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The wide adoption of electronic health records (EHRs) offers immense potential as a source of support for
clinical research. However, previous studies focused on extracting only a limited set of medical concepts to
support information extraction in the cancer domain for the Spanish language. Building on the success of
deep learning for processing natural language texts, this paper proposes a transformer-based approach to
extract named entities from breast cancer clinical notes written in Spanish and compares several language
models. To facilitate this approach, a schema for annotating clinical notes with breast cancer concepts is
presented, and a corpus for breast cancer is developed. Results indicate that both BERT-based and RoBERTa-
based language models demonstrate competitive performance in clinical Named Entity Recognition (NER).
Specifically, BETO and multilingual BERT achieve F-scores of 93.71% and 94.63%, respectively. Additionally,
RoBERTa Biomedical attains an F-score of 95.01%, while RoBERTa BNE achieves an F-score of 94.54%. The
findings suggest that transformers can feasibly extract information in the clinical domain in the Spanish
language, with the use of models trained on biomedical texts contributing to enhanced results. The proposed
approach takes advantage of transfer learning techniques by fine-tuning language models to automatically
represent text features and avoiding the time-consuming feature engineering process.

1. Introduction

Cancer remains one of the main public health problems, ranked as
the leading cause of death globally [1]. According to the World Health
Organization,! cancer caused nearly 10 million deaths worldwide in
2020. In 2022, 1,918,030 new cancer cases and 609,360 cancer deaths
are projected to occur in the United States. In particular, breast cancer
is currently the most common cancer globally, accounting for 12.5% of
all new annual cancer cases worldwide.? In 2023, an estimated 297,790
women in the United States will be diagnosed with invasive breast
cancer.’

The process of diagnosing and treating cancer patients generates
a huge amount of information that describes symptoms, the cancer
diagnosis, family history, treatments, and the evolution of the patient
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at the time [2,3]. Physicians register this information in Electronic
Health Records (EHR) using clinical notes written in narrative form [4].
Extracting and mining this information is crucial to support oncology
research, design treatment plans, and improve patient outcomes [5].
This has been the main goal of two European projects: IASIS* and
CLARIFY® funded by H2020. One of the goal of this projects was to
understand risk factors for cancer and describe patterns for progression
and relapse. In order to be able to generate these models structured
information for each patient is required.

Extracting information from clinical narratives is a challenge due
to the complexity of natural language [6]. Moreover, clinical texts are
written by highly skilled physicians and nurses using domain-specific
terms, under time pressure, with rich and complex jargon, which makes
these texts differ from those of other domains [7]. In recent years the
use of Natural Language Processing (NLP) in the biomedical domain
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has increased the possibility of automatically extracting information
from clinical narratives [8-10]. The application of NLP and Artificial
Intelligence (AI) techniques for processing medical records plays an
increasingly significant role in advancing clinical decision support [11].
The use of EHR to perform studies in the cancer field has also increased
in the last few years [12].

The first challenge to be addressed when extracting information
from clinical texts is the identification of medical-named entities. Ex-
tracting named entities is one of the most important tasks in the medical
domain since performing clinical studies commonly requires detailed
patient information recorded in clinical notes [6,13]. Clinical Named
Entity Recognition (Clinical NER) is the task that aims to identify
medical concepts from clinical text [14,15]. In the oncology domain,
the first rule-based approaches focused on the extraction of the cancer
tumor stage [16-18]. The main limitation of rule-based approaches
is they can suffer from a lack of flexibility and universality [19].
Other studies have used machine learning-based approaches to extract
other cancer-related concepts such as cancer diagnosis [20], cancer
symptoms [21], or treatments [22]. A disadvantage of these approaches
is they require a considerable set of text features which frequently are
human-dependent and are time-consuming [23].

Recently, deep learning-based approaches have shown important
advances and improvements in extracting information in the biomedi-
cal domain [24-27]. However, most of these proposals have focused
on the English language [24,28]. In fact, information extraction in
the medical domain represents its own challenges in languages other
than English [29,30]. In the case of the Spanish language, previously
performed studies only support extracting a limited set of medical
concepts and do not offer a comprehensive information model in the
cancer domain [31,32]. These facts indicate that there is a lack of
computational models to support Clinical NER in the breast cancer
domain for the case of the Spanish language.

Motivated by the success of deep learning for processing natural
language texts, in this paper, we propose a transformer-based approach
to extract named entities from breast cancer clinical notes written in
Spanish. The main contributions of the proposed approach are the
following:

+ A breast cancer corpus that oncology experts have manually
annotated. This in-house corpus is based on a comprehensive
annotation schema that contains 23 labels to represent medical
concepts in the breast cancer domain. To the best of our knowl-
edge, this is the first corpus aiming to support breast cancer entity
extraction in the Spanish language.

Transformer-based models to perform clinical NER as a sequence-
labeling task. These models have been trained on the breast
cancer corpus using BERT [33] and RoBERTa [34]. We chose
BERT and RoBERTa because these transformers models have been
widely used to perform sequence-labeling tasks in the medical
domain [30,35,36]. @ Moreover, they can learn long-range de-
pendencies between words using a self-attention mechanism [37].
This mechanism can be useful for learning dependencies between
different labels in the breast cancer corpus. Finally, both BERT
and RoBERTa contain multilingual pre-trained versions which
offer the possibility of training models for the Spanish language.
The proposed approach takes advantage of transfer learning tech-
niques by fine-tuning transformer models to automatically rep-
resent text features, thus avoiding the time-consuming feature
engineering process. Therefore, we conduct and compare a fine-
tuning process using four distinct monolingual and multilingual
models pre-trained on BERT and RoBERT4, including BETO [38],
Multilingual BERT [33], RoBERTa Biomedical [39], and RoBERTa
BNE [40]. The main characteristics of these models are shown in
Table 3. Results obtained have shown competitive performance
indicating that the proposed approach is feasible to perform
clinical NER from clinical texts in the breast cancer domain.
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+ Once transformer-based models are obtained and validated, they
can be used to extract information from clinical records structur-
ing the information of each patient. This information is used to
build models to predict cancer recurrences or progression, among
others. For instance, the Projects IASIS® and CLARIFY’ financed
by “H2020 programme” used clinical NER models to find risk
factors for breast and lung cancer. Electronic Health records from
a hospital in Madrid region were the source of data.

The remainder of this document has been organized as follows:
Section 2 shows a review of relevant studies that aim to extract medical
concepts in the cancer domain. Section 3 describes the proposed
approach in this paper. Section 4 presents the results obtained in ex-
periments, and Section 5 provides a discussion of these results. Finally,
Section 6 presents the main conclusions and outlook for future work.

2. Background

In recent years the use of Natural Language Processing (NLP) in
the biomedical domain has increased the possibility of automatically
extracting information from clinical narratives [8,9,14]. In particular,
Clinical Named Entity Recognition (Clinical NER) is the task that
aims to identify medical concepts from clinical text [14,15]. @Clinical
NER can also be referred to as Clinical concept extraction [41]. Extract-
ing named entities is one of the most important tasks in the medical
domain since performing clinical studies commonly requires detailed
patient information recorded in clinical narratives [6,13].

The use of NLP-based approaches to perform clinical NER in the
cancer domain has grown recently since extracted information is crucial
to perform evidence-based medicine, health quality improvement, and
create patient-centered treatments [42]. In this section, we will describe
relevant studies conducted to extract clinical named entities in the
cancer field. Clinical NER has been commonly addressed using Rules,
Machine learning, and Deep learning-based approaches, as follows:

2.1. Rules

The first studies to extract medical concepts in the cancer field used
rule-based approaches mainly to obtain the cancer tumor stage [16,
43,44]. The cancer stage indicates the grade and size of the tumor
when the patient was diagnosed [17,18,45]. Cancer stage identification
has a significant value in predicting incidence and mortality in cancer
patients [46]. The proposal described in [47] uses heuristic rule-based
algorithms for extracting three variables related to liver cancer staging:
tumor size, staging level, and the percentage of the liver invaded by the
tumor.

The study carried out in [32] uses a set of regular expressions
and the UMLS® dictionary to extract several cancer concepts such as
tumor stage, mutation status, and the patient performance status from
lung cancer clinical notes. @The main weakness of this proposal is
that they rely on hand-crafted rules and are limited by the dictio-
nary of medical terms. Rule-based approaches fail when extracting
medical concepts with high data variability since they lack flexibil-
ity [19]. Moreover, identifying only the cancer stage is not sufficient to
have a comprehensive understanding of cancer behavior from clinical
narratives.

6 https://project-iasis.eu/.
7 https://www.clarify2020.eu/.
8 https://www.nlm.nih.gov/research/umls/index.html.
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2.2. Machine learning

Machine learning-based approaches extract information using an-
notated data and a set of defined features. In these approaches, the
extraction of cancer concepts is defined as a classification problem
where each token in a sentence is tagged with a pre-defined label. Ma-
chine learning-based approaches work better for tasks for which the set
of extraction concepts is large, and they have high data variability [21].
Various algorithms, including Support Vector Machines (SVM), [48]
and Conditional Random Fields (CRF) [49], have been widely used to
extract cancer information from clinical narratives.

In [21], the authors propose a CRF-based approach to extract breast
cancer symptoms using three labels: symptom (positive label), absence
of a symptom (negative label), or no symptom at all (neutral label).
Features at the work level, such as lower-case words, the last three
characters of the word, and the last two characters of the word are
used to train the model. @Another CRF-based approach to extract
symptoms in cervical cancer is described in [50]. This approach uses
the Stockholm EPR corpus, a database containing a Swedish clinical
text dataset.

In [51,52], the authors use the SVM algorithm to extract colorec-
tal cancer diagnosis and the cancer stage, respectively. In [53] are
described two machine learning-based models to extract information
from pathology reports also using the Support Vector Machine (SVM)
algorithm. The first model is used to classify notes into internal (pri-
mary review) and external (consultation) reports. The second model
was used to extract dates and tumor location in patients diagnosed
with gastroesophageal cancer. The main disadvantage of the above
approaches is they require a considerable set of hand-crafted features
that depend on humans and are time-consuming [23].

2.3. Deep learning

In recent years, deep learning-based approaches have shown signif-
icant progress, and improvements in extracting information related to
cancer [10,54,55]. The main advantage of deep learning approaches is
the ability to automatically learn high-level features from texts, reduc-
ing the time in the hand-crafted feature engineering process. Moreover,
using deep learning methods has opened the opportunity to extract
comprehensive sets of medical concepts related to cancer [55,56].

One of the first studies to extract cancer information using a
deep learning-based approach is described in [24]. This study aims
to extract lung cancer stages, histology, tumor grades, and thera-
pies (chemotherapy, radiotherapy, surgery) using convolutional neural
networks (CNN). The authors highlight the feasibility of extracting
cancer-related information from clinical narratives using deep learning
methods. @In [28], the authors proposed a Bidirectional Long Short
Memory (BiLSTM) neural network for extracting radiotherapy treat-
ments from clinical narratives written in English. This study extracts
detailed information related to radiotherapy treatment, such as dosage,
frequency, fraction frequency, and treatment site.

The use of deep-learning methods has also encouraged the ex-
traction of more detailed information related to cancer. For instance,
in [56], the authors described a deep-learning approach to extract
breast cancer concepts using BERT. The goal of this proposal is to
extract a comprehensive set of breast cancer concepts from clinical
notes written in Chinese. The authors demonstrate that the BERT-based
model performs better than traditional machine learning algorithms at
extracting named entities in the cancer field. @In [57], the authors
describe a BiLSTM-based model for clinical concept extraction from
oncological clinical notes written in German. This model supports
extracting several concepts such as diagnosis, treatments, and medi-
cations. Although deep learning-based approaches have improved the
ability to extract medical concepts in the cancer medical field, most of
these proposals have focused on the English language [24,28] and most
recently, on Chinese [55,56].
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In the Spanish language case, in [31], the authors propose Can-
temist, an annotated corpus to support tumor morphology extraction.
@Several studies [58-60] have used this corpus to perform morphology
extraction. However, the main limitation of these proposals is they
only support identifying one entity type (tumor morphology). Cancer
is a complex and specialized medical field requiring a comprehensive
set of medical concepts for understanding its evolution from clinical
narratives [56]. Extracting entities such as the cancer diagnosis, treat-
ments, and family history is crucial to understand the cancer evolution
in the patient. Moreover, named entities such as cancer biomarkers
and comorbidities are also important to understand the cancer evo-
lution in the patient. Cancer biomarkers refer to biological molecules
produced by the body or tumor in a patient [61]. Knowing cancer
biomarkers is useful because physicians can use them for defining
alternative treatment plans [62]. On the other hand, comorbidities refer
to another illness (e.g., diabetes mellitus, dyslipidemia, arterial hyper-
tension) that co-exists together with a cancer diagnosis. Extracting and
analyzing these comorbidities is an important step because they affect
the diagnosis and evaluation of treatment effectiveness [63].

Table 1 shows a summary of the most relevant approaches aimed at
performing clinical NER in the cancer medical field. From this table, it
is important to highlight the following facts:

» Most of the proposals have focused on the English language.
According to Table 1, close to 70% of the approaches have
concentrated on English.

Most of the studies have focused on a reduced set of medical
concepts (e.g., tumor stage, tumor morphology). Although the
proposal described in [56] aimed to extract a comprehensive set
of medical concepts, that proposal has focused on the Chinese
language.

Extracting named entities from oncology clinical texts written in
Spanish has not been explored deeply yet. There is a lack of
corpora to support information extraction in the breast cancer
domain in this language.

3. Materials and methods

Transformers for extracting breast cancer information from clinical
narratives will be used. Transformers can learn long-range dependen-
cies between words using a self-attention mechanism [37]. In this
approach, clinical NER is performed as a sequence labeling task, where
each token in a sentence is classified with a specific label. Fig. 1
shows the proposed approach, which consists of three steps: (i) Corpus
generation, (ii) Model training, and (iii) Model validation.

3.1. Corpus generation

We randomly chose 500 clinical narratives belonging to breast
cancer patients from a public hospital in Madrid, Spain. These clinical
notes were anonymized, split into sentences, and tokenized. The BRAT®
tool was used for the manual annotation process. In what follows, we
detail the process of annotating these notes to generate an annotated
corpus. The process includes the following steps: definition of the anno-
tation schema, annotating clinical notes, and measuring the reliability
of the annotations

9 https://brat.nlplab.org/.


https://brat.nlplab.org/

O. Solarte-Pabén et al.

Artificial Intelligence In Medicine 143 (2023) 102625

Table 1

Related works for extracting cancer named entities.
Proposal Approach Method Target Lang
Nguyen et al. 2010 [64] Rules Regex, Dictionaries Cancer stage English
Yim et al. 2016 [47] Rules Heuristics Cancer stage English
Warner et al. 2016 [43] Rules Regex Cancer stage English
Soysal et al. 2019 [44] Rules, Machine learning Regex, Dictionaries Cancer stage biomarkers English
Najabadipour et al. 2018 [32] Rules Regex, Dictionaries Cancer stage Spanish
Forsyth et al. 2018 [65] Machine learning CRF Symptoms English
Weegar et.al,,2015 [50] Machine learning CRF Symptoms Swedish
Lenain et al. 2019 [52] Machine learning SVM Diagnosis English
Huang et al. 2015 [66] Machine learning SVM Cancer stage English
Wang et al. 2019 [24] Deep learning CNN Stage, histology, Tumor grades, Therapies English
Bitterman et al, 2020 [67] Deep learning BiLSTM Radiotherapies English
Zhang et al, 2019 [56] Deep learning BERT Comprehensive model Chinese
Kittner et al. 2021 [57] Deep learning BiLSTM Diagnosis, treatments, medications German
Lopez-Ubeda et al. 2020 [60] Deep learning BiLSTM Tumor morphology Spanish

I Clinical notes

-

Sentence detection,
tokenization

N

Corpus generation

Transformers

Annotated Model Tralnmg —_— Vallda
_ Corpus

Model

Fig. 1. Proposed approach for extracting breast cancer information.

3.1.1. Definition of the annotation schema

The main goal of this step is to identify the most relevant entities
that describe the breast cancer domain. The experts in the breast cancer
domain define this set of entity types. Fig. 2 shows a set of sentence
examples and their annotations in the cancer corpus. From this Figure,
we can highlight that the main challenges for extracting named entities
from clinical notes of cancer patients are related to the following facts:

» Rich set of semantic types: oncological clinical notes contain
a significant number of medical concepts used by physicians to
describe the evolution of cancer on the patient including can-
cer diagnosis, cancer treatments, patient comorbidities, cancer
biomarkers, drug names, dates and others.
Family history: it is an important fact because some clinical
concepts are related to the patient, but others are related to the
family. Thus, a clinical IE system requires to differentiate between
what concepts are related to the patient and what are not.
Different length entities: clinical notes contain entities com-
posed of many tokens (lengthy entities) and also entities com-
posed of one token. Lengthy entities are common in medical
concepts such as the cancer diagnosis where the physician writes
the most specific tumor description. For instance, in Fig. 2 the
cancer concept (“carcinoma ductal infiltrante de mama izquierda’)
can be considered a lengthy entity. Thus, in these cases, a chal-
lenge is to extract exactly all the tokens contained in the medical
concept. Other concepts such as drug names frequently contains
one token.
» Polysemy: it is also a common linguistic phenomenon that ap-
pears in clinical notes of cancer patients. This occurs when the

same word has different meanings depending on its context. From
Fig. 2, we can see that the token DL in the first line refers to a
comorbidity. On the other hand, the token dL in the line number
14 (“Anadliticas cortisol, ug/dL”), is part of a metric for a medical
test. These tokens have different meanings since their context are
also different.

Frequency of medical concepts: in oncological clinical notes,
there are medical concepts that are mentioned by physicians
frequently. This is the case of cancer concepts, drug names,
dates, and time expressions. In contrast, other important medical
concepts such as family members, or toxic habits may appear less
frequently.

Variability: it means the number of different instances of a
semantic type. The variability in that medical concepts appear
is different in clinical cancer notes. There are medical concepts
such as family members, or toxic habits with low variability.
But also, there are other concepts such as cancer diagnosis with
high variability. Thus, correctly extracting named entities with
different variability is also a challenge.

To address the above facts, we propose an annotation schema com-

posed of twenty three entity types that are described in what follows
(Fig. 2 shows a set of sentence examples and their annotations):

» Cancer entity is used to identify tumors description mentioned
by clinicians (e.g., carcinoma, adenocarcinoma, cancer). This de-
scription also can include the anatomical location of the tumor
(e.g., right breast carcinoma). The cancer entity is also used
for annotating metastasis concepts (e.g., liver metastasis, bone
metastasis).
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Antecedentes: Tia materna: fallecida

(AcE)

de cancer linfatico a los 56 afios.

Mujer diagnosticada de Carcinoma ductal infiltrante de mama izquierda.

Paciente con RH positivos, HER2 negativo.

(GINECOLOGICAL HISTORY] [GINECOLOGICAL HISTORY)
Menarquia alos 13 afios y menopausia a los 50 afios.
La envian a nuestro servicio para valorar el tratamiento.
[DATE) [TREATMENT_NAME|

El1de ocnrjbr'erde 2017 inicia quimioterapia neoadyuvante con Adriamicina recibiendo

Analiticas: Cortisol 10.20 pg/dL.
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No Diabetes, no DL.

LINE_CICLE_NUMBER
6 ciclos.

Vive con su marido, independiente para las actividades béasicas de la vida diaria, vida activa.

oRoe B0 (oRue)

Inicia tratamiento con Lapatinib 250 mg y Docetaxel.

Fig. 2. Breast cancer annotations using the BRAT annotation tool.

Cancer stage is used to identify the tumor stage when the patient
was diagnosed. Staging is the process of finding out how far along
the tumor is in the body and how far it has spread. The cancer
stage can be described in two ways, as described in [68]:

— Using a scale that ranges from I to IV, where “Stage I”
represents the initial stage and “Stage IV” indicates the most
advanced state of the disease.

- Using the TNM notation that represents the following val-
ues: Tumor size (T), Nearby lymph nodes (N), and Metas-
tasis (M). The next sentence uses this notation to represent
the tumor stage: “Patient diagnosed with breast carcinoma,
cT3cN1cM1”.

Gynecological history is used to represent events related to
the female reproductive history. It includes concepts such as
menarche or menopause.

Obstetrics history: describes information such as number and
type pregnancies, number of births and related.

Age: is used for annotating the patient’s age which physicians
frequently associate with events in the patient history.

Date is used to identify time expressions presented in clinical
notes. Dates are frequently mentioned in clinical texts and de-
scribe the time when an event has occurred in the patient history,
such as diagnosis, treatments, gynecological, obstetrics events,
and others. Dates can be defined explicitly (e.g., “25/03/2007”)
or implicitly (e.g., “A month ago”).

Therapy identifies the name of different therapies used for treat-
ing cancer patients, such as chemotherapy, radiotherapy, im-
munotherapy, hormonal therapy, and others.

Medication describes drug names used for treating cancer pa-
tients. In addition, we used the Dose label to represent the medi-
cation dosage.

Duration is used to indicate a period of time during which the
patient is undergoing treatment or have used a certain medication
such as contraceptives.

Treatment line is used to identify the number of cycles within a
therapy applied to cancer patients.

Tumor progression indicates a increased growth speed and in-
vasiveness of the tumor cells. As a result of the progression, phe-
notypical changes occur and the tumor becomes more aggressive
and acquires greater malignant potential.

Cancer biomarker: is used for annotating different biomarkers
such as estrogen receptor (ER), progesterone receptor (PR), and
human epidermal growth factor receptor 2 (HER2). Extracting the
values of these biomarkers are crucial to determine how a person
diagnosed with breast cancer will be treated by clinicians.

Toxic habit represents the toxic habits of patients, such as being
a smoker or alcohol drinker. We also used the label Quantity
Habits for representing a the number of units consumed. (e.g., the
number of cigarettes the patient smoked.)

Allergy describes allergies to medications or other substances that
the patient can suffer.

Comorbidity is used for representing another diseases or con-
ditions that co-occurs with a cancer diagnosis (e.g., diabetes
mellitus, high blood pressure)

In addition, we extend the above annotation schema with the en-

tity types Surgery, Frequency, Patient events and Family members
described in detail in [68].

3.1

.2. Annotating clinical notes

Following the annotation schema previously described, the clinical

notes are annotated. These annotations were created by two clinicians
experts in the oncology domain. One data scientist who led the an-
notation process guided these annotators, prepared documents, and
explained the annotation tool functionalities. The annotation process
was developed in four steps: Anonymization, Annotation, Review, and
Disagreement resolution.

3.1

» Anonymization: Clinical notes first were anonymized by elimi-
nating patients or physicians data.

Annotation: Clinicians independently annotate 100% of the clin-
ical documents and they perform the process separately.
Review: Annotators perform a review of all the annotations. They
independently check all documents which they have annotated in
the previous step and make modifications if necessary.

The time to complete the annotation process took seven months.
Disagreement resolution: The annotators were assisted by a data
scientist who reviewed cases where there were disagreements and
worked with clinicians to solve them.

.3. Measuring annotations reliability

The annotations reliability was performed by calculating the inter-

annotator agreement (IAA) for manually annotated corpora. The IAA
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Table 2
Entity types and their corresponding number of annotations, along with their
inter-annotation agreement (IAA).

Entity type Number of annotations 1AA
Age 1184 1.00
Allergies 357 0.97
Biomarker 1855 0.96
Cancer entity 2535 0.91
Clinical service 538 0.95
Comorbidity 1385 0.89
Cycle number 1134 0.93
Date 2913 0.96
Duration 443 0.90
Dose 859 0.95
Drug 3233 0.94
Family 393 0.98
Frequency 960 0.92
Gynecological history 1034 0.95
Habits quantity 240 0.97
Implicit date 727 0.90
Obstetrics history 681 0.96
Occurrence event 2085 0.90
Progression 439 0.91
Surgery 1324 0.92
Toxic habits 476 0.95
Tumor stage 632 0.93
Tumor TNM 851 0.95

was obtained by measuring the F-measure between two annotators,
which has been widely used for measuring the reliability in named
entity annotation corpora [57,69-73]. @The IAA measure aims to
guarantee that annotators produce similar and consistent annotations
during the annotation process. The IAA was calculated at the end of
the fourth step (Review) in the annotation process.

Similarly, as described in [74], we calculate the IAA as follows:

» Let A be the first annotator, and let A, be the second annotator

» We take one set of annotations (4, or A,) as the gold standard.
Correct annotations are those made by this annotator. Conse-
quently, Precision is the percentage of correct positive annotations
produced by the other annotator. Recall is the percentage of
positive annotations produced by the other annotator.

« F-measure is the harmonic mean between Precision and Recall, as
shown in Eq. (1).

Precision * Recall
F-measure =2 % ———mM —————— 1
easur ¥ Precision + Recall M

Table 2 shows the IAA using the F-measure, which was obtained at
entity level, as follows:

+ Entity level: the IAA is calculated at entity level. Correct an-
notations are those entities where both annotators agree on all
annotated tokens. In the sentence shown above, an annotation
is considered an agreement when the two annotators tagged
the same tokens “carcinoma ductal infiltrante”. Otherwise, it is
considered a disagreement.

3.2. Model training

In this approach clinical NER is performed as a sequence-labeling
task, in which each entity in a text sentence is classified according
to a specific label defined in the annotated corpus. We explore two
transformer-based architectures to perform clinical NER in the cancer
domain: BERT [33] and RoBERTa [34]. These artificial neural models
have become common deep learning architectures to perform text
sequence labeling tasks. The model training has been performed in two
steps: Corpus Preprocessing, and Fine-tuning.
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1. Preprocessing: This step transforms annotations in the corpus
into the BIO tagging format where each annotated token is
labeled with B (at the beginning of the entity), I (inside the
entity), or O (Outside the entity).

For instance, the sentence:

“Mujer con carcinoma ductal infiltrante de mama”. (The cancer
concept is underlined) can be formatted as follows:

{‘0’, ‘O0’, ‘B-CANCER’, ‘I-CANCER’, ‘I-CANCER’, ‘I-CANCER’, ‘I-
CANCER/, ‘O’}

2. Fine-tuning: We perform a fine-tuning process using four differ-
ent monolingual and multilingual models pre-trained for BERT
and RoBERTa. The main characteristics of these models are
shown in Table 3. Fig. 3 shows the fine-tuning process to per-
form clinical NER using the Breast cancer corpus. This pro-
cess consists of three steps: Sentence tokenization, Transformer
Processing, and Classification & Post-processing.

» Sentence tokenization: the goal of this step is to to-
kenize a text sentence using a WordPiece Tokenization
method [75]. For each word in the sentence, this method
decides to keep the whole word or to split it into a set of
sub-words. Additionally, in this step, two special tokens are
added to the sentence: [CLS] and [SEP]. The [CLS] token
always appears at the beginning of the text, and the [SEP]
token is used to separate sentences.

Fig. 3 shows an example in which the words “en”, “mayo”,
“de”, “2018” have not been split into sub-words because
the WordPiece tokenization method considers these words
as frequent words in its vocabulary. In contrast, the words
“carcinoma”, “infiltrante” are considered rare words by
the algorithm as they do not belong to its vocabulary.
Consequently, these words have been split in sub-words
and the characters “##” are used to separate these tokens.
The WordPiece Tokenization algorithm uses a Byte Pair
Encoding strategy [76] to generate new sub-words.
Transformer Processing: in this step, the approach takes
as input a tokenized sentence from the previous step and
obtains an embedding representation (E;) for each word in
the sentence. This representation is created using three em-
beddings: token, segment, and position embeddings. Then,
the Transformer Block takes the embedding representation
as input (E,, E,, E,) and produces a final representation
(R;) for each token in the processed sentence. This rep-
resentation is a score calculated by the transformer and
represents a contextualized value for a specific word in
relation to all other words in the sentence.

Classification & Post-Processing: each predicted repre-
sentation (R;) is taken as input and fed into a dense layer
with a softmax activation function. This layer obtains label
for each token in the sentence, calculating a probability P
for each label using the softmax function, as follows:

P(I|R;) = Softmax(W R; + b,) 2)

where the label / belongs to the set of labels to be pre-
dicted. In addition, W, is a matrix of weight parame-
ters and b, is a bias vector, both learned by the dense
layer. Finally, the special tokens “[CLS], [SEP], [PAD]”
are removed to obtain the final BIO labels at the end of
post-processing step.

3.3. Validation

In what follows we will describe the evaluation methodology to
validate the presented approach as well as the hyperparameters config-
uration. We have validated the approach using several language models
based on BERT and RoBERTa-based, as it is shown in Table 3.
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| 1. Sentence Tokenization |
Carcinoma infiltrante en marzo de 2018
Fig. 3. Breast cancer information extraction using transformers.
Table 3
Pre-trained language models.
Transformer model Architecture Language Vocabulary size Text resources
BETO [38] Bert-base Spanish 31,000 Wikipedia, Nations and Government journals, TED Talks
Multilingual BERT [33] Bert-base Multilingual 120,000 Wikipedia
RoBERTa Biomedical [39] Roberta-base Spanish 38,000 Biomedical texts and clinical narratives
RoBERTa BNE [40] Roberta-base Spanish 50,262 National Library of Spain.
3.4. Evaluation methodology Table 4
Hyperparameters used for training the models.
To evaluate the performance of the proposed approach, we used the Hyperparameter Value Hyperparameter Value
traditional standard metrics: Precision (P), Recall (R), and F-score (F1). Seed 0 Batch size buffer 256
. . . Accumulate gradients 3 Batch size discard oversize True
The F-score is calculated as a weighted average of the Precision and .
. . . Dropout 0.1 Learn rate Warmup-linear
Recall measurements. We used a 10-fold cross validation for training Optimizer Adam Initial rate 0.00005
and evaluating clinical NER models. The performance was calculated GPU allocator Pytorch  Total steps 20000
as the average of all ten folds executed by the cross-validation strategy. Batch size 2000 Warmup steps 250
The breast cancer corpus described in Section 3.1 has been used to train
models. Table 5
We report results using a strict match criteria which measures the Global results for each model.
performance at entity level. According to this evaluation criteria, an Model Precision Recall F-score
entity is considered a correct prediction when the tokens extracted by BETO 0.9321 + 0.0043 0.9414 +0.0013 0.9371 +0.0022
the system exact match the tokens annotated by experts, and they have Multilingual BERT 0.9443 +0.0011 0.9478 + 0.0007 0.9463 + 0.0007
the same label annotated in the corpus RoBERTa Biomedical 0.9459 + 0.0007 0.9542 + 0.0004 0.9501 =+ 0.0005
RoBERTa BNE 0.9465 + 0.0015 0.9443 +0,0010 0.9454 +0.0011

Number of entities correctly predicted

Precision = n vy
Number of predicted entities

3)

Number of entities correctly predicted

Recall = ()]

Number of entities in the dataset

Precision * Recall
F- =2 —— 5
score ¥ Precision + Recall Q)

4. Results

In this section, we first explain the results obtained for each trained
model with the breast cancer corpus, and later, we present the per-
formance for each entity type. Models have been trained using spaCy
command line interface.!° The configuration hyperparameters are the
same to all models and they are show in Table 4.

10 https://spacy.io.

Table 5 shows global results obtained for each model. We have
performed ten iterations of 10-fold cross-validation in order to calcu-
late statistical significance. These results represent the average over
all entity types in the breast cancer corpus in the ten executions.
All transformer-based models presented in Table 5 show an F-Score
above 93%, which suggests that this approach is suitable for extracting
named entities from breast cancer clinical notes written in Spanish.
The best performance was obtained by the RoBERTa Biomedical model,
which obtained an F-score of 0.9501. Although the vocabulary size
of “RoBERTa Biomedical” is smaller than “Roberta BNE”, the former
performed better. This fact indicates that pre-trained models with
biomedical texts perform better in extracting named entities in the
cancer domain than using general domain models.

To calculate the statistical significance, the Friedman test in combi-
nation with the Bonferroni test, has been applied. The Friedman test is
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Table 6
P-values of the BETO, Multilingual BERT, RoBERTa Biomedical, and RoBERTa BNE
models for Precision.

BETO M. BERT RoBERTa Bio. RoBERTa BNE
BETO 1 0.036460 0.025283 0.039193
M. BERT 0.036460 1 0.000005 0.000008
RoBERTa Bio. 0.025283 0.000005 1 1
RoBERTa BNE 0.039193 0.000008 1 1

Table 7
P-values of the BETO, Multilingual BERT, RoBERTa Biomedical, and RoBERTa BNE
models for Recall.

BETO M. BERT RoBERTa Bio. RoBERTa BNE
BETO 1 4.40e-14 8.68e—-07 3.22e-07
M. BERT 4.40e-14 1 9.93e-20 6.40e—06
RoBERTa Bio. 8.68e—07 9.93e-20 1 9.8%e-15
RoBERTa BNE 3.22e-07 6.40e—-06 9.89%e-15 1

Table 8
P-values of the BETO, Multilingual BERT, RoBERTa Biomedical, and RoBERTa BNE
models for F-score.

BETO M. BERT RoBERTa Bio. RoBERTa BNE
BETO 1 8.21e-10 2.25e-06 5.25e-02
M. BERT 8.21e-10 1 2.37e-16 3.06e-06
RoBERTa Bio. 2.25e-06 2.37e-16 1 6.18e-10
RoBERTa BNE 5.25e-02 3.06e—-06 6.18e-10 1

a non-parametric test that compares differences between two or more
related samples in order to determine if there are significant differences
between the samples. When the result of the Friedman test is significant
(p — value < 0.05), a post-hoc method is used to determine the samples
that are significantly different. In the context of the Friedman test,
Bonferroni is used to compare each pair of samples and determine if
there is a significant difference. In the multiple comparison matrices
of the Bonferroni test, the corrected p-values smaller than the selected
significance level (p — value < 0.05) indicate a significant difference
between the corresponding samples.

When performing these two tests in our case, the Friedman test gave
a p-value of 0.0001867 (p — value < 0.05), indicating a statistically
significant difference between the groups being compared. @Conse-
quently, the Bonferroni test was performed to identify which pairs of
samples were significantly different for BETO [38], multilingual BERT,
RoBERTa Biomedical [39] and RoBERTa BNE [40]. Tables for Precision
(Table 6), Recall (Table 7) and F-score (Table 8) represent the results of
pairwise comparisons. Each element in the table represents the p-value
of the comparison of the involved groups.

The Bonferroni p — values for Precision indicate statistical signif-
icance for all pairs, except for RoBERTa Biomedical and RoBERTa
BNE. Similarly, the comparison tables for Recall and F-score also show
statistical significance for all pairs. These values, together with the
overall results from Table 5, show that RoBERTa Biomedical is the best
model for extracting breast cancer-named entities in Spanish.

The high performance of RoBERTa Biomedical can be attributed
to the fact it has been pre-trained with biomedical texts and clinical
narratives written in Spanish. Although this performance is slightly
higher than the one obtained with other models, their vocabulary size
is smaller than other models, such as multilingual BERT (See Table 3).
This suggests that in order to obtain a model with higher performance,
pre-training with clinical texts in Spanish can be better than training
with a larger vocabulary.

Regarding the performance obtained for each entity, Table 9 shows
results for all entity types. The results presented in the table show
the mean and standard deviation of the evaluation metrics (Precision,
Recall, and F-score) obtained from the ten executions of the 10-fold
cross-validation. One can observe that the values for F-score for all
entities are consistently high, with values ranging from 0.8976 to
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Table 9
Performance obtained for each entity using RoBERTa Biomedical model.

Entity type Precision Recall F-score

Age 0.9818 +0.0037 0.9901 +0.0022 0.9858 +0.0002
Allergies 0.9096 + 0.0070 0.9382 +0.0104 0.9228 + 0.0085
Biomarker 0.9660 + 0.0044 0.9698 + 0.0029 0.9679 + 0.0033
Cancer entity 0.9239 +0.0032 0.9289 +0.0028 0.9263 +0.0024
Clinical service 0.9226 + 0.0138 0.9463 + 0.0040 0.9335 +0.0076
Comorbidity 0.9065 + 0.0054 0.9146 + 0.0046 0.9103 + 0.0045
Cycle number 0.9488 + 0.0027 0.9586 + 0.0047 0.9535 +0.0033
Date 0.9896 + 0.0007 0.9916 +0.0015 0.9906 + 0.0009
Dose 0.9641 + 0.0053 0.9768 + 0.0023 0.9703 + 0.0030
Drug 0.9802 + 0.0017 0.9821 + 0.0020 0.9811 +£0.0012
Duration 0.8879 +0.0145 0.9099 + 0.0059 0.8976 + 0.0088
Family 0.9674 + 0.0054 0.9671 + 0.0043 0.9671 + 0.0036
Frequency 0.9366 + 0.0045 0.9320 + 0.0033 0.9340 + 0.0030
Gynecological history 0.9375 £ 0.0075 0.9425 +0.0035 0.9398 + 0.0046
Habits quantity 0.9520 +£0.0192 0.9805 + 0.0064 0.9654 +0.0131
Implicit date 0.9171 £ 0.0120 0.9507 + 0.0044 0.9330 + 0.0065
Obstetrics history 0.9407 + 0.0059 0.9499 + 0.0062 0.9450 +0.0051
Occurrence event 0.9092 + 0.0038 0.9250 + 0.0039 0.9168 + 0.0021
Progression 0.9194 + 0.0076 0.9313 + 0.0046 0.9248 + 0.0056
Surgery 0.9154 + 0.0063 0.9292 + 0.0046 0.9220 + 0.0051
Toxic habits 0.9518 +0.0050 0.9592 +0.0071 0.9552 +0.0052
Tumor stage 0.9305 + 0.0093 0.9412 + 0.0066 0.9355 +0.0072

Tumor TNM 0.9565 + 0.0061 0.9548 + 0.0054 0.9555 + 0.0054

0.9858. The global mean F-score for all entities is 0.9519, indicating
strong overall performance. This shows that the RoBERTa Biomedical
model is performing well in identifying and classifying various types of
medical entities. In particular, the model accurately finds entities such
as Age, Drug, and Date with an F-score above 0.98. However, entities
like Duration and Comorbidity have slightly lower F-score values due
to the fact that identifying these entities is harder due to the variety of
contexts in which they appear.

Furthermore, a moderate correlation of 0.302 between the number
of annotations per entity and the F-score has been observed. A notable
finding is the strong correlation of 0.739 between the inter-annotation
agreement (IAA) and the F-score, as shown in Fig. 4. This correlation
is particularly interesting because it demonstrates that enhancing the
agreement between annotators results in improved performance in
the entity recognition task. Additionally, the correlation between the
number of annotations and the F-score indicates that having more
annotations per entity also leads to better performance. These findings
show the importance of ensuring high-quality annotations in NLP tasks.

Thus, the presented approach demonstrates its ability to extract
entities of varying lengths, entities with infrequent annotations, and
entities with differing levels of variability in the breast cancer domain.

5. Discussion

In this paper, the process of annotating a breast cancer corpus has
been shown. This corpus has been used to train transformer-based
models to perform clinical NER. In particular, we have proposed an
approach to perform clinical NER in the breast cancer domain from
clinical narratives written in Spanish. This approach leverages transfer
learning by using pre-trained language models to support clinical infor-
mation extraction. Fine-tuning BERT [33] and RoBERTa [34] models
have shown a feasible approach to extracting cancer information. As
described in Table 9, this approach has shown promising results in
extracting named entities in the breast cancer domain.

Annotating the corpus required a significant effort by oncology ex-
perts to create a reliable set of annotations. To measure the consistency
of the corpus, the inter-annotator agreement between two annotators
was calculated, obtaining values above 89% for each entity type. This
means that annotations are consistent and reliable. Therefore, the
presented corpus represents a valuable resource to support information
extraction in the cancer domain.
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Fig. 4. Strong correlation between the inter-annotation agreement (IAA) and the F-score.

To support the extraction of the oncology-related entities, we have
proposed an annotation schema to be used in the breast cancer do-
main, which has been shown in Section 3.1. The annotation schema
includes twenty-three types ranging from antecedents and diagnoses
to treatments. To our knowledge, this represents the first annotation
schema for Spanish texts in the breast cancer domain. Besides, we have
presented a transformer-based approach for performing clinical Named
Entity Recognition (NER) in the breast cancer domain, focusing on
clinical narratives written in Spanish.

The results indicate that the RoBERTa Biomedical model outper-
forms the other models, achieving the highest average F-score across
all entity types. The superior performance of the RoBERTa Biomedical
model can be attributed to its pre-training on biomedical texts and
clinical narratives written in Spanish. This demonstrates the potential
advantage of using domain-specific pre-trained models for clinical NER
tasks, even when a smaller vocabulary size has been used compared to
more general models, such as Multilingual BERT.

The performance for each entity type has shown promising results,
with F-score values ranging from 0.8976 to 0.9858. Entities such as
Age, Drug, and Date achieved particularly high F1 scores, while entities
like Duration and Comorbidity showed slightly lower scores. This can
be due to the varying complexity of the text and the context in which
these entities appear.

Our analysis also revealed a strong correlation (0.739) between
inter-annotation agreement (IAA) and the F-score, highlighting the im-
portance of high-quality annotations in NLP tasks. This finding suggests
that improving the agreement between annotators can lead to better
performance in NER tasks. Additionally, a moderate correlation (0.302)
between the number of annotations per entity and the F-score implies
that having more annotations per entity can also contribute to better
performance.

The study demonstrates that the transformer-based approach can
effectively address challenges in extracting clinical entities in the can-
cer domain, such as dealing with a variety of semantic types, family
history, entities with different lengths, low-frequency annotations, and
varying levels of variability.

Results obtained with this research were used to structure the data
of a hospital in Madrid to extract models for breast cancer relapse and
analysis of quality of life. In [77], some results of the patient profiles
are shown.

The proposed approach leveraging transfer learning with pre-trained
language models shows great potential for extracting named entities
in the breast cancer domain. The results underline the importance of
domain-specific pre-training and high-quality annotations in achiev-
ing strong performance in clinical NER tasks. Future work could ex-
plore additional ways to improve the models, such as incorporating
domain-specific knowledge or integrating other sources of information.

6. Conclusions

This study presents a comprehensive approach to performing clin-
ical Named Entity Recognition (NER) in the breast cancer domain,
specifically for clinical narratives written in Spanish. The approach
is based on the use of transformer-based models, leveraging trans-
fer learning through pre-trained language models such as BERT and
RoBERTa. The breast cancer corpus was manually annotated, which
required significant effort by oncology experts to ensure consistency
and reliability in the annotations. The results show that the RoBERTa
Biomedical model outperforms other models in terms of Precision,
Recall, and F-score.

This research demonstrates the potential of transformer-based mod-
els in dealing with challenges related to extracting clinical entities
in the cancer domain, such as diverse semantic types, family history,
different entity lengths, and varying frequencies of annotations. The
strong correlation between inter-annotation agreement (IAA) and F-
score highlights the importance of high-quality annotations in NLP
tasks.

The proposed annotation schema for the breast cancer domain
represents a valuable resource for information extraction in the cancer
domain, as it encompasses twenty-three entity types. The best results
were achieved with the RoBERTa Biomedical model, despite its more
limited vocabulary compared to other models. This suggests that pre-
training with clinical texts in Spanish yields better performance than
models with larger vocabularies.

Results have been applied in a real use case to structure the in-
formation of breast cancer patients of a hospital in Madrid, which is
now being used to calculate risk factors, patterns for survivorship, and
relapse models, among others.

Overall, the proposed approach demonstrates promising results in
extracting named entities in the breast cancer domain from clinical
narratives in Spanish, indicating the potential of transformer-based
models to support clinical information extraction.
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