prompting yielded
inconsistent and poorly formatted outputs, whereas
one-shot prompts with carefully curated examples
significantly improved annotation quality.

Given the model’s context window limitation
(8192 tokens, including input and output), the
prompt and input text were dynamically adjusted
using the official tokenizer to ensure complete gen-
eration. Approximately half of the available context
was reserved for the output to prevent truncation.

The Llama-based approach does not require
task-specific training or fine-tuning, relying instead
on prompt engineering to adapt the pretrained
model to the anonymization task.

6. Analysis of Results

Table 2 shows macro-averaged accuracy and F1
scores computed on the test partition of each
dataset. As discussed, all metrics exclude the O
(outside) class in order to better highlight differ-
ences in the detection and classification of named
entities.

It should be noted that, during the spaCy ex-
periments, a small proportion of entities could
not be processed due to formatting inconsisten-
cies in the data. As a result, the reported scores
are not strictly comparable. In most cases, the
number of affected entities was below 5% and
distributed among different labels, except in the
case of the MEDDOCAN dataset and for label
S̈EXO_SUJETO_ASISTENCIA,̈ where it reached
almost 10%. This issue led to a noticeable de-
crease in macro-averaged accuracy for that dataset,
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<document>
<sentence i d ="1" >

<TAG TYPE="NOMBRE_SUJETO_ASISTENCIA">Juan Perez </TAG>
fue atendido e l
<TAG TYPE="FECHAS" >12/03/2023 </TAG>
rem i t i do por <TAG TYPE="NOMBRE_PERSONAL_SANITARIO"> Ignacio </TAG>
<TAG TYPE="NOMBRE_PERSONAL_SANITARIO"> Navarro Cuel la r </TAG>

</ sentence >
</document>

Figure 1: Example of XML-formatted clinical text with annotated entities.

SPG Extended SPG MEDDOCAN CARMEN-I
Acc F1 Acc F1 Acc F1 Acc F1

REGEX 0,094 0,092 0,081 0,092 0,155 0,123 0,004 0,001
BiLSTM 0,942 0,884 0,382 0,591 0,864 0,694 0,702 0,535
BiLSTM-PlanTL 0,817 0,820 0,472 0,560 0,632 0,690 0,347 0,420
BiLSTM-Flair 0,900 0,781 0,363 0,507 0,847 0,679 0,665 0,335
BiLSTM-spaCy 0,877 0,775 0,360 0,503 0,782 0,623 0,619 0,225
spaCy 0,846* 0,880* 0,588 0,675 0,693 0,770 0,561 0,657
Llama 3.1 0,710 0,712 0,425 0,674 0,393 0,455 0,091 0,098

Table 2: Macro average accuracy and F1 excluding the non-entity class, for different approaches to
anonymization: regular expressions (REGEX); different flavors of recurrent neural networks: BiLSTM
fully trained on the training portion of each corpus, including the embeddings layer, and with different
pre-trained embeddings (BiLSTM-PlanTL, BiLSTM-Flair, BiLSTM-spaCy); off-the-shelf spaCy fully trained
on the training portion of each corpus; and off-the-shelf Llama 3.1. with prompts. Evaluation on three
synthetic datasets, the public MEDDOCAN and the newly synthesized SPG and Extended SPG, and the
naturally occurring CARMEN-I. Results marked with * correspond to a subset of data

although the F1 score remained largely unaffected.
Given the exploratory nature of this study, we con-
sider the results sufficiently reliable to identify gen-
eral performance trends and to provide practition-
ers with meaningful guidance when selecting an
anonymization approach.

As a first approach to these results, Figure 3
shows the differences in our main metric of in-
terest, macro F1. Learning-based approaches
substantially outperform REGEX (first bar in each
group) across all datasets. In fact, for the only nat-
ural dataset, with real life variability, CARMEN-I,
REGEX performs very poorly, reflecting its limited
coverage and inability to generalize beyond explicit
patterns. This could be expected given that these
rules have been based on the study of a specific
dataset, but it is sobering to determine empirically
the very little portability this kind of approach, and
how it requires an important adaptation effort for
each new domain.

It is also very interesting to see how a generic
pretrained LLM (last bar per group) performs very
poorly for the natural dataset. In this case, we have
a very important remark to make: the only case
where Llama 3.1 performed comparably to other
approaches was for Extended SPG, the synthetic
dataset that had been created... using Llama 3.1.

But such good performance in this dataset can-
not be extrapolated to good performance on other
datasets, or, more importantly, on a natural dataset
like CARMEN-I. Thus, in working with synthetic
datasets to assess performance of different techno-
logical alternatives, one must be very careful with
the circularities of using an LLM to analyze data
produced by the same or similar LLM.

The most important conclusion from this study is
that recurrent neural network architectures per-
form better for the task of automatic anonymiza-
tion of clinical text. The best approach is off-
the-shelf spaCy (second-to-last bar per group),
probably because

- all the components have been trained from
scratch specifically for the dataset, and

- the architecture constructs a more complex
representation of words and strings than clas-
sic BiLSTM, with a rich representation com-
ponent transforming different kinds of embed-
dings to provide the input for the main recurrent
component.

Indeed, it can be seen that training the embed-
ding layers in the training dataset improves perfor-
mance with respect to using pre-trained compo-
nents, even if these have been trained in much
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Figure 2: Distribution of performance of different anonymization approaches across different document
types in the CARMEN-I datasets. Colors represent coarse types of documents, each dot represents a
subtype of the coarser document types. The detail for each subtype of document will be provided in the
camera-ready version of the paper, as an Appendix.

Figure 3: F1 macro of each approach on the different datasets, excluding the non-entity class. The detail
can be seen in Table 2.

bigger corpora or a domain specific one. We can
see that the BiLSTM that was fully trained on the
datasets (second bar per group) performs consis-
tently better than the BiLSTM approaches using
pre-trained embeddings (3 middle bars per group).
Even when using embeddings trained specifically
in biomedical texts in Spanish, represented by the
darkest orange bar never reach the performance of
the fully trained BiLSTM. The only exception is the
MEDDOCAN corpus, where performance of the dif-

ferent BiLSTM approaches is very similar. This can
possibly be attributed to data leakage, since the
MEDDOCAN corpus has been publicly available
since 2019 and has been probably used for training
these embeddings. More importantly, the drop in
performance for approaches with pre-trained word
embeddings is more acute for the CARMEN-I nat-
ural corpus, where the superiority of fully trained
approaches can be clearly appreciated, followed by
the relative better performance of the embeddings
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pre-trained in biomedical domain.
Given the heterogeneity of the CARMEN-I cor-

pus, we further analyzed performance by doc-
ument type. Results in Figure 2 show that
BiLSTM-CRF consistently outperforms REGEX
and Llama 3.1 across most categories, although
its performance is not uniform. As can be ex-
pected, the number of examples for a given
document type strongly influences performance:
indeed, the most notable degradation occurs
for IT_EXPLORACION_CLINICA, a low-frequency
document type with atypical date expressions, for
which learned patterns do not generalize well.

7. Discussion and Conclusions

This study presents a controlled, cross-dataset
comparison of representative anonymization
paradigms for Spanish clinical text under uniform
experimental conditions. Beyond reporting perfor-
mance scores, our goal was to derive practically
relevant insights for deployment in real clinical
environments.

Across datasets, recurrent neural architectures,
more concretely, CNN-BiLSTM-CRF, and in partic-
ular the spaCy implementation consistently outper-
formed both a rule-based system and a prompt-
based approach with a large language model.
The advantage was especially clear on heteroge-
neous, naturally occurring data such as that in the
CARMEN-I dataset, which better reflects institu-
tional variability.

From a deployment perspective, these models
offer a favorable balance between effectiveness,
computational cost, and infrastructural feasibility.
They can be trained and executed on moderate
hardware, including secure on-premise servers,
whereas large language models require substan-
tially greater computational resources and, if they
are to be fine-tuned for a specific domain, skilled ex-
pertise. The prompt-based approach to a generic
LLM, without fine-tuning, demonstrated limited ro-
bustness and weaker generalization to unseen nat-
ural data. Under realistic infrastructure constraints,
moderately sized neural sequence labeling models
therefore appear to be a more sustainable solution
for Spanish clinical anonymization.

A consistent finding across datasets is that
fully task-specific training of neural architectures
yields stronger generalization than incorporating
pretrained embeddings, even when those embed-
dings are derived from large biomedical corpora.
This suggests that institutional specificity plays a
central role: local documentation practices, abbrevi-
ations, and stylistic conventions are better captured
through end-to-end training on representative an-
notated data. Importantly, effective anonymization
does not require massive pretrained models. A well-

curated, institution-specific dataset combined with
a classical BiLSTM-CRF architecture can provide
strong performance with lower operational com-
plexity.

Methodologically, this work highlights the impor-
tance of contamination-aware and cross-dataset
evaluation. The synthetic datasets introduced here
were designed to replicate structural characteristics
of clinical text without reproducing existing bench-
marks, enabling more controlled comparisons. At
the same time, results show that synthetic data
must be handled carefully, as models may ben-
efit when evaluated on data generated using re-
lated architectures. Complementary evaluation on
naturally occurring corpora such as CARMEN-I is
therefore essential. Performance differences be-
tween MEDDOCAN and CARMEN-I further demon-
strate that single-benchmark evaluation is insuffi-
cient to guarantee real-world robustness, particu-
larly in Spanish clinical NLP, where resources are
scarce and institution-specific.

Taken together, these findings provide indica-
tive but stable tendencies that can guide practi-
tioners. While this study is limited to Spanish and
to representative instances of each paradigm, it
narrows the technological search space for insti-
tutions implementing anonymization pipelines un-
der realistic constraints. In Spanish clinical con-
texts, investment in moderately sized, task-specific
neural sequence labeling models appears to of-
fer the strongest balance between effectiveness,
efficiency, and deployability.

Beyond empirical comparisons, this work con-
tributes reproducible evaluation procedures, syn-
thetic benchmark resources, and cross-dataset ev-
idence in an underrepresented language setting.
By foregrounding methodological rigor and deploy-
ment feasibility, we aim to support more informed,
evidence-based decisions in privacy-preserving
clinical NLP.

Future work should extend this framework to ad-
ditional languages and institutional contexts, ex-
plore domain-adapted or fine-tuned large language
models, and investigate hybrid or lightweight archi-
tectures that further balance interpretability, robust-
ness, and infrastructural constraints.

Ethics Statement

This work addresses the anonymization of clini-
cal free-text records with the objective of enabling
privacy-preserving secondary use of healthcare
data. The study focuses on methodological evalu-
ation and does not involve direct access to identifi-
able patient information by the authors.

Experiments were conducted using (i) publicly
available benchmark datasets, (ii) the CARMEN-I
corpus accessed under its Data Usage Agreement,
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and (iii) synthetic datasets generated to replicate
structural and statistical properties of clinical nar-
ratives without reproducing real patient content.
The CARMEN-I resource consists of previously
anonymized clinical documents distributed under
controlled conditions via PhysioNet. All usage com-
plied with the corresponding licensing and data
access requirements.

The synthetic datasets were designed to mitigate
potential benchmark contamination and reduce pri-
vacy risks associated with redistributing sensitive
clinical material. Nevertheless, synthetic data can-
not entirely eliminate the possibility of unintended
memorization effects in large pretrained models.
For this reason, we explicitly separate data gen-
eration and evaluation pipelines and complement
synthetic evaluation with experiments on naturally
occurring clinical data.

We acknowledge that anonymization systems
are not infallible and may fail to detect certain cate-
gories of sensitive information. In real-world deploy-
ment, automated de-identification systems should
therefore be integrated within broader governance
frameworks that include human oversight, identifi-
cation and charcterization of discriminatory behav-
iors including bias against subgroups of population,
risk assessment, and compliance with applicable
data protection regulations.

Finally, this work focuses exclusively on Spanish
clinical text, a comparatively under-resourced set-
ting in clinical NLP. By providing reproducible eval-
uation procedures and comparative evidence, we
aim to support responsible technological decision-
making in privacy-preserving healthcare applica-
tions (López et al., 2023).

Limitations

Several limitations must be acknowledged.
First, this study focuses exclusively on Span-

ish clinical text. Although this language-specific
scope addresses the scarcity of annotated re-
sources and comparative research in Spanish clin-
ical anonymization, it limits the generalizability of
our findings to other languages. Differences in doc-
umentation practices, annotation schemes, and
linguistic features may affect performance, and fur-
ther studies are needed to assess cross-linguistic
robustness.

Second, although the synthetic datasets were
carefully designed to resemble clinical narratives,
synthetic data cannot fully replicate the linguistic
variability, stylistic idiosyncrasies, and implicit con-
ventions of naturally occurring documentation. Con-
sequently, performance estimates obtained on syn-
thetic corpora may differ from those observed in
real-world deployment scenarios.

Third, the evaluation of large language models

was restricted to a single representative LLM un-
der prompt-based inference, without task-specific
fine-tuning. Similarly, the off-the-shelf comparison
was limited to spaCy as a representative general-
purpose industrial NLP toolkit. While these choices
reflect realistic scenarios faced by practitioners,
who often evaluate a small number of accessible
tools, they do not exhaust the full spectrum of pos-
sible architectures, fine-tuning strategies, or tool
configurations. Alternative LLMs, domain-adapted
transformers, or additional industrial frameworks
may yield different absolute performance levels.

Finally, spaCy experiments were affected by pre-
processing and formatting issues that prevented
processing of a subset of documents. Although the
overall performance trends remain stable across
datasets and configurations, exact metric compar-
isons should therefore be interpreted with caution.
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