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Abstract
This paper presents a comprehensive analysis of current methods for biomedical ontology matching.
Biomedical ontologies are an essential tool for organizing and representing biomedical knowledge, but
their effectiveness depends on the ability to match concepts across different ontologies. We review several
state-of-the-art methods for ontology matching, including lexical-based, structural-based, and semantic-
based approaches. The analysis indicate that semantic-based methods perform better than lexical or
structural-based methods. Machine learning can further improve the performance of biomedical ontology
matching. The paper also discusses the challenges and future directions in biomedical ontology-matching
research.
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1. Introduction

Ontology matching is the process of identifying and aligning equivalent concepts from different
ontologies. On the one hand, an ontology is a model of knowledge that allows an efficient
representation of the facts of the real world. Representing the facts of the real world is a great
help. On the other hand, ontology matching is an important part of knowledge management.
It is a way for organizations to model their knowledge without the constraints of a particular
standard. The majority of organizations are not interested in working with a standard to model
their knowledge for two reasons: First, it is very difficult or expensive for many organizations
to agree on a common standard, and second, these standards often do not meet the specific
needs of all participants in the standardization process [1].

One of the most common challenges faced by data management researchers is ontology
reconciliation. This is because ontologies have many applications across many industries.
Finding overlapping elements in two independently designed and constructed ontologies is a
great way to implement new strategies to improve current methods for data interoperability
and query extension, among others. This can be accomplished by exploiting the potential for
discovering overlapping entities in two independently created and evolved ontologies.

Due to the wide interest in this scientific problem, many publications have presented potential
solutions to this problem. Over the last decade, several strategies and approaches have been
developed [2]. All of them claim to solve the problem once and for all. The problem is that there
still needs to be a way to solve the ontology matching problem. If we ask several different experts
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about a particular use case, we may get as many different answers as there are different experts.
This suggests that this is a problem that anyone can tackle. As with all challenges, finding a
solution that works well in all circumstances and can be adapted to everyone’s preferences will
take work.

In the field of biomedicine, particular biomedical ontologies, such as SNOMED1, the National
Cancer Institute Thesaurus (NCI2), and the Foundational Model of Anatomy (FMA3), have
grown in popularity and are frequently implemented in a variety of different solutions and
systems. However, most approaches to matching biological ontologies have concentrated on
feature engineering. There are many features, such as terminological, structural, extensional
(examples of a particular notion), and external resources.

The contribution of this work is based on an extended discussion of the problem of biomedical
ontology matching and a thorough review of existing approaches and methods. The rest of
this work presents related works (Section 2), an overview of methods and tools (Section 3), the
concluding remarks, and possible future research lines.

2. Related Works

Biomedical ontologies are formal representations of concepts and relationships in a specific
biomedical science domain, such as anatomy, diseases, or drugs [3]. At the same time, biomedi-
cal ontology matching aims to enable the integration and comparison of data from different
ontologies represented as electronic health records, clinical trials, and bioinformatics databases.
This can support various applications, such as data integration, knowledge discovery, and
decision support in biomedical research and health care. It considered being a complex task
involving issues such as concept representation, representation of relationships, the granularity
of concepts, and ontology structure. Different matching methods can be used, such as string-
based, structural, semantic similarity, and machine learning, to improve the accuracy of the
matching process. Below is an overview of the popular data types, methods, and tools in this
domain.

2.1. Data

Regarding the data, it is necessary to note that there are many biomedical ontologies available;
some examples are:

• The Chemical Entities of Biological Interest (ChEBI)4: an ontology that represents
the names, definitions, and relationships of small chemical compounds, including drugs,
metabolites, and natural products.

• The Disease Ontology (DO)5: an ontology that represents the names, definitions, and
relationships of diseases and disorders, including genetic, infectious, and environmental
causes.

1https://www.snomed.org/
2https://ncithesaurus.nci.nih.gov/ncitbrowser/
3https://bioportal.bioontology.org/ontologies/FMA
4https://www.ebi.ac.uk/chebi/
5https://disease-ontology.org/



• The Foundational Model of Anatomy (FMA)6: an ontology that represents the struc-
ture and organization of the human body, including the relationships between different
body parts and systems.

• Gene Ontology (GO)7: an ontology representing the functions, processes, and cellular
components of genes and proteins across different organisms.

• The Human Phenotype Ontology (HPO)8: An ontology that represents the different
human phenotypic abnormalities in a structured manner, including signs and symptoms.

• TheNational Cancer Institute’s Thesaurus (NCI-THES)9: an ontology that represents
the names, definitions, and relationships of cancer-related concepts, including cancer
types, treatments, and clinical trials.

• SNOMED CT (Systematized Nomenclature of Medicine - Clinical Terms)10 is a
comprehensive, multilingual, standardized clinical terminology system. It is used to
consistently and precisely encode the meaning of clinical concepts, including diagnoses,
symptoms, procedures, and medications.

Most of the mentioned ontologies are widely used in the healthcare industry, particularly in
electronic health records and clinical decision support systems. They are also used for research,
quality improvement, and public health reporting.

2.2. Methods

One of the pioneer works to address the matching problem was [4], where it was talked about
how matching may be planned out methodically. These authors were the first to suggest utilizing
machine learning techniques to build the most effective and efficient ensemble of matchers
rather than a matching algorithm (also known as a matcher).. From this seminal work, research
turned to the proposal of machine learning techniques to aggregate the basic matchers, GAOM
[5] and GOAL [6], two of the earliest genetic algorithm works. The fundamental concept was
that it could maximize either the precision value, recall value, or f-measure, which was a mix
of both. Later research has suggested strategies from other academic fields that are very well
suited to the nature of the issue [7, 8, 9, 10].

In [11], a survey on ontology meta-matching was presented with emphasis on the aggregation
technologies used by the different proposals existing to date. From these initial works, solutions
based on the most diverse machine learning techniques began to appear [12], ranging from
heuristic techniques [13] or formal concept analysis [14] to techniques based on memetic
computation [15], passing through Bayes learning [16], automated weighted aggregation [17]
or even fuzzy aggregation [18]. Even particle swarm optimization [19], or logics [20]. In this
way, the proposal of new matchers and individual similarity measures ceased to be the focus
[21], so the community relied on the design of methods that would allow their aggregation in
the best possible way. For example, the use of neural networks is gaining much traction [22].
Other aspects, such as scalability [23] and querying [24], have also been considered.
6https://bioportal.bioontology.org/ontologies/FMA
7http://geneontology.org/
8https://hpo.jax.org/app/
9https://ncithesaurus.nci.nih.gov/ncitbrowser/
10https://www.snomed.org/



2.3. Tools

In addition, there is a selection of tools at one’s disposal with which to carry out this task. This
list is not meant to be exhaustive; nonetheless, some of the most popular tools are as follows:

• OBO-Edit [25]: This is a graphical ontology editor and tool for matching ontologies. It
supports various ontology matching techniques and allows users to perform manual and
automated matching using string-based and semantic-based methods.

• OntoMatch [26]: This is a semantic matching tool designed specifically for biomedical
ontologies. It uses graph-based matching and semantic similarity measures to identify
correspondences between ontologies.

• LogMap [20]: This is a semantic matching tool that supports the alignment of large-scale
ontologies. It uses string-based, semantic-based, and machine learning-based methods to
identify correspondences between ontologies.

From now on, we are going to see the different alternatives that exist to carry out a matching
of biomedical ontologies in an effective and efficient way.

3. Overview

Finding semantic correspondences between ontologies that pertain to the same domain but
have been established by different people or teams can, in principle, be accomplished using
a wide variety of techniques. There are many different approaches to matching biomedical
ontologies, including the following:

• String-based matching: This method uses string-matching algorithms to compare the
labels of concepts in different ontologies.

• Structural matching: This method compares the relationships between concepts in
different ontologies, such as parent-child or sibling relationships.

• Semantic similarity: This method calculates the similarity between concepts based on
their definitions, using techniques such as Latent Semantic Analysis or WordNet-based
measures.

• Hybrid matching: This method combines multiple matching techniques, such as string-
based and semantic similarity, to improve the accuracy of the matching process.

• Machine Learning approaches: This method uses machine learning algorithms to learn
the matching patterns from the sample data and then uses the learned model for matching
new ontologies.

If preferred, there are even strategies to go beyond the classic simple techniques. For example,
it is possible to build ensembles using some stacking techniques. Stacking is a machine learning
technique that can be used to combine the predictions of multiple semantic similarity methods.
The idea behind stacking is to train a second-level model, called the meta-model, to make a
final prediction based on the predictions of the base models. Here are some examples of how
stacking can be applied:



• Multi-view stacking: In this approach, multiple methods are applied to different views
of the concepts, such as their definitions, labels, and relationships. The meta-model then
combines the predictions of the base models to make a final prediction [27].

• Multi-source stacking: In this approach, multiple methods are applied to different
sources of information, such as WordNet, Wikipedia, UMLS, or any other resource of
this kind. The predictions of the base models are then combined with the meta-model to
make a final prediction.

• Hybrid stacking: In this approach, multiple methods are applied, some based on the
structure of the ontologies and others based on the semantic content of the concepts. The
predictions of the base models are then combined with the meta-model to make a final
prediction.

It is important to note that stacking methods can increase the accuracy of the ontology
matching process, but it also increases the complexity of the model. Therefore, careful evaluation
and selection of the base models and meta-model are essential for the success of the stacking
approach.

Last, we can see matcher aggregation as a technique used to combine the results of multiple
matchers and produce a single overall score. This technique is complementary to the ones
mentioned above and is used when there are multiple ways to calculate the likeness of two
biomedical concepts. In situations where it could be very complicated to clarify which measure
is best, one possible strategy would be based on the basic idea behind the matcher aggregation.
This idea is based on taking the individual scores produced by different methods and combining
them to produce a single overall score. There are several ways to aggregate the different scores,
such as:

• Averaging: The most simple approach takes the average individual similarity scores.
• Weighted averaging: Similar to averaging, each similarity measure is assigned a weight,

representing its importance or reliability, which is multiplied by the similarity score
before the averaging.

• Rank-based aggregation: This approach ranks the individual similarity scores and then
combines them to produce a single overall score.

• Machine learning-based aggregation: This approach uses machine learning algorithms
to learn how to combine the individual similarity scores based on a set of labeled examples.

• Dempster-Shafer theory-based aggregation: This approach uses the Dempster-Shafer
theory to combine the individual similarity scores into a single overall score [28].

• Fuzzy logic-based aggregation: This approach uses fuzzy logic to combine the individ-
ual similarity scores into a single overall score.

It is widely acknowledged that matcher aggregation can improve the performance of biomed-
ical ontology matching by considering the strengths and weaknesses of different measures and
combining them to produce a more accurate overall score. However, caution should be exercised
because such techniques are computationally costly. This is because training and deploying an
optimal configuration demand a substantial amount of both time and resources.



4. Conclusions

This paper has discussed the problem of biomedical ontology matching and presented a review
of existing approaches and methods. We have highlighted the importance of ontology matching
in the biomedical domain and the challenges that arise in the process. We have seen how
biomedical ontology matching is essential for integrating different biomedical ontologies. The
methods and tools discussed above can be used to identify correspondences between ontologies.
However, the final choice depends on the requirements of the matching task.

We have also identified some limitations in current approaches and highlighted the need for
further research. We have seen how state-of-the-art methods combine machine learning and
domain knowledge with improving the performance of ontology matching. Several approaches
have the potential to be applied in a variety of biomedical ontology matching tasks.

As future work, it is necessary to do additional research in order to enhance the performance of
ontology matching methods and overcome the limitations of existing approaches. In subsequent
work, one of our goals is to investigate the many assessment criteria that may be used to
measure the effectiveness of ontology matching algorithms that are already in place.
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