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Resumen

Las tareas de recuperación de información se han convertido en una herramienta
esencial para la investigación biomédica. La tendencia creciente en el número de
publicaciones ha hecho necesario desarrollar e implementar estas herramientas para
ayudar a los investigadores a mantenerse al día con los últimos avances en su campo.
Una de las tareas de minería de texto más fundamentales en la recuperación de infor-
mación en el área biomédica es el reconocimiento de entidades nombradas biomédi-
cas, como enfermedades, sustancias químicas o genes, lo que se conoce comúnmente
como BioNER. Como complemento a este reconocimiento, las entidades detectadas
suelen vincularse a bases de datos curadas en un proceso denominado linkeo o nor-
malización de entidades (BioNEN). Las metodologías aplicadas en BioNER han ido
evolucionando durante años hasta llegar al estado del arte actual, que se basa fun-
damentalmente en el uso de modelos de lenguaje como BERT que son preentrenados
en el campo biomédico para especificar su conocimiento subyacente. La revisión re-
alizada recorrerá cómo se realizan las tareas de NER y como ha sido su evolución
hasta llegar a estos modelos del estado del arte actual. Esta revisión nos ha ayu-
dado a implementar un sistema que se basa en el actual modelo del estado del arte,
BioBERT. Un modelo BioBERT se ha puesto a punto para realizar la tarea NER para
cada una de las clases de entidades consideradas: enfermedades, productos quími-
cos y genética. Los resultados han sido normalizados mediante una búsqueda de
índice inverso en una base de datos construida con la unión y mapeo de términos
de múltiples fuentes. Este sistema se aplica en dos casos prácticos, uno como pieza
central en una plataforma web a la que se pueden enviar textos para ser procesa-
dos por el sistema y otro para procesar el corpus CORD-19, compuesto por artículos
relacionados con el SARS-CoV-2. Se ha evaluado el sistema, mostrando una pun-
tuación F1 de 0,86 en PGxCorpus (en Micro-Average para coincidencias parciales,
los resultados variarán ligeramente dependiendo del escenario considerado). Con un
análisis de errores, concluimos que la mayoría de los errores se observaron debido a
la detección incorrecta de los límites de las entidades.

Disponibilidad e Implementación

El código fuente se puede encontrar en: https://github.com/librairy/bio-ner.

La plataforma web está disponible en: https://librairy.github.io/bio-ner/.

El corpus CORD-19 procesado está disponible en: http://librairy.linkeddata.
es/solr/#/cord19-paragraphs/core-overview

Los modelos usados en el sistema se encuentran en repositorios en Huggingface:
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• Enfermedades: https://huggingface.co/alvaroalon2/biobert_diseases_
ner

• Químicos: https://huggingface.co/alvaroalon2/biobert_chemical_ner

• Genético: https://huggingface.co/alvaroalon2/biobert_genetic_ner
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Abstract

Information retrieval tasks have become an essential tool for biomedical research.
The growing tendency in the number of publications has made it necessary to de-
velop and implement these tools to help researchers to keep up with the latest ad-
vances in their field. One of the most fundamental text-mining tasks in information
retrieval in the biomedical area is the recognition of biomedical named entities like
diseases, chemicals, genes. . . which is commonly known as BioNER. Complemen-
tarily to this recognition, detected entities are usually linked to curated databases
in a process called entity linking or normalization (BioNEN). Methodologies applied
in BioNER have been evolving for years until the current state-of-the-art, which is
mainly based on the use of language models such as BERT that are pretrained in the
biomedical field to specify its underlying knowledge. A review will walk through how
the NER tasks are carried out and about its evolution until these current state-of-the-
art models. This review has allowed us to implement a system which is based on the
current state-of-the-art model, BioBERT. One BioBERT model has been fine-tuned
to perform NER task for each of the considered entity classes: diseases, chemicals
and genetics. Results have been normalized through an inverse index search in a
built database in which we join and map terms from multiple sources. This system
is applied in two practical cases, a first one as the core piece in a web platform where
text can be sent to be processed by the system and a second one for processing the
CORD-19 corpus, composed by papers related to SARS-CoV-2. The system has been
evaluated, showing an F1-Score of 0,86 in PGxCorpus (in Micro-Average for partial
matches, the results will slightly vary depending on the considered scenario). With
an error analysis, we conclude that most errors were observed to be due to incorrect
boundary detection.

Availability and Implementation

Source code can be found on: https://github.com/librairy/bio-ner.

Web Platform is available at: https://librairy.github.io/bio-ner/.

CORD-19 processed corpus is available at: http://librairy.linkeddata.es/solr/
#/cord19-paragraphs/core-overview

Fine-tuned models used in the system can be found on Huggingface repositories:

• Diseases: https://huggingface.co/alvaroalon2/biobert_diseases_ner

• Chemicals: https://huggingface.co/alvaroalon2/biobert_chemical_ner

• Genetics: https://huggingface.co/alvaroalon2/biobert_genetic_ner
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Chapter 1

Introduction

Since most of the biological discoveries are disseminated through academic papers,
every researcher in the life sciences must be able to locate and interpret important
information in the literature. The number of biomedical articles available in the
Internet has been increasing year by year. Thousands of new biomedical articles
appear every day, as it can just be seen in Fig. 1.1 in the case of PubMed Central
(PMC1), which is one of the largest archives in the biomedical literature. Besides
that, the appearance of the SARS-CoV-2 virus and the COVID-19 pandemic has not
done more than increase this growing tendency since experts from throughout the
world have put their efforts to find solutions to the expansion and development of
this infectious virus and its associated consequences. Therefore, this has supposed
a boost in the amount of biomedical literature in little time, overall related to the
COVID-related problems in different areas.

Figure 1.1: Growing tendency of the number of new articles in PMC since 2014. Data
taken from PMC

1https://pubmed.ncbi.nlm.nih.gov/
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The large amount of data underlying the biomedical literature needs to be adequately
managed to ease its usage to healthcare professionals. This leads us to the require-
ment of processing this data to turn it into useful knowledge. The development of Nat-
ural Language Processing (NLP) has helped and given us different ways of approach-
ing to this data processing, facilitating research productivity through the extraction
of the key information underlying texts and turning it into structured knowledge that
can be understood by humans.

One of the main approaches applied in NLP is the recognition of relevant entities
found in the literature, which is commonly known as Named Entity Recognition
(NER). Meaningful terms in a domain are called named entities. NER is a task which
has as objective automatically identifying these named entities in a text and clas-
sifying them into predefined entity classes. In the biomedical domain, the entities
can be genes, drugs, diseases, etc. . . and the task is more specifically known as
BioNER. Once the text has been processed and the entities recognized, there are
several applications of the processed data helping in the application of subsequent
NLP approaches. Since Biomedical terms are referred to specific kinds of drugs,
gene mutations, medical concepts, etc. . . it is usual to classify these terms, in order
to avoid ambiguities, following a compendium of controlled and curated biomedical
vocabularies such as MESH2 or another more specific such as ATC3 in the case of
chemicals. This task is commonly known as Entity Linking or Named Entity Normal-
ization (NEN) and, if it is applied in the biomedical domain, BioNEN. Its objective will
be to obtain a common framework for recognized entities to avoid all kinds of possible
ambiguities and extend the available information regarding each of the retrieved enti-
ties. Therefore, once these approaches have been applied to the biomedical literature,
a set of normalized concepts related to the biomedical field could be applied to take
advantage of Information Retrieval processes like the creation of efficient search al-
gorithms, content classification, Knowledge-Graph construction or processes related
to the Semantic Web like the discovery of new knowledge, mixed integration of data
sources, etc. . . among a long list of applications [57].

The advances in computational power and the presence of increasingly more data
have boosted the development of data-centric fields such as Machine Learning. These
advances have not only boosted the results obtained in a wide range of fields but also
have facilitated the automation of carrying out these tasks, thanks to the use of large
amounts of data in the training of these algorithms which is the step were they learn
to perform the task. Machine Learning field has also experimented great advances in
recent years in text processing tasks, evolving the way Natural Language Processing
is raised. For those purposes, generally the more data we have, the best intelligent-
based systems will appear to overcome the difficulties engaged in the understanding
of language. Moreover, as aforementioned, the extending of more computational ca-
pable machines and cloud computation has not done more than increase the usage
of this large amount of data for the continuous improvement of ML data-based ap-
proaches. All of it has taken us to experiment great advances in areas such as NLP,
with the appearance of each time more advanced techniques with a deeper under-
standing of the language allowing us to design more expert systems that require this
language understanding and the knowledge underlying it.

All these advances have been firstly studied throughout a state-of-the-art review in
2https://www.nlm.nih.gov/mesh
3https://www.whocc.no/
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Introduction

Named Entity Recognition of Biomedical terms (BioNER). Since NER is one of the
most widely used NLP tasks, more recent advances in text processing generally ap-
pear along the techniques used in NER. Following this review, an implementation of
a BioNER/BioNEN system has been proposed jointly with a pair of practical cases
where this system is used and tested: a Web Platform to facilitate its usage and a
CORD-19 annotator where the system is used for annotating and normalizing the
biomedical terms found on a CORD-19 corpus [135].

1.1 Objectives

As a means of clarifying the goals of the project development, a set of objectives have
been proposed aiming to meet them along the project:

• Show the importance of NER as an starting point in subsequent processes.

• Study why NER must be specified in fields like the biomedical.

• Expose an state-of-the-art review in which is shown how advances in BioNER
area have evolved until nowadays state-of-the-art models.

• Illustrate how NER task is carried out and how the evolution of this process has
been.

• Review each of the retrieved methodologies stating the advances exposed in its
publications.

• Compare the different methodologies retrieved in the review and conclude with
the state-of-the-art technique.

• Show benefits underlying the state-of-the-art technique which differentiate it
from previous techniques.

• Expose the way the retrieved techniques are implemented and study its avail-
ability for later use.

• Create BioNER models based on the state-of-the-art techniques retrieved in the
review.

• Implement a system for multiclass entity recognition and normalization in biomed-
ical domain.

• Optimize the creation workflow in such a way the system performance is max-
imized. Adapt BioNER selected model within a system pipeline. Design post-
processing rules to enhance the results. Build a collection of terms for each
selected entity class to use them in a database for later normalization. Imple-
ment a retrieval search engine for the normalization with these retrieved terms.

• Make use of this system in two practical cases:

– As part of a web platform in which its use is facilitated, requiring the user
just to send the text which it is wanted to be annotated and normalized.

– In the annotation and normalization of the CORD-19 [135] corpus which is
composed of SARS-CoV-2 related articles.

3



1.1. Objectives

• Analyze the results and conclusions obtained in the implementation of this sys-
tem in the use cases.

• Present a set of future directions in which the project could continue.
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Chapter 2

State of the Art of Biomedical
NERs

2.1 Introduction

Requirements in the biomedical field about structuring in domain knowledge have
increased along with the growing amount of literature available. These requirements
are related to the difficulties that experts in some of the biomedical-related areas
have found to keep up with the advances of its research areas. Therefore, a suitable
management of large volumes of data and the structuring of its underlying knowledge
has become an essential process that has taken to focus the development of NLP tools.

Therefore, in this context, Natural Language Processing solutions arise with the aim
of making an efficient and structured use of the large amount of knowledge under-
lying the biomedical literature, making it easier for researchers and health-care pro-
fessionals to carry out their work. BioNER is one of the most widely used solutions
for these purposes since lots of subsequent techniques are based on this. BioNER
implies an automatic search of biomedical terms to classify them into entities of in-
terest such as Genes, Chemicals, Diseases, Species, etc. . . This term identification is
usually followed by a BioNEN process for the normalization of these entities into a
unified term usually held in a curated database. These processes play a key role in
subsequent tasks such as Information Extraction, Question-Answering, Information
Retrieval, Relation Extraction, Knowledgebase population, Semantic search. . . [57]
which are tasks that usually take advantage of the results obtained in BioNER and
BioNEN tasks. Consequently, it will be vital for the correct development of subse-
quent actions, the implementation of accurate BioNER/BioNEN models.

The intrinsic characteristics of the biomedical corpus, because of its highly special-
ized domain linguistical characteristics, cause the presence of challenges on text
processing tasks. BioNER task is highly affected by these challenges since biomedi-
cal terms are usually very specific and are just found on the biomedical domain and
therefore its peculiarities are just found on in-domain literature. These difficulties
underlying the biomedical domain were collected in Zhou et al. [149] and can be
summarized as follows:

• Highly specialized terms: Since the biomedical domain it is a highly special-
ized domain, most of the terms are exclusive of these kinds of texts, making it

5



2.2. Methods

difficult that general domain knowledge could be used to properly identify and
classify specific domain concepts.

• Sharing of nouns: Some conjunction and disjunction sentences present a com-
mon head noun for several words, which in the case of biomedical entities
could hinder its identification in separate entities. For instance, "5kb and 17kb
viruses" refers to "5kb viruses and 17kb viruses".

• Non-standardized naming convention: the reference to some entities can be done
in a descriptive way using various words to describe a specific entity. More-
over, the way you describe an entity or the spelling form used makes that
the number of ways to refer to the same entity may be high. In some do-
mains, it is usually recommended to use standardized terms to avoid these
ambiguities, but this kind of practice it is not always found in biomedical cor-
pora. Therefore, this makes it difficult to identify some boundaries in the en-
tities and the correct identification of them with the correct tag. For exam-
ple, "N − acetyl − β − D − glucosamine", "N − Acetylglucosamine","C18H15NO6",
"β − D − (Acetylamino) − 2 − deoxy − glucopyranose" and "Amide derivative of the
monosaccharide glucose" refers to the same concept which could be identified in
PubChem1 Database as ID: 241392.

• Abbreviations: In the Biomedical Domain it is a common practice the use of ab-
breviations to refer to some domain concepts. The drawback is that not always
these abbreviations are enough to identify the correct term due to some ambi-
guities or irregular abbreviations in its usage making it necessary to give them
meaning based on the context they appear. For instance, "CVA" could be re-
ferred to "cardiovascular accident", "cerebrovascular accident" or "costovertebral
angle".

From these difficulties rise the need for adapting general corpora NER tools to the
biomedical domain since this adaptation will allow higher performance because of
its high specificity to the peculiarities of the biomedical domain. Moreover, BioNEN
implementations in these processing pipelines are essential since with this technique
we aim to normalize the appearance of polysemy in text formerly exposed, referring
to a curated term for the different ways some concepts may appear in the text.

In this literature review, we want to discover the methods taken into account for de-
signing Natural Language Processing pipelines related to entity recognition of biomed-
ical terms within biomedical articles. We have also looked for proper corpus on which
these methods could be trained and evaluated and the most widely recognized enti-
ties within these corpus have also been set. Finally, it was established how is the
availability and license of the retrieved methods to use them within an NLP system if
desired.

2.2 Methods

In this review, the focus will be on reviewing the most relevant publications within
the BioNER field to establish the state-of-the-art methodologies in this field in the
biomedical area. The research question that has been established to be answered is:

1https://pubchem.ncbi.nlm.nih.gov/
2https://pubchem.ncbi.nlm.nih.gov/compound/24139
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State of the Art of Biomedical NERs

What is the current scenario for identifying named entities in the biomedical domain?
As a means of clarifying the objectives taken into account in the development of this
section, some supplementary questions have been added:

Question 1: What are the challenges in identifying named entities in the biomed-
ical domain?

Question 2: What is the state-of-the-art technique?

From both questions, we aim to extract what is the main method in BioNER from
which the following question has to be answered:

Question 3: What are its characteristics and results and how does it improve
and differs from previous methods?

2.2.1 Methodology

Some criteria have to be set to find and restrict the publications and their related
work taken in mind. The source used to carry out the searching of articles has
been Google Scholar since its results contain different journal sources such as OUP3,
BMC4, Elsevier5, etc. . . and publications in different conferences. Both inclusion and
exclusion criteria are the key points on which our methodology for this review is
based on.

• Inclusion criteria: to consider an article as a candidate in the review, it has to
meet the following inclusion criteria (IC):

– IC1: Be searchable via Google Scholar6.

– IC2: The articles taken are the ones that appeared after searching in Google
Scholar "Named Entity Recognition" AND "Biomedical". These terms are
searched along the entire publication: title, abstract and body. The articles
taken are the 300-top results that appeared.

• Exclusion Criteria: As a means of refining the search, some exclusion criteria
(EC) were set and therefore the retrieved articles which do not meet these criteria
are excluded from the review:

– EC1: Any kind of document which is not a peer-reviewed scientific article.

– EC2: Articles before 2011 were not considered since they were widely cov-
ered in several previous surveys [35] [56] and they are no more in the state-
of-the-art trends. Furthermore, publications after January 2021 were not
considered as they concur with the writing of this review.

– EC3: It has to be relevant in terms of the number of citations, being that
set to 30 citations in Google Scholar to consider it. Since more recent pa-
pers (mid-2020) are difficult to meet these criteria because of the temporal
proximity, more lax criteria have been adopted establishing this threshold
to 15 citations in that case.

3https://academic.oup.com/journals
4https://www.biomedcentral.com/journals
5https://www.sciencedirect.com/browse/journals-and-books
6https://scholar.google.com/
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2.2. Methods

– EC4: Articles that are not published in ≥B rank Conferences (by http:
//portal.core.edu.au/conf-ranks/ Conference Rank) or Q1 rank Jour-
nals (by https://www.scimagojr.com/ Journal Rank) are filtered out.

– EC5: Articles which after a manual inspection in the following manner did
not result to be relevant are not considered: Publications titles were read, if
it turns out that it is not relevant the abstract is read in order to make sure
of its relevance. If neither title nor abstract result to be relevant then this
article is finally excluded. This relevancy was established attending to the
fact of presence of the following keywords in the abstract or title: ("Named
Entity Recognition" OR "NER" OR "recognition of [ENTITY]7") AND ("method"
OR "methodology" OR "technique").

• Steps in criteria application: These criteria are applied following these suc-
cessive steps:

1. We first apply IC1, IC2 and EC2 obtaining 300 results. These are the 300
more relevant results in Google Scholar for our query in the timestamp
established.

2. Afterwards, we apply criteria EC1, EC3, EC4 and EC5 filtering out from the
previous 300 results, the ones that do not meet these excluding criteria.

Results: In the case of applying the previous criteria in the described manner to the
search of the BioNER literature, we obtained 300 articles in the first step which were
filtered out in step 2 resulting on 27 articles (see Appendix .1).

2.2.2 Previous Work

Most efforts in previous related surveys are widely focused on general domain adapted
tools. Nadeau and Sekine [100] reviews the historical evolution of NER since it was
first coined at MUC-6 [60] and how it has evolved until the year 2007, progressing
from hand-crafted approaches as rules to more automated methods such as Machine
Learning. Besides that, it performs an analysis of the different text features often
used to represent the different tokens in a text. In Mohit [99] it is confirmed the trend
of statistical methods of Machine Learning models as the most promising approach
in NER systems. The author also states, within this tendency, the rise of probabilistic
methods like the Hidden Markov Models and its limitations in the usage of contex-
tual information and the emergence of methods that improve some limitations like the
Conditional Random Fields (CRFs) models. In Sharnagat [122], it is introduced the
appearance of distributed word representations for an automated word feature build-
ing based on different usages of Neural Networks. In Goyal et al. [57], an extensive
review in several domains and languages is done showing that in recent approaches,
until 2016, supervised models have definitively surpassed hand-crafted rules mod-
els. It can be observed that the clear trend throughout domains and languages is
the usage of CRFs-based models since they capture conditioned dependencies in text
giving some importance to the contextual information along with the text. Neverthe-
less, the recent advances in Deep Learning methods are not included. In Yadav and
Bethard [143], feature-inferring neural network systems are compared with earlier
known methods. They conclude that in hardly any classic feature-engineered model

7Name of biomedical entities such as chemicals, diseases, genes, etc. . .
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are achieved better results than in the feature-inferred methods based on Neural Net-
works. They are mainly focused on the distributed representation as char/word-level
embeddings. Finally, Li et al. [89] concentrate their efforts in reviewing the actual
trend in this field: different kinds of deep learning techniques in NER for the contex-
tualized representation of words, being one of the main approaches BERT [46].

In biomedical reviews, the tendency holds the same that in the general domain. In
Goulart et al. [56] the retrieved documents in the review are tagged following a schema
with different sorts of classifications such as the corpus or the features used. Once
this tagging has been done, a numerical analysis is done with the retrieved docu-
ments concluding that the vast majority of NERs are being developed based on Ma-
chine Learning methods (92%). In Campos et al. [35], since most recent advances
in NERs were coming from the application of Machine Learning methods, they just
performed the survey on these methods. This make some references to prior method-
ologies such as hand-crafted rules but their main focus is on Machine Learning. They
also give an overview of the features underlying the text which could be used as input
for the models and study both commercial and open-source tools which implement
those features and models. Like in the general domain, it is concluded that at this
time CRF was the most widely and beneficial method used. In Wang et al. [136], six
tools that implement different NER methods are studied and compared giving some fi-
nal recommendations about what tools are more suitable for each entity types. These
studies can be corroborate the Machine learning trend and the dominance of CRF
within it. In Perera et al. [108], more recent advances such as Deep Learning ap-
proaches are introduced. From more traditional recurrent models such as BiLSTM
[119] to more recent advances with the usage of Transformer-based models [132]
such as BERT.

2.2.3 Data pipeline

NER task usually follows the pipeline showed in Fig. 2.1 in which the text is firstly
pre-processed depending on the requirements of subsequent processes. Afterwards,
a representation of the words which compose a text span is made which serves as an
input to a NER model which performs the classification of these features to assign
tags to the proper words. Sometimes, in order to refine the results, a post-processing
step is also finally carried out. In the following sections, each of this steps has been
revised in addition to an state-of-the-art review of current methodologies in BioNER
modelling step.

2.2.3.1 Pre-processing

The first step we need to make when we are working with an NLP system is to work
with meaningful units of text. This is usually achieved by firstly segmenting the text
into the sentences in which it is compound and those sentences into words which
are commonly known as tokens. In order to achieve that, some pre-processing steps
have to be done:

• Sentence Splitting: It is the splitting of a piece of text into its sentences where
each of them provides local contextual information for each of the words in
which it is compound.

• Tokenization: It is the partition of a sentence into its subunits; i.e, commonly
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Figure 2.1: Pipeline widely used in NER with a text span example.

into words, which are known as tokens. It is an essential step since subsequent
steps will be usually based on this and consequently, errors in this process will
result in cascade errors in the following processing.

Nevertheless, these are not the only techniques in pre-processing. Depending on
the subsequently used technique, we also could require to perform a Part Of Speech
(POS) tagging in which we perform a grammatical tagging marking up the grammati-
cal category of each word in a sentence. Sometimes it is also required some cleaning
and normalization processes to try to reduce the polysemy in the text of some words.
This includes tasks like stopword removal or case normalization for cleaning and
lemmatization or stemming for normalization. Moreover, in specific domain NLP pro-
cesses like the biomedical domain, it could also be necessary to perform some extra
steps like resolving head noun sentences or abbreviation resolution.

Since most of these are widely used steps, lots of toolkits have been developed imple-
menting these steps and further processing steps. One widely used kind of tools are
the ones integrated in libraries like NLTK [91] in Python which is a toolkit that in-
tegrates different algorithms for NLP tasks like sentence splitting, tokenization, POS
Tagging, etc. . . Another widely used tool is the one developed by Stanford University
known as Stanford CoreNLP Toolkit [94] which covers the most common NLP tasks.
With the increasing development of Deep Learning techniques, Neural-based tokeniz-
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ers have also arisen, which is the case of the Google tokenizer SentencePiece [76] or
WordPiece [118].

2.2.3.2 Feature Processing

A word representation is a mathematical object attached to a word. This has his-
torically been one of the key points in NLP since subsequent tasks make use of
the way we represent words. Features are attributes that describe characteristics
of words or text spans and therefore the use of some of these features constitute a
word representation approach. They are usually intended to serve as the input to
algorithms, establishing before a feature vector which is referred as the set of each
of the features regarding some token within a text and its values could be numeric,
nominal or Boolean values. Depending on how we approach the problem of obtaining
these features, we will distinguish between the approaches where these features are
obtained in a more hand-crafted way through a Feature Engineering task and ap-
proaches where the job is done in a more automated way in the form of embeddings.
In the following sections, both approaches and how they are usually performed are
discussed.

Handcrafted Features

Earlier systems had the necessity of performing a feature engineering process to ad-
dress the different features underlying each of the words in which a text is composed.
It was needed to establish which set of features could behave better for the represen-
tation of the characteristics of each of these words. The objective of this was to
establish the inputs for some kind of algorithm consumption, aiming in the NER case
to perform the better classification process of the features of each word. Therefore, in
this kind of approaches, it is vital to perform a good feature selection and detection
since subsequent classification methods will be based on these data.

In Nadeau and Sekine [100] it is performed a classification of the different features
usually used in NER which can be divided in:

• Word-level features: These are intrinsic to the word and therefore are related
to how the words are composed. These features describe certain characteristics
such as the presence of a numerical value or some kind of special character,
capitalization, the presence of certain characters or prefixes/suffixes, the length,
etc. . .

Focusing this category in a more linguistic way, then we could subdivide these
features based on a linguistic function criterion:

– Orthographic: Characteristics about the composition of a word. Features
related to the search for certain characters, symbols, and digits or the num-
ber of them.

– Morphological: Structures or sequences of characters observed within a
word. Features related to the appearance of prefixes/suffixes, subsequence
of n-characters (Char n-grams), and word shape patterns.

– Semantic: Characteristics about the token itself, its meaning. It is usually
achieved by the tagging of the token in the text as an encoding with which
we aim to associate the same words with the same encoding. In some
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cases, we could have an interest in applying a normalization step in the
pre-processing in order to group equivalent words such as the different
tenses of the verb.

– Syntactical: Characteristics about the contextual relation between words
in a sentence and the grammatical category to which they belong to. If we
were interested in these syntactical features, then a POS tagging could be
performed as a pre-processing step of our text.

• List lookup features: Features related to the presence of a word in a certain
kind of list which is often referred to as dictionary, lexicon or gazetteer. The logic
underlying these features is that if, for instance, we have the word "Remdesivir"
and we check that this word is contained in a drug list, then we could infer
that the probability of this word to be a drug is high. Nevertheless, we should
take care of the polysemy which may occur in certain words that could appear
in several different sorts of lists. The incorporation of these lists means adding
knowledge to our system about the domain in which we are incorporating our
lists. In the case of the biomedical domain, we could use some in-domain lists
for matching specific domain terms and giving them a tag used as a feature. In
some cases, it could be interesting for us to establish not only exact matching
but also fuzzy matching, relaxing the criteria below we match an entity allowing
some lexical variations. For this purpose, we could use some sorts of edit-
distance such as Levenshtein [87] or Jaro-Winkler [141] distances.

• Document and Corpus features: Features that include meta-information
about certain characteristics of a document or its statistics. This kind of fea-
tures could help us to solve some co-reference, co-occurrences or related issues
due to the multiple occurrences of a word throughout the text. Some meta-
information could also be extracted to give indicators of the kind of information
that could appear in a certain part of the text.

The selection of some of these features would allow us to build feature vectors for
sentences and it is a key point since further classification in feature-based methods
will depend on these vectors. For example, if we have the sentence: "New SARS-CoV-2
variant appeared in Brazil" and we set the following features:

• Capitalization: Boolean value where we establish True if it is a capitalized word
and False if it is not.

• Number of word digits: Numerical value of the number of digits within a word.

• Word Length: Numerical value of the length of a word.

• Internal Punctuation: Boolean value which is True if there are some punctuation
marks within the word and False if there is not.

Then, the resulting feature vector should be:
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Embeddings

Conventionally, One-Hot Encoding has been the method used for semantic word rep-
resentation due to its simplicity. Nevertheless, this simplicity is responsible of some
critical flaws which lack its usage in modern systems since new embedding solutions
have emerged. These flaws are related to its data-sparse and non-existent semantic
relation between word representations, which produces very high dimensional vec-
tors very dependant on the corpus size. The way this problem was faced was through
the use of the distributional hypothesis of words [48] [65] which establish that sim-
ilar words have a similar context. The distributed representation would allow us to
share feature knowledge between the word representations, which would allow us to
solve the sparsity problem establishing a similar representation for words that have
a semantic and syntactical related meaning.

Word embeddings are techniques used for word representation as a real-valued vector
that encodes some useful information through a distributed representation. Follow-
ing the advances which Deep Learning has experienced recently, these word em-
bedding approaches have been widely developed and used to model words and their
context and consequently have a key role in downstream tasks such as NER and
NEN. With this technique, it is no longer necessary to make a feature engineering
process in which the features are selected and captured, this method automatically
carries out the representation of words.

One of the most recent advances in the embedding of words is the different word
representation depending on the context. This means that the same word could be
represented in a different way depending on the context in which it appears, helping
to solve some polysemy problems in which we can find the same words with different
meaning in different text spans. Based on that characteristic, a classification of the
embeddings has been performed, dividing them into the ones that take into account
this advantage and the ones that do not.

• Non-contextualized Embeddings: These kinds of embeddings do not take
into account how a word could have different meaning depending on the con-
text where it could appear, which results in the same word representation al-
though the meaning is different. Therefore, the polysemy problem is not directly
addressed by these kinds of embeddings. These were the first kind of word
embeddings developed [32] and are the following, ordered by released date:

– Word2Vec: this technique learns the word representations from a corpus
in an unsupervised way, capturing the semantics of words throughout a
two-layer neural network. There are two similar algorithms implemented
within its architecture: Continuous Bag of Words (CBoW) and Continuous
Skip-gram models [95][96]. The difference between them lies in how they
consider the inputs and how they output the multidimensional vector:

* CBoW do not consider the order of the input words since it works with a
Bag of Words as its proper name stands for. It predicts the target word
windowing a certain number of words, obtaining as output a vector
which represents that word.

* Continuous Skip-gram makes use of the target word to predict a vec-
tor that represents a set of surrounding words guessing a set of poten-
tial neighbouring word probabilities.
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Thus, it can be inferred that although we use them with the same purpose,
the way they achieve this is opposite and the selection of one of them will
depend on the application requirements. The hidden layer weight matrix
will compound, after the training, the word vector lookup table which con-
stitutes the word embeddings. Therefore, in pretrained Word2Vec models
for different tasks, this is the matrix of the specific weights with which word
representations are initialized.

– GloVe: Pennington et al. [107] proposed GloVe embedding as a solution to
one of the main problems of Word2Vec: it does not take into account the
global context of the words, just the local context in a certain size window.
GloVe solves this using some global corpus-wide statistics of the words us-
ing a global co-occurrence matrix which then is used to determine the re-
lationship between words. Therefore, although in training some contextual
information is taken into account for training a representation of words,
in its further use the contextual information of each given word it is not
considered. In other words, the contextual information which involves this
model is just offered as part of the training but not in the representation of
each of the given words in its use offering the same embedding in polysemy
situations.

– fastText: this method arose as a solution for the Out of Vocabulary (OOV)
problem that the former embeddings present. For this purpose, [33] im-
plemented an evolution of Word2Vec Embeddings (CBoW) and its key point
is the use of sub-word level information. Most parts of languages contains
some sub-word level information such as prefixes, suffixes. . . i.e, its mor-
phological information. Consequently, all this information composes the
internal semantic of words. Therefore, the use of this level as our atomic
tokens helps, on the one hand, to overcome the OOV problem by unpack-
ing the words in a sub-level of information and on the other hand providing
more information about the word. Moreover, many biomedical terms fol-
low different morphological rules in the word-formation (e.g., keratin and
myosin, a great part of protein names incorporate the suffix -in) and thus,
incorporating this character-level information, the embeddings should cap-
ture more entity information.

These have been the most widely non-contextualized embeddings used in liter-
ature since they appeared [95]. One of the major advances of these approaches
is that since these embeddings are obtained through the semantic information
of words, then the subsequent vectors obtained with these embeddings shall
have semantic characteristics within the vector space they represent. Similar
concepts are near in this vector space (see Fig.2.2) and some linear substruc-
tures can be observed, such as the same distance between synonyms or between
the same relations between words. . . These linear substructures are usually got
through vector differences as it can be observed in Fig.2.2.

Since the original models were trained in general domain corpus such as Wikipedia8,
Common Crawl9, Gigaword 510, etc. . . some efforts have been done for doing this

8https://dumps.wikimedia.org/enwiki/
9https://commoncrawl.org/the-data/

10https://catalog.ldc.upenn.edu/LDC2011T07
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Figure 2.2: Visual example of some Vector Space properties for Word Embeddings in
a bidimensional space for simplicity.

training in specific domain corpora such as the biomedical domain obtaining
some biomedical word embeddings which behave better than general domain
word embeddings in biomedical corpora tasks. These biomedical embeddings
are usually augmented to represent clinical concepts in a more precise way. In
Table 2.1 the biomedical embeddings implemented are shown.

Some publications extend the way this pretraining is achieved in the biomed-
ical domain, incorporating different levels of information within these embed-
dings. Choi et al. [40] uses word2vec model to embed some codes from curated
databases such as laboratory (LOINC12), drug (NDC13), disorder(ICD-1114) codes
using a corpus which contain these codes within its records. This was proved to
be useful in applications of these embeddings in clinical notes which generally
make some reference to this kind of codes for standardization. Beam et al. [30]
and De Vine et al. [45] apply a similar idea using medical controlled vocabu-
laries from biomedical unified databases such as UMLS15 in order to provide
more specific domain knowledge from the curated thesaurus. For this pretrain-
ing, they make use of the Concept Unique Identifiers (CUI) which groups into
code some medical concepts with their synonyms and ambiguities. Therefore,
in some cases the pretraining of these embeddings are not just extended to a
biomedical corpus to achieve an unsupervised learning of embedding weights,
but also it is extended in a more controlled way to use specific kinds of knowl-
edge such as certain kinds of clinical codes, certain groups of semantic types
or grouping together some concept ambiguities to try to catch this variability

11https://datadryad.org/stash/dataset/doi:10.5061/dryad.jp917
12https://loinc.org/
13https://www.fda.gov/drugs/drug-approvals-and-databases/national-drug-code-directory
14https://icd.who.int/browse11/l-m/en
15https://www.nlm.nih.gov/research/umls/index.html
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Publication Model Corpora/Concepts ‖D‖
Chiu et al. [38] word2vec Pubmed, PMC -

Choi et al. [40] word2vec
ICD-9, NDC, LOINC, medical claims 300

UMLS, Clinical Notes11 300

De Vine et al. [45] word2vec UMLS, medical journal abstracts 200

Kosmopoulos et al. [73] word2vec MEDLINE, Pubmed
200

400

Moen and Ananiadou [98] word2vec

PMC

200
Pubmed

Pubmed, PMC

Wikipedia, Pubmed, PMC

Beam et al. [30] word2vec, GloVe UMLS, Pubmed, medical claims -

Gehrmann et al. [51] word2vec MIMIC-III 50

Flamholz et al. [49]

word2vec PMC

100,300,600GloVe MIMIC-III, Wikipedia

fastText PMC

Zhang et al. [147] fastText MesH, PubMed 200

Chen et al. [37]
fastText MesH, PubMed 200

sent2vec PubMed, MIMIC-III 700

Table 2.1: Publicly available biomedical non-contextualized embeddings. ||D|| is re-
ferred to the dimension of the vector.

within embeddings. This means to specify the pretraining of the embeddings as
much as our target task requires.

• Contextualized Embeddings: The challenge that former methods were facing
was the fact that each term is represented by just a single vector, regardless
of the fact that its meaning may change depending on the context in which it
is used, i.e., polysemy could appear. Contextualized Embeddings appeared in
order to solve this issue by generating different embeddings for the same word
depending on the context in which it appears. Consequently, these techniques
used a language model to solve the context issue. A language model consists
in generating the maximum likelihood token given a sequence of n words and
this is the task that is generally used in the unsupervised training of this kind
of embeddings. The following are the most widely adopted Contextualized Em-
beddings:

– ELMo: Peters et al. [109] proposed the first solution to polysemy providing
embeddings dynamically taking into account the context of a word through
the development of Embeddings from Language Models (ELMo). For this
purpose, ELMo uses the internal states of multiple layers of Bi-LSTMs to
take into account in the Language Model both forward and backward in
a text. It uses character-level embeddings to address the OOV problem
and to give word-formation information in the representation of each word.
These character embeddings are passed through a convolutional and pool-
ing layer to get a fixed-length representation of the word. The use of convo-
lutional layers allows the model to capture more powerful representations
of each word. Afterwards, this representation is passed through multiple
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Bi-LSTM layers (originally 2 layers were proposed [109]) which give us the
output word embedding in a way that it captures the forward and back-
ward contextual information. Moreover, ELMo allows to fine-tune its word
representation depending on the downstream task for which it will be used.
For example, if we wanted to use ELMo for a BioNER task, then its model
weights would be scaled in the training to try to optimize the performance
of the model in BioNER.

– GPT : Radford et al. [114] proposed the Generative Pre-Training (GPT) model
to address the polysemy problem through the incorporation of forward-
ing Transformer decoders [132] for the feature extraction through a self-
attention mechanism. In further years, this model was extended through
the use of each time more massive corpora in training and other enhance-
ments. In GPT-2 [115] 1,5 billion parameters were used (10x the data of
GPT), GPT-3 [34] exponentially rose this number increasing the number of
parameters to 175B. Both GPT-2 and GPT-3 source code have not been
fully released since they became commercial-use models.

– BERT : Devlin et al. [46] proposed that former Contextualized Embedding
models were not making good use of the contextual information. On the one
hand, GPT just used forward contextual information, on the other hand,
ELMo used forward and backward layers in the model but its use was
through the superposition of both unidirectional models. Consequently,
Devlin et al. [46] proposed Bidirectional Encoder Representations from Trans-
formers (BERT), an improved model which takes into account the infor-
mation from both directions at the same time. The implementation of
this model used a bi-Transformer technique which through a self-attention
mechanism aims to extract feature information.

Moreover, BERT incorporates further advances. In relation to the input
used in the model, WordPiece[118] embeddings were used as the represen-
tations of each word which supposed an upgrade in relation to the previous
character-level representations. WordPiece aims to represent words in a
subword-level including, apart from characters, the most frequent com-
binations n-grams of characters/symbols/numbers in the vocabulary in
which it was trained. This technique enhanced the richness of the informa-
tion in each word formation and at the same time solved the OOV problem.
Apart from this, the input in BERT includes a position embedding that en-
codes the position of each word and a sentence embedding that encodes the
belonging of a word to a sentence for training the Next Sentence Prediction
(NSP) task in which it is predicted whether a sentence follows another given.
In the NSP task, the models aim to capture more long-term information in
the text. Another advance they introduced was the use of a Masked Lan-
guage Model (MLM), instead of a simple Language Model, which randomly
masks a certain percentage of words in the text to train the model in an
unsupervised way predicting the masked words. This differentiation with
respect to the former approaches allows BERT to avoid the locality bias in
which models are just focused on words that are closer to the target word in
each moment. The training of BERT, both in MLM and NSP tasks, grants to
understand how the relations between words and sentences are; i.e., local
and long-term contextual information. Once the model has been trained on
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these tasks, it can be fine-tuned for downstream tasks such as NER.

In Fig.2.3 a visual comparison of these models is shown. It is easily seen how
these different models make use of text both as input and at different levels of
its internal architecture.

Figure 2.3: Simplified comparative of Contextualized Embedding models

The training of an embedding model is crucial to its success; initially, mod-
els like BERT were pretrained in general corpora such as BookCorpus and
Wikipedia. This helps the model to do well on general text, but in extremely
specialized contexts, such as the biomedical domain, the accuracy of the model
could suffer as a result of the inability of the model to adequately manage do-
main information. As a result, a solution to this issue is to do pretraining on
an in-domain corpus [63], allowing the model to integrate domain information
as part of the model. This has been performed in biomedical corpora, result-
ing in Contextualized Embedding models that are well-suited to the biomedical
domain and work better than general domain models managing this kind of in-
formation. Since the Contextualized Embedding model which better results has
been demonstrated to achieve is BERT, the efforts in pretraining, which is a very
high intensive computationally task, have been focused on this model (See Fig.
2.4).

Different pretrained models have been obtained in biomedical and related do-
mains as the following ones:

Lee et al. [84] proposed BioBERT, a BERT model pretrained on large biomedi-
cal corpora, which has been the biomedical pretrained model with more impact
since its performance improved previous state-of-the-art results in most of the
biomedical tasks in NLP field. This model, whose weights were initialized fol-
lowing the original BERT model trained in the general domain (Wikipedia and
BookCorpus), was pretrained in large-scale biomedical corpora with PubMed
Abstracts and PMC full-text articles.

Alsentzer et al. [24] followed the idea of pretraining a BERT model, proposing
ClinicalBERT that uses in pretraining MIMIC-III clinical corpus which contains
approximately 2 million clinical notes. Two kinds of models were tested: one
pretrained from the original BERT and another from BioBERT showing a better
behaviour in clinical data the one initialized from BioBERT. However, it should
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Figure 2.4: Pre-training process from multiple sources

be noted that clinical text is not exactly the same than the text found in biomed-
ical articles. Style, form and focus of linguistic expressions in both kinds of
texts are substantially different, making that despite the fact that both belong
to the health domain, models specifically pretrained on clinical corpora will bet-
ter perform on clinical text and models pretrained on biomedical articles corpus
will better perform on this kind of publications. Therefore, even though it is
an almost identical domain, the more domain-specific is the pretraining in the
target data in which we aim to perform the task, the better results this model
will have.

Beltagy et al. [31] also performed a pre-training in a BERT model called SciB-
ERT using 1.14M Semantic-Scholar16 scientific papers in which most of them
were from biomedical domain and a little part were from computer science do-
main. Depending on the aim of the application of this model, the combination
of different sorts of domains for pretraining could be beneficial or not since it is
a more general model than the previous ones which just focused on one narrow
domain.

Peng et al. [106] developed multiple pretrained models called BlueBERT based
on the original BERT initialization weights. This pretraining makes use of differ-
ent combinations of PubMed abstracts and MIMIC-III notes, mixing biomedical
and clinical domain data. In the experimental results, it was identified that in
NER task on biomedical texts, the inclusion of clinical data on pretraining(MIMIC-
II) worsened the results. Therefore, it is concluded the same than in Clinical-
BERT [24], the more specific is the pretraining in relation to the target task, the
better results are obtained. Nevertheless, care must be taken since if different
tasks or a combination of NER with other tasks is proposed in a NLP system,
perhaps the election of a model pretrained on a more general domain as it is the
case of biomedical plus clinical (PubMed + MIMIC-III) could benefit the overall
behaviour of this NLP system.

16https://www.semanticscholar.org/
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Gu et al. [61] proposes to carry out a pretraining from scratch, stating that
initializing the model from general domain in pretraining could hinder the pre-
trained model performance. It has been previously assumed that domain-specific
pretraining may benefit from continuous pretraining from general domains.
Nevertheless, in some domains like biomedical, the general domain text is signif-
icantly different, raising the prospect of the negative effect of the use of general
domain knowledge in pretrained model performance. Therefore, PubMedBERT
model is proposed using purely biomedical text (PubMed), initializing BERT
model from scratch. This initialization makes it necessary to build a vocab-
ulary for the model. Since in this model only biomedical texts are used, this
vocabulary contains a larger set of biomedical terms than the ones that used
Original BERT vocabulary. Therefore, in target tasks in the biomedical domain,
this model benefits from having been trained just in biomedical texts, achieving
a more precise representation of the biomedical knowledge underlying a piece of
biomedical text.

In Table 2.2 a comparative of the Contextualized Embeddings is done. Corpus
used in pretraining is compared, establishing between square brackets the cor-
pus taken for initialization, which in the case of [Wikipedia + BookCorpus] is
referred to the initialization from the original BERT from Devlin et al. [46] and in
the case of [Wikipedia + BookCorpus + PMC + PubMed] is referred to BioBERT
[84]. Biggest pre-training is achieved by BioBERT which uses larger corpus in
pre-training (PubMed + PMC). Just two proposed models chose pretraining from
scratch (PubMedBERT and one of SciBERT models) having to build the vocab-
ulary for Wordpiece tokenizer from scratch, obtaining a vocabulary based on
the texts in which it was trained. The other models used preexistent vocabulary
from general domain corpora obtained by training in Wikipedia and BookCorpus
which Original BERT achieved.

Year Model Name Vocabulary Pre-Training corpus Text Size (words)

2018 BERT [46] Wikipedia + Books Wikipedia + BookCorpus 3,3B

2019 BioBERT [84] Wikipedia + Books

[Wikipedia + BookCorpus] + PMC 4,5B

[Wikipedia + BookCorpus ] + PubMed 13,5B

[Wikipedia + BookCorpus] + PMC + PubMed 18B

2019 ClinicalBERT [24] Wikipedia + Books
[Wikipedia + BookCorpus + PMC + PubMed] +
MIMIC-III 0,5B

[Wikipedia + BookCorpus] + MIMIC-III

2019 SciBERT [31]
PMC + C.S. Biomedical & C.S. Semantic-Scholar papers

3,2B

Wikipedia + Books
[Wikipedia + BookCorpus] + Biomedical & C.S
Semantic-Scholar papers

2019 BlueBERT [106] Wikipedia + Books
[Wikipedia + BookCorpus] + PubMed 4B

[Wikipedia + BookCorpus] + PubMed + MIMIC-III 4,5B

2020 PubMedBERT [61] PubMed PubMed 3,1B

Table 2.2: Biomedical pre-trained BERT models

2.2.3.3 BioNER Models

BioNER is intended as a classification task in which we use the features previ-
ously obtained to make a prediction of the entity tag which belongs to each of the
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words within a given text. Therefore, BioNER models make use of the different pre-
processing and featurization techniques formerly exposed and depending on how is
the subsequent use of these features and how is the architecture of the model ,
we have different sorts of BioNER methods. Methods employed in BioNER can be
classified in three categories: Rule/Dictionary-based, Machine Learning and Hybrid
Models approaches17. These categories are the most widely used in the literature, but
nonetheless rule- and dictionary-based models usually appear split in two different
approaches. Because of they are similar and just earlier approaches applied them
separately, they have been grouped together. In Machine Learning approaches, a
subdivision can be established between supervised learning and unsupervised learn-
ing. In supervised learning we can find another subclassification depending on the
paradigm, in which we can find traditional ML approaches and Deep Learning, the
currently most widely used approach. Due to the high extension and the different
paradigm which Deep Learning models suppose, these are considered independently
to the traditional ML models which are taken into account in the supervised learning
section. Lastly, Hybrid Models use a combination of different approaches to leverage
benefits from different methods.

Rule- and Dictionary-based approaches

These were the earlier approaches that appeared in NER field. They make use of
the design and implementation of handcrafted rules in order to categorize the named
entities in text based on the features that have been previously captured. Therefore,
a set of rules are designed to describe how are the patterns of the different sorts
of named entities to characterize them. Consequently, a great knowledge about the
working domain is required in addition to linguistic expertise to correctly design that
set of rules in a proper way, which is also a very costly and time-consuming labour.
It is important to note that the implementation of these approaches sometimes takes
directly the features as text format without the need for representing it as a feature
real valued vector.

The features these methods are usually focused on capturing were the morphological
and orthographic features. For instance, a word with suffix -in is usually a protein
name (e.g., keratin, albumin, etc. . . ) but nevertheless, another rule within this rule
will have to be set since there are several drug names that usually use this suffix (e.g.,
lidocain). Consequently, the main drawback of this approach is the requirement of
an effective capturing of all possible patterns which can occur in a given entity and
the time-consuming process this handcrafting design involves.

It can be then inferred that rule-based approaches require high cost work since lots
of rules have to be set to aim to have high precision in the classification. Hence,
these approaches are usually just focused on very defined narrow areas in order
to try to cover well the intrinsic rules within the entities in this area. This kind of
approaches are usually combined with dictionary-based approaches which make
use of large databases of named entities to trigger some matches between our text
and the database. This is a good way of adding some specific domain knowledge to
our model like the biomedical knowledge with the inclusion of biomedical dictionaries.

17The approaches which make use of dictionary in the phase of featurization were not considered as
hybrid models. Hybrid models were considered if the dictionary was used just as part of the modelling
phase.
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Since some morphological variations may not be collected in some dictionaries, some
fuzzy matches are usually used. The use of dictionaries usually raises the recall
whether the selected dictionaries and the terms within them fit good to our purpose
since these dictionaries can cover the appearance of lots of entities which can appear
in text. Nevertheless, not covered terms and new terms will not be captured with just
this method, and that is the main reason why rule and dictionary-based approaches
are often applied jointly, as they are supplementary.

As I have already mentioned, earlier approaches were based on these methods. In
recent years, the number of BioNER methods that use these approaches has dra-
matically fallen because of its important drawbacks and the appearance of different
state-of-the-art methods, which also ease the model implementation. In this review,
just the following publication was retrieved since in recent years the efforts of de-
veloping BioNER solutions have been focused on more advanced approaches or on
hybrid approaches that use dictionary-based methods in conjunction with machine
learning methods [116].

Pafilis et al. [105] developed a dictionary-based approach for the recognition and
normalization of organisms and species in text. Its main focus was set on developing
an updated and large dictionary initialized from the NCBI Taxonomy 18 where some
variants were further added. The way this dictionary was implemented in the search
of entities in text was through the use of hash tables, which in addition allowed some
orthographic variations. Some expansion and post-processing rules were also set to
look for a result improvement.

Machine Learning approaches

Previous approaches relied on the composition of handcrafted complex rules which
were costly, time-consuming and require expertise knowledge in the target domain
for developing the rules which better fit the target entity classes. Furthermore, these
implemented rules were not reusable since they are highly adapted to an entity class.

Machine Learning approaches offer a solution to this rule design generation problem
through the automatic pattern identification which Machine Learning methods sta-
tistically obtain. This solves the main problems which rule systems present through
the automatic establishment of patterns in a given set of data. The growing num-
ber of available data on the Internet has boosted the number of resources offered
for the development of those kinds of methods, downplaying the importance of the
data availability drawback in fields like the biomedical domain. Commonly, Machine
Learning approaches have been widely divided attending to the labelling which the
given training set of data presents: Unsupervised Learning does not make use of
labelling unlike Supervised Approaches.

Unsupervised Learning approaches

Unlike supervised approaches, and as with rule- and dictionary-based methods, un-
supervised learning approaches do not require the use of labelled training data to
develop the model. This is one of the main advantages of both sorts of approaches
since not always we can provide data labels for the training of our model. Never-
theless, increasing resources are appearing in the biomedical domain, making that

18https://www.ncbi.nlm.nih.gov/taxonomy
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the necessity of labelling not a big problem. Consequently, the role of unsupervised
approaches in more recent literature has fallen, being not very often this choice for
modelling BioNER. Most unsupervised methods use applying a clustering for word
classification based on some assumptions such as that the sense of a word is usually
influenced by the words that surround it. Despite the great advantage of not requir-
ing annotated datasets, the results are far below from the expected from other kinds
of models.

Zhang and Elhadad [146] developed an unsupervised solution that used three steps
to address the NER task. In the first step, they make use of the seed term concept
with which a dictionary for each of the target entities is made from the semantic
groups, types and concepts from UMLS. In the second step, boundaries of entities
candidates are detected through chunking with an IDF filtering of Noun Phrases.
Finally, a classification is done using the idea of entities of the same class usually
have similar vocabulary on context. For this purpose, a signature vector is generated
using the TF*IDF concept, where this signature is calculated for each entity class as
the average of the vector signatures of all the seed terms of that class that appear in
the corpus. Once, this has been done a cosine similarity metric is calculated for each
of the candidates obtained in step 2 with each of the signature vectors. The entity
is classified as the class with a higher score if a determined threshold is passed (if
not, it is not considered an entity). The results obtained in the GENIA corpus were
substantially lower than state-of-the-art approaches, obtaining acceptable results
in protein recognition with an F1-score of 67,2 and very poor results in cell line
recognition with 19.9.

Supervised Learning approaches

These approaches use the handcrafted features exposed in the section 2.2.3.2 which
are used as input for a machine learning model which through the use of annotated
training instances discovers hidden patterns within the data which shall constitute
the underlying classification rules to tag a token as an entity or not. Therefore,
the previously observed featured training data is modelled to create a probabilistic
description of the entity classes in which we want to perform the classification NER
task to make an appropriate response to unseen data. The use of training data is
essential in supervised learning approaches and consequently, the performance of
the ML model will broadly depend on the quality and magnitude of the employed
dataset in the training phase.

There are several Supervised Machine Learning methods that can satisfy the NER
task. In the earlier stage of Machine Learning applied to the NER task, the most fre-
quent models were Hidden Markov Models (HMM), Maximum Entropy Markov Models
(MEMMs) and Support Vector Machines. Nevertheless, the appearance of the Condi-
tional Random Fields (CRFs) [78] soon became CRF the most widely used model in
supervised approaches. This was because CRF presented some advantages over the
problems which previous methods had: it overcame the label bias problem [78] which
some Markov models such as MEMMs presented, it also downplayed the importance
of the independence assumptions required in the parameter learning of HMM and it
was proved to be less computer-intensive in training than SVMs. These advantages
involved that the trend in later years was dominated by the use of CRF in different
implementations for the NER task:
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Campos et al. [36] employs an intensive feature engineering process to obtain differ-
ent sorts of features which better describe tokens in different aspects such as mor-
phological, dictionary matching, local context, etc. . . The obtained features are used
as the input to multiple first- and second-order CRF models parsed both forward and
backward. The results from these models follow a combination strategy based on
confidence scores in which the tagging of an entity depends on the confidence value
given by CRF models.

Wei et al. [138] designed a high specific solution for the recognition of genetic vari-
ants developing a set of features taking in mind the peculiarities of these entities,
designing for that purpose dictionary, linguistic, character, semantic, case pattern
and contextual features. Some of which make use of regular expressions to cap-
ture the underlying characteristics of genetic variant entities. The resultant feature
vector is used in a CRF model which after the training phase predicts the tag for a
given token. Wei et al. [139] extended tmVar with a second version, tmVar 2.0, which
integrates a normalization process to the variant entities found.

Leaman et al. [83] make use of different CRF models which differ in features used,
parameters and implementations of the model, and post-processing variations. The
feature set used is highly specific for chemical entities and uses a broad number
of characteristics underlying the chemical names. Results from both models are
combined following three different kinds of rules to obtain the corresponding tag for
the given tokens.

Leaman and Lu [81] stated that an often use of the tagged entities given by NER
was the normalization of these entities. The most usual approach was to apply this
normalization step following the entity recognition which could cause cascading er-
rors if the tagging was mistaken. Leaman and Lu [81] addresses this problem facing
both tasks at the same time using a semi-Markov structured linear classifier which
combines the use of handcrafted features for NER and supervised semantic indexing
based on Tf*idf normalized vector for normalization. The combination of both tasks
was done obtaining a score by applying the model both recognition and normalization
and adding both scores.

In Table 2.3, a comparative review is done for the supervised approaches previously
overviewed papers which were taken as relevant in our review. The set of input
features considered for each of the approaches is shown. It should be noted that some
of the features mentioned in the articles have been grouped for simplification and
comparison. As it was seen in Section 2.2.3.2, Nadeau and Sekine [100] performed
a widely used classification of these features, based on which features were grouped.
In Others, features that can not be grouped are found.

As it can be inferred, the design of a suitable set of features is a key point in this kind
of methods, since the success of further models broadly depends on how are these
features. Moreover, a good model implementation also depends on the training corpus
used for the correct parameter learning of this model. Therefore, both requirements
have to be satisfied to expect optimal results. Because of this, the features will have to
be designed following the underlying characteristics of an entity and the dataset used
will have to be adapted just to the entity we designed the features. Consequently,
the design of supervised models results in high specific models which are hardly

19Tool prepared to be adapted to several entity types. Nevertheless, in its publication it was probed
with disease and chemical entities given by its training corpus
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Reference
Campos et al.

[36]
Wei et al. [138] Leaman et al. [83]

Leaman and Lu
[81]

Year 2013 2013 2015 2016

Model type CRF CRF
CRF first

order
CRF second

order
Semi-Markov

Linear Classifier

Input Features

Ortographic � � � � �

Morphological � � � � �

Semantic � � �

Syntactical � � � �

List lookup � � �

Local Context � � �

Others - - ChemSpot [116] result
TF*IDF

normalized
vector

Training corpus
GENETAG,

JNLPBA

tmVar Corpus,
MutationFinder

corpus
BC4CHEMD

B5CDR, NCBI
disease

Entities
DNA, RNA, gene,
protein, cell line,

cell type

Genetic
variations

Chemicals
Non entity
specific19

Table 2.3: Revised Supervised BioNER models

adaptable to other entities. This drawback, which rule-based systems have already
presented, is one of the main problems which subsequent approaches face.

Deep Learning approaches

Deep Learning term, which is a subset of Machine Learning, is used to make refer-
ence to the use of Neural Networks with many hidden layers and nodes forming a
deep network. This deepness allows those models to catch complex nonlinear pat-
terns within the training data and use these patterns for later inferring tasks. The
evolution and development of computational power have boosted the use of these
kinds of models, resulting in increasingly complex and deeper models. NER task has
also been affected by the growing popularity of Deep Learning Models, currently re-
placing former approaches such as CRFs, which only used linear patterns in data.
Furthermore, the former approaches were based on the use of different kinds of spe-
cific features underlying the target text. This generally made that the approaches
were entity-specific since feature vectors were designed based on that entity, making
its development costly and hardly reusable with another entities. Moreover, some
of these approaches were also highly optimized for specific GSCs, making that fea-
tures within these approaches are also designed specifically for these corpora, fur-
ther burdening the cost and reusability. Although the first Neural Network proposal
for NER [41] employed these handcrafted features, soon subsequent methods used
word embeddings solving some of the main problems presented by the handcrafted
features such as reusability and design cost. Word embeddings made possible to
represent text tokens in a distributional way with linguistic features underlying this
representation. As seen in Section 2.2.3.2, there are several models which achieve
implementations of word embeddings, allowing the authors to design models using
some of these different word embeddings. Depending on the kind of embedding used
for the implementation of the NER model, we can find two kinds of models attend-
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ing to the fact whether these embeddings are non-contextualized or contextualized, a
classification previously made in Section 2.2.3.2.

Non-Contextualized Embeddings Models

Models which are designed using non-contextualized embeddings generally use
two main kinds of Neural Networks. On the one side, Recurrent Neural Net-
works (RNNs), which are a kind of Neural Network mainly adapted to sequential
data such as text, thanks to the employment of a temporal behaviour using
internal states within the network nodes forming a directed graph as a way of
granting it some memory of the former states. The most widely known RNNs are
LSTMs [67] and GRU [39] which were developed in order to solve the vanishing
gradient problem20 which showed RNNs presented. Moreover, the solution to
this problem grants the model to have long-term memory enhancing the con-
textual information it can manage. This is achieved through the use of different
sorts of the called "gates" which are neural networks used for controlling the
flow of information within the network through the learning of the important
inputs in the sequence storing their information in a memory cell. GRU follows
the same idea than LSTMs but using less kinds of gates obtaining similar re-
sults in practice with a lower computational cost. It is also a common practice,
to use Bidirectional LSTMs (BiLSTM) [58] to capture inputs both in left-to-right
and right-to-left direction to encode dependencies on elements from both direc-
tions. In Fig. 2.5 a visual comparison between these main models is shown.
Lample et al. [79] first proposed the use of these architectures in NER obtaining
state-of-the-art results in a general corpus with a Bidirectional LSTM network
followed by a CRF layer (BiLSTM - CRF). For this purpose, character-based word
representations learned from the supervised corpus and unsupervised word rep-
resentations learned from unannotated corpora were used.

Figure 2.5: Visual Comparative of most widely used RNNs units. Image obtained from
Aslam et al. [26]

On the other side, Convolutional Neural Networks (CNNs) have also been pro-
posed as a means of tackling NLP tasks. CNNs are a kind of Neural Network
designed mirroring human visual cortex function through the inclusion of sev-
eral specialized layers following a hierarchy. The main kind of layers used are

20Problem found in gradient-based learning methods which exponentially decreases the gradient
used in weight updating in the training stopping the model from further training.
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the convolutional layers which make use of kernel filters21 in convolutional op-
erations, these are structured following a hierarchy where firsts layers obtain
simple and generic features and deeper layers find more complex and specific
features. One of the main characteristics of CNNs achieved by its design is its
spatial expertise which makes them very beneficial to abroad Computer Vision
problems. Nonetheless, this networks can be adapted for using them in text.
While images are 2-dimensional or 3-dimensional, text is 1-dimensional and
consequently convolutions are applied just in one dimension. The time dimen-
sion attached to text sequences may be treated as if it were a spatial dimension
allowing the network to recognise local patterns in text sequences as it does
with the recognition of patterns in images. Moreover, these patterns learned in
a certain location may be identified in a different location grating the CNN to
learn about the word morphology. Collobert and Weston [41] first proposed the
use of a CNN architecture to accomplish a multitask problem where NER is one
of these tasks. CNNs have been broadly used as a way of creating char embed-
dings because of its power to learn and identify word morphology patterns. In
Fig. 2.6 a common structure of CNN models applied to NLP is shown.

Figure 2.6: General structure followed by CNN models applied to NLP

The methods retrieved in the review that follow some of these models are the
following ones:

Habibi et al. [64] implemented the model firstly proposed by Lample et al. [79],
adapting a Word Embedding + BiLSTM-CRF model to the biomedical field in a
BioNER task, obtaining state-of-the-art results in most GSC tests overcoming
previous widely used methods such as CRFs. In Figure 2.7 the structure of
this model can be observed. The first layer is an embedding layer in which its
embeddings are the concatenation of two kinds of embeddings: a word-level em-
bedding obtained from pretrained word embeddings [98] in a lookup-table and
a character-level embedding obtained by applying a Bi-LSTM to the sequence
of characters of each word. The second layer is a Bi-LSTM layer which aims to
get a refined and partially contextualized representation of its input to serve as
the final input, a CRF-layer which obtains the final output: the token tags. The

21These are the applied matrix of values in the mathematical operation of convolution and the weights
within them are the values to optimize in training.
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combination of these layers makes it possible to train the entire model together
by backpropagation.

Figure 2.7: Most widely used BiLSTM-CRF model since its first proposal by Lample
et al. [79]. Image obtained from Habibi et al. [64]

Crichton et al. [43] implements a multitask CNN model which aims to leverage
what they have learned in an auxiliary task to improve its performance in a
similar task. There are several BioNER training sets which are focused on the
same entity class and therefore, several of them may be used to train a model for
a certain entity instead of just using a single dataset for a certain entity. For this
purpose, two CNN models are implemented: the first one shares the CNN layer
and just the top fully-connected layer is changed between tasks and the second
one which uses two parallel models in which one model is used in an auxiliary
task such as POS tagging to give to the main task model useful information at
the fully-connected layer level.

Gridach [59] studies the importance of a Character-level embedding input in
a BiLSTM-CRF model. It states that Character-level embeddings have been
probed to improve performance in several kinds of tasks including NER and
could be useful in fields with very complex words such as biomedical thanks to
the OOV problem solving. OOV problem was seen to be a problem found in a
large part of Word Embedding pretrained models such as Word2Vec, and there-
fore the inclusion of Character Embeddings could help to overcome the OOV
problem in the use of these. To add Character-level representations, a BiLSTM
model is used to compute the character-based vector embeddings of words. Af-
terwards, these character embedding vectors are concatenated with a pretrained
word embedding vector. The resultant model is the same it was shown in Fig.
2.7. It is also tested the importance of using different pretrained word em-
beddings, concluding that biomedical word embeddings [98] outperforms better
than general domain embeddings.

Lyu et al. [93] employs a BiLSTM-CRF model with character and word-level em-
beddings as input. Character-level inputs are obtained from an attention-based
model and Word-level embeddings are obtained from pretrained embeddings and
from its own training. The comparison between the different word embeddings
results in a better performance in biomedical fine-tuned word2vec embeddings
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(its own training). Moreover, the inclusion of Character-level embeddings also
improves performance of the model.

Unanue et al. [130] explores how the use of different kinds of outputs can affect
the performance of a BiLSTM-CRF model. It tries with a concatenation of differ-
ent kinds of word embeddings, a character-level embedding, and the inclusion
of handcrafted features as input. It concludes that retraining general domain
GloVe embedding in a biomedical corpus, in this case MIMIC-III, enhances the
performance of the model, character-level embeddings also improves the model
performance but handcrafted features inclusion, not only increases the cost of
development but it lowers results.

Luo et al. [92] states that in general previous efforts in NER were focused on a
sentence-level processing of texts. Therefore, dependency between taggings in
different sentences is not considered leading to tagging inconsistence problems
in which same mentions in a document are tagged with different labels. In or-
der to solve this problem, an attention layer is used forming a BiLSTM-Att-CRF
model in which the attention technique aims to capture similar entity attention
at the document level. Moreover, Luo et al. [92] proposes to use some addi-
tional handcrafted features as input, using some syntactical information such
as POS tagging and chunking and some dictionary-based features. Its exper-
imental results show that the attendance layer improves the results, proving
to be effective to mitigate the tagging inconsistence problem. The additional
handcrafted-features barely improve the results and therefore it is concluded
that it is not worth the substantial time-consuming effort it involves.

Ju et al. [69] exposes that multiple named entities contain nested entities, which
are embedded entities which are included in another entities. Most previous sys-
tems does not take into account this problem focusing just on non-nested en-
tities, also called flat entities. Therefore, a solution to this problem is proposed
using a stacked layer model in which the number of layers is adjusted dynam-
ically to the level of entity nesting. This model, based on LSTM-CRF stacked
layers, tackles the problem extracting entities from inside to outside, sharing
parameters among the different BiLSTM and CRF layers, in such a way that a
layer output is used as input to the the next layer until non entities are found.

Zhu et al. [150] states that biomedical texts are usually composed of very long
sentences in which sometimes the information from one part of the sentence is
unrelated to the other parts. Therefore, the use of local information rather than
the whole sentence could improve precision. To address it, the author proposes
to use a CNN-CRF model called GRAM-CNN, which is served with biomedical
word embeddings, character embeddings obtained by a CNN-based model and
a POS tagging embedding to help the model to use the local information. The
resultant vector is used in a broad CNN model which uses different kernel sizes
to take into account different levels of local information. Following that, some
scores are obtained from the CNN with a fully-connected network which feeds a
CRF layer which models the entity tags.

Giorgi and Bader [53] uses Silver Standard Corpora (i.e., non-manually anno-
tated corpora) in training to initialize a BiLSTM-CRF model. The objective of this
pretraining is to apply a transfer learning process from the knowledge learned
on a ’source’ dataset to perform a task on a ’target’ dataset by using the learned
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parameters from the pretraining. This allows to improve the generalization of
the model and reduce the amount of labeled data needed to obtain high perfor-
mance. Therefore, it could be possible to reduce the amount of Gold Standard
Corpora needed in training, which involves a very costly and time-consuming
process making that these are usually not very large. It concludes stating that
the results significantly improve in models whose target dataset has a low num-
ber of annotated entities and it barely affects on large GSC datasets (≥ 6000
annotated instances).

Dang et al. [44] explains the importance of the linguistic information that a BiL-
STM model receives in problems such as the ambiguous use of abbreviations
and its correct classification. For that purpose, a more complex embedding is
obtained to feed the model, incorporating POS embeddings and abbreviation
embedding apart from the highly used word and character embeddings. It con-
cludes that each of the embeddings helps the model to improve its performance,
outperforming slightly similar models which do not take into account too much
linguistic information without incorporating an abbreviation or POS embedding.

Zhao et al. [148] implements a multitask learning model to perform recogni-
tion and normalization jointly. The multitask proposed model uses a parallel
strategy in the use of tasks to receive explicit feedback to model the mutual
enhancement effects between tasks. To this end, a BiLSTM-CRF-CNN stacked
model is used with character-level obtained with a CNN model and biomedical
pretrained word embeddings [98]. It is concluded that the mutual exchange of
information between tasks helps to improve the results of both tasks.

Wang et al. [137] extends Crichton et al. [43] idea of multitask learning models
incorporating character-level embeddings to a BiLSTM-CRF model. Moreover,
three different kinds of multitask learning models are compared, whose differ-
ence lies in the level in which the multitask is implemented, i.e., what parame-
ters are shared. One model makes use of shared parameters at the character-
level BiLSTM model, other at the word-level BiLSTM-CRF model, and a third
with both ones. It is concluded that sharing the maximum number of parame-
ters between target and source tasks, i.e., at a word and character-level, is the
best performing option.

Yoon et al. [144] extends Multi-task Learning idea [137] [43] presenting Col-
laboNet, a network which is composed of multiple BiLSTM-CRF models in which
each of them is an expert on just one entity class. These experts help each other
sharing knowledge with all the other experts. This is achieved by training each
model individually on an entity class and then further training on the outputs
of other models trained on the other entity types. Therefore, models take turns
in their role changing between expert and collaborator roles. As a consequence,
each model is an expert in a domain and helps to improve other model perfor-
mance, leveraging multidomain information from the other models.

Giorgi and Bader [54] explores different techniques to achieve BiLSTM-CRF
model improvement: Variational dropout, Transfer Learning and Multi-task
modelling. Out-of-Corpus tests demonstrate that BiLSTM-CRF models gener-
alize poorly outside the corpus on which they were trained and proposes those
three methods that improve substantially the generalization of the model. It is
concluded that the best out-of-of-corpus performing model is obtained through
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the combination of multitask learning and the regularization of recurrent layers
via Variational Dropout.

In Table 2.4 a summary of the previous overviewed methods is shown. As it
can be inferred, improvements along this kind of models come through the way
these models are used and the information which is served as input.

Year Reference Input Model

2017 Habibi et al. [64]
BiLSTM Character + Word

Embeddings
BiLSTM - CRF

2017 Gridach [59]
BiLSTM Character + Word

Embeddings
BiLSTM - CRF

2017
Crichton et al.

[43]
Word Embeddings CNN

2017 Lyu et al. [93]
Att-based Character + Word

Embeddings
BiLSTM - CRF

2017
Unanue et al.

[130]
Handcrafted Features + BiLSTM
Character + Word Embeddings

BiLSTM - CRF

2018 Luo et al. [92]
Handcrafted Features + BiLSTM
Character + Word Embeddings

Att-BiLSTM-CRF

2018 Ju et al. [69]
BiLSTM Character + Word

Embeddings
Stacked BiLSTM - CRF

layers

2018 Zhu et al. [150]
POS embedding + CNN Character +

Word Embeddings
Multi-kernel size CNNs -

CRF

2018
Giorgi and
Bader [53]

Character + Word Embeddings BiLSTM - CRF

2018 Dang et al. [44]
Abbreviation + POS + Character +

Word Embeddings
BiLSTM - CRF

2019 Zhao et al. [148] CNN Character + Word Embeddings Bi-LSTM-CRF-CNN

2019 Wang et al. [137]
BiLSTM Character + Word

Embeddings
Multi-task Learning

BiLSTM - CRF

2019 Yoon et al. [144] CNN Character + Word Embeddings
Multi-task Learning

BiLSTM - CRF

2020
Giorgi and
Bader [54]

BiLSTM Character + Word
Embeddings

Multi-task Learning +
Variational Dropout +

Transfer Learning
BiLSTM - CRF

Table 2.4: Non-contextualized embedding models taken into account in the review.

Contextualized Embeddings Models

These kinds of models make use of embeddings which take into account the con-
text of a word to produce a different embedding depending on its neighbouring
words. Therefore, the embeddings generated for the tokens in a text also capture
the context, which in many circumstances could be crucial to achieve a correct
classification of ambiguous words. In the former models, it was necessary to
implement a model on top of the embeddings to try to catch this contextual in-
formation. Now, with contextualized embeddings, it is possible to encode this
information without the necessity of using another complex model on top of it.
By contrast, a simple classification layer is used on top of the embeddings in
order to classify a token as a Named Entity and therefore, a fine-tuning process

31



2.2. Methods

(see Fig.2.8) has to be done to adjust the parameters for that task and learn the
parameters of the classification layer. Consequently, these kinds of embeddings
could be easily adapted to be used as a classifier, being very useful in NER,
which can be treated as a sequence classification task.

Figure 2.8: Fine-tuning process for multiple kind of tasks including NER. Image
obtained from Devlin et al. [46]

The characteristics of these different kinds of embeddings, how do they work,
and its differences were previously explained in section 2.2.3.2. In NER, the
most widely used model has been BERT since it was firstly proposed in 2018
[46]. Its popularity mainly raises in the ease of adaptation to multiple tasks,
which just requires minimal architectural modifications, its bidirectional en-
coding and its amazing results obtained in a great variability of tasks such as
Question Answering, Relation Extraction and classification tasks such as Senti-
ment Analysis or NER among others. In great part, the success of a BERT model
broadly depends on the training of that model. Originally, BERT was pretrained
in general corpora: BookCorpus and Wikipedia. This allowed the model to per-
form well on general text, but in highly specific domains such as the biomedical
domain, the accuracy of the model decreases significantly since the model can
not handle the domain knowledge properly. Therefore, a solution to this problem
is achieved by using an in-domain corpus to perform a pretraining allowing the
model to incorporate that domain knowledge as part of the model [63] (See Fig.
2.4). This, as it was seen before in section 2.2.3.2, has been done in biomedical
corpora obtaining BERT models [84] [61] [31] [24] [106] (see Fig. 2.2) highly
adapted to the biomedical domain achieving state-of-the-art results in most of
the aforementioned tasks, being BioNER one of them. Moreover, pretraining in
the target task with unlabeled data or with data relevant to the task in which
the model will be used has been demonstrated [63] to be beneficial in cases
where the task data is a narrowly defined subset of a larger domain. Neverthe-
less, none publications were retrieved regarding this pretraining methodology
for BioNER.

In the case of BERT, the architecture that these kinds of models adopt in NER
is shown in Fig. 2.9. The publications retrieved in this review are the following
ones, which correspond to the embeddings discussed in Table 2.2 adapted to a
NER architecture as the one shown in Fig. 2.9.
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Figure 2.9: BERT architecture adapted to NER task

Lee et al. [84], which proposed BioBERT, achieved in addition to the improve-
ment of results, facilitate the use and adaptation to different tasks with its
model, making the use of this model one of the most widely adopted in BioNLP
tasks such as BioNER since this publication was the one that had by far the
greatest repercussion in terms of number of citations. This model can be eas-
ily fine-tuned in a downstream task such as BioNER, adapting that model to
optimize its performance in the desired task with the use of a dataset for this
task. This fine-tuning also involves minimal architectural modifications with
the inclusion of a top layer adapted to the task we want to carry out, as seen in
Fig. 2.9. In Lee et al. [84] BioNER task is tested along with other kinds of tasks
resulting in state-of-the-art results in most of the dataset it was proven.

ClinicalBERT [24] offered state-of-the-art results in several tasks, including
NER, in clinical domain texts. Nevertheless, since this domain differs slightly
from the biomedical domain, later results [61] on tasks based on biomedical do-
main texts were proved to be lower than obtained by models directly pretrained
on biomedical corpora. This highlights the importance of the specificity of the
pretraining corpus used and how similar should be the task domain and pre-
training domain to obtain better results possible.

Beltagy et al. [31], besides proposing SciBERT, performed several experiments
in the implementation and training of this model concluding that the pre-trained
and fine-tuned SciBERT model obtained almost similar NER results than BioBERT
despite being trained on a substantially smaller biomedical corpus. Moreover,
some experiments were done replacing fine-tuning with a frozen BERT embed-
ding version where on top a BiLSTM-CRF layer was employed in the case of NER
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as a task-specific architecture. Experimental results showed that performance
was significantly worst than fine-tuning model and adding a simple classifica-
tion layer on top. The objective of Beltagy et al. [31] with SciBERT model was to
build a single language model useful across multiple science domains, not only
the biomedical but also the computer science field.

Peng et al. [106], apart from proposing BlueBERT, introduces the Biomedical
Language Understanding Evaluation (BLUE) benchmark to compare the perfor-
mance of multiple biomedicine pretrained language models such as BERT or
ELMO in a set of different kinds of tasks both on biomedical and clinical texts.
The objective was to offer a framework in which to compare the overall perfor-
mance of models and the robustness between tasks and domains.

Gu et al. [61], proposed a biomedical BERT model pre-trained from scratch
(PubMedBERT) aiming to avoid non in-domain knowledge in the training of the
model in order to try to specify the most the model in biomedical text. Apart
from this model, Gu et al. [61] proposed BLURB22, a broad-coverage benchmark
encompassing diverse biomedical tasks, previous attempts were GLUE [134] in
general domain and BLUE [106] in biomedical domain, in order to supply to the
community with a common framework in which diverse models can be compared
and the progress can be tracked through thirteen publicly available datasets in
six diverse tasks. In the leaderboard, the first position goes to PubMedBERT
followed by BioBERT with a very similar global BLURB score.

Hybrid approaches

Every approach has its advantages and disadvantages, that is the reason why the
combination of some of them could solve the weakness which other models may
present. Most approaches combine the use of dictionaries with a Machine Learning
model since Machine Learning approaches generally get better recall results and dic-
tionaries have better precision results, improving consequently the F1-score with the
hybrid model. Nevertheless, in more recent approaches like BERT, non-hybrid mod-
els were found mainly because of its main drawback which it is the computational
cost which takes to train it. This is a type of disadvantage that cannot be solved by
any other method.

The following ones are the publications retrieved in this review, which in some way
make use of a combination of different kinds of models previously discussed:

Rocktäschel et al. [116] used a hybrid model with a merging result from two branches:
one branch uses a CRF approach previously modelled (BANNER [80]) aiming to fo-
cus on morphological complex structures such as IUPAC naming conventions. The
other branch uses ChemIDplus23 dictionary converted to a deterministic fine-state
automaton for getting linear time complexity in text matching. Following this match-
ing, some post-processing rules are applied to try to correct the boundary detection.
Finally, the results between the two branches are merged and the overlapping re-
sults are resolved following some rules in which CRF results are prioritized over a
dictionary in terms of boundary detection in the overlapping.

Another hybrid model was the one proposed by Wei et al. [140] which make use of

22https://microsoft.github.io/BLURB/
23https://chem.nlm.nih.gov/chemidplus/
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results from a Recurrent Neural Network and a CRF model separately in such a way
that one branch was composed by a CRF model which used handcrafted features and
another branch with a Bi-RNN model which used word embeddings as input. Results
from both branches were merged, including the predicted labels from both models, a
confidence score, and word embeddings from the penultimate layer of Bi-RNN model
along with POS tags and list lookup features. All this is used as input to an SVM
classifier that performs the entity tagging.

2.2.3.4 Post-processing

Once a NER model has been applied, a set of entity candidates is established. Some
post-processing steps are usually employed to improve the recall and precision of
the final result. This post-processing step can improve the quality and accuracy of
the outputs by resolving the disambiguation of terms, parenthesis mismatching, and
abbreviation ambiguities. It is worth mentioning that not always all NER systems
require or use this step since most modern approaches such as the ones based on
a biomedical pretrained BERT, do not necessarily need to make such an intensive
use of post-processing steps since the results are generally higher than the former
approaches which need to make use of several additional post-processing steps to
obtain proper results.

As aforementioned, one of the main tasks usually performed is a boundary detection
check in which some rules are usually employed to detect if left and/or right bound-
aries of entities may be displaced to obtain a more exact entity tagging resolving some
abbreviation ambiguities. These rules are usually designed specifically for each im-
plementation of a NER model since they are usually focused on the error analysis
performed in that model and therefore must be designed jointly with the model.

Some models also employ co-referring solutions to address the inconsistency problem
in which an entity is tagged in a certain part of the text but not in later parts or in
which a certain entity is referred using multiple forms. This is usually tackled by
using an attention mechanism as it was the case of Luo et al. [92] model which used
this mechanism on top of a BiLSTM-CRF model and BERT-based models which make
use of inner self-attention mechanisms. For this purpose, also more general models
have been proposed as it is the case of Lee et al. [85] model which is an end-to-
end coreference resolution model based on BiLSTM, which idea has also been later
adapted to the biomedical domain [128].

Another often employed process is the resolution of abbreviation ambiguities. Be-
cause of the fact that in the biomedical field a given abbreviation can have multiple
senses, its context is crucial and depending on it and the entity class it belongs, one
of its meanings should be inferred. Multiple tools have been developed for this pur-
pose as it is the case of Yu et al. [145], Schwartz and Hearst [120], Gaudan et al. [50],
Sohn et al. [124] and Stevenson et al. [126] among others.

Normalization techniques are the most widely employed technique in BioNER pipelines
since biomedical terms are usually polysemic and therefore multiple terms can be
used to refer to a certain concept. Consequently, normalization techniques, which
are often referred as Named Entity Normalization (NEN), are usually employed to map
a recognized entity to a curated database which contains updated and curated data
maintained over time by an organization and which it is widely adopted by experts
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in a certain domain. Great part of these techniques are usually employed following
the NER process and therefore the resulting NER entities are the terms used in NEN
[139] [71] [140] . This can produce the propagation of cascading errors, since False
Negatives are not considered in the NEN process and entities incorrectly classified
could not be correctly normalized. This problem is usually tackled by performing
NER and NEN jointly as some of the aforementioned NER methods implemented as it
is the case of TaggerOne [81], tmChem [83] and Zhao et al. [148] model.

2.2.4 Evolution of methodologies

Along the review, it can be inferred the trend that it is observed in Fig.2.10. First
attempts in making NER systems come in the form of hand-crafted rules, which
sometimes make use of dictionaries to support the rule generation. These rule-based
models used some features which were obtained through a feature engineering pro-
cess focusing on different kinds of features in the text. Subsequently to this ap-
proach, Machine Learning methods prevailed over rules since it was not necessary
to have to design the rules which handle the classification of entities, these methods
establish patterns automatically through training with annotated corpus with enti-
ties. Following these advances, non-contextual embeddings come into play resulting
in a distributed representation of words in a way in which we were able to capture
different features in text automatically. These embeddings were used by different
sorts of Recurrent Neural Networks (RNN) like LSTMs as the input, allowing RNNs
to contribute with contextual information to these embeddings. A top classification
layer like CRF was used in the output of these RNNs to perform the classification
task of defining the entity type of each word. Last advances come in the form of deep
contextualized word representation models like BERT, which are capable of giving a
contextualized distributed word representation of a word in such a way that the same
word has a different vector depending on the context where it appears. These kinds
of models have been probed to work excellent as language models and for a task such
as NER they just need to be fine-tuned adding a top-level classification layer which
performs the final entity labelling in text. Therefore, it can be seen that apart from
an increasing improvement in the results obtained in BioNER, the implementation
of these models has become much easier by automating the way the featurization of
texts and classification are carried out. In state-of-the-art methods, it is no longer
required to have an intensive domain knowledge since the costs of designing patterns
to capture within the domain are automatically inferred.

2.3 Datasets

The trend over the years of these models has shifted toward data-centric approaches.
Former models use a set of features which had to be extracted manually as a part
of an intensive feature engineering process. Following that, the patterns used for
the classification of these handcrafted features also had to be manually designed,
attending to the creation of rules which could capture the characteristics of an entity
class. From the previous sections, it can be seen how this trend has shifted increas-
ingly making use of large amounts of data. From this data, newer approaches aim
to automatically infer the patterns underlying entity words without the necessity of
having to manually design them. This patterns are obtained from the use of large
amounts of data and therefore the trend has been to increase the availability of this
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Figure 2.10: General trend observed in the implementation of NERs. In bold it is
marked the model which was most widely used in each time.

data, thanks in great part to the shift towards digitalization which in recent years
have been experimented.

Most recent models, which are based on embeddings, firstly use unsupervised learn-
ing to train these embedding models, which is the part in charge of representing
the features underlying the tokens which form a text. Since unsupervised learning
barely needs any preparation of the training data which is used, these models are
usually trained in large collections of texts, articles, etc. . . as it could be Wikipedia,
PubMed, MIMIC-III, etc. . . Therefore a massive training is usually done to capture a
great amount of features in terms of linguistic value within these embeddings. Non-
contextualized embeddings do not require as much computational power as Contex-
tualized Embeddings due to the difference in the depth and complexity of its proper
models, making that the appearing and developing of the former ones has only been
possible in more recent years with the increasing amount of computational resources
available with the apparition of high performance supercomputing GPUs and TPUs.

Once an embedding model has been trained, NER systems aim to use them as part
of a system which aims to use their benefits to achieve a correct representation of
the tokens which take part in a text. This representation is used in a NER model
making a classification which aims to tag correctly tokens as entity classes. In recent
approaches, the way this classification is done is learned from a vast amount of pre-
vious examples in which is exemplified how a token corresponds to one entity class
or another. Therefore, these models need a previous training in which they learn the
proper parameters which capture the patterns underlying entities to later make an
appropriate classification of them. A corpus with annotations of the appearing enti-
ties is then needed to train these models and therefore these will be highly dependant
on the quality of the annotations which were made on that corpus. These kinds of
corpus are also used in the evaluation of the performance of the model to compare
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the model with others and to understand the behaviour of the system based on those
results and the error analysis which could be made on that model with the purpose
of detecting which kinds of errors are systematically repeated.

In the literature it is common to attend to the following distinction in which depending
on the quality of the annotated corpus, we have the following corpus:

• Gold Standard Corpora (GSC): the annotations within this corpus are hand-
made by expert annotators in their domain. A guideline with the criteria on
which they are based on to perform these annotations has to be made to make
clear to subsequent users how is the granularity of these annotations and how
specific these are. Due to the fact that all this process is done manually, it will
be very costly and time-consuming, making that the effort to develop this kind
of corpus is enormous and therefore not very large GSCs are usually found. In
Table 2.5 a list of relevant GSCs in the biomedical domain is shown.

• Silver Standard Corpora (SSC): In this kind of corpus, the annotations are au-
tomatically done by existing state-of-the-art systems. The annotations achieved
by multiple systems are then harmonized by establishing some rules in which
a consensus is set for establishing or not a token as a certain entity class.
Therefore, both time and effort in the annotation process is drastically reduced,
making it possible to produce a very large corpus but with a lower quality in the
annotations since some noise is present underlying these annotations.

The main part of this corpus is usually produced in the framework of annual chal-
lenges organized for the development of systems capable of carrying out a set of tasks
in a given domain. This is the case of challenges like BioCreative24 and BioNLP25,
among others, in which in some occasions BioNER tasks have been proposed offering
a proper annotated corpus to carry out the challenge. In the following subsections,
some of the more widely annotated entities in the biomedical domain are presented
in addition to the datasets in which are captured. Moreover, some results from pre-
viously studied models are compared in different datasets.

2.3.1 Entities

In the former section, the importance of the quality of the annotations was brought to
the forefront. The guidelines followed by annotators in GSC will determine how this
annotations are and the classes in which the annotations are classified. These criteria
is the ground truth on which subsequent data-centric NER models are be based on
to determine how a token is classified. An important criterium of this classification is
how grained is this classification. An entity could be classified as multiple classes in
which some of them are subclasses of other classes and then how general or specific
is the distinction of these classes is an important criterium to take in mind in the
design and use of corpus in the training of models. In relation to this granularity, the
following distinction is usually done:

• Coarse-grained: More general criteria is used in terms of distinction between
entities. Multiples subcategories and sub-classes are considered as the more
general class they belong to. For instance, different kinds of diseases such

24https://biocreative.bioinformatics.udel.edu/
25http://www.bionlp-st.org/
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as cardiovascular diseases or autoimmune diseases are categorized just as the
entity class Disease.

• Fine-grained: A distinction is made between the sub-classes that comprise a
class. How grained is this distinction depends on the guidelines followed in the
annotation and on the desired objective in which the corpus is based on. For
instance, a distinction between diseases could be done based on the standard
classification performed on ICD-1126 as it can be seen on Fig. 2.11

Figure 2.11: Classification of diseases done in ICD-11. Extracted from https://
icd.who.int/browse11

The challenges in fine-grained NER are the significant increase in NE classes and the
complexity introduced by allowing a named entity to have multiple NE subclasses,
which often presents overlapping situations. The distinction between subclasses
could make it difficult to carry out the correct sub-categorization of entities, resulting
in much lower performance on NER models. Consequently, the most widely used
distinction is coarse-grained, followed by a normalization process in which we aim to
achieve some of this subclass distinctions with the correct entity linking of a named
entity to a curated concept in a controlled vocabulary thesaurus. These thesaurus
are usually hierarchically or ontologically distributed and therefore subclasses and
relations between these concepts could subsequently inferred.

The most widely adopted distinction between entities done in the biomedical domain
is the following one:

• Diseases: Disease entities often have multiple naming variations. This further
makes it more difficult to achieve a correct recognition and normalization of
disease entities. In several articles, a more descriptive naming is often used
for referring a certain disease. For example: lung infection with Mycoplasma
pneumoniae could be a descriptive way of speaking about Bacterial Pneumo-
nia. Moreover, abbreviations and identifiers of curated databases are usually
employed for referring certain diseases.

26https://icd.who.int/browse11
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• Chemicals: The fact that there are numerous and extremely heterogeneous
ways of identifying chemicals makes it difficult to find mentions of them in text.
This includes trivial names (e.g. water), brands (e.g. Veklury®), systematic
IUPAC names (e.g. 2,5,5-trimethyl-2-hexene), generic names (e.g. Benzenes),
molecular formulas (e.g. CH3), abbreviated forms (e.g. DMA for dimethylac-
etamide) and identifiers of curated databases such as CHEBI27 (e.g. CHEBI:145994).

• Genes/Proteins: This entity class implies multiple levels of genetic entities such
as genes, genetic variants, DNA or RNA mutations, proteins, etc. . . Jointly with
their vast number of ways of expressing these multiple kinds of possible entities.
Some examples of multiple possibilities are as follows: TNFRSF14 as a gene
name, Gcg/Acg as codon change on a genetic variant, p.Gly195Val as an amino
acid change in HGVSp format, etc. . . The context in which these terms appear
is crucial to identify the wide range of terms present in this entity class.

• Species: Organisms are usually classified following NCBI taxonomy28. The am-
biguity and polysemy within this entity class is lower than in other classes since
the use of curated terms is more extensive.

• Cell Lines: This entity class applies to a defined population of cells. These
are used as a way of dissecting the internal workings of tissues in a controlled
environment and therefore they are common entities in cell biology research
articles. For example, HEK293 or human embryonic kidney-derived epithelial
cells.

These entities have been found in all GSCs which appear in Table 2.5. A little part of
these corpus takes into account a more fine-grained classification and consequently,
in order to establish the number of entities found in every GSC, these fine-grained
entities have been classified as one of the previous entity classes if possible. An
exception is done with anatomy entity class which is an unusual class which can not
be classified as one of the previous classes.

2.3.2 Performance

Models exposed in section 2.2.3.3 are usually tested in one or several corpus of the
Table 2.5. These results allow to compare the different models proposed and estab-
lish state-of-the-art models in a given time frame. In Tables [2.6 - 2.9] results for
the retrieved models are compared grouping them by entity class. In order to make
a fair comparison between methods, just a corpus in which 2 or more models re-
ported results were considered. All results were reported with its F1-Score since it
is a measure that takes into account both precision and recall. Since most publica-
tion performs a set of experiments with multiple variations of the proposed models,
just the better results from these experimental results were taken in result Tables.
In most corpus, testing is done following an exact matching criteria. In the case
of BC2GM corpus, both exact matching criteria and alternative boundary matching
criteria are offered and therefore, depending on the article, one or other results are
shown. That is the reason why in Table 2.8 two columns are employed for each of the
two criteria followed in BC2GM corpus. State-of-the-art results were marked in bold
and the following best were underlined.

27https://www.ebi.ac.uk/chebi
28https://www.ncbi.nlm.nih.gov/taxonomy
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Year Reference Corpus Name Entities # Annotations # Tokens

2014 Akhondi et al. [23] BioSemantics Chemicals 386110 5690518

2015 Krallinger et al. [74] BC4CHEMD Chemicals 79842 2235435

2004 Kim et al. [72] JNLPBA
Genes/Proteins 35460

597333
Cell Lines 4332

2012 Bada et al. [27] CRAFT

Chemicals 8137

560000
Genes/Proteins 49961

Species 7449

Cell Lines 5760

2008 Smith et al. [123] BC2GM Genes/Proteins 24583 508257

2010 Gerner et al. [52] LINNAEUS Species 4077 473148

2004 Kulick et al. [77] PennBioIE Genes/Proteins 17427 357313

2016 Li et al. [88] BC5CDR
Diseases 12694

323281
Chemicals 15411

2016 Kaewphan et al. [70]
CLL

Cell Lines
341 6547

Gellus 640 278910

2012 Pyysalo et al. [112] BioNLP11EPI Genes/Proteins 15811 253628

2014 Pyysalo and Ananiadou [110] AnatEM Anatomy 13000 250000

2013 Pafilis et al. [105] Species-800 Species 3646 195197

2014 Doğan et al. [47] NCBI Disease Diseases 6881 174487

2013 Neves et al. [103] Variome

Genes/Proteins 4309

172409Diseases 6025

Species 182

2012 Pyysalo et al. [112] BioNLP11ID Genes/Proteins 6551 153153

2013 Ohta et al. [104] BioNLP13CG

Species

21683 129878Anatomy

Genes/Proteins

2013 Pyysalo et al. [113] BioNLP13PC
Genes/Proteins

15901 108356
Chemicals

2010 Gurulingappa et al. [62] SCAI Diseases 2226 104015

2009 Leaman et al. [82] Arizona - Disease Diseases 3206 76489

2014 Bagewadi et al. [29] mi-RNA

Genes/Proteins 1006

65998Species 726

Diseases 2123

2012 Neves et al. [103] CellFinder

Species 435

65031Cell Lines 350

Genes/Proteins 1340

2013 Segura Bedmar et al. [121] SemEval2013 - DrugBank Chemicals 15745 ≈ 65000

2020 Legrand et al. [86] PGxCorpus

Diseases 635

≈ 35000Chemicals 1718

Genes/Proteins 1708

2008 Pyysalo et al. [111] BioInfer Genes/Proteins 4162 33832

2015 Goldberg et al. [55] LocText Species 276 22550

2013 Segura Bedmar et al. [121] SemEval2013 - Medline Chemicals 2746 ≈ 20000

Table 2.5: Details of the GSC found on biomedical domain ordered by their number
of total tokens. These statistics were taken from Habibi et al. [64] or from their proper
reference article
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Almost all state-of-the-art results were obtained from the most recent models which
are based on a pretrained version of BERT. BioBERT was the model which better re-
sults reported obtaining six out of eight state-of-the-art results and a second position
in another corpus test. Just a bad result was reported in LINNAEUS [52] corpus were
non-BERT models reported better results. The rest of the pretrained BERT models
achieved results close to BioBERT but in most occasions one step below. Just in one
occasion, the results from a non-BERT model surpassed BERT model which is the
case of [53] in LINNAEUS corpus.

Due to the heterogeneity of the ways an entity can appear, it can be seen the im-
portance of making use of contextualized solutions which can help to disambiguate
terms based on their neighbouring tokens. This is one of the main reasons why
this kind of solutions have become the state-of-the-art methodologies applied in NER
tasks. Another reason why the design of NER systems is currently progressing in
Contextualized Embedding model direction is because of its facility of adaptation to
multiple tasks in which also state-of-the-art results are usually obtained [84]. Just a
minimal architectural modification and a fine-tuning process is needed to adapt this
models to a wide range of tasks.

Reference NCBI - Disease BC5CDR - Disease

Wei et al. [140] - 84,28

Leaman and Lu [81] 82,9 82,6

Habibi et al. [64] 84,64 83,49

Crichton et al. [43] 80,37 80,46

Zhu et al. [150] 87,26 -

Giorgi and Bader [53] 84,72 82,32

Dang et al. [44] 84,41 84,68

Wang et al. [137] 86,14 **

Yoon et al. [144] 86,36 84,08

Zhao et al. [148] 87,43 **

Lee et al. [84] 89,71 87,15

Gu et al. [61] 87,82 85,62

Alsentzer et al. [24] 86,32* 83,04*

Beltagy et al. [31] 88,57 84,7*

Peng et al. [106] 88,04* 86,6

Table 2.6: F1 results in Disease entities in retrieved papers. In the case of ** in Wang
et al. [137], only results from the overall score (88,78) with Disease and Chemical
entities were reported. In the case of ** in Zhao et al. [148], only results from the
overall score (87,63) with Disease and Chemical entities were reported. In the case of
results reported with *, these were not taken from its own paper since they are not
reported, they were taken from Gu et al. [61].
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Reference BC5CDR - chemicals BC4CHEMD

Leaman et al. [83] - 87,39

Leaman and Lu [81] 91,4 -

Habibi et al. [64] 91,05 86,54

Crichton et al. [43] 89,22 83,02

Luo et al. [92] 92,57 91,14

Giorgi and Bader [53] 91,64 -

Dang et al. [44] 93,14 -

Wang et al. [137] ** 89,37

Yoon et al. [144] 93,31 88,85

Lee et al. [84] 93,47 92,36

Gu et al. [61] 93,33 -

Alsentzer et al. [24] 90,8* -

Beltagy et al. [31] 92,51* -

Peng et al. [106] 93,5 -

Table 2.7: F1 results in Chemical entities in retrieved papers. In the case of **
in Wang et al. [137], only results from the overall score (88,78) with Disease and
Chemical entities were reported. In the case of results reported with *, these were not
taken from its own paper since they are not reported, they were taken from Gu et al.
[61].

Reference BC2GM (Exact) BC2GM (Alternative) JNLPBA - Genes

Campos et al. [36] - 87,17 70,39**

Habibi et al. [64] 78,57 - 77,25

Gridach [59] - 89,46 75,87

Crichton et al. [43] 73,17 84,41 69,73

Lyu et al. [93] - 86,55 73,79

Zhu et al. [150] - 87,26 -

Giorgi and Bader [53] 78,66 - -

Wang et al. [137] 80,74 89,06 -

Yoon et al. [144] 79,73 - 78,58

Lee et al. [84] 84,72 - 77,59

Gu et al. [61] 84,52 - 80,06

Alsentzer et al. [24] 81,71* - 78,59*

Beltagy et al. [31] 83,36* - 77,28

Peng et al. [106] 81,87* - 78,68*

Table 2.8: F1 results in Gene/Protein entities in retrieved papers. In the case of **
in Campos et al. [36] result is obtained from the average from 3 fine-grained entities:
DNA, RNA and protein. In the case of results reported with *, these were not taken
from its own paper since they are not reported, they were taken from Gu et al. [61].
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Reference LINNAEUS Species-800

Habibi et al. [64] 93,4 72,1

Crichton et al. [43] 79,33 -

Giorgi and Bader [53] 93,54 74,98

Lee et al. [84] 89,81 75,31

Table 2.9: F1 results in Species entities in retrieved papers.

2.4 Source Code Availability

When you want to design a system based on the state-of-the-art models present at
that time for a given task, it is important not only to know what models there are
but also if the source code of these models comes along with the publication of that
model. Not always the authors disclose the code implementation jointly with the
publication, making it difficult to replicate the work they achieved. Some of these
methods sometimes include a web-based demonstration to quickly check how the
method works, and this aspect has also been studied in the next table. Another
aspect which has also been evaluated is the license under which this source code is
available. In Table 2.10, this availability aspects are studied jointly with links to the
source code.
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Reference Source Code License

Rocktäschel et al. [116] https://github.com/rockt/ChemSpot CPL-1.0

Zhang and Elhadad [146] - -

Campos et al. [36] https://bioinformatics.ua.pt/software/gimli/ CC BY-NC-SA 3.0

Wei et al. [138]
https://www.ncbi.nlm.nih.gov/research/bionlp/
Tools/tmvar/a U.S. Copyright Act*

Leaman et al. [83]
https://www.ncbi.nlm.nih.gov/research/bionlp/
Tools/tmchem/a U.S. Copyright* Act

Wei et al. [140] - -

Leaman and Lu [81]
https://www.ncbi.nlm.nih.gov/research/bionlp/
Tools/taggerone/b U.S. Copyright Act*

Habibi et al. [64] https://github.com/glample/tagger1 Apache 2.0

Gridach [59] - -

Crichton et al. [43]
https://github.com/cambridgeltl/
MTL-Bioinformatics-2016

MIT

Lyu et al. [93] https://github.com/lvchen1989/BNER GPL

Unanue et al. [130] https://github.com/ijauregiCMCRC/healthNER -

Luo et al. [92] https://github.com/lingluodlut/Att-ChemdNER Apache 2.0

Ju et al. [69] https://github.com/meizhiju/layered-bilstm-crf NaCTeM

Zhu et al. [150] https://github.com/valdersoul/GRAM-CNN -

Giorgi and Bader [53]
https://github.com/BaderLab/

Transfer-Learning-BNER-Bioinformatics-2018/
-

Dang et al. [44] https://github.com/aidantee/D3NER -

Wang et al. [137] https://github.com/yuzhimanhua/Multi-BioNER Apache 2.0

Yoon et al. [144] https://github.com/wonjininfo/CollaboNet Equivalent to CC-BY

Zhao et al. [148]
https://github.com/SendongZhao/
Multi-Task-Learning-for-MER-and-MEN

-

Giorgi and Bader [54] https://github.com/BaderLab/Towards-reliable-BioNER MIT

Lee et al. [84] https://github.com/dmis-lab/biobert Apache 2.0

Gu et al. [61]
https://huggingface.co/microsoft/
BiomedNLP-PubMedBERT-base-uncased-abstract2 MIT

Alsentzer et al. [24] https://github.com/EmilyAlsentzer/clinicalBERT MIT

Beltagy et al. [31] https://github.com/allenai/scibert/ Apache 2.0

Peng et al. [106] https://github.com/ncbi-nlp/bluebert U.S. Copyright Act*

a Demo: https://www.ncbi.nlm.nih.gov/research/pubtator/
b Demo: https://www.ncbi.nlm.nih.gov/CBBresearch/Lu/Demo/tmTools/demo/TaggerOne/demo.cgi
1 Neither trained model nor parameters is supplied. Just the general solution used.
2 Model itself in Huggingface repository, non source code.
* License: https://github.com/ncbi-nlp/bluebert/blob/master/LICENSE.txt

Table 2.10: Availability aspects of the retrieved publications. In some cases none
license was found, inferring then that it is a private tool.
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Chapter 3

Biomedical Named Entity
Recognition and Normalization
System Implementation

A system for the recognition and normalization of biomedical entities has been pro-
posed leveraging the previously made review knowledge. State-of-the-art solutions
were studied and finally the system has been proposed based on this election, ob-
taining a system with state-of-the-art results on the recognition of entities. These
entities have also been normalized as a final step based on the results obtained in
the recognition step. In the following sections, details have been supplied about the
system implementation and each of the elements which take part in this system. Fi-
nally, this system has been used for performing an annotation and normalization of
the SARS-CoV-2 corpus CORD-19.

3.1 State-of-the-art method reutilization

Based on the previous BioNER State-of-the-the-Art methods, an election has been
made to design a system for biomedical entity recognition and normalization. Some
criteria have been established on which we have relied our election. These criteria
attend to multiple characteristics of these methods and are as follows:

• Availability: Just methods with its source code available and open source li-
censes have been considered. Table 2.10 was consulted to look for this avail-
ability.

• Results: The performance of the model in BioNER task. In essence, what brings
the most value to a NER system is how the selected model behaves in the detec-
tion of entities. Therefore, this was an essential criterium to take in mind, just
state-of-the-art models were taken into account. Tables 2.6 - 2.9 were consulted
for this criterion.

• Ease of implementation: Throughout the previous review, it has been seen how
the appearance of NER models based on Machine Learning has supposed a shift
on how NER systems are designed. This design changed from being handcrafted
to being automatically inferred from vast amounts of data. This supposed a shift
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in requirements making it easier to carry out implementations without extensive
domain and language knowledge. This is another criterium which was taken in
mind which state-of-the-art models broadly meet.

• Ease of adaptation and reusability: The previous change of focus also sup-
posed that common model architectures could be reusable between different
entities. State-of-the-art models also involved that with minimal model archi-
tectural adaptations, it could be leveraged in other NLP tasks. This is another
criterium which was considered since a model with these characteristics may be
easily extended in future works.

The model which better success on these criteria has been BioBERT [84] which is a
BERT-based model pretrained in millions of PMC and PubMed biomedical articles.
This model is open source under Apache 2.0 License, which means that it can be used
and modified in further projects. It is the model which better results obtained in the
considered datasets, resulting in 6 out of 8 state-of-the-art results on the corpus
tested on Tables 2.6 - 2.9. As it is a model based on BERT, it could be easily imple-
mented in a NER system since the model training, which is the hardest part in these
models, was already done by the DMIS-Lab1 team which is under the publication of
BioBERT. To highlight the value of this, it is stated that it was necessary 8 NVIDIA
V100 GPUs running during 23 days for the training. A costly challenge, difficult to
achieve, that is only in the hands of not many organizations, laboratories, or uni-
versities. Finally, the adaptation and reusability criteria are broadly achieved since
BERT-based models can be easily adapted to any task in which we could provide a
proper dataset for a fine-tuning process in which this task is learned. Therefore, this
model not only it is the state-of-the-art model but also it broadly satisfies the other
established requirements.

3.2 Development

This project was proposed as an extension of LibrAIry bio-nlp tool2 which offers a Web
Platform3 and API4 solutions for the recognition of named entities. Initially, this tool
was just proposed for chemical entities which were classified attending to the use of
a SciSpacy [102] model jointly with a small set of morphological rules. The SciSpacy
model used was trained on B5CDR corpus obtaining a F1-score of 84,49 which is far
form state-of-the-art results which are around 90. A validation of the retrieved enti-
ties is then done through a normalization step aiming to improve False Positives rate
for a precision enhancement. Nevertheless, since just a small database (6446 terms)
for normalization was set, the number of False Negatives will also increase because
this database does not cover all possible chemical entities detected and therefore
some of them are not finally considered. Therefore, this validation improves precision
at the expense of recall.

As it was established in the project objectives, an improvement of results is looked for.
Moreover, an extension in the number of entity classes has also been done, extending
this to disease entities and gene/protein entities. All this has been done based on

1https://dmis.korea.ac.kr/
2https://github.com/librairy/bio-nlp
3https://librairy.github.io/bio-nlp/
4http://librairy.linkeddata.es/bio-nlp
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the previous state-of-the-art model selection, making that BioBERT has been the
core piece in this BioNER system. Jointly with these NER improvements, the system
has also been extended in BioNEN task by increasing the number of terms held in the
proposed normalization database and extending the structure held for these terms for
a larger information retrieved for each contained term. For these purposes, different
processes had to be done along the project:

• Fine-tuning: This process has been done in BioBERT aiming to teach these
models how to perform the task of tagging different entity classes. In order to
address it as optimally as possible, a TPU was used. Therefore, the BioBERT
implementation used has been adapted to this end through XLA Python package
and all fine-tuning process has been held on Google Colab5 since this platform
offers a free TPU within its Jupyter Notebook platform.

• Model inferences: Once the models have been fine-tuned, they have been used
for inferencing entities from given texts. For this purpose, the implementation
was designed for using a GPU if it is present on the machine where it is deployed.

• Normalization Database: A dockerized version of Solr has been used to ease
the deployment of the database. Some scripts have been included to ease the
reproducibility of this database along with all the terms which were processed in
order to make use of them on this database for normalization. The collection of
these terms have been done through the processing of a set of sources through
Jupyter Notebooks.

• Web Platform: On the one side, back-end has been dockerized for easing its later
deployment. On the other side, front-end has been deployed on GitHub pages.

• CORD-19 Annotation: A dockerized application has been deployed in an OEG-
DIA server with 32 cores Intel Xeon (Cascade Lake) and 256 Gb RAM for the
annotation of the entire corpus. The lack of GPU substantially slowed down this
process.

3.2.1 Resources

3.2.1.1 Previous work reusability

Since this project arises as a continuation of an existent tool6, some ideas were reused
along this project. This is the case of part of the Web Platform design. Moreover, the
idea of performing a normalization through Solr have also been held but broadly
extended.

3.2.1.2 Libraries and Services

The main programming language used for this system implementation has been
Python 3.8 since it is the language where most model implementations are done.
This is the case of BioBERT which is offered both as an extension of original BERT
code7 and as a PyTorch-based BioBERT implementation8. The PyTorch implementa-
tion was the election since it makes it possible to easily incorporate further functions

5https://research.google.com/colaboratory/
6https://github.com/librairy/bio-nlp
7https://github.com/dmis-lab/biobert
8https://github.com/dmis-lab/biobert-pytorch
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contained within PyTorch and Huggingface-transformers libraries. The following ones
are the libraries used along the system implementation:

Python Libraries

• Pytorch [22]: open-source library for tensor calculations which are focused on
deep learning models. It incorporates different kinds of neural network imple-
mentations which are useful for modeling different kinds of complex models like
BERT.

• Huggingface-transformers [20]: provides different NLP model implementations
jointly with NLP functions, which allows fine-tuning these models, inferring di-
verse task results, implementing them along a system. . . It also incorporates a
repository9 where thousands of models are maintained being BioBERT10 one of
these models.

• spaCy [19]: NLP framework which incorporates lots of text processing steps like
POS Tagging, pre-processing steps, pattern matching rules. . .

• Flask [21]: Python web framework which allows to create web applications with
the use of Python decorators.

• PySolr [18]: Python client which offers the interface of connection with an
Apache Solr server.

Services - Solr

Open-source search engine based on Java and built on top of Apache Lucene, which
is broadly used as an information retrieval library. It can be used for inverse index
search, which is a way of structuring the information on search engines aiming to
obtain results very fast. In order to achieve this, the fields of the docs (in this frame-
work, terms along with other information: synonyms, ids. . . are called docs) within
the database are previously indexed building an index in which the pre-processed
tokens are contained jointly with the doc or docs in which they appear. Therefore,
the following queries use this inverted index for quickly determining which is the
doc which better fits the query. Scores obtained for determining which is the best
retrieved doc are obtained through a cosine similarity Tf*idf based score.

This has been the component used for normalization since it allows us to perform
multiple queries to multiple terms at a very short notice jointly with the possibility
of containing multiple information for each of the terms since they are held as docs
with multiple fields.

3.2.2 Workflow

In order to illustrate how the methodology has been applied, the Fig. 3.1 is proposed.
The steps exposed in the top blue box are followed in each of the entity classes to build
each of the components of the system. Based on the model election done (BioBERT),
pre-processing steps were implemented to properly use the subsequent NER model,
details are explained on Section 3.4.1. A fine-tuning process has been performed

9https://huggingface.co/models
10https://huggingface.co/dmis-lab/biobert-v1.1
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using a pair of selected corpus for each class as it is later stated on Section 3.3.2,
the discussion about the corpus selected for fine-tuning is also developed through-
out this section. As a result, a BioNER model was obtained and on top of it a set
of post-processing steps have been designed and implemented to improve the results
obtained by the model itself, further details are given in Section 3.4.3. For the nor-
malization process, a Solr database was populated for each entity class attending to
a set of retrieved terms from relevant sources in each semantic type. Details about
the process and the sources selected are given in Section 3.4.4. These steps finally
built the system for the recognition and normalization of biomedical entities, which
is the core part in subsequent platforms.

To show the performance of this system, two practical uses are also proposed. The
first one is the use of the system in a web platform where a text to analyze can be
given. Results from the processing are then shown in this web platform. Details are
given in Section 3.5. Another use of the system is for annotating a widely used SARS-
CoV-2 corpus: CORD-19 [135]. This system is the key part of an automated script
which performed the annotation along the corpus. Further aspects are exposed in
Section 3.6.

3.3 Creation of BioNER models

The development of a BioNER system was focused around the core piece of this sys-
tem: the BioNER model. BioBERT has been the election to this end, being the part in
charge of modelling the text span given and tagging the proper entity class for each of
the words which make this text span up. For each of the entity classes in which this
system has been focused on, a different fine-tuned model was implemented. Sepa-
rated models were implemented (see Fig. 3.2) since experts models on each task were
proven to behave with better results for its fine-tuned task than combining several
entity classes in the same task obtaining just one model [63]. Results of the different
BERT-based models taken into account in the review suggest that the more specific
the model is, the better results will be obtained for this specific task. Separate mod-
els capture better patterns within each of the entity classes allowing to maximize its
tagging performance, resulting in a system with the better model possible for each of
the entities. Therefore, one model has been fine-tuned for disease entities, another
for chemical entities and another for genes/proteins. These were the entity classes
considered for the system, which are the most widely used classes in BioNER mod-
elling and the ones with a high number of corpus available for a fine-tuning process
(see Table 2.5 and Tables 2.6 - 2.9)

Apart from the BioNER models, the system has also been composed of other com-
ponents such as post-processing procedures aiming to enhance the full system per-
formance. An inverse index normalization in Solr is also part of the system. The
architecture of this system can be observed in Fig. 3.2 and further details about each
of the components are revised along the following sections.

3.3.1 Language representation

The value of transfer learning has proven to be important in the development of
fields such as computer vision. Pretraining a complex neural network model with
large amounts of data and then reusing it through a fine-tuning process have been
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Figure 3.1: Overview of the methodology followed in implementation.

extensively shown to provide state-of-the-art results in a great part of tasks. In recent
years, the appearance of models which make use of this approach in the NLP field has
supposed the achievement of state-of-the-art results in most NLP tasks and domains.
BERT models appeared as a response to the aforementioned. This model was possible
thanks to a set of previous advances in NLP field which can be seen in Fig. 3.3 in
which BERT is built on top.

Transformer [132], an attention mechanism that discovers contextual relationships
between words in text, is used by BERT. Transformer contains two different functions
in its original implementation: an encoder (see Fig. 3.4) that compiles captured in-
formation in a word to a vector and a decoder that generates predictions for a certain
task based on the encodings. The main objective of BERT is to generate a language
model and therefore just the encoder mechanism is necessary. In these encoders,
two mechanisms are used: a self-attention mechanism, which is a technique used
for capturing the most important contextual information for each word, and a feed-
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Figure 3.2: Overview of the system architecture.
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Figure 3.3: Mechanisms under BERT models are based on [12].

forward neural network. A stack of 12 Transformer-encoders is used in BERTBASE
architecture, a larger version of BERT (BERTLARGE) was also developed making use
of double number of encoders: 24. Thanks to the self-attention mechanism under-
lying these encoders, BERT is able to encode contextual information within a word.
Moreover, data inputs are given bidirectionally, allowing it to encode contextual in-
formation for a word from all its surroundings, both left and right at the same time.
Further details about its characteristics or the way training is performed were previ-
ously reviewed in section 2.2.3.2.

Figure 3.4: Transformer-encoders in which BERT is based on stacking them. Image
adapted from [15].
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BioBERT extends all these characteristics and through pretraining it on the biomed-
ical domain, its parameters are adapted to a better behaviour on biomedical texts.
The encodings which are offered for given words will represent better biomedical fea-
tures which can be observed from the semantic properties which these present. As a
means of illustrating some of these properties and how this model behaves on a set of
biomedical terms, some visual representations have been made for its vectors. Since
the dimensions in which these encodings are represented are high (768 dimensions),
some high-dimensional visualization techniques have been applied, such as PCA and
t-SNE. In Fig. 3.5, a bidimensional PCA vector space representation is shown. It
can be seen how in general the different semantic types, i.e., the entity classes, are
grouped. It is worth highlighting that protein and gene classes are generally mixed
since they are high related semantic types. Actually, as it was seen in section 2.3, in
BioNER both entity classes usually come together both in the datasets and the mod-
els developed. In Fig. 3.6 a three-dimensional t-SNE vector representation can be
observed. The clusterings between entity classes which were stated in PCA are also
seen in t-SNE. In fact, in t-SNE some sub-groupings begin to appear, meaning that
in each of the entity classes there are also subclassifications which are also captured
by BioBERT.

Figure 3.5: 2D PCA representation of 1024 biomedical terms

Even if we just take one entity class (for instance diseases) for representation, some
clusters appear attending to some subcategorizations of these diseases. This is
present on Fig. 3.7 where just disease entities were represented. In this represen-
tation, diseases are clustered attending to some subcategories in which diseases are
divided. This is the case of some types of cancers which are jointly grouped, acid-base
disorders, traumatology causes, etc. . .

The clusters found in these representations generally correspond to each of the se-
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Figure 3.6: 3D t-SNE representation of 1024 biomedical terms

Figure 3.7: 2D t-SNE representation of a subset of disorders from previous repre-
sented biomedical terms.

mantic types which has been widely adopted in the literature (see Table 2.5) for estab-
lishing them as entity classes for BioNER tasks: Diseases, Chemicals and Gene/Pro-
teins. Therefore, these representations help us to confirm the entity class division
which we have adopted in the implementation of the system. A BioNER model for
each of these classes was considered to achieve an state-of-the-art model for each
entity class task. In this way, each model may better attend to the semantic proper-
ties implicit in the terms within an entity class.
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3.3.2 Fine-Tuning

BERT-based models extract a high quality representation of a language and in the
case of a in-domain pretrained model like BioBERT also of its proper domain. This
can be used to extract precise language features from text data (see Figs. 3.5 - 3.7)
or adapt these models to perform a certain task which in our case is a BioNER task
for each of the target entities. The objective of this step is to automatically show the
BioBERT model how to perform the task of tagging each of the entities through a
fine-tuning process.

We have taken BioBERT model and on top of it an untrained fully-connected layer
was added, as it is shown in Fig. 2.9). The reasons why this is the most widely used
way of proceeding are as follows:

• Amount of resources: the hard part of the training was already done in the
training and pretraining processes where bottom layers of our model are exten-
sively trained. This required a lot of computational resources hardly affordable
for most researchers. The resultant trained model, which encodes lots of infor-
mation about our language and domain, has been leveraged to carry out a large
range of tasks. Far less resources and time are needed for fine-tuning since
much less intensive training is required with lots of less epochs.

• Amount of required data: Less amount of data is required since the highest
intensive parts where the model learns language representations were already
done. A much smaller corpus is needed for adapting the model to the required
task. By fine-tuning the model, we can now achieve to train it to reliable results
on a much reduced volume of training data.

Moreover, it has been proven that this fine-tuning procedure, with just one fully-
connected layer on top and a few epochs training, achieves state-of-the-art results in
a wide range of tasks as it was shown in Tables 2.6 - 2.9 with BioBERT.

Since the system is composed by three different models, at least three fine-tuning
processes have been done. In the following section, a selection of corpus for fine-
tuning is done.

3.3.2.1 Selected corpus

Since the way a task is learned broadly depends on the corpus where the fine-tuning
process is done, the corpus which better adapts to the tasks we aim to do was se-
lected. Moreover, we have also taken into account the corpus with the highest pos-
sible number of annotated entities. This can be observed in Table 2.5 where Gold
Standard Corpus were collected jointly with the corpus size and number of anno-
tated entities for each class.

In order to try to generalize the most the predictions done by the fine-tuned model,
two corpus have been selected for each entity class for fine-tuning each model. This
is done because the criteria underlying how entities are captured slightly differs be-
tween the corpus despite being the same target entity. These annotations are done
in each corpus based on a given guideline in which curated annotators are based on.
Using a pair of this corpus, we aim to supply the model with a better generalization
power in situations where a never-seen text is passed. A discussion for each of the
entity classes considered is held in the following paragraphs. It is worth mentioning
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that the results obtained once fine-tuning has been performed were slightly worse
than the ones given by the original paper [84], likely because of the hyperparameter
search intensity and the number of epochs done is lower. In general, these results
are around 1.5 F1-score points below.

Diseases

The two corpus in which more annotated disease entities were present are: BC5CDR
- Diseases [88] with around 13000 annotations and NCBI - Diseases [47] with almost
7000. These corpus also correspond to the most widely used corpus in NER disease
literature and most models provide results for each of this corpus (see Table 2.6),
including BioBERT which obtained state-of-the-art for both tasks with an F1-score
of 89,71 for NCBI - Diseases and 87,15 for B5CDR - Diseases. After our fine-tuning,
these results were a few lower with and F1-score of 87,4 and 85,8, respectively.

Chemical

For chemical entities, the two selected corpus were BC4CHEMD [74] and BC5CDR -
Chemicals [88] with around 80000 and 15000 entities respectively. The largest anno-
tated corpus, BioSemantics [23], was not considered since the kind of text of which
it is composed are patent texts which could slightly differ from biomedical articles
which are the kind of texts in which the system has been focused on. Moreover, this
corpus is not considered in the results of the reviewed models and therefore no com-
parison might be made for its performance. The selected corpus are also the most
widely adopted corpus for NER tasks in chemical entities and most models provide
performance results for these corpus (see Table 2.7). BioBERT obtained state-of-the-
art results in BC4CHEMD with an F1-score of 92,36 and the second best result for
BC5CDR with 93,47 which is almost the same than the state-of-the-art result ob-
tained by BlueBERT [106] which was 93,5. Obtained F1 results after our fine-tuning
were 92,99 for BC5CDR - Chemicals and 91,7 for BC4CHEMD.

Gene/Proteins

Gene and protein entities were jointly considered since they belong to very similar
semantic types, as it could be seen in Fig. 3.5 and Fig. 3.6. Moreover, this consid-
eration is also widely adopted in BioNER since most existent corpus consider them
together. The pair of selected corpus were JNLPBA [72] and BC2GM [123] which of-
fer around 35000 and 25000 annotations respectively. These were selected before
CRAFT corpus [27], the largest Gene/Protein NER corpus, since most models report
results based on those corpus and a comparison between them can be established.
BioBERT reported state-of-the-art results on BC2GM results with a F1 of 84,72 and
in JNLPBA results (77,59) were slightly worse than state-of-the-art which were re-
ported by PubMedBERT with a F1 of 80,06. Results from our fine-tuning were a bit
worse with 83,0 and 76,0 for BC2GM and JNLPBA respectively. Results on this joint
entity class are significantly worse than other entity classes, perhaps due to the broad
range of subentities classes which take part within this class. This makes that the
amount of linguistic variability is enormous and harder to capture than the former
entity classes.
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3.4 Implementation of BioNER/BioNEN system

Once the models have been fine-tuned, they must take part as a core piece in the
system. Rest of the parts of which the system is composed must be also developed
and adapted. These have been summarized in Fig. 3.2. Both before and after the use
of the models in NER task, some extra steps need to be done. The steps in which a
NER pipeline is usually built were shown in Fig. 2.2.3 and detailed in former section
2.

Source code is available at: https://github.com/librairy/bio-ner jointly with
documentation for its use.

Fine-tuned models used in the system can be found on Huggingface repositories:

• Diseases: https://huggingface.co/alvaroalon2/biobert_diseases_ner

• Chemicals: https://huggingface.co/alvaroalon2/biobert_chemical_ner

• Genetics: https://huggingface.co/alvaroalon2/biobert_genetic_ner

It is worth highlighting the impact which the chemical model achieved in its first
month online in the Huggingface repository were it accomplished 76k downloads
in just one month turning into the top 3 most downloaded model11 in the token
classification task and the first one related to the biomedical field.

In the following sections, details about the implementation of our system are shown.

3.4.1 Pre-processing

The first step which is needed in the system was a pre-processing in which we adapt
the format of our text to serve as input to each of the three BioNER models. BERT-
based models present a clear limitation in its input, the maximum length of tokens
which can be passed is 512 because of a quadratic scaling limitation on self-attention
blocks in which BERT is built. To address this issue, the processing of the given text
has been done paragraph by paragraph and therefore the first step done in pre-
processing has been to split a given text into the paragraphs in which are comprised.
This implies that each model has to be used as many times as paragraphs we have, so
the computing time will significantly rise. This is a drawback which we had to assume
in the system to be able to face long text sequences such as biomedical articles.

Once the text has been split in its paragraphs of less than 512 tokens, we had to pre-
pare each of them for model consumption. A WordPiece [118] tokenization step has
to be made since this is the kind of token which BERT-based models use. BioBERT’s
vocabulary in which this tokenization is made is based on the original BERT [46]
model’s vocabulary which was built in its training process on Wikipedia and Book-
Corpus data and therefore this vocabulary contains the most common characters,
symbols, punctuation marks, n-grams and words found in training. This was stud-
ied in Table 2.2 in which it was observed that just BERT-based models which were
trained from scratch make use of a vocabulary built from biomedical texts. Nev-
ertheless, since BioBERT results were state-of-the-art, this seems not to lack the
performance of the model.

11https://huggingface.co/models?pipeline_tag=token-classification
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Following tokenization, special tokens are added to signal parts of the text, such as
the first position with [CLS] mark and the end of the text with [SEP] mark. This
tokenization is followed by a substitution of each of the tokens for an id which cor-
responds to each token in which we encode them for algorithm consumption. In Fig.
3.8 all pre-processing steps done are summarized.

Figure 3.8: Pre-processing steps followed by the proposed system.

3.4.2 BioNER Modelling

The pre-processing step aims to prepare a text to serve as input to each of the NER
models. Therefore, the pre-processed data is used in each of the proposed BioNER
models, which takes care of producing the proper entity annotations within the given
text for each of the proposed entity classes. The way BioBERT achieves this sequence
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classification task has been previously described. A BIO tagging has been the option
chosen for the annotation of entities. In this tagging, B stands for Beginning of an
entity, I for Inside entity, and O for nonentities. As a result of applying each of
these models, we will have a set of candidates in each of the entity classes. Some
post-processing steps have been applied to these candidates to try to enhance the
results and finally we have linked them to curated terms in a collection of curated
vocabularies.

3.4.3 Post-processing

In order to refine and normalize results, a post-processing step has been done on top
of BioBERT models. Once text has passed through the modelling step, a set of entity
candidates is established and to improve the results of the entities on the retrieved
set, some post-processing steps are applied. Moreover, a set of regular expression
rules have been used to capture new entities which have been systematically observed
to be ignored by BioBERT models. In the following sections, further details are given
for each of the post-processing steps implemented.

3.4.3.1 Boundaries correction and Overlapping resolution

Some retrieved entities were just a part of a word. This is produced due to the fact
that, in the BIO tagging which were produced as the output of BioNER models, some
tags inside a word were incorrect producing that just a part of a word is tagged. In
other occasions, some words are divided into subwords also due to incorrect BIO
taggings. In order to try to correct this, a boundary correction step is applied before
NER modelling aiming to extend properly the boundaries of the entities to solve the
former problems. For example, if we had the disease "influenza infection" and it is
annotated as follows: influ -> B-disease, enza -> O, infection -> I-disease. This post-
processing step would join together "influenza disease" despite the fact that "enza"
has been incorrectly tagged.

Overlapping entities were resolved using the larger entity in this nested entities since
generally specifies better the entity referred. This is, on one side because the larger
entity is the most complete entity to which an author refers to a certain entity and on
the other side because the used framework, Spacy, does not originally allow nested
annotations for entities. For example in "p53 mutagenic cancer", although the gene
"p53" is present, the most complete entity would be the entire text span "p53 muta-
genic cancer" with which we are referring to a disease caused by that gene. Therefore,
we would just consider the larger entity which is the disease.

3.4.3.2 Capturing new entities with Regular Expressions

It was observed that COVID-related terms were not always correctly captured. Since
one of the main objectives of the system was to carry out a CORD-19 corpus annota-
tion, it was essential to establish all possible references to COVID and therefore a set
of Regular Expression rules have been established to overcome the problem.

For entities which are similar to SARS - CoV 2 the following regular expression is
proposed. It also aims to capture MERS disease, a similar disease which publica-
tions are often referred to. Since sometimes this term is referred with SARS, another
times with SARS infection and other possible combinations, the regex expression
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takes in mind these possible combinations to try to capture the maximum number of
polysemies.

1 [/((sarsr?|mers)(\s?\-?\s?(covs?))?(\s?\-?\s?2)?(\s?\binfe.{1,10}?\b)?)/gi]

For entities similar to COVID - 19, the following expression has been used, allowing
some variability within the term.

1 [/((covid)(\s?\-?\s?(19))?(\s?\binfe.{1,10}?\b)?)/gi]

Moreover, for terms similar to coronavirus the following expression has been estab-
lished allowing also variability under which the entity could appear in text.

1 [/((coronavir.{0,6}?\b)(\s?\bpneumo.{0,8}?\b)?(\s?\binfe.{1,10}?\b)?(\s?\bdiseas.{1,6}?\b)?(\
s?\-?\s?(20)?(19))?)/gi]

It is worth highlighting that SARS-CoV-2 term and its related terms are ambiguous
and could be used for referring also the specie of virus which causes the disease.
However, since the use of this concept also involves the production of the infectious
disease, the former captured entities will be classified as Disease entities.

The increasing number of variants of COVID-19 and its huge importance has boosted
the number of literature related to this issue. Therefore, the following expression
has been established for capturing COVID-19 variant lineages12 which is the most
widely used way of referring to COVID-19 variants.

1 [/(\b[A-Z]{1}\.\d{1,4}(\.\d{1,4}){0,4}\b)/gi]

Some chemical entities were observed to be ignored by the proposed NER model.
Since some of them are easily recognizable through the presence of certain affixes, a
regular expression was also set to ensure the capture of these kinds of terms in the
case of NER models did not capture them.

1 [(\b\S{0,10}umab\S{0,10}?\b)
2 (\b\S{0,10}(feron|floxacin|zepam|prazole|triptyline|vudine)\b)]

3.4.4 Normalization

The way the normalization process has been addressed is through an inverted index
search which is carried out through Apache Solr. One Solr core13 has been developed
for each entity class to carry out further queries just on the belonging entity class.
An extra core has been used for COVID-related drug target terms and proteins. This
way, indexes can be built separately, resulting in an index and configuration for each
entity class. Each core had to be populated with curated terms and related info
which helps to map concepts to success with further queries. Therefore, a collection
of terms and identifiers had to be developed for each entity class. This has been
done attending to multiple sources to try to enlarge the number of entities within

12https://cov-lineages.org/
13Running instance which contains a single index and associated configuration.
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Solr to maximize the chances of finding the queried entity candidate within our built
database. A set of sources has been taken into account in each of the entity classes,
mapping some of the concepts and terms between sources as it is described in the
following sections. Most sources, with the exception of CTD [13] and PubChem [10],
come from terms retrieved on BioPortal14 ontologies.

An schema was established based on which the desired fields have been set in the
sources: a term field which is essential since it is the main concept designated for
each retrieved concept, a synonym field holds all possible synonyms present for a
given term, a type field establishes the most specific semantic type possible retrieved
for a term and id fields in which we have from most important IDs, such as MeSH or
CUI, to other more specific database cross references. This is the schema that in gen-
eral the following Solr databases have followed with some exceptions in some fields.
Since in the search of the normalized entity some synonyms are also considered, a
broad range of possibilities is present in the resultant retrieved terms. This will allow
us to choose the one with the higher score between different searches where we as-
sign higher weights to either terms or synonyms, and we also assign different criteria
where we look for strict matches or similar matches. From all this search space, the
result with the higher score is considered.

Diseases

Four different sources have been used for retrieving disease terms, some mappings
were established whether it is possible between terms to maximize the number of
term identifiers in different databases of each term:

• MeSH - Diseases [7]: Medical Subject Headings15 is a thesaurus with hierar-
chical and controlled vocabulary which is produced by the National Library of
Medicine (NLM16). This thesaurus includes thousands of terms regarding to sev-
eral semantic types with disease-related terms among them. BioPortal includes
an ontology version of this thesaurus from which we have extracted disease-
related terms attending to the UMLS Semantic Type each term belongs to.

• CTD - Diseases: CTD’s MEDIC disease vocabulary is a modified subset of the
“Diseases” branch of the NLM’s MeSH, combined with genetic disorders from
the Online Mendelian Inheritance in Man (OMIM17) database. These terms have
been merged with the previous ones through an outer join on MeSH IDs.

• DOID [5]: The Human Disease Ontology [117] is a comprehensive knowledge
base of inherited, developmental and acquired human diseases. It integrates
terms from a wide range of medical vocabularies such as MeSH, SNOMED, NCI,
OMIM. . . therefore it has been used to extend terms which were not previously
captured by the other sources. The way this was done is through an outer join
on MeSH IDs.

• ICD10CM [6]: The International Classification of Diseases is a hierarchical clas-
sification listed by the World Health Organization (WHO), in which are encoded
a wide range of signs, symptoms, abnormal findings, causes of damage, dis-

14http://bioportal.bioontology.org/
15https://www.nlm.nih.gov/mesh
16https://www.nlm.nih.gov/
17https://www.omim.org/
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eases, and/or other disease-related terms. The ICD-10-CM is the 10th version
of this classification with a Clinical Modification of the source. Since this clas-
sification is used in its proper BioPortal ontology, further mapping concepts are
added, which is the case of Unified Medical Language System identifiers (CUIs).
The way this source extends the previous sources is through this CUI since not
MeSH IDs are included. For that purpose, an outer join on this id has been
done.

Once all the previous sources have been processed and mapped, the results were
sent to an specific core in Solr which uses a configuration specifically designed for
the desired fields which builds the index for the given terms. A total of 126985
terms were retrieved for disease normalization with Solr. This index is available at:
http://librairy.linkeddata.es/solr/#/bioner-diseases/core-overview

Chemicals

Five sources have been considered for chemical terms, some mappings between terms
have been done to increase the number of term identifiers in different databases and
synonyms of each term. With the selected sources, it is aimed to capture the wide
range of possible chemical entities which this entity class can include. From more
general term names to IUPAC names, brand names. . . Details about the sources are
the following ones.

• PubChem [10]: PubChem is the world largest chemistry open database and it is
maintained by the National Institute of Health (NIH). Different classifications are
made between the available terms, among which MeSH hierarchy has been the
one used for our database. Therefore, approximately 130000 terms are consid-
ered since considering all possible terms in PubChem would hinder subsequent
uses due to the large amount present, 381 millions. With MeSH hierarchy, it is
expected to have the most widely adopted chemical terms within all the collec-
tion.

• ChEBI [2]: It is a chemical database which is mainly focused on small chemical
components of molecular entities and therefore it complements other types of
terms considered in the rest of sources. Any biological or synthetical compo-
nent present in biological organisms is aimed to be captured on this database.
An outer join on InChIKey has been used for connecting these terms with the
ones present in the previous source. InChIKey is a hashed key of InChI, an
International Identifier for chemicals, which offers an IUPAC identifier for an
standardized codification of chemicals.

• MeSH - Chemicals: MeSH also includes thousands of terms regarding to chemical-
related terms. BioPortal ontology version has been used to extract chemical-
related terms attending to the UMLS Semantic Type each term belongs to. Since
PubChem already includes MeSH terms, this source has been just used to add
MeSH IDs and extend information from the previous terms. Therefore, this
source has been combined with the previous ones through checking if the term
is found either on term field or on the synonyms list. If it is not found, it has
been appended to chemical terms.

• CTD - Chemicals: It incorporates terms from multiple chemical sources and
therefore it has been used for complementing previously existent processed
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terms. It also helps to extend the retrieved information about previously consid-
ered terms. Non previously found terms have been appended from this source.

• ATC [1]: It is a classification of pharmacological substances organized in thera-
peutic levels. The ontology version of BioPortal has been the source considered
for ATC since it incorporates further information and relations with other terms.
Information regarding ATC level and ATC code was added to the previously con-
sidered terms. If the term is not present, it has been appended.

Processed and mapped results have been used on a specific core of Solr for chemicals
in which apart from ids, terms, synonyms and types, the ATC level is part of the
schema whether it was retrieved. The index for the given chemical terms has been
built from a total of 344238 terms retrieved for chemical normalization in Solr. This
index is available at: http://librairy.linkeddata.es/solr/#/bioner-drugs/
core-overview

Genetics

This entity class is composed by a broad semantic type since it includes both gene-
related terms and proteins. They are close semantic types and even in some occasions
the use of the same expressions is diffuse. This has led to a wide range of terms
within this entity class in which four large and complementary sources have been
considered for trying to cover the biggest amount of entity variability possible.

• GO [4]: The knowledgebase underlying the Gene Ontology [25] is the largest
source for the functions of genes and therefore it has been used aiming to cap-
ture terms related to genetic mechanisms.

• OGG [8]: The Ontology of Genes and Genomes [66] collects genes and genomes
of certain organisms such as humans, virus and bacteria. Mappings to multiple
sources are found in the BioPortal ontology. The previous source has been
appended to this since the captured terms of each source are complementary.

• PR [9]: The Protein Ontology [101] contains a wide range of protein-related en-
tities along with relations between them. This source covers the protein part
since it contains a large amount of terms. It has been appended to the other
sources since it is not mainly waited to contain overlapping terms with the other
sources.

• CTD - Genes: It contains a vocabulary retrieved from multiple sources with a
great variety of genes in multiple species. It has been used to extend the gene
terms which were not previously captured, appending non-retrieved genes.

Another core has been used for genetic entities, populating an index with just that
kind of entities. Since the genetic field is one of the widest fields, the number of
retrieved entities is substantially larger than the previous classes. A total of 946584
genetic terms have been used in this Solr core. This index is available at: http:
//librairy.linkeddata.es/solr/#/bioner-genetic/core-overview

COVID-19

Since a practical case in which the system has been used is a COVID-19 corpus
annotation, an extra normalization was looked for to try to capture genetic biochem-
istry drug evidences and targets for SARS-CoV-2 along with proteins related to the
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virus. For this purpose, the COVID Data Portal18 has been used since it incorporates
a list of these kind of terms retrieved from Open Targets19 platform. In order to try
to extend this COVID-related terms a little more, also some protein-related terms
were incorporated from the SARS-CoV-2 proteins found in the Protein Ontology. A
total of 1404 terms were finally retrieved for this purpose, which builds an additional
core in Solr. This index is available at: http://librairy.linkeddata.es/solr/#/
bioner-covid/core-overview

3.5 Deployment as Web Platform

A web platform has been developed to ease the use of the proposed system. The main
objective of this platform will be to generate a visual representation of each of the
retrieved entity classes besides providing tables with the retrieved and normalized
terms jointly with the found identifiers in the normalization step. In Fig. 3.9 an
overview of the web platform is shown.

Its use is very easy, a text area is presented to provide the text we want to process.
Once this has been set, the analyze button must be clicked in order to send this data
to the system for processing purposes. This communication between the webpage
and the system has been done through AJAX calls.

The system can be easily used through the web platform which is online at: https:
//librairy.github.io/bio-ner/

The dockerized web platform can be found in its Docker Hub repository: https:
//hub.docker.com/r/alvaroalon2/webapp_bionlp

3.5.1 AJAX calls

The provided text is sent through an AJAX call to the system to serve it as its input.
This text is then processed and the results are returned through another AJAX call
to the web page. Three kinds of results are returned: a visual representation of
the text along with the found entities surrounded by a coloured box (see Fig. 3.10),
normalized entities in different tables (see Fig. 3.11), one for each of the biomedical
entities considered plus an extra one for COVID - related terms, and results in JSON
format to produce a way of easily copying the retrieved normalized entities along with
all its retrieved function.

3.6 CORD-19 Annotation

CORD-19 [135] is a collection of related-COVID-19 articles. It is offered as a freely
available dataset to provide to the research community a research dataset in which
apply natural language processing and AI-related techniques to produce new insights
about the disease to help to fight against it. These kind of techniques are mainly
necessary to help professionals to keep up with the research advances and updates
about the infectious disease. Global efforts are focused on fighting it and therefore
the amount of knowledge daily produced is large. As a result, the vast amount of

18https://www.covid19dataportal.org/biochemistry?db=opentargets
19https://platform.opentargets.org/
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Figure 3.9: Overview of the proposed web-page for the use of the system.

scientific evidence accessible becomes a challenge in and of itself, particularly in
instances where speedy choices are required.

Techniques such as the proposed, BioNER/BioNEN, help to face the problem under-
lying the vast amount of literature produced contributing to extract the embedded
knowledge along the literature which is an information retrieval problem present in
handling such amount of data quickly produced. As it was previously seen, NER and
NEN are a key component in text processing tasks since the knowledge extracted will
be subsequently used in other NLP-related tasks.

The proposed system has been used to extract the biomedical named entities: dis-
eases, chemicals and genetic-related terms along with the proposed COVID-19 evi-
dences along with its normalization (see section 3.4.4). This can be helpful in plat-
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Figure 3.10: Overview of the proposed web-page for the use of the system.

forms like Drugs4Covid20 [28] which exploits the coronavirus literature to build an
open catalogue of drugs jointly with a knowledge graph for its relations. In the work-
flow of this kind of technologies, an annotation of biological entities is often the first
step based on which the subsequent steps are served. This is the case of Drugs4Covid
which can use the retrieved entities for the population of a catalogue and a knowledge
graph where an information retrieval task is held. The proposed system will be used
for extending preexistent results on Drugs4Covid with retrieved entity classes terms
and its normalization.

The way this annotation process has been handled is through the use of Solr, where
the around 200000 CORD-19 articles21 were previously pre-processed in order to
populate Solr with their paragraphs22 identifying the paper each of them belongs
with an article id. Around 6,5 million paragraphs are obtained and held in Solr and
therefore the proposed system will go through these paragraphs obtaining the entities
along with its normalization.

The dockerized annotator can be found in its Docker Hub repository: https://hub.
docker.com/r/alvaroalon2/bionlp_cord19_annotation

20https://drugs4covid.oeg.fi.upm.es/
21http://librairy.linkeddata.es/solr/#/cord19-papers/core-overview
22http://librairy.linkeddata.es/solr/#/cord19-paragraphs/core-overview
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Chapter 4

Evaluation and Conclusions

In this section, it is assessed the performance of the system throughout different
corpus. An error analysis based on the results of this system has also been done
to illustrate what are the most common errors found to address them with further
improvements. Some statistics have also been established about the annotation and
normalization of CORD-19 corpus terms. Finally, some future work is explored along
with the conclusions of the work.

4.1 NER Evaluation

In order to evaluate the proposed system for NER task, a pair of corpus have been
used to test the obtained results against the underlying annotated ground truth
found on these Gold Standard Corpus. The first one, PGxCorpus[86], has helped
us to jointly assess the three considered entity classes. This corpus was selected
from the ones present on Table 2.5 since is the only one in which we can jointly find
the three considered entity classes. The second corpus, COVID-19 MLIA @Eval [17],
has served us to evaluate how this system behaves in the presence of COVID related
terms. In the following sections, details about these evaluations are given.

4.1.1 Datasets

4.1.1.1 PGxCorpus

PGxCorpus [86] is comprised by 945 sentences from 911 PubMed abstracts, anno-
tated with pharmacogenomics entities of interest, which makes that we find Dis-
ease, Chemical and Genetic entities jointly with other nonstudied entities such as
phenotypic related entities which in total are 10 entity classes. This corpus is also
composed by relations between these entities which have not been used to test our
system since the system it is not designed for this task. All of it is contained in
Standoff format files [11]. For the preparation of this GSC, 11 annotators, out of
which 5 were considered senior annotators, carried out the manual annotation with
an inter-annotator agreement of 63,8 with an exact match criteria and 76,1 for par-
tial match criteria in terms of Macro-Average F1-score. In Table 4.1 inter-agreement
for the considered entities is shown.

The presence of several nested entities in these classes makes that two additional
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Matching criteria

Entity Exact Partial

Chemical 76,8 82,1

Gene_or_protein 72,6 89,4

Disease 71 79,1

Macro Avg. 73,5 83,5

Table 4.1: Inter-agreement per entity type in terms of F1-score. Hierarchy was con-
sidered. Results extracted from Legrand et al. [86]

scenarios have been considered to avoid multiple annotations in the form of overlap-
ping entities. The first scenario considers the largest entity found in a given overlap-
ping, while the second scenario considers the shorter nested entity or entities which
compose an overlapping. This has been done since the proposed system does not
consider overlapping and therefore in some situations this would significantly lack
system evaluation. An example which illustrates this can be seen in Fig. 4.1.1.1.
Here the first thing to do is to select just the target classes: Disease, Chemical,
Gene_or_protein. Afterwards, the two described scenarios are separately prepared.
In the first one, we consider the largest entities in the overlappings and therefore in
"combination of AZD7762 and olaparib", the labels for "AZD7762" and "olaparib" are
dismissed, considering just the largest entity which is "combination of AZD7762 and
olaparib". In the second scenario, we would consider the shorter entities: "AZD7762"
and "olaparib" instead of "combination of AZD7762 and olaparib". The creation of this
additional scenario also causes that in situations where different entity classes are
overlapping, one of the classes is dismissed as it is the case of "p53 mutant pancre-
atic cancer" which in the case of the first scenario, is entirely considered as Disease
dismissing "p53" as Gene_or_protein. In the second scenario the disease is dismissed
but the Gene_or_protein "p53" is considered. All this has been done to assess the
performance in the different scenarios since the proposed system does not take into
account the presence of nested entities, i.e., it does not manage nesting entities. It
considers the largest entity in the case of overlapping since it is usually the most
complete term possible.

Figure 4.1: PGxCorpus example visualized by [125]

Moreover, the presence of discontiguous terms has not been considered since a cor-
reference resolution step should be needed to try to face this kind of discontinuity
between entities in which one part of the entity is continued in other part with a gap
between them. This is something not covered by the proposed system.

4.1.1.2 COVID-19 MLIA @ Eval

As a means of evaluating COVID-19 related texts, the COVID-19 MLIA @ Eval manu-
ally annotated corpus [17] has been considered. This is the only manually annotated
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currently found related to COVID-19 and it is a corpus developed as a community
challenge in which the information extraction task consists of a NER task. Corpus
was extracted from the Europe Media Monitor (EMM)/Medical Information System
(MediSys), which is a collection of metadata automatically extracted from news arti-
cles related to Covid-19. This corpus is composed by sentences in which none relation
is established between them and therefore they had to be processed separately in or-
der not to influence the contextual information which BERT takes into account. From
the available entity classes, we have just considered sosy-dis since it jointly considers
signs, symptoms, and diseases. The rest of the classes does not fit the considered
classes in our approach. The entity class drug-trt has not been considered since
most of the annotated entities were observed to be "quarantine", "mental healthcare"
and "isolation" which are terms far from the ones which our system aspires to an-
notate. Inter-agreement was not established since just an annotator performed the
annotations, which means that the ground truth established in the corpus have to
be carefully considered.

4.1.2 Evaluation Metrics

In most cases, NER systems are assessed by comparing their outputs to human
annotations (GSCs), which are considered the ground truth underlying a text. Both
exact-match and partial-match have been used to quantify the comparison [129].
Precision, recall and F1-Score metrics are computed on the number of true positives
(TP), false negatives (FN) and false positives (FP) obtained in each matching criteria:

• True Positive (TP): entities predicted by the system and ground truth match.

• False Negative (FN): the proposed system does not annotate an entity present on
the ground truth.

• False Positive (FP): an entity predicted by the proposed system does not match
the ground truth.

Precision evaluates the capacity of the NER system to provide just accurate entities,
whereas recall evaluates its capacity to identify all entities in corpus. F1-Score is the
harmonic mean between precision and recall. These metrics were evaluated for each
entity class and also across all of them.

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 =
2 ∗ Precision ∗Recall

Precision+Recall
=

2 ∗ TP
2 ∗ TP + FP + FN

The macro-averaged metrics and micro-averaged metrics are two regularly used mea-
surements for this purpose. The macro-averaged metrics calculate each metric sep-
arately for each entity class, then average them, and therefore all entity classes are
treated equally. In the following example, this is exemplified with the precision metric
but this is extended for recall and F1-Score.
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Prmacro =
Pr1 + Pr2 + ...+ Prk

k

Micro-averaged metrics aggregate contributions from all entity classes from all classes
to compute the average, making that all entities are treated equally. In the next
equation the Micro-Average for precision is shown, this is extended for the rest of the
metrics.

Prmicro =
TP1 + TP2 + ...+ TPk

(TP1 + TP2 + ...+ TPk) + (FP1 + FP2 + ...+ FPk)

4.1.2.1 Exact-match Evaluation

True Positives will just be considered if the predicted left and right boundaries and
entity class match with the ground truth. This makes that in situations where our
system has not complete success retrieving boundaries but it has success identifying
the entity, FP and FN will appear making that recall and precision will significantly
lower.

4.1.2.2 Partial-match Evaluation

True Positives will allow that the left and/or right boundaries do not match, but the
entity class is required to match between prediction and ground truth. This allows us
to assess whether entity boundaries are the reason why exact match results worsen.

4.1.3 Experimental Results

The results of NER task have been given in all considered scenarios for PGxCorpus
in Tables 4.2 - 4.4 both with exact-match and partial-match criteria. In the following
Section 4.1.4.1, results are discussed.

Larger Ents

Exact Match Partial Match

Precision Recall F1 Precision Recall F1

Disease 0,59 0,62 0,61 0,78 0,81 0,80

Chemical 0,79 0,69 0,74 0,92 0,78 0,85

Genetic 0,56 0,61 0,58 0,84 0,91 0,87

Micro-Avg 0,65 0,64 0,65 0,86 0,84 0,85

Macro-Avg 0,65 0,64 0,64 0,85 0,83 0,84

Table 4.2: Results obtained in PGxCorpus considering a first scenario where larger
entities where consider in case of overlapping.

In the case of COVID-19 MLIA @ Eval corpus, the results are shown in Table 4.5.
In this case, none overlappings are found and therefore it has not been needed to
consider different scenarios. A discussion about the results is held in Section 4.1.4.2
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Shorter Ents

Exact Match Partial Match

Precision Recall F1 Precision Recall F1

Disease 0,54 0,73 0,62 0,65 0,84 0,73

Chemical 0,87 0,76 0,81 0,96 0,78 0,86

Genetic 0,62 0,62 0,62 0,91 0,90 0,91

Micro-Avg 0,71 0,69 0,7 0,88 0,84 0,86

Macro-Avg 0,68 0,70 0,68 0,84 0,84 0,83

Table 4.3: Results obtained in PGxCorpus considering a second scenario where
shorter nested entities where consider in case of overlapping.

Overlapped Ents

Exact Match Partial Match

Precision Recall F1 Precision Recall F1

Disease 0,62 0,62 0,62 0,79 0,81 0,80

Chemical 0,91 0,67 0,77 0,96 0,75 0,84

Genetic 0,63 0,62 0,63 0,92 0,90 0,91

Micro-Avg 0,73 0,64 0,68 0,91 0,82 0,87

Macro-Avg 0,72 0,64 0,67 0,89 0,82 0,85

Table 4.4: Results obtained in PGxCorpus considering ground truth entities as given
in the original corpus with the presence of overlappings with nested entities.

Exact Match Partial Match

Precision Recall F1 Precision Recall F1

Disease 0,53 0,81 0,64 0,59 0,90 0,71

Table 4.5: Results obtained in COVID-19 @ MLIA Eval considering the the only entity
that our proposed is based on: Diseases

4.1.4 Discussion

4.1.4.1 PGxCorpus

Results change between the considered scenarios and match criteria and therefore a
discussion about these variations is held.

Results obtained considering the scenario with the shorter entities (Table 4.3) were
higher than in the scenario with the largest (Table 4.2) in the case of exact matches.
This exposes that the system most of the time considers the nested entities which
composes larger entities in cases like "combination of AZD7762 and olaparib" where
we would annotate "AZD7762" and "olaparib" independently.

In the case of partial matches, the results are more similar, especially in the case
of recall, since this partial match criteria makes that the captured entities along the
text are low because False Negatives get substantially lower both in the first and
second scenario. It is worth highlighting a larger improvement in precision results
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with larger entities, this might be because in the scenario with shorter entities in
occasions where a nested entity is of a different class from the larger, we would
just consider the nested, dismissing the larger and considering a different entity
class. This situation is almost always found in entities like "EGFR -Mutant Lung
Cancer" (Disease) where the disease is the larger entity class and genetic or chemical
nested are found inside: "EGFR" (Genetic). Since our system in these occasions
would consider the larger entity found: "EGFR -Mutant Lung Cancer", then precision
gets higher in larger entities scenario ("EGFR -Mutant Lung Cancer" is considered) and
lower in shorter entities scenario ("EGFR" is considered).

Another case which is worth mentioning is that in the shorter entity scenario, the
results both in recall and precision are equal in exact match and almost equal in
partial match for genetic entities. This implies that FP ≈ FN, which suggests that al-
most every entity which was incorrectly annotated was due to an incorrect boundary
selection which in the case of exact matching entities like "5-HTTLPR" (Genetic) are
tagged with incorrect class or boundaries ("5-HTTLPR S allele"). In the case of partial
matching criteria, this is just because of the class. This entity detection misclassified
makes that both FN and FP will jointly increase, resulting in this case in equal results
on recall and precision since almost all errors are of this type.

In almost all provided results, recall is higher than precision or similar, the exception
comes in chemical entities were precision is significantly higher than recall. This
might be because chemical entities are worstly captured but better classified, which
in other entities, the opposite is true. It was observed that more descriptive chemical
entities like "BRAF inhibitors" (Chemical) were mostly not captured making that in
that case, the nested entity "BRAF " (Genetic) is the predicted annotation. This sug-
gests that maybe the fine-tuned BioBERT model for chemical entities has not been
trained on this kind of descriptive entities. Moreover, this corpus is mainly focused on
pharmacogenetics, making that the chemicals that appear are mainly highly specified
in this subfield. Corpus for fine-tuning were more general, making that generalization
in some occasions is not enough for identifying very specific entities.

Taking into account an scenario where all entities are jointly considered, i.e., with
overlappings (Table 4.4), results are higher than the previous in terms of precision
but lower in case of recall since the captured entities are accurately annotated but
lots of False Negatives are present because our system does not capture overlapping
entities and in this case one of the entities will not be tagged which substantially
decreases recall.

As it can be inferred, most of the errors come in the form of bad boundary detection,
which in general causes significantly lower results considering exact matches. With
the partial match criteria, the boundary detection importance is decreased, obtaining
remarkable results which suggests that with a better boundary detection, the results
would be substantially greater.

4.1.4.2 COVID-19 MLIA

Annotation reliability is low because just one annotator carried out the manual an-
notation process since no consensus has been done on the captured entities and its
detected boundaries, making that in some occasions we have found some inconsis-
tencies or entities with doubtful boundaries. Problems related to boundaries have
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been downplayed in partial matching criteria, making that recall is directly asso-
ciated with not captured entities by the system and precision with errors in these
captured entities. Comparing the results between exact and partial match criteria,
we can see that the results are higher in the later case. Nevertheless, the difference is
not as high as in the results obtained in PGxCorpus, which means that not so much
of the errors are due to boundary detection problems. Most of the errors come in two
ways: On the one hand, a great part of the errors comes as False Positives which it is
translated in lower precision. These are mainly produced by entities predicted by the
system which does not appear in the ground truth. In some occasions this are due
to errors in the system, but in most occasions these are because entities that should
have been annotated as a disease are not annotated. For example, "Acute Respiratory
Syndrome" which is detected by the proposed system is not found in ground truth
which makes that FP increases. Another examples are "Kawasaki disease", "Middle
East Respiratory Syndrome", "immune deficiency", etc. . . In the other hand, another
source of errors comes from signs and symptoms like "sneeze", "cough", "high tem-
perature", etc. . . which since they are not specifically diseases are rarely detected by
the proposed system, which decreases recall.

4.2 Normalization Results

Results obtained in the normalization process are difficult to assess since there are
multiple sources based on which we perform our entity linking, making that a cor-
pus for testing that should match these requirements in terms of the considered
sources. This makes that for the proposed normalization sources, no test corpus will
be adapted, making that these results could not be established based on that test
corpus. This diversity of sources makes that some unification of concepts should be
done in order to make possible for these corpus to evaluate multiple sources. This
could be established through the establishment of taxonomy categories for the linked
entities and not just an identifier in a certain database and subsequently using this
taxonomy for assessing the normalization performance of a given system. This high-
lights the lack of gold-standard corpus which uses this kind of linking, being present
for the most part of the corpus just an identifier to a certain database.

Nevertheless, some observations have been discussed to illustrate how the normal-
ization step works. Worse results were generally observed in the genetic class, maybe
because it is a broader semantic class and includes multiple subclasses making that
the retrieved terms are not enough to cover all the variability present in that class.

Since in the search of the normalized entity some synonyms are also considered, the
results are retrieved even when the entity apparently is not exactly the same allowing
some polysemy in our search space. For example, the term "favilavir" will be linked to
"Favipiravir" (CHEBI:134722) since is a synonym. Some terms have not been covered
since the possibilities in each of the classes are enormous, overall in the genetic class,
making that some entities will not be linked or will be linked either with more general
terms or with erroneous terms. In the genetic class, some entities can be referred
to multiple organisms, making that the identifier of the concept changes between
organisms. This makes that in some occasions the term is erroneously assigned
to other organisms concepts since the normalization does not include any way of
knowing the organism to which the entity is referred.
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Another aspect to take into account is the bad linking in more general entities. For
example, the entity "interferon" is linked with "interferon lambda". This is usually
found in occasions where the general term is not present in the database. It was also
observed some inconsistencies in some polisemic words. For instance, for the entity
"SARS-CoV " we assign "Severe Acute Respiratory Syndrome" (CUI:C1175175) but for
"SARS" we assign "Pneumonia due to SARS-associated coronavirus" (CUI:C1260415)
which is partially correct. Since the searched term is slightly different, this causes
that the retrieved term is different. Solutions for this kind of incosistencies could
come through a more intensive mapping of concepts in database.

Errors in the previous step, NER, are spread along the normalization producing cas-
cading errors. As it was seen in the review, this is faced in some models like Tag-
gerOne [81] jointly performing both steps at the same time. Nevertheless, the way
this system is proposed does not allow to perform it jointly.

4.3 CORD-19 Corpus Annotation Results

The annotation of this corpus (June Edition) is a long process since 6,5M paragraphs
need to be annotated. For this purpose, a server in OEG-DIA was used, which is
composed by a 32 cores Intel Xeon (Cascade Lake) jointly with 256GB RAM. The lack
of a GPU made that process was considerably slower since it had to be carried out
by the CPU (although 32 cores are working, the processing is still slow), which is
significantly lower for tensor calculations required in transformer-based models like
BERT. Paragraphs were processed in a rhythm of approximately 0,4s/paragraph,
making that the total approximate time required for the process under the given
infrastructure was of 700h which are around 30 days. Normalization has also been
done in the processing of each paragraph, but since Solr is a very fast solution for
retrieving information and the database is located in localhost, the time required for
this subsequent process is insignificant (on the order of milliseconds) compared to
the time taken by the previous BioBERT models.

All these made that a subset conformed by around a third of the annotations (2125000)
has been considered for discussion of results and statistics1. The rest of the para-
graphs will continue its annotation for further use in Drugs4Covid platform.

In Table 4.6 some statistics are given per each of the entity classes. From the
2125000 considered paragraphs, the entity class for which more paragraphs were
annotated with at least one entity was the disease class with 54,96% of paragraphs
annotated, far from the rest which were 17,57% for chemicals and 20,11% for genet-
ics. This shows a major mention of diseases which is logical being publications re-
lated to COVID-19. All articles speak about the infectious disease or related diseases,
but they do not necessarily cover chemicals and genetics related to it. The entity class
that on average has more entities per paragraph was genetics with 4,16 entities/para-
graph, which significantly more than in diseases and chemicals with 3,15 and 2,73
respectively. This suggests a higher concentration of genetic terms in the paragraphs
which speak about genetics. In relation to the normalization process, genetic class
was the class in which more terms could not be normalized with a 79,51% of entities
normalized. This was significantly better for diseases and chemicals with almost the
same percentage of normalized terms, 87% and 87,51% respectively. This reveals

1All these stats can be viewed in http://librairy.linkeddata.es/solr/#/cord19-paragraphs/
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which extension of terms in the genetic index for normalization could not be enough
to address the large number of possibilities which genetic terms present.

Paragraphs
% Annotated
paragraphs

Total ents
Avg

Ents/Paragraph
Total ents
normalized

% Normalized
ents

Diseases 1167906 54,96 3677866 3,15 3199688 87

Chemicals 373295 17,57 1020795 2,73 893324 87,51

Genetics 427244 20,11 1778047 4,16 1413816 79,51

Table 4.6: Statistics about annotation and normalization of 2125000 processed para-
graphs from CORD-19 corpus [135]

In relation to the most widely captured entities, Table 4.7 shows these for each entity
class. Jointly with the top words and its position in the top for each entity in the
captured entities, the occurrences of these words are given. This allows us to have an
idea about how 1:1 are normalized terms regarding candidate terms. This is because
if we have, for instance, the word "tocilizumab" as candidate and we normalize it with
the same word, then a relation 1:1 is present. Nevertheless, the presence of multiple
synonyms to refer to this word such as "Atlizumab" significantly affect these relations.
For that reason, this will only partially reflect the relation and it is just used to get
an idea from above. In all classes, in top positions we can find more general words
like "covid" in diseases, acid in chemicals and protein in genetics. In top positions we
can also find general tokens such as numbers like "19" or "2" which are very present
due to the words COVID-19 and SARS-CoV-2 in the case of diseases. As we go down
in the top, more specific words begin to appear.

In the disease class, the first words are highly related to COVID terms ("covid", "in-
fection","sars", "syndrome") but as we go down another specific diseases are present
like influenza, pneumonia, diabetes, anxiety, etc. . . In relation to the difference be-
tween occurrences, we can see how most number of occurrences in annotated and
normalized words are very similar. It is worth highlighting a huge difference both
in words "sars" and "syndrome", this is mainly because the terms with the candi-
date word "sars" are usually classified as "Severe acute respiratory syndrome coron-
avirus 2" (NCBI:2697049). The word "mers" is normalized as "Middle East respiratory
syndrome-related coronavirus" and therefore "mers" will not be present as a word in
normalized terms.

In chemical class, the first positions correspond to general terms in the chemical
field like "acid", "amino" or "oxygen". As we move down in the top more specific
words begin to appear, as it is the case of specific drugs related with the treatment
of COVID like "hydroxychloroquine", "tocilizumab", "lopinavir", etc. . . Occurrences are
very similar between candidate and normalized words, which could suggest a high
relation between candidates and normalized words.

In the genetic class, the first positions also correspond to very general words like
"protein", "receptor", "gene", etc. . . In lower positions specific words appear which are
highly related with SARS, this is the case of "ACE2", "IGG", "IFN", "TNF ", etc. . . In
relation to the occurrences most differences are low with the exception of the word
"gene" which is significantly lower in normalized words. This is because in cases like
"ORF8a gene", in most occasions in its normalization the word "gene" is dismissed
resulting in "ORF8a".

In the additional normalization of genetic COVID evidences, 103634 paragraphs con-
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Most common words

Position
in Top

Word
Occurrences in
annotated ents

Occurrences in
normalized ents

Disease

1 covid 364362 381994

3 infection 228342 170677

4 sars 187477 36967

13 syndrome 47614 243265

14 influenza 45828 45845

16 pneumonia 42474 77336

17 cancer 41533 37915

19 fever 36073 40917

20 inflammation 34072 28935

29 diabetes 24840 26631

30 mers 24710 -

31 anxiety 23958 23399

Chemical

1 acid 36567 43293

3 amino 27359 28947

4 oxygen 23581 23653

10 glucose 10144 10282

19 phosphate 7263 9232

20 hydroxychloroquine 7202 9543

21 vitamin 6471 6606

30 tocilizumab 4433 4433

34 lopinavir 4238 4503

36 ritonavir 4130 4388

37 azithromycin 4095 4092

38 creatinine 3916 3918

Genetic

1 protein 75149 62529

5 receptor 28013 32499

7 gene 26996 4100

8 ace2 25216 23590

12 igg 22010 15156

13 sars 21517 32096

15 ifn 20040 16754

20 spike 16098 9362

22 antibody 15190 -

27 tnf 13494 12913

37 angiotensin 9614 11626

43 igm 8838 7410

Table 4.7: Most common words in each entity class in CORD-19 corpus

tained an evidence (4,88%) with a total of 160910 evidences (1,55 entities/para-
graph). The evidences which most times were detected were ACE2 (20531 occur-
rences) , which is the functional receptor for SARS-CoV-2, Spike protein S2 and S1
(6710 and 2581 occurrences respectively) , which is a structure protein located in
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the virus coat, CRP (4553 occurrences), which is a protein present due to inflamma-
tory reactions, TMPRSS2 (4546 occurrences), which is a cell surface protein primarily
expressed by endothelial cells across the respiratory tract, etc. . .

4.4 Future Work

Throughout the development of the implementation and with the discussion estab-
lished in the detected errors, a number of future lines can be established for improve-
ments in further developments. The following are the future works in which it has
been observed that the proposed system could improve:

• Improve boundary detection: A great part of the errors were observed to be due
to an incorrect detection of the boundaries of a detected entity. The proposed
post-processing step proposed for this boundary detection is too simple and is
just limited to situations where just a part of a word is tagged. Complementary
steps could be added in this step for joining multiple words which should be
captured jointly. For this purpose, it could be established some linguistic rules
which using a POS tagging could associate captured terms improving boundary
detection.

• Allow overlapping: The framework used (Spacy) does not mainly allow overlap-
pings. Until now, we were considering the larger possible entities which should
correspond to the most complete entity and dismissing nested entities since they
are usually part of the description of the larger entity. For example, with "p53
mutagenic cancer", the proposed system would capture the entire text span as a
disease dismissing "p53" which is a genetic entity. For some purposes, it could
be better to capture the most complete entity but for others also the nested en-
tities found. Depending on that purpose, the system could be extended with
some extension attributes for containing nested entities in Spacy.

• Enhance normalization terms database: On the one hand, the presence of some
different terms for referring same concepts causes some inconsistencies in fur-
ther normalized entities. Some mappings were established in the processing of
these terms, but more intensive mappings will be needed to enhance inconsis-
tency retrievals. On the other hand, the number of retrieved entities for each
class is high but nevertheless not enough to cover all possibilities. More sources
should be established, overall for covering some semantic subclasses in the ge-
netic class.

Another future works could come not only as a way of improving results but as a way
of extending the NLP system. These are as follows:

• More entity classes: Until now, this proposal is just implemented for the most
widely adopted entities: diseases, chemicals and genetics. Further extensions
could come as an implementation of new models for new entity classes like
organisms or cell lines, which are classes that have also been widely adopted in
literature models.

• New tasks: BioBERT model could be easily fine-tuned for carrying out comple-
mentary tasks such as relation extraction, which could help to associate the
captured entities to supply a more advanced information extraction.
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4.5 Conclusions

A walk through the progress that has been made in recent years was studied in the
state-of-the-art review. This allowed us to know how NER task has been performed
and how it has evolved until the current state-of-the-art, which is based on pretrained
BERT models. Based on all this, we were later able to implement a solution based on
this state-of-the-art with the use of BioBERT models. These models were fine-tuned
in Gold Standard Corpus which allowed them to leverage all the biomedical knowledge
underlying them to perform a BioNER task in a given entity class. With this process,
we were able to create a system composed by three different models in which each
of them is an expertise in a target entity class: diseases, chemicals and genetics. We
have also performed a normalization step in which the entities retrieved by the model
are linked to identifiers in some curated databases such as MESH, UMLS, CHEBI,
etc. . . This normalization has been done through an inverse index search on a set
of retrieved terms from multiple sources which allows us to customize with other
sources or in the way these terms are represented. The resultant proposed system
has been then applied in two practical cases. A first one where it takes part in a
web platform where given a text, the system processes it and represents results and
a second one where we have used the system to annotate and normalize a CORD-
19 corpus. Therefore, the web platform will ease the research community to freely
handle these tasks with state-of-the-art models without worrying about the system
setup. The annotation of CORD-19 has helped in the information extraction of large
amounts of data which will be useful in subsequent tasks in Drugs4Covid platform
[28] or in any other required platform.

Results obtained suggested that the system performed well in most occasions except
for some boundary detection which has a significant range of improvement. Normal-
ization could also improve overall on the side of the indexed terms. In conclusion,
despite the fact that the system has scope for improvement, the results suggest that
the system could be successfully applied in a process where information extraction
in the biomedical field is needed.
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https://doi.org/
10.1016/j.jbi.
2017.05.002

2017
A neural network multi-task learn-
ing approach to biomedical named
entity recognition [43]

Crichton et
al.

https://doi.
org/10.1186/
s12859-017-1776-8

2017
Long short-term memory RNN for
biomedical named entity recognition
[93]

Lyu et al.
https://doi.
org/10.1186/
s12859-017-1868-5

2017

Recurrent neural networks with
specialized word embeddings for
health-domain named-entity recog-
nition [130]

Unanue et
al.

https://doi.org/
10.1016/j.jbi.
2017.11.007

2018
An attention-based BiLSTM-CRF
approach to document-level chemi-
cal named entity recognition [92]

Luo et al.

https://doi.
org/10.1093/
bioinformatics/
btx761

2018
A Neural Layered Model for Nested
Named Entity Recognition [69]

Ju et al.
http://dx.doi.
org/10.18653/v1/
N18-1131

2018

GRAM-CNN: a deep learning ap-
proach with local context for named
entity recognition in biomedical text
[150]

Zhu et al.

https://doi.
org/10.1093/
bioinformatics/
btx815

2018
Transfer learning for biomedical
named entity recognition with neu-
ral networks [53]

Giorgi and
Bader et al.

https://doi.
org/10.1093/
bioinformatics/
bty449

2018

D3NER: biomedical named entity
recognition using CRF-biLSTM im-
proved with fine-tuned embeddings
of various linguistic information [44]

Dang et al.

https://doi.
org/10.1093/
bioinformatics/
bty356

2019
Cross-type Biomedical Named En-
tity Recognition with Deep Multi-
Task Learning [137]

Wang et al.

https://doi.
org/10.1093/
bioinformatics/
bty869
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2019

A Neural Multi-Task Learning
Framework to Jointly Model Medi-
cal Named Entity Recognition and
Normalization [148]

Zhao et al.
https://doi.org/
10.1609/aaai.
v33i01.3301817

2020
Towards reliable named entity
recognition in the biomedical do-
main [54]

Giorgi and
Bader et al.

https://doi.
org/10.1093/
bioinformatics/
btz504

2019
BioBERT: a pre-trained biomedical
language representation model for
biomedical text mining [84]

Lee et al.

https://doi.
org/10.1093/
bioinformatics/
btz682

2020
Domain-Specific Language Model
Pretraining for Biomedical Natural
Language Processing [61]

Gu et al.
https://doi.org/
10.1145/3458754

2019
Publicly available clinical BERT em-
beddings [24]

Alsentzer et
al.

http://dx.doi.
org/10.18653/v1/
W19-1909

2019
SciBERT: A pretrained language
model for scientific text [31]

Beltagy et
al.

http://dx.doi.
org/10.18653/v1/
D19-1371

2019

Transfer Learning in Biomedical
Natural Language Processing: An
Evaluation of BERT and ELMo on
Ten Benchmarking Datasets [106]

Peng et al.
http://dx.doi.
org/10.18653/v1/
W19-5006
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