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ARTICLE INFO ABSTRACT
Keywords: Medical concept normalization (MCN) involves mapping informal medical terms or phrases to standardized
Medical concept normalization medical concepts, serving a crucial role in medical text analysis, healthcare intelligence, and other applications.
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Previous studies have primarily focused on developing datasets, refining machine learning algorithms, and
applying them to downstream tasks, but a comprehensive survey covering all key aspects of MCN has been
lacking. This survey addresses this gap by providing a complete overview of MCN, including task definitions,
annotation schemes, datasets, normalization techniques, state-of-the-art performance, and applications. A
comparative analysis of benchmark datasets and leading normalization methods is conducted, along with
a quantitative evaluation of CNN-based, RNN-based, transformer-based, GNN-based, LLM-based, and other
models on popular benchmarks. Guidelines are also provided for selecting the most effective models and
techniques. In addition, the applications of MCN in electronic health records (EHRs) management, clinical
decision support (CDS), precision medicine, health information exchange (HIE), and others are explored.
Finally, key challenges and potential directions for future research are discussed. This survey offers the first
comprehensive review of the core components of MCN, serving as a valuable resource for both researchers and
practitioners. Resources related to this survey can be accessed on GitHub at: https://github.com/haihua0913/
awesome-mcn.
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concepts in a controlled vocabulary, ontology, or standardized med-

1. Introduction ical database [1-4]. Examples of MCN are illustrated in Fig. 1, and
show how an informal phrase can be mapped to multiple medical

Medical concept normalization (MCN), also commonly termed med- concepts and multiple informal phrases can also be mapped to the same
ical entity normalization (MEN), or biomedical named entity normal- medical concept. In addition, standardized medical concept databases
ization (BNEN), or biomedical entity linking (BEL), involves the process (referred to as “annotation schemes” in this paper), such as the Unified
of mapping informal medical terms or phrases from social media, or Medical Language System (UMLS) [5], the Systematized Nomenclature
biomedical documents, or other online platforms to formal medical of Medicine — Clinical Terms (SNOMED-CT) [6], or Medical Subject
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Informal phrases Normalization Medical concepts
= ) e N
Severe he_adache Morning headaches Migraine,
after starting the are the worst Tension headach
computer e the wors! ension headache
| S —
" Chronic fatigue
No energy by 3 p.m. Slept 8 hgurs but still —_—> syndrome,
tired
Sleep apnea
Every time | eat diary, Spicy food gives me Irg;itzfot;?gvel
- > 3
my stomach hurts stomach pain gastritis

Fever comes and
goes for days

Infections,

High f it night . "
'gh fever at nig autoimmune disorder

Fig. 1. MCN examples. Texts on the left are informal phrases, the arrows
indicate MCN tasks, and the terms on the right are the corresponding medical
concepts of the informal phrases. Each color represents an MCN task. These
example mappings are not intended to imply definitive clinical associations
and require additional contextual information in practice.

601 —e— Count Over Years

Record Counts
g8 3

N
o

10

Fig. 2. Paper counts over years (2005-2025). Retrieved from Web of Science
Core Collection, using the query “medical concept normalization” OR “medical
entity normalization” OR “biomedical named entity normalization” OR “medi-
cal entity linking” OR “biomedical entity linking” to search the title, abstract,
keyword plus, and author keywords fields. Data retrieved on December 31,
2025. The number of papers related to MCN in 2025 has been continuously
growing.

Headings (MeSH) [7], among others [8,9], usually contain hundreds
of medical concepts. However, many formal medical concepts lack
corresponding informal phrases on social media, leading to MCN as
a challenging long-tailed extreme multi-label text classification (XML)
task [10,11].

MCN is a fundamental natural language processing (NLP) task in the
medical domain [12,13]. It is critical for improving the efficiency, ac-
curacy, and effectiveness of various healthcare applications, including
electronic health record (EHR) management, clinical decision support
(CDS) systems, health information exchange (HIE), precision medicine
(PM), drug discovery and development, clinical trial retrieval, and
automated patient messaging systems. MCN also plays an important
role in broader clinical text mining and pharmacovigilance settings,
where extracted mentions such as adverse drug reactions (ADR) and
related clinical entities need to be grounded to standardized medical
terminologies for reliable aggregation and downstream analysis. Ulti-
mately, MCN has a direct impact on both patient care and healthcare
administration [14].

Over the past two decades, there has been a growing focus within
the research community on MCN, especially after the transformer ar-
chitectures [15] were introduced in 2017 and deep pre-trained models
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(PTMs), such as GPT [16] and BERT [17], were proposed for NLP tasks
in 2018, as illustrated in Fig. 2. We collected all survey papers on
MCN over the past decade and conducted a comparative analysis on
the time frame, survey paper types, number of articles included, scope,
and whether annotation schemes, datasets, data quality, algorithms,
experimental results, and applications were discussed in these surveys,
as presented in Table 1.

Previous surveys primarily emphasized different components of
MCN and only investigated a small portion of the literature. For exam-
ple, although French and McInnes conducted a systematic review on
BEL related to history, applications, datasets, performance, and shared
tasks based on the literature from 1980 to August 2022, only 60 papers
were included [4]. Shi et al. provided a comprehensive review on rule-
based, machine learning, and deep learning models for BEL with a
special focus on knowledge graph (KG)-based methods [18]; however,
only four types of KG-based methods and six datasets were investigated.
The two latest surveys encountered the same issues: (1) only a few
articles (less than 20%) from the last ten years were included, a
large number of papers using deep learning-based, transformer-based,
and large language model-based techniques were missing in the in-
vestigation; and (2) detailed introductions and comparisons on the
datasets and techniques were lacking. Kartchner et al. performed a
comprehensive quantitative evaluation of nine BEL models across seven
datasets, aiming to identify the characteristics, reproducibility, and
usability of different models [19]. Other earlier surveys either focused
on datasets [21], or targeted entity normalization (or recognition) in
the general domain with little discussion on medical concept normal-
ization [3,20,22]. Furthermore, the absence of an explicit framework
requires future research in this area. With the growing interest and
work on this topic (see Fig. 2), it is time for a survey such as our paper,
which aims to:

define the research framework for MCN tasks and introduce an-
notation schemes for MCN dataset construction;

sort out popular and useful MCN datasets and investigate the
quality of these datasets;

depict the history of techniques for MCN over time and sum-
marize the performance of competitive models on benchmark
datasets to compare the advantages and disadvantages of different
methods;

outline the applications of MCN in various contexts and down-
stream tasks; and

identify key challenges and future directions to motivate and
orient interests in this area effectively.

To summarize, this paper is the first comprehensive survey on med-
ical concept normalization based on more than 219 articles from 2016
to 2025. It covers all key stages and components of MCN, including
task definition, annotation schemes, datasets, techniques (and toolkits),
applications, challenges, and future directions.

Statement of Significance
Problem

Medical concept normalization
(MCN) maps informal medical
expressions in clinical text,
biomedical literature, and social
media to standardized medical
concepts. Despite extensive
research, the literature is scattered
across datasets, methods, and
applications, making it difficult to
obtain a comprehensive view of
progress in this field.
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Table 1

Surveys related to MCN within the last ten years. The Survey column lists the citations of the previous surveys. Year is the year of publication. Time frame is
the period that the survey covers. #IA indicates the total number of articles included in the survey. Scope describes the scope or area of MCN in the survey. AS
represents annotation schemes or medical concept categories. DS indicates datasets. DQ indicates a summary of the dataset quality. AL refers to algorithms or
techniques for MCN. ER represents a summary of the experimental results. AP is a summary of the application. v indicates being included while X indicates not
being included.

Survey Year Time frame Type #IA Scope AS DS DQ AL ER AP

[4] 2023 1980-2022 Systematic 60 Overview of BEL X v X X v v

[18] 2023 Unknown Comprehensive - KG for BEL X v X v v X

[19] 2023 2019-2022 General - Comparative evaluation on X v X v v X
9 models over 7 datasets

[3] 2022 2015-2021 Systematic 55 General domain X X X v v v
neural EL models

[20] 2021 2018-2021 Systematic 23 Clinical NER and RE X v X v v X

[21] 2020 Unknown General - BNER & BNEN datasets X v v X X X

[22] 2016 Before 2015 General - Temporal concept normalization v X X v X X
in clinical domain

Ours 2025 2016-2025 Comprehensive 219 Covers all aspects and v v v v v v

phases of MCN

Notes: Paper [3] only focused on neural network-based models for entity linking in the general domain, which might be different from the medical domain. Paper [20] mainly
focused on techniques for named entity recognition (NER) and relationship extraction (RE) but mentioned little about medical entity linking (MEL). Paper [21] specifically focused
on datasets for BNER & BNEN; however, only ten datasets related to BNEN were included. Paper [22] focused on temporal data representation, normalization, extraction, and

reasoning in the clinical domain and only used two paragraphs to discuss the normalization of time and time-related concepts in clinical texts.

Prior studies have introduced
datasets, machine learning and deep
learning models, and applications
for MCN. Existing reviews typically
focus on limited aspects such as
specific datasets, algorithms, or
time periods, leaving a lack of
systematic understanding of
datasets, data quality issues,
algorithmic development, and
real-world applications.

This paper provides a
comprehensive survey of MCN
research from 2016-2025. It
proposes a unified analytical
framework, reviews datasets and
data quality issues, summarizes the
evolution of algorithms including
neural and large language model
approaches, analyzes benchmark
performance, surveys open-source
toolkits, and discusses practical
applications and future research
directions.

Researchers in biomedical NLP,
clinical text mining, and health
informatics can use this study as a
consolidated reference for MCN
datasets, algorithms, and evaluation
strategies. Practitioners developing
healthcare information systems can
also leverage these insights to
design more effective normalization
systems and identify future research
opportunities.

What is already
known

What this paper
adds

Who would benefit
from the new
knowledge

2. Methodology
2.1. Data collection

Search strategy and information sources. We conducted a sys-
tematic literature search in PubMed Central, Web of Science, and
Scopus using the query: (“medical concept normalization” OR “medical
entity normalization” OR “biomedical named entity normalization” OR

“medical entity linking” OR “biomedical entity linking”). Records from
all databases were exported and merged. Duplicates were removed
using a hierarchical matching strategy prioritizing DOI when available,
and otherwise normalized title and publication year.

Eligibility criteria and screening. We included English-language
peer-reviewed research articles and regular conference papers focused
on medical/biomedical concept or entity normalization and entity link-
ing. We excluded non-research publication types such as review ar-
ticles, editorials, tutorials, workshop papers, posters, and demos. Ti-
tle and abstract-based relevance screening was performed using the
inclusion topic terms above and close variants.

Identification from other sources. In addition to database searches,
we conducted backward and forward snowballing to identify additional
eligible studies. Studies not previously identified were included and
flagged as records identified from other sources through snowballing.

A total of 219 studies were included in the final analysis, including
117 records from database search and 102 records from snowballing.
The complete study identification, screening, eligibility assessment, and
inclusion process is illustrated in the PRISMA flow diagram in Fig. 3.

2.2. Research framework for medical concept normalization

As introduced above, medical concept normalization (MCN) is the
task of mapping informal mentions in text to medical concepts in a
given standardized medical database [4,18]. The informal mentions
are typically sourced from X (formerly Twitter), Reddit, AskaPatient,
the biomedical literature, or electronic health records, while the tar-
get medical databases include the Unified Medical Language System
(UMLS) [5], the Systematized Nomenclature of Medicine-Clinical Terms
(SNOMED-CT) [6], or Medical Subject Headings (MeSH) [7], among
others [8,9]. MCN contains several major components: (1) task defini-
tions, where the mapping between informal phrases and standardized
medical concepts needs to be defined; (2) dataset construction, where
a set of informal phase-medical concept pairs needs to be labeled
based on the task definition; (3) model development and evaluation,
where normalization systems can be built either through supervised
training and fine tuning of machine learning or deep learning models,
or through training free inference using large language models in zero
shot or few shot settings (for example, via in context learning with
demonstration examples); in both cases, metrics such as accuracy, pre-
cision, recall, or F1 score are used for evaluation and (4) applications,
where MCN is implemented for different applications, such as clinical
decision support, precision medicine, automated patient messaging,
and so on. The workflow is demonstrated in Fig. 4.

The MCN task can be defined (adapted from [18]) as follows:
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Identification of studies via databases

Identification of studies via snowballing 1

Search terms: "medical concept normalization
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Fig. 3. PRISMA flow diagram (Data collected from January 2016 to December 2025).

Definition 2.1 (Medical Concept Normalization). Given a standardized
medical database in the medical or biomedical field consisting of N
concepts C = {c¢, ¢y, ¢3, ..., Cx }, a social media text or electronic health
record or biomedical text document 7' contains a set of recognized
informal phrases or entity mentions M = {m,m,, ms, ..., my,}, and the
task is to find the concept ¢; € C to which m; € M refers.

2.3. Survey structure

MCN is usually considered as a text classification task. A funda-
mental step is to create a dataset by annotating the informal phrases
with medical concepts. Therefore, we investigate the most popular
standardized medical databases (referred to as “annotation schemes”
in this survey) for data annotation. Subsequently, we conduct a com-
prehensive introduction to well-established datasets across different
sources, languages, and years in Section 3. We also summarize and
discuss their data quality which has been revealed in the existing
literature.

Over the last decade, various machine learning techniques have
been proposed for MCN and deep learning models have proven more
effective than traditional machine learning models. Therefore, this
survey focuses on deep learning techniques for MCN. Section 4 inves-
tigates CNN-based, RNN-based, transformer-based, GNN-based, LLM-
based, and other widely adopted models.

In Section 5, we then analyze the architectures, advantages, and
disadvantages, and conduct a comprehensive investigation on their
performance across multiple benchmarks. We also present the open
source toolkits for MCN in Section 6.

Based on the above investigations, we outline several important ap-
plications in Section 7, and identify key challenges and future directions
in Section 8.

3. Overview of the datasets for medical concept normalization
3.1. Annotation schemes for MCN dataset construction

Investigating annotation schemes or ontologies for medical concepts
is essential for categorizing MCN datasets by their specific vocabularies.
Medical ontologies provide standardized representations of clinical,
biological, and pharmacological knowledge, enabling interoperability,
data integration, and reproducible dataset construction. These ontolo-
gies vary in scope, granularity, purpose, and language. In the following,
we review the ontologies that are most commonly employed in the
construction and annotation of existing MCN datasets.

The UMLS (Unified Medical Language System),” one of the most
extensive medical Metathesaurus, integrates controlled vocabularies
and classifications. It covers an extensive list of around 13 million
distinct normalized concept names for its 3,454,294 concepts, and over
12 million relations among them [23]. In the latest 2025 version, it
has 29 languages contributing concept names, with English taking up
61.2%.°

SNOMED-CT (Systematized Nomenclature of Medicine-Clinical
Terms)” is a comprehensive and multilingual clinical healthcare ter-
minology database [24]. It contains over 357,000 unique healthcare
concepts with formal logic-based definitions. Other than the English
and Spanish versions managed by SNOMED International, 12 translated
versions are also available of varying sizes and scopes. Access to these

2 https://www.nlm.nih.gov/research/umls/index.html

3 https://www.nlm.nih.gov/research/umls/knowledge_sources/
metathesaurus/release/statistics.html

4 https://www.nlm.nih.gov/healthit/snomedct/index.html
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Fig. 4. The workflow and main components of Medical Concept Normaliza-
tion. We list only some examples of informal phrases and medical concepts
in the task definition, datasets, and data quality in dataset construction.
This shows mapping in task definition and dataset construction only for
demonstration purposes instead of mapping in real-world scenarios.

translations can be retrieved through the relevant National Release
Center.

RxNorm,® a standardized nomenclature for clinical drugs and de-
vices, has been instrumental in drug utilization analysis [25]. Its
integration with UMLS and SNOMED-CT enables comprehensive drug-
disease associations [9,26,27]. It serves as a national standard for
coding clinical drugs in the U.S.

MedDRA (Medical Dictionary for Regulatory Activities)® is used
primarily in the biopharmaceutical and regulatory industries for reg-
istration, documentation, and safety monitoring of medical products.
MedDRA covers terms across five hierarchical levels, from broad cate-
gories to granular details. With over 80,000 terms, MedDRA enables
detailed categorization of adverse events, symptoms, diagnoses, and
medical history, making it essential for constructing high-quality an-
notated datasets [28,29]. MedDRA is now accessible in 24 languages
in its latest release in early 2025.

MeSH (Medical Subject Headings)’ is a comprehensive controlled
vocabulary to facilitate the indexing, cataloging, and searching of
biomedical and health-related information. It contains over 30,000
descriptors arranged in a hierarchical tree structure, covering medical
domains, such as diseases, anatomical structures, chemicals, proce-
dures, and biological processes. MeSH descriptors are enriched with
unique identifiers, entry terms, and supplementary concept records for
specific entities like drugs or chemicals. It has been translated into other
languages [30].

OMIM (Online Mendelian Inheritance in Man)® is a compre-
hensive, authoritative database focused on the relationships between

5 https://www.nlm.nih.gov/research/umls/rxnorm/index.html
6 https://ich.org/page/meddra

7 https://www.nlm.nih.gov/mesh/meshhome.html

8 https://www.omim.org/
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human genes and genetic disorders. OMIM contains detailed entries
on over 27,825 genes and phenotypes, encompassing monogenic, poly-
genic, and complex traits. Each entry provides curated information on
gene function, inheritance patterns, associated diseases, clinical fea-
tures, and molecular mechanisms. OMIM’s unique six-digit identifier for
disorders and genes enables precise annotation and cross-referencing.
For the more recent versions, it is available in English.

ICD (International Classification of Diseases)’ is a globally recog-
nized system for standardizing the classification and coding of diseases,
injuries, and other health-related conditions. Currently, the 11th revi-
sion (ICD-11) contains 17,000 diagnostic categories, with over 100,000
medical diagnostic index terms, organized hierarchically to support
various levels of granularity. It supports ten languages now and will
expand its linguistic reach in support of its global mission.!°

Wikipedia'! serves as a valuable resource in MCN tasks due to
its extensive and diverse knowledge base. It provides a vast reposi-
tory of structured and semi-structured information on diseases, symp-
toms, drugs, anatomical terms, and procedures [31]. Each medical
concept on Wikipedia is often associated with a unique page, contain-
ing definitions, synonyms, relationships, and contextual details with
hyperlinks and redirects. Additionally, its multilingual nature supports
cross-lingual normalization [32,33].

The selection of annotation schemes needs to align with language
considerations, domain requirements, and task context. For example,
RxNorm is suitable for U.S. drugs, and OMIM is specialized for genes
and genetic disorders. While ICD, MedDRA, and SNOMED-CT can be
adopted in more general and common use cases, they also offer stronger
multilingual support. Among all, UMLS links over 200 source vocab-
ularies across 29 languages, including ICD, SNOMED-CT, and MeSH.
Therefore, it could serve as a comprehensive and integrated controlled
concept database that suits a wide range of MCN tasks.

3.2. Existing MCN datasets

MCN tasks rely on robust data collection from diverse sources,
including social media platforms, the medical literature, and clinical
records, providing broad coverage of medical terminology and its
usage across various contexts. , Table 3, and Table 4 present MCN
datasets collected from three corpora types: biomedical, clinical, and
social media, respectively. The frequently used datasets since 2016 are
introduced below:

TwADR-L dataset focuses on Twitter'? messages related to med-
ication and negative drug reactions (NDR). It comprises 1436 Twitter
phrases mapped to one or more of the 2220 medical concepts [34]. This
mapping process results in a dataset containing 50,730 records, with
each record including both the informal language and its corresponding
normalized medical concept.

AskaPatient [34] is derived from blog posts on the AskaPatient
website,'® which contains patient-reported experiences with prescrip-
tion medications. By extracting non-clinical medical terms from so-
cial media and mapping them to clinical ontologies like SNOMED-CT,
AskaPatient offers valuable research resources.

The BC5CDR dataset [31] includes chemical-disease relationships
from 1500 PubMed abstracts. It includes 4409 chemicals, 5818 dis-
eases, and 3116 chemical-disease interactions, making it valuable for
training and evaluating machine learning models in biomedical relation
extraction [35].

MIMIC-III [49] is a large, publicly accessible dataset of de-identified
electronic health records (EHRs) from over 40,000 critically ill patients

9 https://icd.who.int/en

10 https://www.who.int/news/item/08-02-2024-icd-11-2024-release
11 https://www.wikipedia.org/

12 https://x.com/

13 https://www.askapatient.com/


https://www.nlm.nih.gov/research/umls/rxnorm/index.html
https://ich.org/page/meddra
https://www.nlm.nih.gov/mesh/meshhome.html
https://www.omim.org/
https://icd.who.int/en
https://www.who.int/news/item/08-02-2024-icd-11-2024-release
https://www.wikipedia.org/
https://x.com/
https://www.askapatient.com/

H. Chen et al.

Table 2

Medical Concept Normalization datasets: Biomedical corpora.
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Dataset Year Language(s) # Phrases Types of Phrases # Concepts Sources of Concepts
NCBI Disease [36] 2014 English 793 PubMed abstracts 6892 MeSH, OMIM
QUAERO [37] 2014 French 26,409 Biomedical research papers 10 UMLS
Mantra GSC [38] 2015 English, German, French, 1000 Journal titles, drug labels, patents 5530 UMLS, SNOMED-CT, MedDRA
Spanish, and Dutch

BC5CDR [31] 2016 English 1500 PubMed articles 13,343 MeSH, UMLS, Wikipedia
TAC 2017 [39] 2017 English 200 Drug-safety labels 13,501 MedDRA
SPL-ADR-200db [40] 2018 English 200 DailyMed drug labels 5098 UMLS, MedDRA
MedMentions [41] 2019 English 4392 PubMed abstracts 352,496 UMLS
DrugProt [42] 2021 English 3500 PubMed abstracts 89,529 Expert annotations
NEREL-BIO [43] 2023 Russian 756 PubMed abstracts 4544 UMLS
WikiMed-DE [32] 2023 German 53,981 Wikipedia articles 35,012 UMLS, MeSH, DOID
BioWiC [44] 2024 English 20,156 Aggregated biomedical corpora 7413 UMLS, MeSH, OMIM
WALVIS [33] 2024 Dutch 2307 Wikipedia sentences 1086 UMLS

Table 3

Medical Concept Normalization datasets: Clinical corpora.
Dataset Year Language # Phrases Types of Phrases # Concepts Sources of Concepts
i2b2/VA [45] 2010 English 826 Patient health records 72,846 RPDR [46]
ShARe/CLEF [47] 2014 English 298 Clinical notes 4626 UMLS
SemEval-2015 T14 [48] 2015 English 531 Clinical documents from ShARe 2500 UMLS, SNOMED-CT
MIMIC-III [49] 2016 English 112,000 Clinical reports 1159 ICD-9
MADE [50] 2019 English 1089 Cancer clinical notes 43,000 MedDRA, SNOMED-CT
nc2c¢ 2019 [29] 2019 English 100 Discharge summaries 10,919 SNOMED-CT, RxNorm
Cantemist [51] 2020 Spanish 1301 Oncological case reports 16,030 ICD-10
CMelE [52] 2020 Chinese 28,008 Medical textbooks and clinical practices 11 MeSH, ICD-10, ATC [53]
CHIP-CDN [54] 2021 Chinese 18,192 Clinical diagnoses 9587 ICD-10
nc2c 2022 [55] 2022 English 500 Clinical notes 9013 Medication mentions
RuCCoN [56] 2022 Russian 16,028 Medical histories 2409 UMLS
SemClinBr [57] 2022 Portuguese 1000 Clinical notes 65,117 UMLS
FRASIMED [58] 2023 French 2051 Synthetic clinical cases 24,037 ICD-O, SNOMED-CT
MedNERF [59] 2023 French 100 Typewritten prescriptions 406 n2c2 [60]
DisTEMIST-linking [61] 2023 Spanish 2800 Clinical cases 7303 SNOMED-CT
MIMIC-IV [62] 2024 English 204 Clinical reports 75,000 ICD-9, ICD-10
SympTEMIST [63] 2024 Spanish 1000 Clinical reports 12,196 SNOMED-CT
TCMNER [64] 2024 Chinese 9036 Traditional Chinese medicine diagnoses 5 Expert annotations
RuCCoD [65] 2025 Russian 865,539 Patient health records 3546 ICD-10

(2001-2012) who were at Beth Israel Deaconess Medical Center.

The SMM4H-2017 dataset [66] consists of health-related infor-
mation extracted from tweets, including data on diseases, symptoms,
treatments, and sentiment, with annotations derived from social media
posts.

PsyTAR [67], the Psychiatric Treatment Adverse Reactions dataset,
contains patient reviews about the efficacy and side effects of psy-
chotropic drugs. The initial phase includes 891 drug reviews from
visit.askapatient.com, each with demographic information, treatment
duration, and detailed patient assessments. The second phase classifies
sentences into 6009 labels across categories like Adverse Drug Reaction
(ADR), Withdrawal Symptoms (WDs), and others.

MADE corpus [50] contains 1089 EHR notes, with 876 for training
and 213 for testing, annotated for medication, indication, and adverse
drug events. These annotations map to MedDRA and SNOMED-CT
terms from the UMLS Metathesaurus, with the training set containing
35,000 mentions and the test set 8000 mentions.

nc2c 2019 track 3 dataset [29] is instrumental in clinical text nor-
malization. It was developed for the Fourth i2b2/VA Shared Task [45]
and includes 100 discharge summaries containing 3792 concepts with
a total of 10,919 mentions from two controlled vocabularies.

MedMentions [41] is a dataset designed for named entity recog-
nition (NER) in biomedical scientific papers. It includes titles and
abstracts from 4392 papers published on PubMed in 2016, covering a
range of medical entities, such as diseases, chemicals, and genes. This
dataset is commonly used for training and evaluating machine learning
models and NLP systems in biomedical contexts [68].

MedRed dataset [69] analyzed 1980 Reddit'* posts from 18 sub-
reddits, selecting 110 posts from each. It uses expert-annotated CADEC
data [70] for quality control.

3.3. Observations

Although there are many available MCN datasets, their data qual-
ity (DQ) remains a concern [14,26,80]. Data quality dimensions in
machine learning include comprehensiveness, consistency, duplication,
and other issues [81]. Some studies have adopted a subset of these to
evaluate MCN datasets. The commonly used dimensions are introduced
as follows, and Table 5 presents the investigation details provided
by both the data curation description and experimental results in the
existing literature.

Duplication refers to the same phrases being repeatedly mapped
to identical medical concepts [1,14,82]. Duplication issues can exist in
the training corpus or across the training, test, and validation datasets.
Largely overlapped training and test data could cause the inflation of
the normalization performance [1,14,80,82]. Each validation dataset
and the test dataset should contain a significant amount of new data
compared to the corresponding training dataset [81].

Comprehensiveness means each phrase is supposed to be mapped
to one or more medical concepts. However, only 273 out of 2220 con-
cepts in the TWADR-L dataset are linked to informal phrases. Therefore,
a significant portion of the medical concepts lack informal expressions,
highlighting a data quality challenge of breadth of coverage [14]. This
data quality issue is noted in [26].

14 https://www.reddit.com/
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Medical Concept Normalization datasets: Social media corpora.
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Dataset Year Language(s) # Phrases Types of Phrases # Concepts Sources of Concepts
Cadec [70] 2015 English 6754 AskaPatient posts 1029 SNOMED-CT, MedDRA
TwADR-S [34] 2016 English 201 Twitter posts 58 SNOMED-CT
TwADR-L [34] 2016 English 1436 Twitter posts 2220 SIDER
AskaPatient [34] 2016 English 17,324 ADR blog posts 1036 SNOMED-CT
SMM4H-2017 [66] 2017 English 9000 Twitter posts 726 MedDRA
TwiMed [71] 2017 English and Spanish 2000 Twitter, PubMed sentences 3144 SNOMED-CT
SMM4H-2019 [72] 2019 English 12,800 Twitter posts (ADR mentions) 1548 MedDRA
PsyTAR [67] 2019 English 6556 Psychiatric drug reviews 618 UMLS, SNOMED-CT
HMC2019 [73] 2019 English 15,393 Twitter posts 10 Disease names
MedNorm [74] 2019 English 23,292 Aggregated social media corpora 3607 MedDRA, SNOMED-CT
COMETA [75] 2020 English 800,000 Reddit posts 20,015 SNOMED-CT
MedRed [69] 2020 English 1980 Reddit posts 3511 CADEC [70]
SMM4H-2021 [76] 2021 English 18,833 Twitter posts (ADE mentions) 2237 MedDRA
RHMD [77] 2022 English 10,015 Reddit posts 15 Disease names
SocialDisNER [78] 2022 Spanish 7500 Twitter posts 19,425 MedDRA
NHMD [79] 2023 English and Nigerian 7763 Nairaland Forum 4 Disease names

Table 5

Data quality evaluation of MCN datasets.

Dataset

Data Quality Evaluation

TwADR-L [34]

(1) For comprehensiveness, 1947 out of 2220 concepts are irrelevant to Twitter phrases [34,80].
(2) For duplication, 8.62% of the test set overlaps with training in the same fold [1].
(3) For class imbalance, many concepts have only one example [1].

AskaPatient [34]

On average, 35.82% of the test data overlap with training in the same fold [1].

ShARe/CLEF [47]

SemEval-2015 T14 [48]

Institution-specific corpus limits the generalizability of models trained on these data [60].

n2c2 2019 [29]

(1) 2.7% of mentions could not be mapped to any concept; mappings sometimes inconsistent across SNOMED-CT hierarchies [29].
(2) Ranking of candidate concepts biases annotator choices toward top results [29].

(3) 505 prediction errors due to ambiguous (e.g., misspellings, unknown semantic types) or complex mentions [26].

(4) Single-word mentions comprise 55% of the test set and are hardest to normalize [26].

(5) Provides full clinical notes for richer context compared to other social media-derived corpora [27].

BC5CDR [31]

718 out of 1337 disease mentions in the test set never appear in training or development sets [31].

SPL-ADR-200db [40]

83 ADRs remained under-specified; 19 received alternate mappings by editors [40].

MedMentions [41]

(1) 42% of test concepts do not occur in training; 38% occur in neither training nor development [41].
(2) MedMentions adopts a subset of UMLS for annotation [41,44].

MedNorm [74]

40% of concepts are under-reported with only one instance [74].

COMETA [75]

Each concept has at least five example sentences on average (median of 3) [75].

BioWiC [44]

It covers almost 80% of UMLS semantic types (99 out of 127) across splits [44].

MIMIC-IV [62]

2162 out of 5336 concepts appear only once in the annotated data [85].

WALVIS [33]

Manual checking found 28% of 100 sampled mentions linked to related but different concepts [33].

Class imbalance refers to a substantial disparity in the number
of samples between different classes and impacts the model accuracy
predicting underrepresented diseases and groups [65,83]. For example,
MCN datasets that lack demographic diversity can perpetuate biases in
downstream applications like clinical decision support [84].

The mentioned data quality challenges in MCN underscore critical

limitations and future research directions as follows.

1. The development of a DQ evaluation framework. First, while
prior work has emphasized algorithmic innovation, systematic
evaluation of DQ dimensions remains understudied [14]. Fu-
ture efforts should involve the development of a conceptual or
methodological framework to evaluate these dimensions across
a broader range of datasets or models. Such frameworks should
also quantify the impacts of data quality on model performance,

as demonstrated by the techniques proposed in Section 4.

2. Domain-specific evaluation strategy. MCN datasets are devel-

oped for specific domains and departments, such as social media
content or cancer notes in clinical practices. DQ frameworks
and dimensions cannot fit all and need to be adapted to bal-
ance between generalizability and sensitivity based on different
applications [26].

3. Data quality of multilingual resources. English corpora cur-

rently dominate MCN research. However, neglecting non-English
data risks models that underdiagnose or misinterpret condi-
tions in vast populations, perpetuating information gaps and
limiting real-world deployability. Fusing multilingual resources
faces cross-lingual inconsistencies. Annotation guidelines di-
verge across languages, ontologies differ in conceptual granu-
larity, and literal term translations often lose language-specific
nuance [43,58,86,87]. Low-resource language datasets need fur-
ther evaluation in the above aspects.

. Data quality of multimodal resources. Multimodal data in

patient records could offer more information, yet suffer from
low quality issues, such as noise, incomplete modality, and
imbalance [88,89]. Normalizing multi-modal data in healthcare
also requires further research [90].

. Leveraging LLMs for DQ evaluation and improvement. As

manual quality checks are impractical for large-scale or dynami-
cally updated datasets, automated pipelines and leveraging LLMs
could help with faster and more cost-effective quality control
approaches, such as augmenting MCN data with high-quality
phrase-concept pairs [14].
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Table 6

Summary of major method architectures for medical concept normalization (MCN).
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Architecture

Core modeling idea

Advantages

Weaknesses

Typical datasets or scenarios

CNN methods

Convolution and pooling over
character or word embeddings
to capture loca semantics and
morphology for mention
encoding and mention
candidate ranking

Robust to noisy and informal
mentions, effective at
capturing subword
morphology and orthographic
variants, computationally
efficient with high parallelism,
and well suited to feature
based ranking in large
candidate spaces

Limited capacity for long
range contextual
disambiguation and global
coherence, pooling may blur
fine grained contextual cues,
and performance can depend
on candidate generation
quality, hence CNN based
pipelines are often augmented
with richer context or
sequence level constraints

Noisy user generated text,
ADR and symptom
normalization, drug label
pipelines, multilingual and
cross lingual settings with
character level variation,
Chinese clinical narratives
with dictionary features.

RNN methods

Gated recurrent sequence
encoding of mention context,
optionally with attention, for
context sensitive mention
representation and concept
mapping

Captures word order and local
contextual cues that are
critical for disambiguation in
short clinical or social text,
handles variable length inputs
naturally, and can perform
competitively with limited
supervision when combined
with domain embeddings

Weaker long context and
global coherence than
transformers, less
parallelizable, depends on
candidate generation at scale,
often used as a component in
hybrid pipelines

ADR and symptom
normalization in social media,
clinical notes, rapid domain
shifts such as COVID,
multilingual or transliteration
scenarios

Transformer
encoder methods

Domain pretrained
transformers with self
attention for contextual
mention encoding and
mention—concept matching via
classification, ranking, or
dense retrieval

Strong semantic
representation, robust
contextual disambiguation,
scalable via retrieval and re
ranking, supports metric
learning alignment

High computational cost for
fine tuning and inference,
especially for cross encoder
reranking, and sensitivity to
candidate generation quality
and ontology coverage when
scaling to large vocabularies

UMLS and SNOMED CT
linking, RxNorm and ICD
mapping, EHR and clinical
notes, multilingual
normalization

GNN methods

Graph neural message passing
over ontology or
heterogeneous graphs that
connect mentions, concepts,
and contextual nodes,
integrating textual embeddings
with multi relational structure
to support collective
disambiguation and coherence
aware linking

Explicitly leverages relational
structure and global context to
improve coherence across
mentions and documents,
strengthens disambiguation
when surface forms are
ambiguous, and can enhance
rare entity linking by
propagating evidence through
concept neighborhoods

Graph construction and edge
quality sensitive, scaling and
memory overhead, often
depends on strong text
encoders for local semantics

UMLS based linking,
coherence driven clinical EL,
heterogeneous doc word
concept graphs, cross lingual
linking with graph enriched
pretraining

LLM methods

Instruction tuned LLMs
perform MCN by prompting
the model to generate the
target concept or identifier,
can be guided by retrieved
ontology candidates and
adapted via LoRA style fine
tuning

Excellent zero few shot
transfer, handles noisy context
well, useful for data
augmentation and text
cleaning, can provide
explanations

High latency and cost, output
variability and limited
controllability, risks of
hallucination or ungrounded
normalization decisions
without explicit candidate
grounding

Low resource settings,
multilingual clinical text,
abbreviation disambiguation,
text cleansing, data
augmentation and prompt
driven disambiguation

Other techniques

Rules, dictionaries, classical
ML, hybrid pipelines with
handcrafted similarity or
heuristics

Interpretable and controllable
decisions, low computational
cost, strong precision for exact
or near exact matches, and
practical for rapid deployment
or for domains where curated
vocabularies and heuristics are
reliable

Limited recall under
paraphrases and unseen
synonyms, brittle to noisy or
highly variable expressions,
and requires ongoing manual
maintenance of dictionaries
and heuristics; performance
can degrade when terminology
evolves or coverage is
incomplete

Abbreviation disambiguation,

dictionary driven clinical text,
ADR normalization baselines,

cross lingual translation plus

matching pipelines

4. Evolution of medical concept normalization techniques and
toolkits

Medical concept normalization (MCN) has progressed through a
diverse range of deep learning architectures, each addressing distinct
challenges in BEL and standardization. Fig. 5 presents a unified frame-
work that integrates convolutional neural networks (CNNs), recurrent
neural networks (RNNs), transformer-based models, graph neural net-
works (GNNs), and large language models (LLMs). Table 6 summarizes
the core modeling idea, advantages, weaknesses, and usage scenarios
of these major method architectures.

CNNs facilitate local feature extraction, while RNNs enhance se-
quential modeling by capturing contextual dependencies. Transformer-
based models, especially for domain-specific models, such as BioBERT

and PubMedBERT, leverage self-attention mechanisms to improve con-
textual representation, and are further refined through retrieval-based
ranking and metric learning techniques. GNNs extend these capabili-
ties by incorporating relational reasoning, modeling biomedical con-
cepts as structured graphs to enhance entity disambiguation. More
recently, LLMs, including GPT-4 and Llama, have introduced fine-
tuning, zero/few-shot learning, and retrieval-augmented generation,
demonstrating robust generalization in medical text normalization.

This unified perspective underscores the evolution of MCN method-
ologies, highlighting a shift from localized feature-based models to
context-aware and knowledge-enriched frameworks that leverage both
structured and unstructured information for enhanced normalization
accuracy.



H. Chen et al.

Journal of Biomedical Informatics 178 (2026) 105005

' Input Sentence .

r (e Vector Embedding o Vector Embedding | ﬂ

e
[;‘ bor=) Softmax Layer
Wormalized Medical Concem

’ 6NN-based | LLM-based k
iypenden

Post-processing
Engineering i
Candidate

\
1

1

1

Templaes |, _ g Generation :
: Fi (TRY] g 1

: -

1

1

1

1

1

Reranking
Scores 0.98
— ey Scores 0.85

Refinement

e e

Fatigue (B9Y
/N (Symplom)
- ¥ ~ -

Fig. 5. Unified framework for Medical Concept Normalization approaches.

4.1. CNN-based methods

4.1.1. Modeling intuition

Convolutional Neural Networks (CNNs) have played a pivotal role
in advancing medical concept normalization (MCN) by enabling the
extraction of local semantic patterns from medical text. Their ability
to process textual data at multiple levels of characters, words, and sen-
tences has allowed researchers to tackle challenges such as noisy input,
informal language, and domain-specific terminology. Over time, CNN-
based methods have evolved, both independently and in combination
with other architectures, to address specific challenges in MCN.

4.1.2. Representative methods

Early CNN-based approaches focused on capturing semantic pat-
terns to normalize medical terms in noisy and unstructured text. Lim-
sopatham and Collier [34] utilized convolutional layers to extract local
semantic dependencies from word embeddings, applying max pooling
to summarize these dependencies into fixed-size vectors that repre-
sented the entire message, which helped handle informal and colloquial
phrases by focusing on contextual meaning. Li et al. [91] developed a
CNN-based ranking framework that combined word embeddings with
morphologically similar features, leveraging convolutional filters to en-
code the joint representation of entity mentions and candidate concepts
and integrating custom morphological similarity vectors to enhance
candidate ranking precision. To address the limitations of standalone
CNNs in capturing sequential dependencies and broader contextual
relationships, subsequent work developed hybrid CNN architectures.
Lee et al. [1] combined CNNs for extracting local semantic patterns
with Gated Recurrent Units (GRUs) to model sequential dependencies
in user-generated medical texts, while Roller et al. [92] extended this
idea to cross-lingual normalization by using CNNs with bidirectional
GRUs (Bi-GRUs) to handle linguistic variations across languages.

4.1.3. Strengths and limitations

CNN-based methods are effective at extracting localized semantic
and morphological cues that are prominent in noisy and informal
mentions, and the convolution plus pooling design provides a compact
representation that can support efficient matching and ranking. At the
same time, standalone CNN encoders are limited in modeling longer
contextual dependencies and broader relational signals, which moti-
vates hybrid designs and richer supervision. In practice, this has led
to multi-view and multi-task extensions that incorporate complemen-
tary contextual modeling and task signals, as well as domain-specific
adaptations that introduce additional constraints or fairness objectives.

10

4.1.4. Typical datasets and usage scenarios

CNN-based MCN is commonly applied to settings characterized by
noisy input and informal language, particularly user-generated medical
texts where local surface cues are informative. These models are also
used in multilingual and cross-lingual normalization scenarios where
linguistic variations amplify the value of character- and word-level
pattern extraction. Beyond these representative examples, multi-view
and multi-task CNN frameworks such as MTMV-CNN [93] and F-
DMTMV-CNN [94] process interactions between mentions and entities
at the string, character, word, and sentence levels to improve ro-
bustness across diverse inputs and tasks. CNN hybrids are further
adapted to domain-specific pipelines, including ADR normalization in
drug labels [95] and normalization in Chinese clinical text [96]. More
recently, fairness-aware variants integrate CNN-based backbones with
Fair Identity Normalization (FIN) layers to mitigate demographic biases
while preserving predictive performance, including applications on 2D
RNFLT maps and 3D OCT scans [97].

4.2. RNN-based methods

4.2.1. Modeling intuition

Recurrent Neural Networks (RNNs) have significantly contributed
to medical concept normalization (MCN) by capturing sequential de-
pendencies and contextual relationships in biomedical text. Over time,
these models have evolved to incorporate attention mechanisms, hybrid
architectures, and knowledge-enhanced frameworks, addressing chal-
lenges, such as noisy data, language variability, and large-scale concept
spaces.

4.2.2. Representative methods

A representative direction augments bidirectional recurrent en-
coders with attention to focus on informative spans in noisy narratives.
Tutubalina et al. [98] employed Bi-LSTM and GRU models with at-
tention to dynamically weight key segments in social media text,
leveraging HealthVec and PubMedVec embeddings and cosine similar-
ity features to enhance concept matching. Sarker et al. [66] similarly
applied a bidirectional GRU with attention for ADR mention normaliza-
tion, improving robustness to noisy and informal expressions. Beyond
attention weighting, robustness to misspellings and rare words has also
been strengthened through contextualized embeddings, for example,
by combining Bi-LSTMs with ELMo representations for normalization
in noisy social media settings [99]. Data-centric enhancements fur-
ther improve RNN robustness by augmenting training instances with
paraphrasing and character-level edits for layperson MEL [100].

Another representative line develops hybrid pipelines that comple-
ment recurrent contextual modeling with lexical normalization and
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knowledge-driven ranking. Luo, Sun, and Rumshisky [101,102] com-
bined Bi-LSTM encoders with exact matching and edit distance to
handle typographically diverse yet semantically similar terms that rule-
based methods alone could not resolve. Ruas, Lamurias, and Couto [35]
introduced REEL, integrating Bi-LSTM-based relation extraction with
Personalized PageRank to exploit semantic relations and ontology links
for candidate ranking. Loureiro and Jorge [103] further extended this
hybrid paradigm with a Bi-LSTM-CRF sequence labeling architecture
that integrates neural contextual embeddings with dictionary matching,
improving scalability and precision in practical entity linking pipelines.

4.2.3. Strengths and limitations

RNN-based models naturally encode word order and local contex-
tual dependencies, which is beneficial when short surrounding context
determines the correct concept in MCN. Attention mechanisms further
improve interpretability and effectiveness by emphasizing salient spans
in noisy inputs. However, standalone RNN encoders are limited in
modeling long-range dependencies and global coherence, and their
training is less parallelizable than transformer encoders. In large-scale
normalization settings, end-to-end performance often depends on can-
didate generation quality and auxiliary constraints, which motivates
hybrid designs that integrate lexical signals, dictionary matching, or
knowledge-driven ranking.

4.2.4. Typical datasets and usage scenarios

RNN-based MCN methods are frequently applied to noisy user-
generated medical text, including ADR and symptom normalization in
social media, where sequential cues and attention-based focusing are
valuable. Hybrid RNN pipelines have also been used in rapidly evolving
domains such as COVID-19 symptom normalization [104] and in data-
scarce settings supported by distant supervision [105]. Beyond English-
centric scenarios, RNN architectures have been adapted to multilin-
gual normalization, including transliteration into UMLS concepts [106]
and Chinese MCN pipelines that incorporate medical dictionaries and
linguistic features [107].

4.3. Transformer-based models

4.3.1. Modeling intuition

Transformer-based architectures have become the dominant
paradigm for medical concept normalization (MCN) because self-
attention enables long-range contextual encoding and produces men-
tion representations that are sensitive to surrounding cues. In trans-
former encoder based MCN, a mention is encoded together with its
surrounding context and then linked to a standardized concept by com-
paring the resulting representation against candidate concept names,
descriptions, or identifiers. This comparison is commonly implemented
as mention classification over a candidate set, mention—candidate scor-
ing with a sentence-pair encoder, or embedding based retrieval with a
bi-encoder followed by re-ranking. Beyond general-purpose transform-
ers, domain-specific pretraining or continued pretraining on biomedical
corpora such as PubMed, clinical narratives, or UMLS resources fur-
ther improves terminology coverage and reduces semantic drift, while
retrieval-based ranking and metric learning objectives enhance scala-
bility and disambiguation when the ontology is large or the context is
ambiguous.

4.3.2. Representative methods

A representative line of work focuses on domain-specific transform-
ers and fine-tuning. Biomedical variants such as BioBERT, SciBERT,
ClinicalBERT, PubMedBERT, BlueBERT, and UMLSBERT are fine-tuned
for MCN as text classification or pairwise ranking, encoding the men-
tion context and candidate descriptions with a shared encoder [108-
113]. EhrBERT fine-tunes an encoder pretrained on EHR notes for
MCN classification [114], while BertMCN adds a Highway Network

11

Journal of Biomedical Informatics 178 (2026) 105005

to filter irrelevant information when encoding colloquial and clini-
cal mentions [115]. To mitigate sparse training data, SciBERT with
layer overwriting initializes output parameters from entity represen-
tations and augments training with synthetic instances derived from
SNOMED-CT and RxNorm, using cosine similarity based alignment
objectives [116].

Another representative direction emphasizes candidate retrieval and
re-ranking to handle large ontologies. Typical pipelines use BM25 or
dictionary based lookup (often enhanced with synonym resources)
to generate high-recall candidates, then fine-tune a transformer to
re-rank them [27,117-119]. Dual-encoder designs further improve re-
trieval efficiency, as illustrated by BENNERD, which applies BERT-
based encoders for candidate retrieval and downstream linking in
biomedical texts [120]. Complementing ranking based pipelines, met-
ric learning approaches align mention and concept embeddings with
contrastive or triplet objectives: SapBERT mines synonym triples from
UMLS and optimizes a multi-similarity loss [121], while BioSyn com-
bines sparse TF-IDF matching with dense transformer representations
for robust retrieval [82,122]. Hard-negative sampling and hierarchy
aware negatives are explored in DILBERT and KRISSBERT to improve
fine-grained disambiguation and recall on rare entities [123-125].
Hybrid and knowledge-enriched designs incorporate structured signals
from biomedical ontologies to strengthen disambiguation when context
is insufficient. Some approaches inject ontology structure or hierarchi-
cal constraints into encoder representations, improving semantic type
consistency and concept separability [126-128]. Another line adopts
generative or constrained decoding formulations, where the model gen-
erates concept identifiers under ontology-aware constraints to reduce
invalid or implausible predictions [129,130]. More recent work ex-
plores prompting and memory-style mechanisms to better utilize entity-
type cues and cached mention—context evidence during inference [85,
131-133].

4.3.3. Strengths and limitations

Transformer encoders provide strong context-aware disambiguation
and are effective for handling lexical variation, abbreviations, and
polysemy, particularly when coupled with biomedical pretraining and
synonym alignment objectives. Their representations integrate natu-
rally with retrieval and re-ranking pipelines, making them practical
for large-scale ontologies. However, cross-encoder re-ranking can be
computationally expensive, and overall performance often depends on
candidate generation quality and ontology coverage. Model robustness
may also degrade under domain shift or low-resource language settings,
motivating multilingual adaptation, synthetic data augmentation, and
knowledge-enriched objectives.

4.3.4. Typical datasets and usage scenarios

Transformer-based MCN is widely used in clinical narratives and
EHR notes, biomedical literature, and noisy user-generated medical
text, where long-range contextual cues are important for disambigua-
tion. It is particularly suitable for ontology-scale normalization over
UMLS-linked resources, where retrieval plus re-ranking or metric learn-
ing is required for efficiency. Multilingual and cross-lingual MCN in-
creasingly relies on multilingual transformers and UMLS translation re-
sources to support non-English clinical narratives [37,134-139]. Joint
learning settings further combine normalization with related tasks such
as NER or adverse event extraction to improve robustness under limited
supervision [2,80,140-142].

4.4. GNN-based models

4.4.1. Modeling intuition

Graph Neural Networks (GNNs) introduce an explicit structural
view for BEL and MCN by integrating textual encodings with graph-
based knowledge representations. By propagating information over
edges that encode biomedical relations, GNNs complement transformer
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encoders with relational and global coherence signals, and are particu-
larly useful when local textual evidence is insufficient for disambigua-
tion. Concretely, GNN-based MCN methods treat biomedical concepts,
mentions, and contextual evidence as nodes in a graph, and model
their interactions through message passing. Transformer encoders such
as BERT, BioBERT, or SapBERT typically provide initial node fea-
tures for mentions or concept names, while graph modules such as
GCN, GAT, GraphSAGE, or R-GCN refine these features by aggregating
information from neighbors under typed relations. This graph-aware
refinement supports collective disambiguation by encouraging predic-
tions that are consistent with ontology structure, relational constraints,
and document-level coherence.

4.4.2. Representative methods

Heterogeneous graph construction is a common design choice to
jointly model mentions, entities, and contextual evidence under multi-
ple relation types. Dai et al. [143] combined BioBERT embeddings with
heterogeneous graphs to compute semantic affinities among mentions
and entities, and used a minimum spanning forest based clustering
strategy to enforce unique linking while maintaining semantic coher-
ence. D’Auria et al. [144] leveraged BLINK for candidate generation
and applied R-GCNs together with DistMult for multi-relational mod-
eling, demonstrating that explicit relation modeling can strengthen
embedding-based linking in clinical settings.

Attention-based message passing further improves disambiguation
by weighting informative neighbors and injecting document-level co-
herence signals. Bo and Zhang [145] employed GATSs to capture node-
level interactions and integrate local mention—candidate similarity
with global document coherence for improved ranking. Sakhovskiy
et al. [146] extended SapBERT with a graph encoder (GraphSAGE or
GAT) over UMLS, aligning textual and graph representations through
multiple contrastive losses in GEBERT. Collective disambiguation has
also been formulated as a clustering problem, where graph structure
guides coherent grouping of mentions and entities, as in the BERT-
encoded graph framework with hierarchical clustering proposed by
Angell et al. [147]. Graph prompting has been explored in a related
setting of biomedical synonym reasoning: GraphPrompt combines hi-
erarchical graph-based prompts with BioBERT to improve synonym
prediction using structured cues [148].

Multi-objective graph augmented pretraining provides another prac-
tical route to inject structural supervision while keeping inference
lightweight. BERGAMOT combines pre-trained language models with
GNN variants (GraphSAGE, RGCN, GAT) and optimizes contrastive
and graph-infomax style objectives; graph representations are used
during pretraining, yielding a graph-enriched transformer encoder for
downstream BEL, including cross-lingual settings [149].

4.4.3. Strengths and limitations

GNN-based methods explicitly leverage ontology structure and re-
lational dependencies, which can improve disambiguation under ambi-
guity, enforce global coherence, and benefit rare or sparsely expressed
concepts through neighborhood information. They are naturally com-
patible with transformer encoders, which provide strong textual seman-
tics while GNNs inject structured constraints. However, graph construc-
tion and message passing introduce additional engineering complexity,
and performance can be sensitive to graph quality, relation coverage,
and candidate generation. Large graphs may also increase training cost,
and some designs rely on pretraining-time graph access that may not
be available in all deployment settings.

4.4.4. Typical datasets and usage scenarios

GNN-based MCN is most beneficial when structured biomedical
resources are available, such as UMLS-linked ontologies and knowl-
edge graphs, and when entity linking requires coherence beyond local
mention text. Typical scenarios include clinical entity linking with rich
relational structure, collective disambiguation across documents, and
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settings where candidate sets are large and structurally confusable.
Heterogeneous graph designs are also used in downstream biomedical
applications that connect text to concepts, such as adverse drug event
detection with document-word-concept graphs [150]. Cross-lingual or
multilingual BEL can further benefit from graph-enriched pretraining
that transfers structural supervision across languages [149].

4.5. LLM-based methods

4.5.1. Modeling intuition

Large language models (LLMs) bring a generative, instruction-driven
view to BEL and MCN. Instead of only encoding mentions for clas-
sification or retrieval, LLM-based pipelines cast MCN as following
natural-language instructions to identify the correct standardized con-
cept, often by reasoning over mention context, surface-form variants,
and candidate descriptions. In practice, LLMs are used in two main
ways: (i) as a decision module that selects or justifies a concept from a
provided candidate list (for example, retrieved by BM25, SapBERT, or
other encoders), and (ii) as a domain-adapted generator via parameter-
efficient fine-tuning, where lightweight updates such as LoRA tailor a
general LLM to clinical terminology and normalization conventions.

4.5.2. Representative methods

Parameter-efficient fine-tuning has been adopted to specialize
instruction-following LLMs for biomedical normalization. Wang et al.
[151] fine-tuned Llama2 with LoRA for rare disease normalization,
improving robustness to unseen synonyms, typographical errors, and
lay expressions. Liu et al. [152] applied LoRA to Gemma on biomed-
ical datasets, showing that competitive normalization performance
can be obtained while updating only a small subset of parameters.
Complementary work uses LLMs to align or enrich representations
with external resources. Hosseini and Javidan [153] improved clinical
abbreviation disambiguation by augmenting a BlueBERT-based setting
with BioGPT-generated data. Remy et al. [154] combined GPT-3.5 with
clinical knowledge graphs in BioLORD-2023, aligning text and graph
signals to support domain and multilingual generalization.

Prompting-based use of LLMs emphasizes zero-shot and few-shot
adaptation through natural-language instructions. Chen et al. [14] used
ChatGPT for zero-shot and few-shot data generation to improve MCN
training data quality, which in turn benefits downstream normalizers.
BioLinkerAl [155] employed GPT-4 and Llama2 with enriched prompts
together with rule-based components to perform context-aware disam-
biguation in a neuro-symbolic manner. Abdulnazar et al. [156] used
GPT-4 for zero-shot text cleansing in German clinical narratives to
reduce terminological noise before linking, and Borchert et al. [157] ap-
plied few-shot prompting to simplify long mentions, improving down-
stream linking for Spanish biomedical text.

4.5.3. Strengths and limitations

LLM-based methods are particularly useful when MCN depends on
subtle contextual cues, instruction-driven resolution, or the need to
produce explanations that clinicians can inspect. They also adapt well
in low-supervision settings, either through carefully designed prompts
or via parameter-efficient fine-tuning that injects domain constraints
without retraining the full model. Their limitations are mainly practi-
cal: inference is typically more expensive than encoder-only pipelines,
performance can be sensitive to prompt phrasing and how candidates
are presented, and the model may hallucinate or give overconfident
decisions when the candidate list is incomplete or when ontology
constraints are not enforced explicitly.
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4.5.4. Typical datasets and usage scenarios

LLM-based MCN is commonly used in low-resource or rapidly evolv-
ing settings where labeled data is scarce and adaptation via prompting
or LoRA is practical, such as rare disease normalization [151]. Prompt-
based cleansing and mention rewriting has been explored for non-
English clinical narratives, including German text normalization [156]
and Spanish biomedical mentions [157]. LLMs are also used as a con-
trollable component in hybrid neuro-symbolic pipelines that combine
retrieval, rules, and LLM-based reasoning for disambiguation [155].

4.6. Other techniques

4.6.1. Modeling intuition

Although deep neural architectures have become mainstream for
MCN, traditional machine learning and hybrid pipelines remain prac-
tically important. These methods emphasize explicit lexical matching
and lightweight decision rules, and are often used as strong baselines
or as complementary components for candidate generation, lexical
cleanup, and language adaptation, especially when labeled data is lim-
ited, terminology is highly variable, or multilingual transfer is required.
Typical designs rely on curated dictionaries, heuristic normalization
rules, and edit distance patterns to map mentions to canonical forms,
or use feature-driven statistical classifiers to select among candidate
concepts. A common strategy is to combine symbolic candidate con-
struction with semantic similarity signals from distributional repre-
sentations, so that exact matching handles high precision cases while
similarity-based scoring covers paraphrases, misspellings, and informal
expressions. In multilingual scenarios, these pipelines frequently in-
troduce translation or language detection modules before performing
dictionary alignment and candidate scoring.

4.6.2. Representative methods

Rule-oriented normalization remains effective for constrained sub-
problems. Mowery et al. [158] combined rule-based abbreviation map-
pings with CRFs and SVMs for clinical abbreviation disambiguation,
leveraging complementary strengths of deterministic rules and learned
models. Kate [159,160] proposed edit distance-based normalization
that generalizes spelling variation patterns through exact matching and
subconcept decomposition, improving robustness to lexical variation.
Traditional feature-based learning is also used when deep models are
unnecessary or infeasible. Emadzadeh et al. [161] employed SVMs
together with latent semantic analysis and hybrid semantic measures
to normalize adverse drug reaction mentions in noisy social media
text. Semantic and dictionary-based pipelines integrate distributional
semantics into candidate ranking. Cho et al. [162] combined dictio-
nary matching with Word2Vec similarity to link mentions to biomed-
ical concepts, while Karadeniz and Ozgﬁr [163] refined candidate
ranking by incorporating syntactic signals alongside embedding-based
similarity. Hybrid multilingual pipelines highlight the role of transla-
tion and language-specific preprocessing. Seinen et al. [164] validated
Dutch clinical concept extraction tools via translation of English an-
notated corpora while preserving labels, and Almeida et al. [165]
integrated language detection, text mining, and Levenshtein similarity
to harmonize clinical data across languages.

4.6.3. Strengths and limitations

These techniques are attractive for their interpretability, low com-
putational cost, and data efficiency. Rule and dictionary-driven com-
ponents provide transparent decisions that are easy to audit, and they
can offer strong performance when the terminology space is narrow
or when high-quality lexicons are available. However, they tend to be
brittle under paraphrasing and context-dependent ambiguity, and their
coverage is limited by dictionary completeness and manual curation.
Feature-based statistical models also require careful feature engineering
and often struggle to generalize across domains or institutions without
additional adaptation.

13

Journal of Biomedical Informatics 178 (2026) 105005

4.6.4. Typical datasets and usage scenarios

Other techniques are commonly used for clinical abbreviation dis-
ambiguation and short mention normalization, where explicit rules
and lexicons are reliable [158,159]. They are also frequently applied
to noisy user generated text, such as adverse drug reaction mentions
in social media, where edit distance and lightweight classifiers pro-
vide robust baselines [161]. In cross-lingual and multilingual settings,
translation-assisted annotation transfer and language-aware dictionary
alignment are typical usage patterns for adapting MCN pipelines to new
languages [164,165].

5. Model performance on MCN benchmarks

Building on Section 4, this section synthesizes state-of-the-art per-
formance on representative MCN benchmarks. Rather than re-intro
ducing each dataset, we focus on what the reported results reveal about
model families, including discriminative rankers, generative sequence-
to-sequence models, graph-enhanced architectures, and LLM-assisted
pipelines, under different corpus conditions. Fig. 6 summarizes the
co-evolution of model paradigms and benchmark construction.

Reported benchmark scores should be interpreted with caution. As
discussed in Section 3 and Table 5, train-test leakage, duplication, class
imbalance, and annotation inconsistencies can inflate headline metrics
and obscure generalization gaps. In addition, metrics differ across
benchmarks (Accuracy, F1, Recall), and candidate set construction
varies substantially. Therefore, Table 9 is primarily used to compare
trends within each benchmark family rather than to rank models across
datasets.

Table 9 summarizes leading results on clinical corpora (MIMIC-III,
ShARe/CLEF, CHIP-CDN), biomedical literature benchmarks (BC5CDR,
NCBI Disease), social media and user-generated corpora (TwiMed,
AskaPatient, TWADR-L, SMM4H-2017), and multilingual or domain-
specific settings (Cantemist, DisTEMIST-linking subtrack, NEREL-BIO).
For benchmarks with more than five reported results, we retain only
the top five to emphasize competitive approaches.

5.1. Clinical text normalization datasets

Clinical benchmarks evaluate normalization in institution-specific
notes and discharge summaries, where abbreviations and context-
dependent disambiguation are common. In this setting, performance is
typically driven by domain-adapted encoders and effective candidate
ranking, while robustness is sensitive to label imbalance and the
coverage of controlled terminologies.

5.1.1. MIMIC-III and MIMIC-IV

As introduced in Section 3, MIMIC benchmarks test clinical concept
normalization against ICD codes. Reported results remain markedly
lower than those on curated literature datasets, with an encoder—
decoder model reaching 70.5% on MIMIC-III [166] and SNOBERT
achieving 43.0% on MIMIC-1IV [85]. This performance gap reflects the
difficulty of mapping heterogeneous real-world phrasing to standard-
ized codes. Moreover, the severe class imbalance in MIMIC-IV (Table
5) suggests that accuracy can be biased toward frequent concepts, and
improvements should be interpreted together with imbalance-aware
evaluation.

5.1.2. ShARe/CLEF

On ShARe/CLEF, biomedical transformer based approaches domi-
nate the leaderboard, indicating that domain specific pretraining and
strong contextual representations are critical for disambiguation in
clinical notes. B LBConA [167] reports 94.2% accuracy, while KRISS-
BERT [125] demonstrates that ontology aware contrastive objectives
can further improve sense separation under abbreviations and syn-
onymy. BLINKout [168] suggests that prompt driven linking and can-
didate reranking remain effective when paired with strong encoders.



H. Chen et al.

2016 2017 2018 2019

Transformer
Encoder-Based

RNN-Based

CNN-Based

Journal of Biomedical Informatics 178 (2026) 105005

GPT-3.5/Vicu
na-13b
(Dobbins et
al.)
Llama-3/GPT
GPT-4 -40
Llamma 2 (Gallego et
Sakor al.)
NSSC
Homa:2 (Garcia et

(Wang et al.)

GPT-4
(Borchert et
al.

al.

GAT (Bo et BioGPT (Luo
al.) etal.)

GEBERT BERGAMOT
(Sakhovskiy (Sakhovskiy
etal.) etal.)
KnowCAGE
(Gao et al.)

Fig. 6. The history and evolution of Medical Concept Normalization (MCN) models.

Table 7
Comparison of model sizes on the BC5CDR dataset..

Model Backbone Model Category Model Size(Params) Metric(Accuracy/F1/Recall)
BioLinkerAl [155] LlaMA-2/GPT-4 LLM 70B (LLaMA-2)/GPT-4 93.3%

GenBioEL [173] BART-Large Transformer 406M 93.3%**

ANGEL [130] BART-large Transformer 406M 94.7%

BioPRO [131] SAPBERT Transformer 110M 94.4%

BioELM [126] PubMedBERT Transformer 110M 94.7%

GAT [145] Graph Attention Network Graph-Based 28.9M 89.3%

NormCo [174] RNN-Based Model RNN 9.1M 83.4%*

Note. In the Metric column, unmarked values denote Accuracy, values marked with * denote Fl-score, and values marked with ** denote Recall. Different papers report different
metrics, and these values should be interpreted under their corresponding metric definitions rather than being directly compared across metrics.

Hybrid neural baselines such as CNN plus BiLSTM [169] remain com-
petitive, which supports a broader conclusion that careful candidate
ranking and mention modeling can matter as much as increasing model
scale on this benchmark.

5.1.3. CHIP-CDN

For CHIP-CDN, the best reported results remain substantially lower
than English clinical benchmarks, reflecting both language-specific
variability and the difficulty of aligning Chinese diagnosis expres-
sions to standardized codes. BERT-based systems reach 64.2% accu-
racy [170], while graph-based methods [171] achieve 63.1%, indi-
cating that injecting structured relations can help but does not fully
resolve synonym and abbreviation variation. Contrastive representa-
tion learning, such as SimCSE [172] reports 57.6%, suggesting that
representation alignment alone may be insufficient without improved
candidate construction and more comprehensive coverage.

5.2. Biomedical literature normalization datasets

This category includes datasets extracted from scientific publi-
cations, research abstracts, and medical ontologies, where models
must standardize disease, chemical, and gene mentions into structured
biomedical vocabularies.

5.2.1. BC5CDR

On BC5CDR, transformer based pipelines achieve the strongest re-
ported accuracy, with ANGEL [130] and BioELM [126] both report-
ing 94.7%. BioELQA [175] reports 94.5%, supporting the view that
sequence-to-sequence modeling can be competitive when paired with
strong biomedical pretraining and candidate control. GenBioEL [173],
and BioPRO [131] further indicate that generative or hybrid designs
can remain strong, especially when candidate recall and synonym
coverage are improved.
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At the same time, smaller architectures illustrate a meaningful
efficiency frontier. NormCo [174] reaches 83.4% F1 with a compact
RNN-based design, and GAT [145] reaches 89.3% accuracy with a mod-
erate parameter budget, suggesting that targeted modeling of coherence
or relational structure can provide competitive performance without
large-scale encoders.

Recent work also explores large language models as decision mod-
ules. BioLinkerAlI [155] combines rule-guided extraction with LLM-
based disambiguation, reporting 93.3% accuracy. While this is strong,
the comparison in Table 7 highlights a practical trade off between
compute requirements and incremental gains over strong transformer
baselines.

Finally, the split shift noted in Table 5, where many test dis-
ease mentions do not appear in training or development, implies that
BC5CDR results are sensitive to candidate coverage and distribution
mismatch. This supports evaluating methods not only by headline
accuracy, but also by robustness to unseen mention variants.

5.2.2. NCBI disease

On NCBI Disease, SapBERT with prompt tuning [176] reports 94.5%
accuracy, reinforcing the effectiveness of retrieval oriented learning
for disease name normalization. B-LBConA [167] and BioELQA [175]
report above 93%, suggesting that strong domain-specific encoders and
careful ranking remain key. M3E [132] reports 92.3% F1, indicating
that memory and knowledge augmentation mechanisms can help with
disambiguation, particularly when concepts share overlapping surface
forms.

5.3. Social media and user-generated content dataset

This category includes datasets derived from Twitter, Reddit, pa-
tient forums, and online health discussions, where medical concept
normalization (MCN) models must handle noisy, informal language,
abbreviations, misspellings, and layperson terminology. Unlike datasets
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Table 8
Explainability methods and fine-tuning impact on the AskaPatient dataset.
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Model Explainability method

Before Fine-tune (%) After Fine-tune (%) Relative improvement (%)

BERT (BioBERT) [27] Generate-and-Rank with Semantic Type

Regularization

CNN+Attention [184] Attention Mechanism with Character-Level
Encoding

BART [173] Knowledge Base-Guided Pretraining & Synonym
Awareness

ANGEL [130]
KNN-BioEL [182]
BioBERT+MTL [185]
ProSyno [183]
SapBERT [121]

Negative Sample Learning
Retrieval-Augmented Learning

Multi-Task Learning with Context Utilization
Prompt Learning with Wiktionary Descriptions
Contrastive Learning with Negative Sample
Augmentation

SapBERT+LLM [14] LLM-Based Data Augmentation

87.52 87.46 —-0.069
84.22 84.65 0.51
88.8 89.3 0.56
89.3 90.2 1.01
89.1 90.3 1.35
83.88 85.37 1.78

- 90.22 -

70.5 89.0 26.2
86.66 88.01 1.56

Note. Accuracy (%) is used as the evaluation metric for all results.

derived from the biomedical literature or clinical records, these cor-
pora require models to bridge the gap between colloquial expressions
and standardized medical concepts, making normalization particularly
challenging.

5.3.1. TwiMed

TwiMed shows high performance for strong domain adapted trans-
formers, with FARM BERT reporting 95.9% F1 [177]. The competi-
tiveness of multinomial naive Bayes at 91.0% accuracy [178] suggests
that this benchmark still contains many lexically accessible cases. Deep
learning variants such as DSN [179] and BiLSTM based designs [180]
remain competitive, while BioLORD [181] indicates that contrastive
pretraining may be beneficial but can be limited when mention noise
and candidate ambiguity dominate. Overall, TwiMed results suggest
that strong pretraining plus robust token level modeling can yield near
ceiling performance when the concept space is relatively constrained.

5.3.2. AskaPatient

AskaPatient performance highlights the importance of both can-
didate retrieval and synonym-aware modeling for patient language.
BART-based methods [173] report 93.3% F1, while KNN BioEL [182]
reaches 90.3%, showing that nearest neighbor retrieval can effectively
recover plausible candidates from informal mentions. ProSyno [183]
and ANGEL [130] report about 90.2%, suggesting that prompt learn-
ing and negative sampling strategies can be effective when they im-
prove alignment between lay expressions and standardized terms.
BioBERT [27] remains a strong baseline at 87.5%, indicating that en-
coder strength alone can capture a substantial portion of the mapping.

To complement leaderboard numbers, Table 8 summarizes represen-
tative explainability-oriented designs and the effect of finetuning. The
results highlight that interpretability is often improved through explicit
token weighting, semantic type constraints, or retrieval augmented
reasoning, which is especially important when user-generated mentions
are ambiguous.

Importantly, the overlap between training and test splits reported in
Table 5 suggests that headline scores on AskaPatient can overestimate
generalization to truly unseen paraphrases. This motivates evaluat-
ing models under stricter split policies when claiming robustness to
real-world patient language.

5.3.3. TwWADR-L

TwADR L remains one of the most challenging social media bench-
marks, with the best reported accuracy at 51.5% by ProSyno [183].
BioBERT [27] reports 47.0% and BERTMCN [115] reports 48.3%, while
CNN with attention [184] and hybrid BERT plus RNN [80] are lower.
The narrow separation among methods suggests that the dominant
limitation is not encoder capacity alone, but candidate scarcity and
extreme tail distributions.

Consistent with the data quality analysis in Table 5, TWADR L
suffers from severe imbalance, measurable overlap between training
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and test data, and limited concept coverage. These issues imply that
progress on TWADR L is likely to depend on improved data aug-
mentation, better candidate expansion for rare concepts, and stricter
evaluation splits that reduce leakage.

5.3.4. SMM4H-2017

On SMM4H 2017, BERT based systems report 69.64 [186], while
a BioBERT plus BioSyn ranking approach reports 60.5 [82]. The gap
suggests that representation strength and adaptation can be decisive
when informal phrasing interacts with limited context, but that robust
reranking remains difficult under noisy mention forms. The overall
performance indicates that social media normalization for adverse
events continues to require stronger candidate construction and better
disambiguation signals beyond surface similarity.

5.4. Multilingual and domain-specific datasets

This category includes datasets designed for non-English medical
concept normalization and domain-specific entity linking, where mod-
els must generalize across different languages, specialized medical
subfields, and unique terminologies. These benchmarks are particularly
challenging due to linguistic variations, diverse annotation standards,
and differences in concept mapping strategies across languages and
medical domains.

5.4.1. Cantemist, DisTEMIST-linking subtrack and NEREL-BIO

On Spanish benchmarks, RoBERTa reports 41.2% F1 on DisTEMIST
linking [187], indicating that clinical entity linking can remain difficult
even with strong encoders when candidate ambiguity is high. On the
Cantemist benchmark family, BETO [188] reports 86.4% F1, show-
ing that language-specific pretraining can yield strong normalization
performance when the concept inventory and annotation scheme are
well aligned. For Russian biomedical normalization, BERT achieves
72.7% F1 on NEREL BIO [189], highlighting growing progress in
multilingual biomedical NLP, while leaving room for improvement in
cross-vocabulary consistency and low-resource coverage.

5.5. Bias detection and mitigation in MCN benchmark evaluation

Several widely used MCN benchmarks contain data quality issues
that introduce bias, such as train-test leakage, duplication, or class im-
balance, as discussed in previous sections. This is also reflected in Table
9, where representative benchmarks are annotated with their dominant
quality concerns. Therefore, beyond reporting the best numbers, a key
question is how to detect such biases and design evaluation protocols
that better reflect model generalization.

Recognizing these challenges, Agarwal et al. [136] systematically
investigated dataset bias in medical concept normalization, focusing
on issues, such as data leakage between training and test splits and
excessive overlap with candidate dictionaries. To detect and address
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Table 9
Model performance on MCN benchmarks. For benchmarks with more than five model testing results, we only keep the top five.
Dataset Quality Issue Fine-Grained Model Category Metrics Code Source Year
FARM-BERT [177] Transformer 95.9* - 2021
Multinomial NB [178] Machine Learning 91.0 - 2023
TwiMed — DSN [179] Deep Learning 89.8* - 2024
BiLSTM+MSAM+position [180] Neural Network 85.3* - 2019
BioLORD [181] Transformer 70.6 - 2023
ANGEL [130] Transformer 94.7 link 2024
BioELM [126] Transformer 94.7 - 2022
BC5CDR Comprehensiveness BioELQA [175] Transformer 94.5 - 2024
GenBioEL [173] Transformer 93.3%* link 2022
BioPRO [131] Transformer 94.4 link 2023
BERT (SapBERT, PubMedBERT) Transformer 94.5 link 2022
[176]
NCBI — B-LBConA [167] Transformer 93.6 - 2023
BioELQA [175] Transformer 93.5 - 2024
BART [173] Transformer 93.3 link 2022
M3E [132] Transformer 92.3*% link 2024
BERT (SapBERT, PubMedBERT), Transformer 69.64 link 2022
SMM4H-2017 — GPT-2 [186]
BERT (BioBERT, BioSyn) [82] Transformer 60.5 link 2020
BERT [190] Transformer 95.0* - 2024
HMC2019 — DeBERTa+RWP+CL [191] Transformer, Contrastive 93.9* - 2023
learning
RoBERTa-MTL [192] Transformer 90.2* link 2023
BART [173] Transformer 89.3* - 2022
KNN-BioEL [182] Transformer 90.3 link 2024
AskaPatient Duplication ProSyno [183] Transformer 90.2 - 2025
ANGEL [130] Transformer 90.2 link 2024
BERT (BioBERT) [27] Transformer 87.5 link 2020
B-LBConA [167] Transformer 94.2 - 2023
. KRISSBERT [125] Transformer 90.4 link 2021
ShARe/CLEF Comprehensiveness BLINKout [168] Transformer 91.2 link 2023
CNN, RNN (Bi-LSTM) [169] Neural Network 90.1 link 2021
BART [173] Transformer 93.3 - 2022
KNN-BioEL [182] Transformer 85.7 link 2024
. BioELQA [175] Transformer 85.2 - 2024
COMETA Comprehensiveness BERT (SapBERT), Prompt base Transformer 83.7 link 2023
encoder [193]
ANGEL [130] Transformer 82.8 link 2024
GenBioEL [173] Transformer 82.8 link 2022
M3E [132] Transformer 88.7* link 2024
. . BioLinkerAl [155] LLM 81.3 - 2024
MedMentions Comprehensiveness BioFEG [194] Transformer 76.7 link 2023
Joint Learning [184] Transformer 75.1 - 2019
Cadec BERT (SapBERT, PubMedBERT), Transformer 84.1 link 2022
GPT-2 [186]
ProSyno [183] Transformer 60.6 - 2025
PsyTAR —_ BERT (BioBERT)+Multitask Transformer 85.4 - 2022
Learning [185]
MIMIC-III — encode-decode [166] Neural Network 70.5 - 2018
ProSyno [183] Transformer 51.5 - 2025
Imbalance. Duplication and BERT (BioBERT) [27] Transformer 47.0 link 2020
TwADR-L Com. rehe;lsivfness BertMCN [115] Transformer 48.3 - 2021
P CNN+Attention [184] Neural Network 46.5 - 2019
BERT+RNN (ULMFit — > Transformer, RNN 41.7 link 2021
AWD-LSTM) [80]
BERT [170] Transformer 64.2* link 2024
CHIP-CDN* — GNN [171] Neural Network 63.1* - 2023
SimCSE [172] Contrastive learning 57.6* - 2022
. BETO [188] Transformer 86.4* link 2021
Catemist* — .
Bi-LSTM [195] Neural Network 73.7 - 2020
BioWiC — Llama2 [44] LLM 78.0 link 2024
MedRed — RoBERTa [69] Transformer 73.0 - 2020
NEREL-BIO* — BERT [43] Transformer 72.7 link 2024
MIMIC-IV Imbalance SNOBERT [85] Transformer 43.0 link 2025
MADE — EhrBERT [114] Transformer 41.0 - 2019
DisTEMIST-linking subtrack* — RoBERTa [187] Transformer 41.2* link 2022

Note. Unmarked values denote Accuracy, * denotes Fl-score, and ** denotes Recall. Metrics vary across papers and are not directly comparable.
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these biases, they propose a comprehensive filtering framework that re-
moves from the test set any entity mentions also present in the training
data or highly similar to dictionary entries, based on surface form or
lexical similarity. This approach is applied across several multilingual
clinical datasets, ensuring that evaluation is not confounded by trivial
matches or memorization. By constructing such filtered test sets, the
authors provide a more realistic assessment of model generalization and
establish practical guidelines for creating unbiased evaluation settings
in this field. In the context of Table 9, such overlap and duplica-
tion control is particularly relevant for duplication-prone benchmarks
(e.g., AskaPatient and TwADR-L), where strong Accuracy or F1 scores
may be optimistically estimated and partially reflect repeated surface
forms rather than robust generalization.

In a similar direction, Sood and Imran [196] on biomedical in-
formation retrieval highlighted the necessity of benchmark datasets
with gold-standard annotations, careful curation, and thorough doc-
umentation of potential sources of bias. They recommend mapping
both queries and candidates to standardized concepts using controlled
vocabularies and ontologies, such as UMLS, MeSH, and SNOMED CT.
This approach helps to mitigate problems of term mismatch and se-
mantic drift. Additionally, they suggest employing corpus-based query
expansion strategies and filtering mechanisms to prevent retrieval bias
or query drift caused by noisy or irrelevant augmentation. These rec-
ommendations are especially important for benchmarks with broader
concept coverage and larger candidate spaces (e.g., BC5CDR, Med-
Mentions, COMETA, and ShARe/CLEF in Table 9), where the evalua-
tion outcome is more sensitive to candidate construction, annotation
conventions, and the long tail of concepts.

Building on these principles, recent work has developed a multistage
framework for biomedical concept normalization by leveraging large
language models alongside traditional rule-based systems [197]. In
this approach, LLMs, such as GPT-3.5-turbo and Vicuna-13b, are first
prompted to generate synonyms and alternative phrasings, which maxi-
mizes recall during the candidate generation phase. In the second stage,
LLMs are used to prune and rank candidate concepts, thereby improv-
ing precision. These results show that LLMs can be effectively combined
with existing normalization systems to boost performance, particularly
in low-resource scenarios, provided that evaluation is conducted on
high-quality datasets that are free from leakage and other biases. From
the perspective of Table 9, such multi-stage designs can be bene-
ficial under highly imbalanced settings (e.g., TWADR-L and MIMIC-
IV), where naive ranking can be dominated by frequent concepts and
performance on rare concepts is more brittle.

Together, these approaches provide a foundation for more transpar-
ent and reliable MCN evaluation, and highlight the ongoing need for
rigorous dataset quality control and bias mitigation in future research.

6. Toolkits for MCN
6.1. Existing MCN toolkits

Open-source toolkits for medical concept normalization (MCN) have
become essential for enabling scalable, robust, and reproducible nor-
malization across diverse biomedical datasets and multilingual settings.
These toolkits provide modular architectures, standardized interfaces,
and integrated data scripts, empowering both research innovation and
real-world clinical applications. Table 10 summarizes existing MCN
toolkits with language and deployment support. The latest toolkits after
2024 are introduced as follows.

HunFlair2 [198] is a comprehensive toolkit for BNER and BNEN,
directly integrated with the Flair NLP framework. Leveraging its All-in-
One NER (AIONER) architecture, HunFlair2 supports a broad spectrum
of biomedical entities and incorporates advanced neural models, such
as LinkBERT and SapBERT, to handle synonym variability and species-
specific normalization. Its proven scalability and generalization across

17

Journal of Biomedical Informatics 178 (2026) 105005

benchmarks like MedMentions and BioID have established HunFlair2
as a cornerstone resource for biomedical NLP.

Preon [199] is a specialized toolkit for precision oncology, focusing
on the normalization of drug names and cancer types. Preon employs a
multi-step matching pipeline, including combining exact, token-based,
and edit-distance methods, to maximize precision and efficiency. It
links drug names to ChEMBL and cancer types to Disease Ontology
(DO), demonstrating superior performance to existing solutions, such
as MetaKB, on datasets including CIViC and ClinicalTrials.gov.

Thera-Py [200] is a Python-based toolkit and web API designed
for the normalization of therapeutic concepts. Utilizing a graph-based
merging strategy, Thera-Py unifies entities from major resources, such
as RxNorm, NCIt, and DrugBank, thereby enhancing cross-resource
alignment and normalization coverage for datasets like PharmGKB and
OncoKB.

xMEN [87] is a modular toolkit addressing multilingual MCN chal-
lenges through a generate-and-rank pipeline that integrates TF-IDF,
SapBERT embeddings, and cross-encoders. Its architecture is especially
effective for low-resource languages, leveraging weak supervision and
data augmentation scripts to provide a systematic and reproducible
solution for multilingual normalization tasks.

To facilitate evaluation standardization and interoperability, bench-
marking toolkits, such as BigBIO [2011,'> supply unified data formats
and standardized task definitions across a wide range of biomedical
NLP datasets, supporting fair and comprehensive MCN assessment.

Collectively, these toolkits reflect the growing maturity and diver-
sity of open source MCN resources, supporting both methodological
research and downstream clinical applications. Looking ahead, there
remains a strong need for further standardization of evaluation met-
rics and enhanced integration of toolkits into clinical workflows, as
discussed in Section 7.

6.2. Observations

The reviewed MCN toolkits differ in scope, methods, and intended
use. Early systems such as cTAKES, MetaMapLite, and QuickUMLS rely
mainly on rule-based or dictionary matching over UMLS resources.
They are easy to deploy, transparent, and stable, which makes them
suitable for clinical pipelines and exploratory analysis. However, they
often struggle with ambiguous mentions and unseen terminology.
Newer toolkits such as TaggerOne, BioSyn, BERN2, MedCAT, and
HunFlair2 use machine learning or hybrid approaches. These sys-
tems generally achieve higher normalization accuracy, especially in
biomedical literature and complex clinical text. Their disadvantages
include higher computational cost, greater configuration effort, and
dependence on training data. Multilingual support is still limited in
most tools, although xXMEN and HunFlair2 provide stronger support for
non-English settings.

Several toolkits are designed for specific application domains and
show clear advantages in those contexts. Preon focuses on precision
oncology; Thera-Py targets therapeutic concepts and integrates multiple
drug and cancer knowledge bases through a graph-based strategy.
These specialized tools often outperform general-purpose systems on
domain-specific datasets. Therefore, toolkit selection should depend
on the target entity types, the language and domain of the data, and
practical constraints such as deployment and maintenance. General
UMLS-based tools are suitable for broad and heterogeneous datasets,
while specialized toolkits are better choices when high precision and
domain consistency are required.
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Table 10
Overview of representative open-source medical concept normalization (MCN) toolkits, organized by year of release.
Toolkit Year Ontology Domain Language Support Deployment
cTAKES 2010 UMLS, SNOMED-CT, RxNorm Biomedical, clinical, English Java
social media
TaggerOne 2016 Custom Biomedical English Java
MetaMapLite 2016 UMLS Clinical English Java
QuickUMLS 2016 UMLS Biomedical, clinical, Multilingual Python/API
social media
MedLinker 2020 UMLS Biomedical English Python
BERN2 [202] 2020 UMLS Biomedical English API/Server
BioSyn [203] 2020 UMLS, MeSH, OMIM, MedDRA Biomedical English Python
MedCAT 2020 SNOMED-CT, UMLS, Human Clinical English Python/API
Phenotype Ontology (HPO)
KAZU [204] 2022 GO, HPO Biomedical English Python/JVM
HunFlair2 2023 Multiple Biomedical English, German, Dutch, Pytorch
Spanish
Thera-Py [200] 2023 RxNorm, NCIt, HemOnc, DrugBank, Biomedical, clinical English Python/API
Drugs@FDA, IUPHAR Guide to
Pharmacology, ChEMBL, ChemIDplus,
Wikidata
Preon [199] 2024 ChEMBL, Disease Ontology (DO) Biomedical English Python
xXMEN [87] 2024 UMLS, Custom Biomedical English, Spanish, French, Python

German, Dutch

7. MCN applications

Medical concept normalization (MCN) bridges the gap between
heterogeneous clinical texts and standardized terminologies, laying the
foundation of various healthcare applications. For example, automated
MCN models and tools can reduce the reliance on manual annotation
and coding by clinical staff, saving time and minimizing errors [85].
By mapping diverse expressions of the same medical entity to a uni-
fied concept identifier, MCN enables seamless data integration across
disparate systems, bolsters interoperability, and enhances the accu-
racy of subsequent healthcare data management and decision-making
processes. This section summarizes the key applications of MCN, rang-
ing from streamlining electronic health records (EHRs) management,
improving clinical decision support (CDS) systems, facilitating med-
ical research to enhancing health information exchange (HIE), and
supporting automated patient messaging systems, among others.

7.1. EHR management

In electronic health records (EHRs), different terms or abbreviations
are frequently used to refer to the same condition, which easily cause
ambiguity and confusion. Medical concept normalization (MCN) helps
ensure that both machines and humans operate on a consistent, unam-
biguous representation of key medical concepts [183] by automatically
uncovering and aligning synonymous expressions across diverse clinical
documents [183]. For example, expressions, such as “heart attack”,
“myocardial infarction”, and “MI”, from multiple sources (e.g., com-
bining hospital records, lab reports, and imaging reports) can be linked
to a single standardized identifier, enabling clearer patient profiles
and facilitating smooth data integration and exchange between EHR
systems. Recently, cross-lingual MCN has been proposed to aligning
clinical entities across different languages to a unified terminology,
which enable seamless information organization, retrieval, and analysis
from multilingual medical documents [87].

7.2. Clinical decision support (CDS)

MCN plays a critical role in clinical decision-making by providing a
standardized medical lexicon, enabling the accurate analysis of clinical
notes, laboratory results, and patient information. With normalized
medical concepts, decision-support algorithms can more effectively
interpret and interact with the data [205]. For instance, when patient
symptoms, diagnoses, and test results are consistently coded, clinical
decision support (CDS) systems can automatically present treatment
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plans and recommendations. MCN also helps identify patterns and
trends across patient populations, supporting personalized care [117].
Additionally, MCN reduces the risk of errors arising from the misinter-
pretation of medical terms, preventing misdiagnoses or incorrect treat-
ments. Consistent terminology ensures clear communication among
healthcare providers, promoting optimal healthcare delivery [37]. CDS
systems can also better search for guidelines and recommendations
if the medical terms in patient records are normalized to a known
vocabulary [87].

7.3. Medical research

MCN can facilitate medical research from different perspectives. For
instance, researchers depend on MCN to harmonize and integrate data
from clinical trials, patient cohorts, and other studies [35]; MCN is
also valuable for meta-analyses and systematic reviews, as it maintains
consistency in indicators and uniformity in outcomes [166]; and nor-
malized data based on MCN (e.g., SNOMED CT terms) also make it
easier to run statistical analyses, track disease trends, or summarize
outcomes at scale. When entities in clinical notes are normalized to
SNOMED CT, researchers can quickly identify patients with specific
diagnoses or conditions, even if there are multiple ways of describing
them in the clinical text [206]. In summary, a standardized medical
vocabulary is essential for research by pooling large sets of EHR data,
ensuring data consistency across studies, and enabling the aggregation
and comparison of results [206].

7.4. Health information exchange

MCN also finds important applications in health information ex-
change (HIE), particularly in scenarios involving large-scale and hetero-
geneous data sources. One such example is the analysis of social media
data for detecting drug abuse patterns [207]. Patient or consumer posts
often include colloquial or brand names for drugs — sometimes spelled
incorrectly or misused — making direct mapping to standardized ter-
minologies challenging. By normalizing these mentions to official drug
codes, public health authorities and researchers can more accurately
monitor emerging trends and identify at-risk populations [208,209].
Similarly, symptom or disease normalization in public health surveil-
lance can significantly improve outbreak detection [71,210], enabling
algorithms to aggregate and interpret symptom or disease mentions
from diverse sources — ranging from community forums and social
media, to emergency department reports — under a unified set of
concepts [104,210].
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7.5. Precision medicine and clinical trial retrieval

One of the main components of constructing an accurate precision
medicine and clinical trial retrieval system is query expansion [124,
211,212]. MCN can significantly enhance query expansion by aligning
free-text queries with standardized terminologies and thereby uncov-
ering relevant synonyms, hierarchies, and related concepts [213].
For instance, a query for “EGFR mutation-positive tumor” can be
expanded to include variations, such as “epidermal growth factor
receptor—positive cancer”, brand-specific medications targeting EGFR,
and corresponding ICD or SNOMED codes. This broader query scope
ensures that otherwise disparate representations — commonly found
in clinical notes, research articles, or EHR repositories — are com-
prehensively retrieved. By tapping into curated ontologies like UMLS,
SNOMED CT, or MeSH, MCN-based query expansion can integrate
disease subtypes, genetic profiles, and treatment options under a single
standardized umbrella, thus improving recall and precision in search
results [211,214]. In precision medicine and clinical trial retrieval
contexts, such an approach is especially valuable when searching for
clinically relevant treatments or studies tied to specific biomarkers, as it
automatically accounts for the variations and synonyms that naturally
arise in medical documentation [196,215]. The result is a more robust
retrieval pipeline that helps clinicians, researchers, and patients alike
to identify pertinent data without missing crucial information hidden
under alternate terminologies or abbreviations.

7.6. Automated patient messaging systems

MCN is also beneficial for automated patient messaging systems,
including virtual health assistants and chatbots, by ensuring consistent
understanding of medical terms and conditions across a wide range
of user inputs [216,217]. For example, patients might describe their
ailments in colloquial language or abbreviations (e.g., “I have a pain
in my tummy” versus “I have abdominal pain”), leading to ambigu-
ity if not mapped to standardized medical concepts. By normalizing
these diverse expressions to well-defined terminologies (e.g., ICD-10,
SNOMED CT), chatbots can more accurately identify patient needs and
provide relevant health information or care recommendations [216-
218]. MCN-enhanced patient messaging systems can also flag urgent
or severe conditions by matching user-reported symptoms to potential
diagnoses with greater reliability, thus directing patients to timely
medical attention. In turn, this consistent concept mapping supports
downstream tasks, such as clinical triage, medication reminders, and
integrated remote monitoring, making virtual health assistants more
robust, trustworthy, and efficient in diverse real-world usage scenarios.

8. Challenges and possible future directions
8.1. Challenges

Although medical concept normalization (MCN) has gained mo-
mentum over the past decade, it remains a formidable task due to
the sheer variety of textual expressions — acronyms, abbreviations,
misspellings, and domain-specific synonyms — which complicate con-
sistent mapping to standardized terminologies [9,151,219]. This com-
plexity intensifies in specialized domains, such as rare diseases and
pharmacovigilance, where scarce training data and frequent typograph-
ical inconsistencies further hinder accurate normalization [9,151,220].
In addition, composite mentions (often involving coordinate structures
with “and”/“or”) present a unique challenge by requiring multiple
knowledge base (KB) codes for a single textual mention — an aspect
frequently overlooked by existing studies [157].

Another challenge lies in the lack of large-scale, high-quality data
sets, which serve as the backbone for training deep learning-based
MCN models. Constructing such datasets fully through human effort is
cost-prohibitive, and while many publicly available MCN datasets span
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different ontologies, several suffer from data quality issues, including
duplication, limited coverage, class imbalance, and other inconsis-
tencies [1,14,80]. These shortcomings can bias model performance
and produce misleading evaluation results [80], especially in low-
resource settings — for instance, datasets for minority languages or
underrepresented populations — where data paucity and limited label
diversity become even more pronounced [97,221]. Existing datasets
also often contain a narrow set of diseases and symptoms, further
limiting generalizability to real-world clinical scenarios.

The third challenge relates to end-to-end evaluation pipelines. Many
benchmarks separately assess recognition and normalization, rather
than providing combined results for named entity recognition (NER)
and normalization (NEN) [141]. When upstream entity recognition is
inaccurate, MCN performance suffers dramatically, creating cascading
errors in downstream tasks like relation extraction [198]. Even though
MCN models show strong performance on common, highly researched
entities, they frequently fail on concepts that appear infrequently in the
literature [198]. Developing more robust, end-to-end benchmarks and
architectures could help address these pipeline vulnerabilities.

The interpretability of deep learning-based MCN models poses an-
other challenge. While deep neural networks, especially transformer-
based architectures, deliver state-of-the-art performance, they often
operate as ‘“black boxes” whose internal logic is opaque. This lack
of explainability can be problematic for clinical applications, where
healthcare providers need to understand the rationale behind model
outputs, particularly when patient outcomes and treatment decisions
are at stake.

Even though LLMs have become the dominating approaches for
MCN, the performance improvement of LLM-based methods has been
constrained by a lack of high-quality domain knowledge. This challenge
is urgent as LLM-based methods rely heavily on knowledge bases
that may be incomplete or slow to update [154]. Many entities in
medical ontologies are sparsely defined, leading to indistinguishable
embeddings for similar concepts. Moreover, domain knowledge evolves
rapidly, so newly discovered or emergent concepts may not be included
in existing ontologies. This gap undermines the model’s ability to
accurately differentiate between closely related entities or to map novel
concepts to standardized codes.

Moreover, LLM-based MCN is also facing a critical challenge on
hallucinations, when LLMs invent or confidently assert incorrect infor-
mation [156]. In MCN workflows, an LLM might be prompted with a
clinical term or phrase to produce a standardized concept (e.g., ICD-
10 or SNOMED-CT code). However, the model’s generative nature can
lead it to suggest fictitious codes or erroneously map to superficially
similar concepts. Detection of such errors is difficult without systematic
validation, given that LLMs often output fluent, confident-sounding
text. In clinical contexts, even a minor mismatch between a mention
and a standardized code can have serious repercussions for patient care,
raising both ethical and safety concerns.

Last, but not least, computational costs present another major chal-
lenge for LLM-based MCN. Methods involving large-scale transformers
typically demand more computational resources and longer process-
ing times than simpler dictionary- or rules-based approaches. These
higher costs can be prohibitive in real-time clinical applications, where
rapid turnaround is often crucial. Practical considerations, such as
budget, infrastructure, and the specific nature of the target terminology
(e.g., well-known versus rarely researched codes), determine the most
suitable normalization method [222].

8.2. Possible future directions

Building on the progress made in medical concept normalization
(MCN) and the current challenges, several possible future directions
deserve exploration:

Leveraging LLMs with Data Augmentation. As large language
models (LLMs) continue to deliver state-of-the-art results for MCN, data
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augmentation represents a critical step to address data scarcity and
enhance both accuracy and robustness. Recent work has shown that
prompting LLMs (e.g., zero-shot and few-shot approaches) can generate
synthetic training samples with minimal computational overhead [183,
223-225]. Applied in clinical and biomedical domains, this technique
has demonstrated promise in expanding limited datasets and reducing
labeling costs [14,226,227]. Future research could refine prompting
strategies, incorporate domain-specific constraints, and systematically
evaluate the quality of generated examples to further boost MCN
performance.

Enhancing Domain Knowledge Integration. The effectiveness of
LLMs in MCN relies heavily on high-quality domain knowledge. Conse-
quently, acquiring and curating large-scale, up-to-date medical knowl-
edge bases (KBs) and knowledge graphs (KGs) is essential [107,153,
183,228]. Next steps include developing domain-specific LLMs and
fine-tuning general LLMs on specialized corpora, as well as exploring
KG-enhanced architectures. These knowledge-rich approaches could
significantly improve normalization quality, especially for less common
or rapidly evolving medical concepts.

Addressing Safety and Privacy in LLM-based MCN. Although
LLMs offer powerful language-understanding capabilities, concerns re-
main regarding hallucinations, black-box decision-making, and data
privacy. In clinical contexts, misclassifications can have serious reper-
cussions for patient care [156]. One promising direction involves
retrieval-augmented generation (RAG), whereby an LLM’s outputs are
validated or supplemented with external KB lookups. This could be par-
ticularly valuable for automatically identifying adverse drug reactions
(ADRs) in electronic health records (EHRs), where structured data may
be incomplete. Likewise, cloud-based or commercial LLM deployments
must ensure robust data encryption and compliance with healthcare
privacy regulations. Incorporating user feedback loops — allowing
clinicians to quickly correct errors — can continuously improve model
performance and instill trust in automated recommendations [222].

Bridging Health Disparities in Rural, Under-served, and Non-
English Settings. MCN for underrepresented populations remains a
pressing area of concern. Current algorithms often overlook the unique
needs of rural or under-served communities, perpetuating health dis-
parities [97,221]. Similarly, multilingual and cross-lingual MCN can
broaden access to standardized terminologies for large non-English-
speaking populations [229,230]. Key efforts include collecting and
annotating minority-language clinical corpora at high granularity, and
harnessing multilingual transformer-based architectures. Exploring LLM-
driven synthetic corpus creation [164] could also mitigate data short-
ages in these low-resource contexts, facilitating more inclusive MCN
solutions.

Multimodal MCN. Another promising direction involves incorpo-
rating non-textual data, such as radiology images, pathology slides,
and lab results, into the normalization pipeline [231,232]. By aligning
textual descriptions with imaging evidence, models can better dis-
ambiguate closely related medical entities, thereby improving overall
accuracy. Recent strides in multimodal vision-language models suggest
that integrating disparate data streams is increasingly feasible, paving
the way for more holistic concept mappings that reflect the patient’s
full clinical profile.

Real-World Clinical Integration. Finally, embedding MCN directly
into EHR systems and clinical workflows can unlock meaningful im-
provements in decision support, medical coding, and patient docu-
mentation. Providing real-time feedback at the point of care — rather
than as a back-end process — enables clinicians to verify or refine
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model outputs, thereby boosting both efficiency and trust. Ensuring
transparency and interpretability of MCN models will be critical, so
that healthcare providers can understand the rationale behind system
recommendations.

9. Conclusion

This paper presents a comprehensive survey on medical concept
normalization (MCN) in the last decade. We review existing stud-
ies by categorizing them into task definition, dataset construction,
model development, performance evaluation, applications, and sum-
marizing current challenges and limitations. We observe that there has
been extensive research on MCN with a significant number of bench-
mark datasets. However, more datasets are expected to be developed
by expanding the set of different concepts (e.g., diseases, symptoms,
and drugs) and different languages. We sort out different machine
learning and deep learning techniques for MCN and also present a
summary of the experimental results of the state-of-the-art models
on benchmark datasets using these techniques. Deep learning mod-
els, especially transformer-based language models, have demonstrated
prestigious performance on MCN under different scenarios. A thorough
review of the practical applications that utilize MCN in real-world
clinical settings is also provided. We summarize the current challenges
from different perspectives and highlight some potential directions for
future research. Overall, this study provides a better understanding of
the current research on MCN and assists readers in advancing this field.
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Table 11
Abbreviations and acronyms used in this article.

Abbreviations Full name of concepts

ADE Adverse Drug Effects

ADR Adverse Drug Reactions

ANNSA Automated Named Entity Normalization with
Self-Attention

BART Bidirectional and Auto-Regressive Transformers

BC5CDR BioCreative V Chemical-Disease Relation

BEL Biomedical Entity Linking

BERT Bidirectional Encoder Representation from
Transformers

BiLSTM Bidirectional Long Short-Term Memory

BioBERT Biomedical BERT

BioCDR Biological Chemical-Disease Relations

BioLORD Biological Literature Object Relation Detection

BioSyn Biomedical Synonym Disambiguation

CADEC Computer-Assisted Diagnosis of Emergency Cases

CNN Convolutional Neural Network

CODER Clinical Outcome Data Extraction and Reporting

CRF Conditional Random Fields

EHR Electronic Health Record

EhrBERT Electronic Health Record BERT

FSL Few-Shot Learning

GNN Graph Neural Network

GCN Graph Convolutional Networks

GAT Graph Attention Networks

GRU Gated Recurrent Units

KNN K-Nearest Neighbor

KnowCAGE Knowledgeable Contextualized Adversarial Generation
for Entity Linking

LSTM Long Short-Term Memory

LLMs Large Language Models

LoRA Low-Rank Adaptation

MCN Medical Concept Normalization

MedDRA Medical Dictionary for Regulatory Activities

MEL Medical Entity Linking

MTMV-CNN Multi-View Convolutional Neural Network

NER Name Entity Recognition

PsyTAR Psychiatric Treatment Adverse Reactions

RNN Recurrent Neural Networks

RoBERTa Robustly optimized BERT approach

SapBERT Self-alignment Pretraining BERT

SHAP SHapley Additive exPlanations

ShARe/CLEF Shared Annotated Resources and Evaluation at the
Cross-Language Evaluation Forum

SIDER Side Effect Resource

SMM4H Social Media Mining for Health

SNOMED-CT Systematized Nomenclature of Medicine or Clinical
Terms

SVM Support Vector Machine

TwADR Twitter Adverse Drug Reactions

UMLS Unified Medical Language System

ZSL Zero-Shot Learning
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