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Knowledge and information in the biomedical domain are predominantly represented in text format and
available in diverse sources, such as articles, patents, electronic health records, and social media. Automated
approaches for organising these resources face significant challenges when understanding natural language.
Knowledge organisation systems serve as a crucial standard for enhancing information retrieval and sharing
among humans and automated approaches. Named entity linking plays a crucial role in bridging the gap
between text and knowledge organisation systems: it maps relevant entities described in text, such as diseases,
chemicals, and genes, to unambiguous entries in target knowledge organisation systems that accurately
describe their meaning. In this review, we analysed 102 articles published between 2013 and 2024 related to
named entity linking, which provides an overview of the landscape of knowledge organisation systems in the
biomedical and clinical domains and of the evolution of this task over the past decade. The findings highlight
key limitations of existing approaches and identify promising directions for future research.
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1 Introduction

Biomedical and clinical information and knowledge are available in multiple formats. One of the
most prevalent formats is text, which comes from heterogeneous sources, such as articles, patents,
electronic health records, and social media, among others. The high volume of biomedical and
clinical text available today raises challenges regarding access, sharing, and reuse.

Knowledge organisation systems (KOS), including vocabularies, terminologies, ontologies,
knowledge bases and graphs, are thus essential to managing biomedical and clinical information
and knowledge [10]. KOS standardise knowledge and information, providing easier retrieval and
sharing by scientists and automated approaches. However, to ensure the quality of the KOS content,
a continued curation process is necessary for processing the information presented in text and
storing it in the structure of the KOS. The curation is either manual, in which a human expert reads
the relevant text source and maps the present information to the KOS, or automatic, in which a
computer program does the process. Text mining approaches based on natural language process-
ing (NLP) techniques play an essential role in automatic curation of KOS content [9, 91, 129]. In
particular, the approaches focusing on entities, i.e., parts of text, such as diseases, chemicals, genes
or species, that are relevant for a given knowledge domain (for an interesting discussion about
what constitutes an entity, see [127]). Named entity recognition (NER) and named entity
linking (NEL) approaches identify entities in text and link them to the most relevant entries in a
given target KOS, respectively. For example, in biomedical literature there is abundant variation in
terminologies, and diverse obstacles are present: acronyms and abbreviations that lead to ambiguity
since, without context or background, some acronyms can be mapped to diverse expanded forms
[84]; sub-language in which, within a specific field, there are distinct terms or expressions to
that field that are not normally employed on others, additionally evolving through time in the
field requiring constant update [84] and homonyms, where different entities have the same
label [31].

Due to all these challenges, the NEL task plays a crucial role in organising all these convoluted
terms by normalising them to the most relevant entry in a KOS. Due to its significance within the
biomedical field and the multitude of approaches proposed in recent years, evaluating the current
state of the task and the existing KOS is essential for understanding its constraints and devising
potential strategies to address them.

There are several reviews addressing the NEL task, the majority outside the biomedical and
clinical domains [5, 43, 113, 133, 134, 168]. Reference [65] surveys biomedical NER and NEL dataset
resources, [50] focus on clinical NEL, more concretely on electronic health records. Reference [49]
recently provided a comprehensive review of the NEL task in the biomedical domain from its origin
until today.

Our goal is to assess the current state of the NEL task in the biomedical and clinical domains,
by performing a systematic review, following the Preferred Reporting Items for Reviews and Meta-
Analyses (PRISMA) guidelines, of the literature published from 2013 to 2024. In particular, we focus
on the proposed approaches to the task and on the role of KOS. We address the following research
questions:

— RQ1: What is the evolution of the NEL task in the last decade in terms of published approaches
and used methods?

—RQ2: What KOS are used in the NEL task and how are they used?

— RQ3: What are the current limitations of the NEL task and its future directions?

The contributions of the present work are:

— Systematic PRISMA review of the evolution of NEL task in the biomedical and clinical domains
from 2013 to 2024 with 102 reviewed articles;
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— Overview of the KOS landscape in the biomedical and clinical domains;
— Public dataset containing information about the reviewed approaches and the datasets used.

We further provide the relevant background information to enhance the understanding of our
study.

2 Background
2.1 The Named Entity Linking Task

The text mining pipeline encompasses two primary entity-centred tasks: NER and NEL. The pro-
cessing of a given text piece begins by performing NER, with the identification of each entity
mentioned e within it. The collection of identified entities within the text or the corpus is denoted
as E, and these identified entities are then categorised accordingly.

The goal of NEL is to associate each e € E with the respective identifier of a target repository or
KOS that accurately represents its meaning.

Given an input text corpus or a document I containing n entity mentions M = {ml, My, ..., mn},
and a target KOS K containing [ entries E = {e;, e,, ..., ¢/}, the goal is to assign each mention m; to
its corresponding entry e; from the target KOS:

EntityLinking(M, E) = {(ml, ej1> , (mz, ejz) e (mn, ejn>}
where e; represents the entry linked to mention m;.
1

NER and NEL can be tackled as separate tasks or as joint tasks.
The main challenges of the NEL task are:

— Ambiguity: synonyms, homonyms (the same entity mentioned has different meanings ac-
cording to the context), abbreviations;

— Insufficient coverage of the target KOS: it is necessary to update the existing KOS with
information that is newly published, however, manual curation is slow and costly;

— Scarcity of resources for non-English languages.

An example showcasing the ambiguity associated with the NEL task is shown in Figure 1.

The typical NEL approach includes two components: candidate generation and candidate disam-
biguation.

The candidate generation stage builds a list of candidate entities C,, from the target KOS K for
each entity mention m; € M (collection of recognised entities) through the function:

Cp, = GenerateCandidates(m, E) = {e1,¢05 0,00}

This influences the subsequent stages of the NEL approach.
The candidate disambiguation component ranks and selects (or disambiguates) the highest-
scoring candidate for each entity mention e through the function:

Disambiguate(m, C,, ) = {argmax__ . score(m, ¢;)}

A different axis to classify the approaches consists of the distinction between local and global
approaches [124]. Local approaches link each entity mention individually without considering
the context of the document where the mention appears. They are usually less complex and
thus more efficient. However, they are often unable to deal with ambiguity such as homonymy
(when the same entity mention string can have more than one different meaning). On the other
hand, global approaches overcome this by performing an interdependent linking of every entity
mention. Their goal is to maximize the coherence of the linking decisions at the document or
even corpus level. They are usually more precise than local approaches, albeit at the cost of higher
complexity.
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Iris (gene)
NCBI Gene ID: 33290

Document

Immune reconstitution
inflammatory syndrome
(IRIS)
SNOMED-CT ID: 426202004

"Inflammation in the iris, known

as iritis, can cause eye conditions @
0 . . .
like vision loss if left untreated. Tris (eye structure) $is (insect genus)
Sentence MeSH ID:D007498 NCBI Taxonomy ID: 444649

Link to target knowledge
organization system

Iris Iris (plant genus)
Recognized entity NCBI Taxonomy ID: 26378

Fig. 1. Example showcasing the linking of the entity mention “iris” to an entry in the target knowledge
organisation system Medical Subject Headings.

It is of great importance to ensure the accuracy and reliability of the NEL task because the
quality of the outputs influences downstream tasks such as relationship or event extraction. It
is essential to consider ethical considerations such as biases in language models, language, and
datasets that contribute to skewed distributions in the data. These biases need to be addressed to
avoid amplifying the skew [4].

2.2 Knowledge Organisation Systems

The essential function of a KOS is to organize knowledge and information, which includes their
management and representation, by organiz[ing] documents, document representations, works and
concepts [62] and retrieval, to serve as a bridge between the user’s information need and the material
in the collection [63].

There are plenty of different typologies of KOS, however, the exact distinction between them is
not always clear. One of the most extensive taxonomy of KOS was proposed by Souza [126]. The
main division level is based on structure type:

— Unstructured texts: for example, abstracts;

— Concepts, relationship and layout: examples include mind maps, data models, and entity-
relationship models;

— Term and/or concept lists: are simple structures typically characterised by alphabetical
displays, usually lacking hierarchical arrangements. Examples: dictionaries, gazetteers, glos-
saries;

— Concept and relationship structures: includes a variety of structures offering varying degrees
of relationship expressiveness. Simpler structures consist of hierarchical arrangements with
basic hyponym/hyperonym relationships, more complex systems like thesauri may incorpo-
rate meronomy (i.e., part-whole relationships) with ontologies providing the highest level
of expressiveness. Examples: taxonomies, thesauri, information retrieval indexes, semantic
networks, ontologies, and controlled vocabularies.
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Fig. 2. Context of the concept “caffeine” in the ChEBI ontology (some relationships and concepts are not
shown). Accessed in 24" June 2024. Each box includes the concept name and the respective ChEBI identifier.
It is shown three types of relations involving “caffeine”: “is-a” (blue boxes), “has-part” (orange boxes), “has-
role”(green boxes). Solid lines correspond to a direct connection between two concepts (e.g., “caffeine is-a
trimethylxanthine”, whereas dashed lines correspond to indirect connections, meaning that one or more
ontology levels are omitted (e.g., “organitrogen compound is-a chemical entity.”, but “chemical entity is distant

ancestor of ‘organitrogen compound”).

The secondary division level is related to the application domain and use cases, which encompass
a heterogeneous and wide-ranging set of 60 divisions (some are mentioned in the examples above).

One of the main goals of creating and maintaining KOS is enhancing data sharing and reuse
across a given domain. The approach to knowledge representation is thus heavily shaped by the
goals and language of the community that will use it. In the biomedical and clinical domains,
many KOS are categorised and described as ontologies. A widely cited definition of ontology in
the context of computer and information sciences (i.e., ontology as a knowledge representation
artefact and not as a philosophy branch) is the one proposed by Gruber: [ajn ontology is an explicit
specification of a conceptualization. [54].

Guarino expands on this definition, defining that an ontology is an engineering artefact that
includes a specific vocabulary used to describe a certain reality (...) and a (...) hierarchy of concepts
related by subsumption relationships (...), which can be complemented by axioms (...) to express other
relationships between concepts and to constrain their intended interpretation [57]. A subsumption
relationship, also referred to as a hyponym-hypernym, “is-a” or “SubClassOf” relationship, describes
a connection between two classes: a specific class (hyponym) and a generic class (hypernym). In
this relationship, instances of the specific class are encompassed within the broader generic class.
This analogy draws a parallel to a child-parent relationship. Figure 2 shows an example of the
concept “caffeine” represented in the hierarchy of the Chemical Entities of Biological Interest (ChEBI)
ontology and the different types of relationships with other concepts. A more complete description
of the ChEBI ontology is available at Section 4.

During the last decade, the designation knowledge graph has been gaining traction in both
academia and industry. Similarly to the confusion in defining different KOS, the definition of what
exactly consists of a knowledge graph remains contended. Hogan and coworkers define a knowledge
graph as a graph of data intended to accumulate and convey knowledge of the real world, whose nodes
represent entities of interest and whose edges represent potentially different relations between these
entities [64], which, overpassing the terminology nodes and edges, is a definition indistinguishable
from that of an ontology. By its turn, the definition by [117] asserts that a knowledge graph is
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an attempt to model a certain knowledge domain by providing descriptions of domain entities,
designated by nodes or vertices, and pairwise relations between them, designated by edges. A graph
can be directed, where an edge between two nodes has direction, or is undirected, in which case
the edge is symmetrical.

A common model of knowledge graph consists in the directed edge-labelled graph or multi-
relational graph: set of nodes representing entities, and the directed edges between the nodes
represent the relations between the respective entities [64].

To amplify the confusion, in the scientific literature focused on the NEL task the designation
knowledge base is highly prevalent. However, following the definition of [45], a knowledge
base must include a semantic component and a reasoning component able to reason over the
“’facts” described in the semantic layer, thus, one can argue that designating an ontology as a
knowledge base is imprecise, as an ontology is merely a component of a knowledge base and does
not encompass the entire concept.

The terminology surrounding KOS can be quite intricate, but it is crucial to understand the
distinctions by considering their underlying semantic richness. We can conceptualize this as a
“semantic spectrum.” At one end, you will find simpler KOS like vocabularies and taxonomies.
These primarily offer lists of terms and basic hierarchical relationships, like “is-a” Moving along
this spectrum, thesauri introduce richer semantic connections, such as meronymy (part-whole
relationships). Residing at the more expressive end are ontologies. These are not just “specifications
of a conceptualization” but engineered artifacts that rigorously define a vocabulary, a concept
hierarchy, and, critically, a set of axioms. Knowledge Graphs also fit on this spectrum; while their
definition can sometimes overlap with that of an ontology, they often emphasize the accumulation
of vast amounts of real-world entity data, where edges represent diverse relations between these
entities. The position of a KOS on this semantic spectrum directly influences the suitability and
efficacy of various NEL methods. For example, straightforward dictionary-based NEL approaches
might only require a KOS that provides canonical concepts and their surface forms (synonyms) for
lexical matching. In contrast, more advanced graph-based methods explicitly leverage the richer
structural information within a KOS, utilizing relationships between concepts to compute coherence
and disambiguate entities. Similarly, modern embedding-based approaches utilize the structure of a
KOS to train concept embeddings, which can then be used for candidate generation and ranking.
The quality and type of relations in the KOS directly influence the quality of these embeddings.

2.3 The Biomedical and Clinical Landscape of Knowledge Representation

The current biomedical and clinical knowledge representation landscape is broadly characterised
by two differing approaches to ensure data integration and interoperability: the Unified Medical
Language System (UMLS) [15] and the Open Biological and Biomedical Ontologies (OBO)
Foundry [69]. Online resources to access biomedical and clinical KOS include: OBO Foundry,'
BioPortal,2 OLS? and Ontobee.*

The UMLS is a collection of resources, including a very large biomedical metathesaurus that
provides a standard to connect a wide-ranging set of vocabularies in the biomedical and clinical
domains. The metathesaurus includes 3.38 million concepts, from 187 source vocabularies, spanning
27 languages.’ For some concepts, it provides synonyms and definitions, as well the relations

!https://obofoundry.org/

Zhttps://bioportal bioontology.org/

Shttps://www.ebi.ac.uk/ols/index

4https://ontobee.org/

52024AA release, statistics accessed at https://www.nlm.nih.gov/research/umls/knowledge_sources/metathesaurus/release/
statistics.html

ACM Comput. Surv., Vol. 58, No. 10, Article 259. Publication date: April 2026.


https://obofoundry.org/
https://bioportal.bioontology.org/
https://www.ebi.ac.uk/ols/index
https://ontobee.org/
https://www.nlm.nih.gov/research/umls/knowledge_sources/metathesaurus/release/statistics.html
https://www.nlm.nih.gov/research/umls/knowledge_sources/metathesaurus/release/statistics.html

Systematic Review of Named Entity Linking and Knowledge Organisation Systems 259:7

between other concepts. Synonym terms are clustered together to create a concept, which then has
relations with other concepts that are either inherited from the respective source vocabulary or
are added by the metathesaurus editors. Along with the “Metathesaurus”, the UMLS provides two
other knowledge sources: “Semantic Network” and the “SPECIALIST Lexicon and Lexical Tools”.
The “Semantic Network” is a set of broad categories or semantic types and their interrelations. The
semantic types categorise every concept present in the UMLS, working in practice as an upper
ontology. The latest version (2023AA) includes 127 semantic types.® The SPECIALIST lexicon is a
large syntactic English lexicon that includes both general and biomedical-specific terms.” To access
the UMLS resources, users must sign a license agreement beforehand and comply with distribution
rules. The UMLS includes several vocabularies that can be used separately in NEL.

The OBO Foundry includes 261 ontologies, 184 of them active,® with a particular focus on basic
research. The OBO foundry establishes a set of design patterns and common principles that every
ontology must adhere to ensure interoperability. These guidelines focus on ensuring that the
ontologies are open, have a common format (OBO format) and are developed collaboratively as a
scientific endeavour. Thus, the requirements to access the resources of the OBO foundry are less
restrictive compared to the UMLS.

One key difference between the UMLS and the OBO Foundry is the focus of the latter on the
development and maintenance of interoperable ontologies, whereas the former focuses on including
a wide range of existing terminology and classification systems from various sources. The OBO
Foundry generally follows a hybrid approach, i.e., it intends to guide the development of ontologies
according to a set of common rules and, at the same time, according to existing top-level or upper
ontologies, such as the Basic Formal Ontology (BFO) [68], Relations Ontology (RO) [135],
and the Core Ontology for Biology and Biomedicine (COB) [118]. Examples are Huntley
and coworkers [66], that have extended RO with specific relations to represent Gene Ontology
annotations and Jensen and coworkers [70], which developed the Neurological Disease Ontology
using high-level classes represented in BFO (“entity”, “continuent”, “occurent”, “process”, among
others). On the other hand, UMLS follows a top-down approach, where the goal is to ensure the
interoperability of already existing, heterogeneous KOS. One must note that the availability of a
given KOS in either UMLS or OBO foundry is not mutually exclusive, i.e., several KOS are accessible
within both frameworks.

Besides UMLS and OBO foundry, other models exist to ensure data standardisation, particularly
in the clinical domain. For instance The Observational Medical Outcomes Partnership (OMOP)
Common Data Model (CDM)’ attempts to structure and standardise the storing of data from
observational studies, and depends on The Observational Health Data Sciences and Informatics
(OHDSI) vocabularies and The Clinical Data Interchange Standards Consortium (CDISC)!” focus on
standardising clinical data collection.

There is no consensus on classifying semantic resources. For instance, UMLS is described as a
metathesaurus [73], terminological system [16], or ontology [67]. The classification often depends
on the use case and application domain, i.e., an ontology has a different definition whether one is a
philosopher or a bioinformatician.

Despite this populated landscape, a major obstacle lies in the conversion of text into structured,
useful, shareable data stored within a KOS. A resource is as good as the quality of the data
being integrated. Continuously populating the structure with updated and relevant data from the

Shttps://lhncbe.nlm.nih.gov/semanticnetwork/SemanticNetworkArchive.html, accessed in 23 August 2024
https://lhncbe.nlm.nih.gov/LSG/Projects/lexicon/current/web/index.html, accessed in 23 August 2024
8As of 23 August 2024. Source: https://obofoundry.org/

“https://ohdsi.org/data-standardization/

WOhttps://www.cdisc.org/standards
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Fig. 3. Categorisation of named entity linking approaches. The categories are not mutually exclusive.

ever-evolving biomedical and clinical fields is crucial to the relevance of KOS. Thus, information
extraction pipelines, including NEL approaches, assume a pivotal role in connecting text with
KOS [117].

In addition to the variety of KOS employed in the NEL task, it is crucial to consider the diverse
approaches used for a comprehensive understanding of the task.

2.4 Categorisation of Named Entity Linking Approaches

We expanded the terminology proposed by [48] to categorise the approaches described in the
reviewed articles. Note that a given approach can be categorised according to more than one
category. This terminology is represented in Figure 3 and is described below:

— Dictionary-based (dict): approaches based on matching the surface form of the mention (i.e.,
their text) with the surface forms of the candidates. The matching is based on both mentions
and candidates’ morphological and syntactic properties (i.e., lexical comparison).

— Graph-based (graph): approaches involving the building of graphs, usually including every
mention in a given document and the respective candidates. A measure of coherence or
similarity is usually calculated between mentions/candidates to pick the best candidate.

— Rule-based (rule): approaches based on symbolic rules crafted by human experts (e.g.,
“if-then” rules).

— Distributional representations (dist): mentions and concepts are represented by embed-
dings instead of their surface forms. The similarity between mention and candidate embed-
dings can be used directly to pick the best candidate or the embeddings can be included in
more complex approaches, such as machine or deep learning models.

— Machine learning (ml): approaches that learn to do a task without explicit instructions.

— Deep learning (dl): approaches based on artificial neural networks including multiple
hidden layers.

— Other

Assessing the performance of an approach in the NEL task requires common standards to allow

for comparison between approaches.

2.5 Evaluation of Named Entity Linking

The performance of NEL is evaluated on annotated datasets or benchmarks, with annotations carried
out either automatically (referred to as silver standard) or manually by human annotators (referred

ACM Comput. Surv., Vol. 58, No. 10, Article 259. Publication date: April 2026.



Systematic Review of Named Entity Linking and Knowledge Organisation Systems 259:9

of studies via and reg| B
" Article

Records removed before
screening:
Duplicate records removed (n

Records identified from:
PubMed (n = 800)
ACL Anthology (n = 94)
ACM Digltal Library (n = 123)
IEEE Xlplore (n = 484)

J

Records screened
(n=1426)

Reports sought for retrieval Reports not retrieved Full-text
(n=1426) (n=5) screening

Reports assessed for eligibility
(n=453)

Deduplication

[ rgentincaton ] 1>

Title and
abstract \ Selection

screening

Screening

Reports excluded Data
(n=2351) collection

Data
handling

Data
synthesis

Records included in review
(n=102)

[ Included ] [

Data
presentation

Fig. 4. Review workflows. A- PRISMA flow diagram: results from the databases searches from 2013-2024. B-
Review workflow: step by step overview.

to as gold standard). While gold standards allow a more accurate assessment of the performance,
human annotations are more expensive, since they require additional time, effort, and domain
expertise.

Common dataset formats have been proposed to facilitate interoperability including brat/stand-
off!!, BioC!2 and Pubtator.?

The performance of a NEL approach is measured using different metrics according to the
context and goal. True positives (TP) refer to the number of entities correctly linked to the
appropriate entries in a target KOS, false positives (FP) to the number of entities wrongly linked,
and false negatives (FN) to the number of entities that the model should link but fails to do so.
Precision corresponds to the proportion of TP out of all the entities linked, measuring how often
the predictions of the approach are correct. Recall corresponds to the proportion of TP out of all
the entities that should have been linked, measuring how well the approach identifies all relevant
entities. The micro F1-score evaluates the overall performance by aggregating precision and recall
across all entities. To calculate the macro F-1 score first it is necessary to calculate the F1-score for
each entity type or concept in the target KOS and then it is necessary to average all the scores. The
macro F1-score gives more weight to less frequent concepts, whereas the micro F1-score treats all
concepts equally. Accuracy @k checks whether the correct entity is among the top k predictions.

3 Methodology

We followed the guidelines of the PRISMA 2020 statement [119]. The review methodology is
summarised in Figure 4 and described below.

https://brat.nlplab.org/standoff html
2http://bioc.sourceforge.net/
Bhttps://www.ncbi.nlm.nih.gov/CBBresearch/Lu/Demo/tmTools/Format.html
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3.1 Search

3.1.1 Information Sources. We retrieved relevant articles from the following repositories: IEEE
Xplore,'* a digital library of literature published by the Institute of Electrical and Electronics Engineers
(IEEE) and partners; ACM Digital Library," a digital library containing the full-text collection of all
literature of the Association for Computing Machinery (ACM); PubMed,'® a database that comprises
citations and abstracts of biomedical literature; ACL Anthology,"” provides papers on the field of
computational linguistics and NLP.

3.1.2  Search Strategy. For each repository, we applied a different search strategy using both
manual and automatic techniques according to the available options and characteristics of the
repository. Nevertheless, each search query attempted to capture the differing designations for the
NEL task. The general query is the following:

("biomedical"” OR "medical" OR "clinical") AND ("entity" OR "term" OR "concept")
AND ("linking" OR "normalization" OR "mapping" OR "disambiguation"
OR "annotation" OR "extraction")

We applied additional filters to refine the results further when available, such as topic (“‘computer
science”, “natural language processing”, “text analysis”), language (English), and publication date.
The detailed search strategy for each repository is available in the Appendix A.

Three search rounds were performed:

(1) 13 March 2023 in the repositories IEEE Xplore, ACM Digital Library, PubMed, ACL anthology;
(2) 3 April 2024 in the repositories IEEE Xplore, ACM Digital Library, PubMed, ACL anthology;
(3) 11 June 2024 in the repositories IEEE Xplore, ACM Digital Library, PubMed, ACL anthology.

The search rounds resulted in a large set of articles, which had to be further selected.

3.2 Selection

The selection process was carried out by two NLP experts with biomedical backgrounds and
included the following steps:
(1) Deduplication
(2) Title and abstract screening
(3) Full-text screening
We considered the following exclusion criteria:
— Duplicate publication;
— Article is written in non-English languages;
— Article not published in the time interval 2013-2024 (for the year 2024, only articles until
11t of June were considered);
— Articles not addressing NEL (e.g., articles focusing on NER, word sense disambiguation,
record linkage);
— Article that proposes a NEL approach but that is not focused on the biomedical domain;
— Article that does not propose a novel approach (e.g., reviews and surveys, chapters, or articles
describing approaches that use existing tools without modifications);
— Article without the methodological description of the approach;
— Article without evaluation of the approach;
— Unavailable full-text.

Yhttps://ieeexplore.icee.org/Xplore/home.jsp
Bhttps://dl.acm.org/
https://pubmed.ncbi.nlm.nih.gov/
https://aclanthology.org/
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distributional representations.

3.3 Data Handling

3.3.1 Data Collection. The data was manually collected on the selected articles by reading their
text and filling in a pre-defined template based on the research questions.
Appendix B includes an exhaustive description of the data extracted from each article.

4 Results and Discussion

At the end of the selection and data collection phase and the full-text screening sub-phase, 102
articles were considered for further analysis. Data collection was carried out in these articles. The
distribution of the selected articles by source is the following: 48 from the PubMed (47.1 %), 20
from the ACL Anthology (19.61 %), 20 from the IEEE Xplore (19.61 %), and 14 from the ACM Digital
Library (13.7 %).

Three datasets with the results are available as supplemental data: reviewed articles, evaluation
datasets, and datasets scores.

4.1 Evolution of Article Publication (2013-2024)

This section aims to categorise the selected papers based on the progression of techniques over time.
However, given that many of these papers often overlap across multiple categories, it is challenging
to classify them without excessive specificity, thus this was done by a sweeping analysis.

The distribution of articles and approaches by year is shown in Figure 5. 2021 is the year with
more articles published (N=24), whereas between 2013 and 2017 are the years with fewer articles
(N=6). For the year 2024, only articles published until 11" June were considered, which resulted in
five selected articles. Until early 2020, the approaches focused more on rules (N=24), followed by
machine learning (N=14) and dictionary-based (N=11).

Rule-based and dictionary-based models mainly use techniques like string or semantic match-
ing algorithms based on similarity measure [7, 30, 46, 92, 130, 136, 141, 170], term frequency-
inverse document frequency (TF-IDF) [89, 108], mapping systems to a KOS [6, 21, 39, 74, 77,
81, 93, 125, 160, 162], distances such as Levenshtein [79, 96, 101] or probabilities [17, 144].

Although these approaches have some strengths such as flexibility, adaptability and more control
due to their transparency they convey many limitations. The limitations that are most encountered
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in these systems include mismatches due to very similar concepts, wrong string matching due to
concept boundaries in the NER phase and the inability to handle synonyms, co-references and
syntax-level processing.

For distributional representations, techniques such as vector space [149], k-nearest neighbours
[183], semi-Markov models [90], and clustering [8] are employed. Limitations in this category are
mainly reported to be confusion between entity types, for example, confusing genes with chemicals
or diseases with general biomedical vocabulary.

Graph-based approaches use techniques such as the Personalized Paged Rank algorithm [88, 122]
and node importance and inter-node coherence [150]. Reported limitations consist of problems
with a lack of edges between candidates and errors dealing with parent-child concepts.

Earlier machine learning approaches consisted of Naive Bayes [51], recurrent neural net-
works (RNN) [58, 165], convolutional neural networks (CNN) [37, 58, 164], long short-term
memory (LSTMs) [105, 109, 153] and n-gram models [121]. These approaches also explored more
with unsupervised techniques compared to current approaches [78, 177, 178].

In 2020, the rapid growth of machine learning, particularly deep learning, became more apparent
(N=10) following the introduction of the Transformer architecture [156] and the development
of models like Bidirectional Encoder Representations from Transformers (BERT) [38].
Research increasingly focused on using pre-trained models such as BERT, BioBERT [94], SciBERT
[11], PubMedBERT [55], and ELMo [123]. These models are initially trained on large-scale text
datasets, which can include web pages, Wikipedia pages, scientific articles, or other formats, in
an unsupervised manner. This means that only unlabelled data is required. This pre-training step
generates a language model that has learned the statistical relationships present in the training
corpus. The pre-trained model can then be fine-tuned, i.e., further trained on a specific downstream
task for which labelled data is available. Reference [75] provides a comprehensive overview of
biomedical transformer-based pre-trained language models.

The majority of these approaches are based on learning features to rank the candidates’ concepts
or better entity disambiguation. Overall, these approaches adopt a more straightforward approach
through which the data is fed into the model without any further input or manipulation, holding on
the potential to automatically learn the natural features of a dataset [4, 12, 24, 29, 35, 41, 60, 72, 76, 87,
100, 112, 115, 140, 142, 143, 146, 151, 152, 154, 155, 166, 176, 179]. Other approaches attempt to learn
representations by integrating certain KOS concepts or semantic types [47, 137, 169, 175], to generate
deep contextualized embeddings [13, 22, 32, 34, 42, 97, 158, 173], to include graphs embeddings to
better incorporate complex representations [103, 157] and, additionally, other approaches focus
on low resource and zero-shot problems [110, 116]. A great deal of issues in the machine learning
category are related to ambiguous annotations including entity overlap, hypernyms, hyponyms,
failure to process abbreviations and difficulty to deal with complex phrases or expressions outside
KOS.

While currently pre-trained models are commonly used, there is still some research regarding
more conventional machine learning techniques like LSTMS with Word2Vec and its similar such as
BioWordVec, or CNNs [14, 56, 83, 86, 120, 128, 138, 171]. A few models go in more elaborate ways
to tackle this task, using a combination of approaches [2, 26, 145, 147].

Recently, Large Language Models (LLMs) and prompt-based learning gained popularity. Given
its ability to efficiently incorporate context, prompt-based learning in the context of NEL helps
with the issues of ambiguity and name variations [174, 180, 181]. Although these new approaches
solve some crucial problems, one drawback is that they require a large amount of training data,
making it computationally expensive.

A clinical acronym disambiguation approach tries to tackle the problem of specific acronyms and
jargon in clinical text by comparing a web mining approach using BING versus the conversational
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Fig. 6. Top-10 KOS used in the approaches described in the reviewed articles and the respective percentage
(e.g., 44.12% of the approaches use UMLS).

agent ChatGPT (https://openai.com/index/chatgpt/). Using discharge summaries from cardiology,
dermatology and oncology fields as datasets, acronyms were extracted as the context. The results
showed that ChatGPT provides a better output than BING since the latter could not resolve acronyms
that were scarcely found on the web.

It is plausible that the NEL task is no longer being developed independently, but rather refined
as part of an end-to-end system using these models. Another explanation is that the models are not
yet fit or are an overkill for this task.

Approaches that fall in the “Other” category include more diverse strategies such as in [33] that
uses a genetic algorithm based on hypergeometric distribution for candidate generation, having as
main drawback the use of incorrect UMLS concepts.

4.2 What Knowledge Organisation Systems Are Used in Named Entity Linking?

Figure 6 shows the target KOS of the NEL approaches described in the reviewed articles. 44.12%
(N=45) of the approaches have UMLS as a target knowledge base, followed by MeSH (20.59%, N=21)
and Systematized Nomenclature of Medicine - Clinical Terms (SNOMED-CT) (18.63 %, N=19).

Below is the description of some of the most commonly used KOS in the NEL task in the
biomedical and clinical domains (excluding UMLS, described in Section 2.3).

The MeSH thesaurus'® is a controlled and hierarchically organized vocabulary that is used to
index journals, cataloguing and search for biomedical articles and health-related information [102].
This thesaurus is actively maintained to modify and update the emerging new concepts while
deprecating older ones. In general, these updates are divided into daily updates for supplemental
records and annual updates for MeSH Descriptors and MeSH Qualifiers. The main unit of indexing
and retrieval is the Descriptors, which are the main headings. Qualifiers are the subheadings and
are combined with Descriptors to index citations according to a specific aspect beyond the main
headings. There are 16 descriptors categories such as A for anatomic terms, B for organisms, C for
diseases, and D for drugs and chemicals, which in turn are subdivided into more categories. Each

18https://www.nlm.nih.gov/mesh/meshhome.html, accessed in 7 March 2024
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unique descriptor appears at least in one place in the trees and may appear in as many additional
locations as necessary.

SNOMED-CT!'? focus on healthcare-related concepts, to facilitate the organisation and storage
of clinical data extracted from electronic health records. It was developed by an extensive set
of experts, including physicians, nurses, physician assistants, pharmacists, informaticians, medical
technicians. It includes four components: Concept Codes, Descriptions, Relations, and Reference
Sets (clustering of concepts into sets and cross-references to other KOS). The latest version (version:
2024-05-01, international edition) includes 367,584 concepts. [139]. This KOS is proprietary and
maintained by and distributed by SNOMED International, being available in multiple languages.

The Medical Dictionary for Regulatory Activities (MedDRA)? is an international medical
terminology developed by the International Council for Harmonisation of Technical Requirements
for Pharmaceuticals for Human Use (ICH) [19]. It is focused on pharmacovigilance and clinical
research, providing standardisation for (...) adverse event information associated with the use of
biopharmaceuticals and other medical products (e.g., medical devices and vaccines).?'.

The National Center for Biotechnology Information (NCBI) includes a comprehensive
repertoire of relevant biomedical and clinical information, including several KOS. For instance,
the Gene database®’ contains information about known and predicted genes from all major
taxonomic groups, ranging from viruses to eukaryotes [20, 106]. The gene records provide detailed
information such as nomenclature, sequence, structure, function, variations, and phenotypes.
The Taxonomy database?®® [132], as its name suggests, provides a hierarchy of organism names
arranged according to phylogenetic criteria. The highest level is the domain, followed by kingdom,
phylum, class, order, family, genus, and species.

The Online Mendelian Inheritance in Man (OMIM) database?* contains information about
human genes and genetic phenotypes, with an emphasis on the relationship between phenotype
and genotype [107]. This database is updated daily and contains information on all known
Mendelian disorders.

The Comparative Toxicogenomics Database (CTD)?> provides manually curated information
about chemical-gene/protein interactions, chemical-disease and gene-disease relationships. This is a
public database that focuses on the progress in the understanding of the influence of environmental
exposures on human health [36]. It provides a generalised scope of the entities in diverse human
health contexts due to its interconnection with other large vocabularies and KOS. It provides
a collection of data about commonly used entity types in biomedical and clinical NEL, such as
chemicals, diseases, and genes. CTD-Chemicals combines a subset of the MeSH thesaurus along
with information about their chemical structures, interaction with genes and proteins, disease
relationships, enriched pathways and functional annotations. CTD-Disease, best known as MEDIC
disease vocabulary, maps OMIM diseases to the MeSH disease category, including entries from
both resources. CTD-Genes, which includes symbols, names and synonyms, is a cross-species
vocabulary that arises from the NCBI. It provides information about interaction with chemicals,
disease relationships, associated pathways and functional annotations.

The advent of genome sequencing generated vast amounts of molecular data, revealing shared
biological functions across all eukaryotic organisms. This led to the creation of the Gene Ontology

Yhttps://www.snomed.org/, accessed on 7 March 2024
Dhttps://www.meddra.org/
Hhttps://www.meddra.org/faq, accessed in 7 March 2024
Zhttps://www.ncbinlm.nih.gov/gene
Bhttps://www.ncbi.nlm.nih.gov/taxonomy
Zhttps://www.omim.org/

Bhttps://ctdbase.org/
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(GO)?° project, a collaborative effort among several model organism databases, including FlyBase,
Mouse Genome Informatics, and Saccharomyces Genome Database. The GO Consortium aimed
to develop a unified ontology to describe the functions and roles of genes and gene products
across various organisms. GO allows researchers to annotate genes and gene products consistently,
enhancing data integration and cross-species comparisons. GO terms are categorised into three
distinct ontologies: Biological process (describes the processes involving a gene or gene product),
Molecular function (relates to the biochemical activity of a gene or gene product), Cellular component
(pertains to cellular or extracellular locations). The latest GO release (2024-01-17) includes 42,442
terms, 7,655,937 annotations, and 1,537,348 annotated gene products from 5,387 specieSZ7. This
ontology is freely available as part of the OBO initiative.

The ChEBI ontology?® [61] focuses on small chemical compounds, including metabolites,
drugs, and other bioactive molecules involved in biological processes. ChEBI was built using
three data sources: the Integrated Relational Enzyme database of the European Bioinformatics
Institute (IntEnz), KEGG COMPOUND, and the Chemical Ontology. ChEBI, like similar ontologies,
is a graph-theoretic structure with terms as nodes and relationships as edges. However, unlike
other ontologies, it is a directed cyclic graph, meaning it contains cycles. The ChEBI ontology
includes three high-level categories: chemical entity, role, and subatomic particle. Two of these
sub-ontologies classify compounds based on structural chemical features (chemical entity and
subatomic particle), while the role category classifies compounds according to their biological
and chemical roles. In addition to common relationships such as is-a and is part of, ChEBI
includes specific chemical relationships: is conjugate acid of, is conjugate base of, is tautomer of;
is enantiomer of, has functional parent, has parent hydride, and is substituent group from. The ChEBI
database also stores other relevant information, such as chemical names, synonyms, definitions,
chemical information (IUPAC names, SMILES representation), and cross-references with other
databases like UniProt and PubChem. The data in ChEBI is freely available as part of the OBO
initiative.

The International Classification of Diseases (ICD)~” is a medical classification developed
for healthcare, epidemiological and clinical purposes developed by the World Health Organization
[167]. The purpose of the ICD was to be the worldwide standard for tracking morbidity and
mortality statistics, support coding tools in clinical settings and reimbursement systems, and
facilitate automated decision-making in healthcare. The ICD structure includes clinical codes ranging
from diseases and diagnostics to symptoms and findings. The latest version, ICD-11 replaced ICD-10
after 2022, which was active since 1993.3° ICD-11 includes about 80,000 entries complemented by
40,000 synonyms, each characterising a disease, syndrome, or health-related phenomenon in a way
that not only is descriptive but also specifies its relationships with other entities and provides a
way for digital systems to take account of meaning that may be assigned to an entity [59]. The ICD
is provided as part of the UMLS.

The choice to utilize UMLS may stem from its extensive coverage, derived from the integration
of numerous source KOS. On the other hand, employing individual ontologies from the OBO
Foundry may be more suitable for specialised applications where the integration of multiple KOS
is unnecessary or less relevant.

A significant obstacle to using large coverage KOS is a lack of specificity and loss of sub-field
jargon. Maintaining sub-field vocabulary specificity is critical in domains that are dependent

)29

%https://geneontology.org/

Thttps://geneontology.org/stats

Bhttps://www.ebi.ac.uk/chebi/
https://www.who.int/standards/classifications/classification-of-diseases
Ohttps://www.who.int/standards/classifications/classification-of-diseases
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heavily on acronyms, abbreviations, and terminologies, such as signalling and metabolic pathway
characterisation.

Barely any papers looked into the use of smaller ontologies (e.g., [17, 178]). In [178], the authors
explored the hierarchical and relational structure, such as the semantic relation between entities
(e.g., subClassOf), to enrich domain knowledge. The first step was to create a graph representation of
the entity mentions, followed by the creation of a knowledge subgraph using the ontology structure,
taking into account classes, individuals, and properties. Then, using the knowledge subgraph, each
entity is linked to others. The results showed that integrating rich structures into ontologies can
help to leverage manual annotation. However, there are problems in the ontologies such as these
are also evolving and sometimes lack information, such as vague relations like “related to” that do
not provide more specificity.

NEL plays a key role in managing KOS, and, conversely, the functionalities provided by KOS
can enhance NEL performance. KOS offers structured frameworks that organize information in
a systematic manner, which can be leveraged to improve various stages of the NEL process. In
particular, the features of KOS contribute to enhancements in both the candidate generation and
candidate ranking steps of NEL.

During the candidate generation step, KOS can provide a rich set of contextual information
and relationships that help in identifying potential candidates for entity linking. By utilizing
the hierarchical structures and semantic relationships defined within KOS, NEL approaches can
more accurately generate a list of potential entities that match the named entities identified in
the text. For example, KOS allow the training of concept embeddings, which can be applied for
generating the candidates lists: a similarity measure (e.g., cosine similarity) is calculated between
the representation of the input entity mention and the representation of the concepts in the target
KOS [29, 58, 78, 98, 140, 146, 151].

In the candidate ranking step, KOS features such as relationships and domain-specific knowledge
can be employed to rank the generated candidates more effectively. This ensures that the most rele-
vant and contextually appropriate entities are selected, thereby improving the overall performance
of the NEL approaches. For example, the relations defined between concepts can be leveraged to
enhance disambiguation graphs, which can include edges based on the relations [88, 128, 178]. Also,
the use of semantic types can also be used to filter out irrelevant candidates as described in [155].

In essence, the mutually beneficial interaction between NEL and KOS highlights the necessity of
combining these systems to improve the performance of NEL approaches and at the same time
increase the advantages provided by KOS.

KOS are essential in the NEL task; however, their potential remains to be fully explored, since
many proposed approaches focus on a narrower set of KOS. Focusing on underexplored KOS and
broadening the scope of NEL approaches can enhance their coverage and accuracy.

4.3 Evaluation in the Named Entity Linking Task

Evaluation datasets are critical to access performance. Thus, it is of great importance to understand
their quality by assessing their diversity, more concretely, by exploring which entities they encom-
pass and which sources and knowledge bases they use. In this section, we try to make a condensed
description of the datasets that were used on the selected papers. The most common datasets used
by the approaches described in the reviewed articles are shown in Table 1.

The most used evaluation datasets in the reviewed articles are BC5CDR with 15% (N=28) followed
by 12% (N=22) of custom datasets, 9% (N=17) of the NCBI Disease and 8% (N=16) MedMentions.
The top-10 datasets are shown in Table 1.

The BC5CDR [95] was created in 2016 as part of the BioCreative V competition. It is an English
gold standard created using lit-abs with sources in PubMed having tagged disease and chemical
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Table 1. Top-10 Evaluation Datasets

Datasets Frequency Percentage (%)
BC5CDR 28 15.47
custom 22 12.15
NCBI Disease 17 9.39
MedMentions 16 8.84
Cadec 6 3.31
MCN 5 2.76
ShARe2013 5 2.76
COMETA 5 2.76
CRAFT 4 2.21
AskAPatient 3 1.66

entities with their relation annotations. It is composed of 1,500 articles with 4,409 annotated
chemicals, 5,818 annotated diseases and 3,116 chemical-disease interactions linked to MeSH.

NCBI Disease [40] is an English gold standard created in 2014 using 793 lit-abs from PubMed,
encompassing 6,891 disease mentions linked to MeSH and OMIM.

MedMentions [111] consists of 350,000 linked mentions of biomedical concept recognition linked
to UMLS concepts. It is a gold standard that was built in 2019 using 4,000 lit-abs from PubMed. It
also has a widely used subset named ‘ST21pv” (an acronym for “21 Semantic Types from Preferred
Vocabularies”) which targets the MedMentions sub-corpus baseline.

In view of existing biases and limitations in current datasets, many authors create a tailored
dataset to meet their needs. The disadvantage of this approach is that it is not always reproducible,
as some datasets are not publicly available.

The language diversity is low since the majority of the datasets (88.2%, N= 30) include English
text, with only a few datasets including text in other languages, such as Chinese (N=2), French
(N=1), Hebrew (N= 1), and Spanish (N=1). However, we must note that the search strategies
included queries with English terms, which will inherently skew the results towards English
results, and we explicitly removed articles expressed in non-English languages in the selection
phase. In the clinical domain, particularly, it is critical to develop approaches focusing on the
native language of the healthcare workers, since they mostly express themselves in their native
language.

UMLS is the most used knowledge base target, accounting for 20% of datasets (N=12), followed
by NCBI Taxonomy (10%, N=6), SNOMED-CT (8%, N=5), MeSH (7%, N=4), ChEBI, and OntoBiotope
Ontology (5%, N=3). The remaining knowledge bases appear in two or fewer datasets.

Gold standards are the most prevailing standard encompassing 86% of the datasets (N=30) being
only 14% (N=5) silver standard ones.

The availability is also one important factor. The greater part of the datasets are publicly available
(N=22), some require a license agreement or registration (N=7), and a few are unavailable (N=4).

Competitions are another way to stimulate knowledge advancement in NEL research.
Competitions offer targeted problem-solving, which often demands original thinking, as well as
method benchmarking that has a closer real-world impact. Some of the existing datasets were
developed in the scope of a competition task with a percentage of 38.24% (N=13). Challenges
such as the BioCreAtIVE and the BioNLP shared task are some examples of dataset progression.
BioCreAtIvE (Critical Assessment of Information Extraction systems in Biology) is a challenge
for evaluating text mining and information extraction systems in the scope of the biological
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domain by making use of the community effort. Since its beginning, it has contributed with 17
datasets,?! five of them used on the surveyed papers, one of them the BC5CDR that is widely
used.

4.4 Types of Text and Entity Types

The dominant text type is title and abstracts from articles (lit-abs) (52.94%, N=54), followed by
electronic health records (20.59%, N=21) and social media text (15.69%, N=16). The top-10 text types
are shown in Figure 7.

This highlights the fact that despite the abundance of standards and repositories for storing and
disseminating scientific information and data, scientific literature remains the primary means to
achieve this goal. Because scientific articles are written in natural language, there is a continuous
need to develop and refine text mining and NLP methods. These advancements are crucial for
effectively utilising the vast amount of scientific information and data that is constantly being
generated.

Predominantly, 47% (N=18) of the text source comes from PubMed followed by 18% (N=7) of
social media such as blogs, forums, reddit or Twitter.

Regarding entity type, most use more diverse entities that fall into the “bio” type (13%, N=8),
followed by “chemical”, “species” and “disease” each with 11% (N=8), next with “symptom” (8%,
N=6), 7% cover “adr” and “gene” (N=5).

4.5 Named Entity Linking or Normalisation? Disambiguating the Task Name

In contrast to the central motivation of the NEL task, there is ambiguity in the designation of the
task across the literature. In the reviewed papers (N=102), we identified five designation clusters:
“normalisation” (N=50), “linking” (N= 37), “disambiguation” (N=8), “mapping” (N=6), and “extrac-
tion” (N=1), with differing previous words associated with the object of the task, such as “entity”,

“named entity”, “concept”, “term”, but also with the domain of the task (“biomedical”, “clinical”,
“medical”).

3https://www.ncbi.nlm.nih.gov/research/bionlp/biocreative
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4.6 Limitations of Current Named Entity Linking Approaches

Several limitations are mentioned by the authors of the reviewed articles. These include dataset-
related errors, such as overlapping annotations [146, 153], incorrect delimitation of entity boundaries
and incorrect entity typing [74, 89, 101, 165].

Additionally, other limitations are related with the KOS, including the quality [83], ignoring
semantic relationships, the existence of NIL entities [155, 166], for example, the correct candidate
is not in the generated candidate list [155] or the approaches only identify and cluster NIL entities
[173]. The existence of NIL entities arise from a lack of coverage from target KOS: either its structure
does not include an existing entity already described in a text source due to the slow curation
process, or the entity is completely new and does not fit into the conceptual schema of the KOS.
In terms of KOS quality, [99] highlights that the main limitation of biomedical ontologies is their
development and maintenance, which largely depend on manual effort. This process is costly and
error-prone, and may fail to adequately capture the evolution of domain knowledge over time.

Evaluation challenges include a lack of benchmarks and many times focusing on a single domain,
limiting the ability to generalise across domains [17, 160]. Additionally, the requirement for ex-
plainability in clinical settings, as it is essential to understand the reasoning behind the predictions
made by deep neural networks [155]. Supervised approaches require labelled training data, which
can be difficult to obtain and build [83, 169]. One direction worth exploring is the development of
curation pipelines that include collaboration between LLMs and human annotators to speed up the
annotation [80].

Moreover, there is the complexity of composite annotations where a single annotation is associ-
ated with multiple identifiers simultaneously [90, 153, 165].

Text complexity also presents difficulties, including issues with abbreviations [101, 146, 165],
synonyms [125, 130, 146], hypernyms/hyponyms, i.e. parent and child concept with similar names,
approach wrongly associate entity with a parent or vice-versa [101, 146, 176]. These challenges
can lead to incorrect entity associations and the need to leverage context for disambiguation
[37, 83, 128, 169].

4.7 Large Language Models in Named Entity Linking

LLMs have had a significant impact on the NLP field and are becoming increasingly important in
the biomedical field. For example, Glass Health®? provides Al-powered clinical decision support,
while Mental.LaMA [172] analyzes social media content to identify mental health indicators such
as depression and suicidal ideation and, more recently, MedGemma [53] that refers to a compilation
of Google’s open models designed for the understanding of medical text and images. Although this
review does not focus on LLMs and our initial query retrieved few papers employing them, due to
their relevance we ran an additional search in the ACM Digital Library (see Appendix A.3.1 for
query). In this section, we briefly mention some relevant works that apply LLMs to the NEL task.

Borcher et al. [18] improved candidate generation in complex entity mentions. First, they use
TF-IDF and the candidate concepts that came from SapBERT to do a K-nearest neighbor search. In
order to simplify input entity mentions for candidates that fall below a given threshold of similarity,
they used an LLM (GPT-4) with few-shot prompting. This simplification involved rewording and
condensing lengthy or complex mention spans. Results shown that this simplification step improves
recall.

To enhance medical concept normalization (MCN) of German clinical narratives, Abdulnazar
et al. [3] used GPT-4. GPT-4 was initially used to clean the raw text transforming it into a more
standardized and readable form. Then, using the bi-enconder SapBERT to convert the terms to

$2https://glass.health/
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vectors and matched them against embeddings spaces created from two custom German termi-
nologies linked to SNOMED CT. Lastly, the LLM was again employed as a re-ranker through
Retrieval-Augmented Generation (RAG), optimizing the selection of the best concept matches
from a list of candidates. This work showed that this combined approach, leveraging LLMs for text
cleansing and RAG, significantly enhanced MCN performance.

Both works of [18] and [3] successfully used LLM’s to clean and simplify text into more stan-
dardized and readable format.

Focusing on rare diseases, Wang et al. [159] approach uses a fine tuned LLaMA 2 for concept
normalization across HPO, OMIM, and SNOMED-CT vocabularies. They recast normalization as an
autoregressive next-token prediction task and train two separate models for HPO and OMIM over
90 epochs. The authors evaluate performance using a variety of prompt styles and term variations-
including concept names unseen in training—to test adaptability. While the raw LLaMA 2 base
model cannot reliably map HPO or OMIM terms to their corresponding identifiers, both fine-tuned
models achieve near-perfect accuracy on the original training prompts. This demonstrates the
utility of specialized LLM fine-tuning for precise concept normalization for rare diseases.

BioLinkerAlI [131] is a neuro-symbolic approach for biomedical entity linking that combines rule-
based methods with LLMs. It is composed by two components: the symbolic component that uses
rule-based entity extraction, combining domain-specific and linguistic rules and; the sub-symbolic
component that employs a LLM to perform a candidate disambiguation. This approach improves
NEL accuracy in cases when a single entity aligns with multiple terms in a knowledge base and
can achieve SOTA results without requiring extensive labelled training datasets.

Recent advancements in LLMs for the NEL task demonstrate the effectiveness in simplifying
complex text into a more standardized and readable format, which reduces noise and enhances
candidate generation. These models’ successful candidate disambiguation accuracy highlights their
potential to significantly improve NEL task.

4.8 Future Directions for Named Entity Linking

Because medical errors can have serious consequences, assessing NEL methods requires more than
measuring performance. Earlier approaches, such as rule-based and dictionary-driven systems, are
inherently transparent and can perform reliably in well-defined settings, but they often fall short
when faced with the complexity and variability of medical language, not being able to scale. In
contrast, black-box methods like deep learning deliver strong performance and handle complex
patterns well, yet they lack transparency and are difficult to interpret, making it hard to explain
or understand specific outputs. Therefore, NEL systems should strive to have a balance between
performance and also explainability, robustness, and conditions that allow human experts oversight.

The authors of the reviewed papers identified future directions, which we categorised into three
groups: domain adaptation and generalisation, knowledge integration and representation, and
human evaluation and feedback. We further address these and additional topics that we consider
relevant for the future of the NEL task.

The performance of supervised learning approaches deteriorates when applied to scenarios
involving data that was not present in their respective training datasets. Developing comprehensive
training datasets is not only time-consuming and expensive but also requires extensive domain-
specific expertise. The coverage of such datasets is inherently limited. For example, in the clinical
domain, creating datasets that encompass all subdomains is exceptionally challenging due to the
vast and diverse array of diseases, organs, and specialized terminology. Consequently, it is crucial
to emphasize domain adaptation and generalization in the development of these approaches.

Domain adaptation enables the adjustment of existing models, originally developed for different
domains (e.g., pre-trained language models for biomedical text), to specific applications (e.g., rare

ACM Comput. Surv., Vol. 58, No. 10, Article 259. Publication date: April 2026.



Systematic Review of Named Entity Linking and Knowledge Organisation Systems 259:21

diseases). Generalization, on the other hand, refers to the ability of these approaches to perform
effectively in scenarios involving data not encountered during the training phase.

In the NEL tasks, this includes evaluating the approach on more domains/datasets [29, 47, 72, 86,
103, 176], addressing differences in dataset characteristics [6], developing and assessing methods
in various languages [27, 30, 158, 181], particularly in clinical domains, as well as implementing
self-supervision [176] and zero-shot learning to enable models to perform well without supervised
training or fine-tuning.

Knowledge integration and representation aim to enhance the approach’s ability to in-
corporate and utilise knowledge from various sources, as well as improve its representation
of entities and concepts. Some of the current approaches are exploring these directions by
integrating information from the target knowledge base or other external resource (e.g., cor-
pus, structure information from KOS), including concepts, relations, synonyms, and definitions
[14, 30, 76, 87, 103, 116, 122, 143, 150, 162, 165, 173, 176]. Further improvements can be made by
refining entity and concept representations through the integration of relationships between enti-
ties [14, 83, 88, 98, 137, 140, 145], detect terms which can not be represented by a single concept
[6, 173], improve inference match on indirect entities [150], acronyms mappings [150] and full
entities [136], weight results from different sources to improve accuracy [182], leverage with se-
mantic reasoning and contextual information [74, 78, 128, 152, 178]. For example, Owl2Vec* [28]
explores the full semantic information encoded in OWL ontologies, such as the hierarchy and
lexical properties, to generate embeddings. OWL2Vec* builds embeddings by first transforming
an OWL ontology into three types of corpora: one capturing graph structure via random walks,
one with lexical information like labels and comments, and a combined corpus merging both. It
then trains word embeddings on these corpora, producing vector representations that encode the
ontology’s structural, lexical, and logical semantics. In the first type of corpus, the approach involves
performing random walks over the RDF (Resource Description Framework) graph derived from
the OWL ontology, capturing relationships such as class hierarchies, property assertions, and
instance connections. During these walks, sequences of entities and roles are recorded as sentences,
which help the embedding model learn structural patterns and semantic relationships within the
ontology.

The trend observed in the current survey suggests that larger KOS might have a longer lifespan.
Reviewed papers show that larger KOS are often preferred due to their broader coverage and
integration with multiple sources, making them applicable across various domains. Their wider
usage also attracts more community support, helping to keep them current. In contrast, smaller KOS
require careful selection and may not receive frequent updates due to having smaller communities.

Human-in-the-loop processes and feedback emphasize the crucial role of human evaluation
in the development and refinement of an approach. This involves expanding traditional evaluation
methods by integrating human evaluation [30, 35, 42, 149, 182], with feedback by clinical experts
being essential, as they are the primary users of these tools.

Considering the mentioned existing limitations, despite the advancements in new better-
performing systems, we find some key areas for future focus.

One of the points is that NEL is understudied as a standalone task, often just being an intermediate
step in an end-to-end system or treated as a NER extension [72, 87, 149, 166]. It may be beneficial to
independently explore the phases of candidate generation and entity ranking to better understand
their weaknesses. For candidate generation, it is important to identify where issues may occur, such
as ambiguity, an incomplete knowledge base, or the generation of an excessive number of candidates.
It is important to consider the local context of the mention during the candidate generation, but
also the document context, if that information is available. While for entity ranking, potential
problems could arise from feature selection or biases present in the training data.
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Challenges should be promoted to explore more diverse ideas, such as exploring smaller and open
access domain ontologies instead of larger KOS (such as UMLS and MeSH). Also, challenges are
extremely important in creating more precise datasets and with a bigger variety of entities. Besides,
another direction could be the definition of annotation guidelines focusing on more specific entities
that could be leveraged to annotate different text sources. For instance, none of the articles we
reviewed used a dataset that included rare disease annotations. Rare diseases affect approximately
300 million people globally, placing a significant burden on healthcare systems [44]. Developing
annotation guidelines and/or datasets that focus on rare diseases could enhance the extraction
and management of information from clinical documents, for example. To achieve this, resources
from the Orphanet database, particularly the Orphanet Rare Disease Ontology (ORDO),** which
adheres to the OBO guidelines, could be used.

The advent of ChatGPT and other LLMs has tilted NLP research towards adapting these general-
purpose models to specific NLP tasks [25], including NEL. Despite their potential, various limitations
of these models have been acknowledged, including lack of transparency, data leakage [23], resource
intensiveness, and the problem of hallucinations [71]. Nonetheless, they might present benefits in
zero or few-shot scenarios, especially in domains where there is a scarcity of human-curated data
[25], and they can improve the efficiency of data annotation pipelines.

Although, the recent approaches are very capable and the tendency is of improvement, having a
human-in-the-loop remains crucial. Manual validation is essential for datasets and KOS curation, as
system performance is connected to data quality. So, efforts should be made to simplify the curation
process, possibly through user-friendly tools and open-source collaboration. LLMs can provide more
cost-effective and efficient annotations, at the cost of introducing errors and biases, often undetected.
To mitigate these issues, several collaborative pipelines between humans and LLM-based approaches
have been recently proposed to annotate datasets for NLP tasks [52, 82, 104, 114, 161].

For instance, [52] proposed an approach to annotate clinical notes with medication information
that combines human judgement with the LLMs capabilities and compared it with a purely human
expert-based pipeline. The pipeline applies the PaLM 2 language model [1] to generate the base an-
notations (NER and relation extraction) requiring few annotation examples (few-shot setting). Then,
medical experts refined the generated annotations. The authors report an average reduction of 58% in
the human annotation time, without sacrificing the quality. Reference [114] also explored LLMs to an-
notate NER datasets, combining both human and LLM annotations to reduce the impact of noisy data.

A more ambitious goal consists in replacing the human feedback component in data annotation
pipelines also by a LLM-based approach. Reference [148] provides an overview of the several
strategies that have been proposed to automate data annotation in the NLP field using LLMs.

One downside of the proliferation of use cases for LLM is the amount of noise that these models
can introduce in the text sources used to develop NEL approaches and to curate KOS resources.
Given the current trend in the NEL task towards zero-shot approaches, it will be interesting to
assess the real impact of the generated text in the performance of this type of approach. On the
other hand, the need for quality data may provide an opportunity for the existing human-curated
KOS. In this sense, KOS can be used to assess the quality of the generated output by LLMs.

Another downside is the resource intensiveness associated with the development of LLM-based
approaches. Training and fine-tuning LLMs require substantial computational power, including
significant memory, specialized hardware such as graphics processing units (GPUs) or tensor
processing units (TPUs), and substantial data storage capabilities. In addition to computational
power, knowledge is always evolving and no frozen LLM is capable of handle this issue since devel-
oping and maintaining LLM-based pipelines require specialized knowledge and skills. Therefore,

$Bhttps://www.orphadata.com/ordo/
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there is room to explore more effective ways of deploying these approaches and to investigate
alternative, less complex approaches that are not based on LLMs. For example, the proposal of
ModernBERT [163] proves that it is possible to reach SOTA performance in classification tasks by
improving the BERT model. This model improves on bert in overall performance and efficiency,
being faster and memory efficient. Additionally, ModernBERT significantly expands the context
length being able to handle up to 8192 tokens in contrast with BERT’s limitation of 512 tokens. This
ability to understand longer contexts enhances disambiguation, as the model can grasp a broader
range of information. Since ModernBERT is an encoder-only model, it is particularly well-suited for
discriminative tasks such as classification and NER, often achieving performance levels comparable
to specialized LLMs. Moreover, the paper reports that ModernBERT achieves state-of-the-art results
on both single and multi-vector retrieval, which is a crucial feature for efficiently searching and
ranking relevant entity candidates in NEL tasks.

The decision to work with LLMs should consider the project’s objectives, the available data, and
the other mentioned resources. It is still a better option, privacy-wise to use an in-house LLM with
open-source solutions.

5 Limitations of the Review

The current work has several limitations. First, there is a source-related limitation, as only four
repositories were selected. Additionally, human factors can influence the selection of articles and
the data collection process. To address these, we followed the PRISMA guidelines to minimize
potential biases. Moreover, it is important to consider the constraints associated with the search
strategies employed in the selected repositories.

Besides, the search queries only allowed the retrieval of articles written in English, even if the
underlying approach was originally developed for a different target language. We intentionally left
out of the review articles not written in English, since it would be hard to properly analyse them
and it would increase the search space.

6 Future Directions

This section identifies several important areas for future research that, while beyond the scope of
this review, are nonetheless relevant to the field.

Future work should focus on gaining a detailed insight into the methods employed, particularly
the impact of deep learning techniques on accuracy and robustness. This includes exploring the
tradeoffs between symbolic knowledge representations, such as ontologies and graphs, and statisti-
cal approaches like neural network embeddings. Additionally, it is crucial to investigate how existing
approaches handle synonyms and ambiguous terms, as well as the impact of these factors on the
performance of NEL systems. Furthermore, future research should address the challenges and oppor-
tunities presented by languages beyond English, including the efforts required to merge multilingual
datasets with existing KOS and understanding the unique linguistic nuances of different languages.

7 Conclusion

We analysed the panorama of NEL literature published between 2013 and 2024, highlighting the
evolution of methodology, the application of KOS to the task along with current limitations and
future directions. Through the article, we tried to address three research questions.

For RQ1, we analysed the evolution of article publication on 4.1. It is noticed a focus on machine
learning methods in mid-2020, mostly employing pre-trained models.

Regarding RQ2, we analysed which KOS are used in 4.2. It was observed that larger KOS, such
as UMLS and MeSH, are generally preferred. Additionally, it was analysed how the evaluation is
performed in this task in 4.3 and the incongruity of the task name 4.5.
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Finally, for RQ3, limitations of current approaches are addressed on 4.6, being grouped into
evaluation, KOS-related and textual challenges. The future directions the task are addressed on 4.8,
including those identified in the reviewed articles, and also others identified by us.

Our contributions to this review were three-fold. Firstly, we conducted a systematic PRISMA
review of the evolution of NEL tasks in the biomedical and clinical domains from 2013 to 2024,
analyzing 102 articles. This review provided insights into the evolution of the publication of these
articles, including approach categories, the KOS that were used, as well datasets, text types, entity
types, limitations, and future directions. Secondly, we offered an overview of the KOS landscape
in the biomedical and clinical domains, highlighting the types of KOS and their implementations.
Finally, we contributed with a public dataset containing comprehensive information about the
reviewed articles.
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Appendices

A Search Strategies
A.1 ACL Anthology3*

0 N o U0 b

S
o

6 11.
171 12.
181 13.
190 14.
200 15.
211 16.
220 17.
23| 18.
241 19.
25| 20.
26 21.

28| Output: output

.bib file downloaded from the ACL site including all references to articles

Download ACL anthology file from \url{} to obtain the file 'anthology+
abstracts.bib’

published in ACL conferences part of the ACL Anthology.

output = [] % the list that will store the information about the articles
included in the review

Instantiate the variables:

query_terms_1 = ['biomedical', 'medical', 'clinical']

query_terms_2 = ['entity', 'term', 'concept']

query_terms_3 = ['linking', 'normalization', 'mapping', 'disambiguation', '
annotation', 'extraction']

For doc in data % iterate over each article present in data
title = "'
abstract =
year = "'
url =
doi =
keep_doc = False

If title is not None and abstract is not None:
title_abs = title + abstract
If 2013 <= year <= 2024:
For terml in query_terms_1:
If terml in title_abs:
For term2 in query_terms_2
If term2 in title_abs:
For term3 in query_terms_3:
If term3 in title_abs:
keep_doc = True
If keep_doc: entry = ['acl', year, title, abstract, url, doi] % include
current article in the review ‘output.append(entry)" %

[

literate

A.2

IEEE Xplore

(1) Start page: https://ieeexplore.ieee.org/Xplore/home.jsp
(2) Search using the query: “(’biomedical’ OR "medical’ OR ’clinical’) AND (’entity’ OR ’term’

>

or ’concept’) AND (’linking’ OR ’'normalization’ OR 'mapping’ OR ’disambiguation’ OR
annotation’ OR ’extraction’)”

(3) Set “Year” — “Custom range” to “2013-2024”
(4) Set “Publication topics” to “Natural Language Processing Tasks” and “Text Analysis”
(5) Click on “Export” — “Download”

A.3 ACM Digital Library

(1) Start page: https://dl.acm.org/;
(2) Click on “Advanced search”;

34https://aclanthology.org/
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(3) Set “Search within” to “Title” and replace set search term to: “((biomedical’ OR 'medical’
OR ’clinical’) AND (’entity’ OR "term’ OR ’concept’) AND (’linking’ OR ’normalization” OR
‘mapping’ OR ’disambiguation” OR ’annotation’ OR ’extraction’))”

(4) Click on “Add search field” and set “Search within” to “Abstract” and replace set search
term to: ‘((biomedical’ OR "medical’ OR ’clinical’) AND (entity’ OR ’term’ OR ’concept’)
AND (’linking’ OR ’normalization’ OR mapping’ OR ’disambiguation’ OR ’annotation’ OR
‘extraction’)”

(5) Set “Publication date” — Set “Custom range” From “Jan” of the year “2013” To “Dec” of the
year “2024”;

(6) Click on “Search”

(7) Apply the filter “Content type” — “Research article”

(8) Click on “Select all” — “Export citations” — Bibtex

A.3.1 LLMs Query. “LLM + biomedical entity linking”, Filter 2022-2025, and manually selected

the papers from the results.

A4 PubMed
Retrieved articles from PubMed using Bio.Entrez package®® with the following query:

1
2
3
4

2024/01/01:2024/12/31[dp]

AND ('biomedical '[tiab] OR 'medical '[tiab] OR 'clinical'[tiabl])

AND ('entity'[tiab] OR 'term'[tiab] OR 'concept'[tiab])

AND ('linking'[tiab] OR 'normalization'[tiab] OR 'mapping'[tiab] OR
disambiguation'[tiab] OR 'annotation'[tiab] OR 'extraction'[tiabl)

AND ('Natural Language Processing'[mh] OR 'Software'[mh] OR 'Biological
Ontologies'[mh] OR 'Data Mining/methods'[mh] OR 'Knowledge Bases'[mh])

literate

B Data Extraction from Reviewed Articles

Data extracted from the reviewed articles are shown in Table 2.

$https://biopython.org/docs/1.75/api/Bio.Entrez.html
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Table 2. Description of the Data Extracted from the Reviewed Articles
Name Description Options
‘name’ Designation of the proposed -
approach
‘task’ Designation for the named entity -
linking task

title’ Title of the article -

’source’ Source repository ‘ieee’, "acl’, ’acm’, ’pubmed’

’journal’ Publication -

‘year’ Year of publication Range [2013-2024]

*doi’ Digital Object Identifier (DOI) of the -

article

‘lang’ Target language according to the ISO ’en’ (English), *zh’ (Chinese), ’es’ (Spanish), ’fr’ (French), de’ (German),

language codes ‘nl’ (Dutch), ’hb’ (Hebrew), ko’ (Korean)

‘text type’ Sub-domain of application or target  ’lit-abs’ (abstract from scientific article), lit-full’ (full-text from

text type scientific article), "lit-fig’ (figure captions from scientific article), ’ehr’
(electronic health record), ’pat’ (patents), ’trial’ (clinical trial), ‘notes’
(clinical notes/reports), ’social’ (social media or user reviews), 'web’
(websites), ’dial’ (dialog), 'labels’ (drug labels), ‘recipes’ (food recipes),
’query’ (query specified by a user), 'wiki’, ‘other’

‘ent type’ Entity types addressed by the ’bio’ (general biomedical entity, e.g., UMLS entities), 'disease’,

approach ’symptom’ (symptom or phenotype), 'treat’ (treatment), proc’ (medical
procedure), ‘biomark’ (biomarker), ’adr’ (adverse drug reaction),
"chemical’ (chemical or drug), ’gene’ (gene or protein), "taxon’
(taxonomic or species), ‘mutation’, ’anat’ (anatomical), 'ima’ (imaging
modality), ‘food’, *cell line’, "cell type’, ’cell component’ (cellular
component), bioprocess’ (biological process), function’ (molecular
function), "habitat’ (microbial habitat), ’chem reaction’ (chemical
reaction), other’

"kos’ The target KOS to which the custom, ICD9, UMLS, MEDIC, MedDRA, Entrez Gene, MeSH, OMIM,

approach links entities SNOMED-CT, PySearch2, ChEBI, DrugBank, US FDA approved drugs,
NCBI Taxonomy (NCBITaxon), dbSNP, ClinVar, ICD10, CTD-Chemical,
Hansard, FoodOn, FHIR, ORDO, RadLex, NCI Thesaurus, NCBI Gene,
Cellosaurus, Cell Ontology (CL), CTD-Anatomy, HPO, GO-BP, AMT,
SIDER, Uniprot, GO, THBP, OntoBiotope, medical Baidu Baike, Sogou
medical dictionaries, Cell Type Ontology, Protein Ontology (PR),
Sequence Ontology (SO), First Databank, Micromedex, MediSpan, Gold
Standard, Multum, NDF-RT, WikiData, Wikipedia, OHDSI, DBpedia,
DailyMed, Diseasome, Medicare, MONDO Disease Ontology
(MONDO), Molecular Process Ontology (MOP), Tree of Human Body
Parts (THBP)

"approach’ Type of approach “dict’ (dictionary-based), ‘graph’ (graph-based), ‘rule’ (rule-based), ’dist’
(distributional representations, i.e., vectors), 'ml’ (machine
learning-based)

“approach Details of the approach -

details’

’ml approach’
’supervision’
’pt model’
"datasets’
‘task’

'NER’

“avail’

link’

Whether a machine learning
approach is a deep learning approach
Approach is supervised or
unsupervised

Pre-trained model

Datasets used for evaluation

The approach was developed in the
context of a community task
Specifies whether the approach also
performs NER along NEL
Availability of the approach

‘'ml’ (machine learning) or ’dl’ (deep learning)

’sp’ (supervised), 'un’ (unsupervised), ’self’ (self-supervised)
- (e.g., BERT, BioBERT, etc)

:Y’ (yes) or ‘N’ (no)

'Y’ (Yes), 'N’ (No)

’code’ (the respective code is public), ‘web’ (available as a web tool),
’package’ (available as an installable package), 'NA’ (not available)

URL corresponding to the location of -

the tool

Received 27 August 2024; revised 22 January 2026; accepted 30 January 2026
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