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Abstract. The field of biomedicine has embraced the Semantic Web probably
more than any other field. As a result, there is a large number of biomedical ontologies covering overlapping areas of the field. We have developed BioPortal—
an open community-based repository of biomedical ontologies. We analyzed ontologies and terminologies in BioPortal and the Unified Medical Language System (UMLS), creating more than 4 million mappings between concepts in these
ontologies and terminologies based on the lexical similarity of concept names
and synonyms. We then analyzed the mappings and what they tell us about the
ontologies themselves, the structure of the ontology repository, and the ways in
which the mappings can help in the process of ontology design and evaluation.
For example, we can use the mappings to guide users who are new to a field to
the most pertinent ontologies in that field, to identify areas of the domain that are
not covered sufficiently by the ontologies in the repository, and to identify which
ontologies will serve well as background knowledge in domain-specific tools.
While we used a specific (but large) ontology repository for the study, we believe
that the lessons we learned about the value of a large-scale set of mappings to
ontology users and developers are general and apply in many other domains.

1

Why Create the Mappings?

The field of biomedicine has embraced the Semantic Web probably more than any
other field. Ontologies in biomedicine facilitate information integration, data exchange,
search and query of heterogeneous biomedical data, and other critical knowledge-intensive
tasks [12]. As a result, there is a large number of biomedical ontologies covering overlapping areas of the field [3]. Creating mappings among ontologies by identifying similar concepts is a critical step in integrating data and applications that use different
ontologies. With these mappings, for example, we can link resources annotated with
terms in one ontology to resources annotated with related terms in another ontology,
discovering new relations among the resources themselves (e.g., linking drugs and diseases).
As part of our work for the National Center for Biomedical Ontology (NCBO),
we have developed BioPortal—an open community-based repository of biomedical ontologies [10].1 This repository contains 140 ontologies with more than one million concepts among them. We view mappings between concepts in different ontologies as an
1
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essential part of the ontology repository. Users can browse the mappings, create new
mappings, upload mappings created with other tools, download the mappings stored
in BioPortal, or comment on the mappings and discuss them [11]. Other NCBO tools,
such as a service for automatic creation of ontology-based text annotations [7], rely
on the mappings to annotate biomedical resources with terms from different ontologies
and for linking these resources to one another.
Over the past year, our team and our collaborators have uploaded more than 30,000
mappings to BioPortal. However, these mappings constitute only a tiny subset of the
mappings between concepts in BioPortal ontologies. Thus, one of our goals was to use
simple methods to generate quickly a large number of high-precision mappings to include in the repository. Our earlier studies have shown that in the case of biomedical
ontologies simple lexical techniques, such as comparing preferred names of concepts
and their synonyms, are extremely effective in creating mappings [6]. We have reported
elsewhere [6] that this simple method for generating mappings achieves extremely high
precision for biomedical ontologies—where preferred names of concepts and synonyms
are used extensively and represent a rich source of information. In addition, we compared our results with the gold standard produced by the Ontology Alignment Evaluation Initiative (OAEI) [4]. For the use case of biomedical ontologies, our method
achieved levels of recall and precision comparable to the best tools in the competition.
We have applied this simple lexical matching of preferred names and synonyms to
generate mappings between concepts in BioPortal ontologies. In addition, the Unified
Medical Language System (UMLS) [9] is a large collection of biomedical ontologies
and terminologies that the researchers at the US National Library of Medicine have
integrated. We plan to include UMLS terminologies in BioPortal in the near future and
thus, when creating the mappings, we included the UMLS terminologies as well.
We generated mappings across all concepts in 140 BioPortal ontologies and 67
UMLS terminologies with more than 4 million concepts among them. We had two
goals in generating the mappings: (1) we wanted to create a large set of mappings for
the BioPortal resource that other applications can access and use; and (2) we wanted
to learn more about the characteristics of the ontologies and the relationships between
them. Using a set of more than 4 million mappings generated over our ontology set, we
would like to answer several practical questions with implications for ontology reuse
and development. These questions include, but are not limited to, the following:
To what degree are the domains covered by different ontologies connected? Mapping
out the connections between ontologies will help us understand which domains are
closely related, which ontologies may serve as a bridge between domains, and so on.
If you are new to a domain, what are the important or representative ontologies with
good coverage? Ontology developers seeking to develop or reuse knowledge from
a particular domain will be interested to know which ontologies have good coverage
within that domain.
If you want to build domain-specific tools for creating ontology mappings, what are
good ontologies to use for background knowledge? Many tools that seek to provide
mappings for the purpose of ontology alignment use background knowledge to improve

their ability to produce valid and accurate mappings (e.g., [15, 1]). Such background
knowledge allows these tools to use information about the representation of the domain
to identify equivalent concepts. Thus knowing which ontologies are optimal for use as
a source of background knowledge may greatly improve these tools.
What can we learn about the characteristics of the ontologies themselves and the ontology repository from the mappings between them? A set of mappings can provide
insight about the ontologies themselves, their importance to their respective domains,
or their coverage.
Researchers have previously successfully applied network analysis to gain insights
into the structure and connectedness of large data sets [8]. In this paper, we apply
network-analysis methods to analyze the ontologies and their mappings, to answer the
questions posed above, and to reason about the distribution of mappings among the
ontologies.
Note that our analysis does not depend on the specific methods that was used to
generate the mappings and relies only on the fact that we have large set of high-precision
mappings.
This paper makes the following contributions:
– We demonstrate that large-scale mapping sets can be useful in understanding the
structure of an ontology repository, by identifying the most pertinent ontologies,
the domains of overlap among ontologies, and the missing parts in an ontology
repository.
– We propose network-based analysis metrics of ontologies based on mappings between them.
– We produce a set of more than 4 million mappings for the repository of ontologies
and terminologies in BioPortal and UMLS.

2

Materials and Methods: What’s in a Link?

We will now describe how we created the mappings used in this study and what data
we analyzed.
We define a mapping as a relationship between two classes from different ontologies. The mappings that we discuss in this paper are similarity mappings: we declare
that two classes from different ontologies are similar if the meaning that one class represents is similar or identical to the meaning of the other. We use the term “mapping”
throughout this paper to refer to similarity mapping.
2.1

The NCBO Ontology Set

To develop our mappings, we used a set of 207 ontologies in the domain of biomedicine.
These ontologies include 140 ontologies in BioPortal and 67 terminologies in the UMLS.
The ontologies in BioPortal come from two sources: (1) 70 ontologies are downloaded
nightly from the OBO Foundry repository;2 (2) 70 ontologies are submitted by their
developers directly to BioPortal. Among them, the 207 ontologies and terminologies
that we used in this study contained 4,021,662 concepts.
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2.2

Creating Lexical Mappings Between Concepts

We created the mappings using the following steps, which we describe in detail in the
rest of this section:
1. generate a database of terms used for preferred names and synonyms of ontology
concepts;
2. normalize the strings in the database;
3. find pairs of matching terms;
4. create mappings between concepts based on the matching terms identified in the
previous step.
In the first step—creating a database of preferred names and synonyms of all concepts in all ontologies—we needed to identify for each ontology which properties contained the strings representing these preferred names and synonyms. All UMLS terminologies have preferred names and synonyms clearly identified for all the concepts.
Many of the BioPortal ontologies are represented in the OBO format, which also has
designated properties to define preferred name and synonyms of a class. The OWL
language does not itself provide any special annotation properties to store preferred
names and synonyms (although many ontologies use rdfs:label for the former).3
Thus, when users submit an OWL ontology to BioPortal, we ask them to indicate which
OWL properties their ontology uses for preferred names and synonyms. We store the
names of these properties as part of ontology metadata.
Extracting all terms for preferred names and synonyms resulted in a database of
7,637,125 terms. We then normalized all the strings, by converting them to lower case
and removing all delimiters (e.g., spaces, underscores, parentheses, etc.). We used a
mySQL database to store each term along with the ID for the ontology and the concept
that it came from.
We used an SQL query to find pairs of matched terms among the normalized terms.
From the database table of normalized terms, we utilized an SQL query to identify pairs
of terms that matched exactly. To improve precision, we compared only strings with at
least three characters and ignored the strings with three characters or less.
Since each term refers to a preferred name or synonym of a specific concept from a
particular ontology, we used matching terms to connect concepts from different ontologies.
Consider the following example. The class “Myocardium” in Foundational Model
of Anatomy (FMA) has the preferred name “Myocardium.” The class “Heart myocardium”
in the ontology of Mouse adult gross anatomy has a synonym “myocardium.”4 We will
match the two normalized terms “myocardium” and therefore create a mapping between the two classes, “Myocardium” in FMA and “Heart myocardium” in Mouse adult
gross anatomy ontology. Such mapping between the mouse myocardium represented in
Mouse adult gross anatomy ontology and the human myocardium represented in FMA
3
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can facilitate cross-species data exploration and integration. Having created this mapping, we could then integrate data annotated with the concept “Heart myocardium” in
a database describing mouse experiments and data annotated with “Myocardium” describing human-related data.
This process resulted in a set of 4,001,775 mappings, where each each mapping
represents a class from one ontology that is similar to a class from another ontology. The
mapping is bi-directional as the similarity relationship generated this way is symmetric.
Note that UMLS itself contains a large set of manually created mappings between
terms in different ontologies and terminologies. In the work described in this paper,
we did not include those mappings. Rather, we used only the lexical mappings that we
have generated. In future work, we plan to include the mappings that UMLS provides
for additional information.
2.3

Identifying Links Between Ontologies

Because our goals include analysis of relations between ontologies and not individual
concepts, we define a link between two ontologies based on a set of mappings between
concepts from those ontologies. We use the notation mapping(c1 , c2 ) to describe a
mapping between two concepts from different ontologies, such as the mappings that we
described in Section 2.2. We denote a set of all concept-to-concept mappings between
two ontologies S and T as M (S, T ), where M (S, T ) = {mapping(cs , ct ), cs ∈ S, ct ∈
T }.
Definition 1 (Mapping-Based Link Between Ontologies). Given two ontologies, the
source ontology S and the target ontology T , and a set of mappings between them
M (S, T ), we say that there exists a mapping-based link L between ontologies S and T
iff M is not an empty set: M "= ∅.

If two ontologies have at least one pair of concepts with similar names or synonyms
between them, there will be a mapping-based link between the two ontologies. However, a more meaningful measure is the number of links between two ontologies or,
more precisely, the fraction of one ontology that is mapped to another. For instance, if
two ontologies each have 1,000 concepts, then, intuitively, the two ontologies are much
closer to each other if 700 of these concepts match than if 5 concepts do. Thus, we define the notion of a percent-normalized link between ontologies which reflects not only
how many mappings one ontology has to another, but also normalizes this measure with
respect to the ontology size.
Definition 2 (Percent-Normalized Link Between Ontologies). Given two ontologies,
the source ontology S and the target ontology T , and a set of mappings M (S, T ) between them, we say that there is a percent-normalized link between S and T , Lp (S, T )
where p ≥ 0 and p ≤ 100, iff at least p% of the concepts in the ontology S are sources
for the mappings in M (S, T ). We say that L0 (S, T ) holds if there is at least one mapping between concepts in S and T
For instance, if an ontology S has 1,000 concepts, and 500 of these concepts are
mapped to concepts in an ontology T , then Lp (S, T ) is true for all values of p from 0%
to 50%.

Note that Lp (S, T ) is directional and it is entirely possible (and, in fact, common)
for Lp (S, T ) to be true and for Lp (T, S) to be false at the same time. If one ontology
is much larger than another, a large fraction of the smaller ontology may be mapped to
the larger ontology, but the set of mappings still constitutes a small portion of the larger
ontology.
Intuitively, the percent-normalized link reflects how significant a set of mappings
between ontologies is in the context of those ontologies. We evaluated the distribution of
these links for several different values of p. We determined what percent of all ontology
links were present at different values of p. Additionally, we implemented a graphical
visualization of the links at each of these thresholds to analyze the clustering patterns
and the link distribution for different values of p. Finally, we counted the number of
links for each ontology at different values. We used this data to analyze the frequency
with which an ontology has exactly k links.

3

Results

We used the data that we collected from the mappings to plot and analyze several metrics: First, we analyzed the number of links between ontologies at different values of p
(i.e., at varying sizes of the mapped portion of the ontology, normalized by the ontology
size) and the distribution of ontologies based on the number of links (Section 3.1). Second, we treated ontologies and the links between them as nodes and edges in a graph,
again for several values of p. We analyzed the properties of these graphs as networks,
using metrics such as the number of hubs and clusters (Section 3.2). Finally, we examined the overall similarity of the ontologies (Section 3.3). We discuss and analyze our
results in Section 4.
3.1

How many links do ontologies have?

Figure 1 shows a distribution of the number of links that ontologies have for two values
of p: 20% (Figure 1a) and 1% (Figure 1b). Recall that when p = 20%, we create a link
between source ontology S and target ontology T iff at least 20% of concepts from S
are mapped to concepts from T . In other words, ontologies that we count in the graph
on the right have a looser connection to each other than the ontologies in the graph on
the left. Due to lack of space, we do not present the graphs for values of p > 20%.5 The
distribution for larger values of p is very similar to the distribution for p = 20%.
The graphs in Figure 1 show that the links between ontologies follow a power-law
distribution for p = 20% (and larger values of p): There is a small number of ontologies
that have large number of links and a large number of ontologies with just a few links.
For smaller values of p, however, such as p = 1%, where we include ontologies with
very little overlap, our network becomes essentially random.
We analyzed the average distance between two nodes in the graph for some values
of p. We found that for small values of p, the network is quite well connected and
5
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Fig. 1. Number of links between ontologies for(a) p = 20% and (b) p = 1%: The x-axis
represents a number of links to other ontologies that each ontology has. The y-axis represents the
number of ontologies with that number of links. The graph demonstrates the power-law distribution for p = 20%: there is a small number of ontologies that have a large number of links (the
hubs) and a large number of ontologies with just a few links. If we use p = 1% (there is a link
from one ontology to another if at least 1% of its concepts are mapped), the distribution becomes
essentially random.

represents a small world: A network exhibits the small world property if any one node
in the network is never more than a few hops away from any other [2]. For p = 10%,
the average distance between any two nodes is only 1.1 hops.
3.2

Hubs and clusters

We constructed directed graphs of ontologies at several different thresholds of p (Figure 2). Nodes in the graphs are ontologies. There is a directed edge from a node corresponding to the ontology S to a node corresponding to an ontology T iff there is a
link Lp (S, T ) between these ontologies for this values of p. We say that a particular
node is a hub in this graph if it has more than twice the number of links (incoming and
outgoing) than the average number of links for nodes in the graph. A set of connected
ontologies forms a cluster.
We used these graphs to identify connections between different ontologies, based
on varying levels of overlap. The graphs identified clear hubs, ontologies to which many
other ontologies link, with the Systematized Nomenclature of Medicine - Clinical Terms
(SNOMED-CT) ontology being the most prominent hub: We found that SNOMED-CT
had the most links of any ontology, with 58 links (57 as “target”, 1 as “source”) at
p = 20%. In other words, 58 out of 207 had at least 20% of their concepts mapped
to concepts to SNOMED-CT. On further analysis, we found that more than 85% of
SNOMED-CT concepts are mapped to at least one other concept in our repository.

Fig. 2. The graphs show percent-normalized links between ontologies that are true for p =
20%, 40%, 60%, and 70%. Nodes represent ontologies in the repositories. Please refer to
http://bioportal.bioontology.org/ontologies for the list of full ontology names corresponding to
the acronyms that we use as labels in the graph. An edge from a node representing on ontology
O1 to a node representing an ontology O2 means that at least p% of concepts from O1 map to
some concept in O2 .

Fig. 3. Variation of graph features as p changes: (a) The graph shows how the number of
ontologies, clusters, hubs, and the size of the largest cluster, all on the y-axis, change as p changes.
As p decreases (from right to left), the number of clusters decreases slowly as clusters merge and
the number of hubs increases slowly. Additionally, the largest cluster increases to include a larger
fraction of the ontologies, which also increase in number because more ontologies are connected
as the threshold for p decreases. (b) The graph shows the percent of ontologies that are in the
largest cluster for different thresholds of p. As p decreases (right to left), almost all ontologies
become connected very quickly.

Figure 3a shows variation of some key graph features (number of hubs, number of
ontologies, number of clusters, and size of the largest cluster) as we change the value
of p. Additionally, the plot in Figure 3b displays the percent of ontologies in the largest
cluster.
Note that the graphs have two distinct types of hubs: (1) hubs in which almost all of
the links (directed edges) were incoming and (2) hubs in which almost all of the directed
edges were outgoing. That is, some, usually small, ontologies have a large fraction of
their concepts covered by other ontologies. Other, usually larger, ontologies include
concepts that are similar to a large fraction of concepts in many smaller ontologies in
the repository.
3.3

How similar are the ontologies?

Finally, Figure 4 shows a graph of the percentage of overall links that are included at
each threshold value of p. This graph demonstrates that:
– 96% of ontology links are between ontologies that are less than 20% similar
– 91% between ontologies less than 10% similar
– 65% between ontologies less than 1% similar
And our final observation: Out of 207 ontologies, 68 ontologies (or 33%) have at
least 50% of their terms mapped to terms in some other ontology.

Fig. 4. Percentage of overall links: The x-axis is the value of p. The y-axis shows the fraction
of all links between ontologies (L0 ) that are present for a given value of p (i.e., Lp / L0 ) as p
changes
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Discussion and Analysis

The figures and data that we presented in Section 3 allow us to make several observations and answer several of the questions that we posed at the beginning of the paper.
To what degree are the domains covered by different ontologies connected?
– If we use lexical mappings as the basis for determining how connected the ontologies are, then the biomedical ontologies in our repository are very closely connected, with 33% of them having at least half of their concepts mapped to concepts
in other ontologies.
– With such a large overlap among the ontologies, attempts to find “canonical” representations for concepts may be doomed: a large number of concepts in biomedicine
are already represented in many different ways. One could argue that our data shows
that given the state of the biomedical ontologies today, the most feasible way of integrating ontologies is by creating mappings, possibly complex ones, between them
rather than trying to eliminate overlap (as the OBO Foundry initiative is trying to
do [14]).
– Our study found that the small world property holds on our set of ontologies for low
values of p, with the average distance between the nodes being as low as 1.1 hops.
Other research has found the small world property to be true for other large data
sets as well[8]. Further analysis on the properties of small world networks, such
as strength of ties and k-core among others, may provide additional useful insight
about the connectedness of ontologies.

If you are new to a domain, what are the important or representative ontologies with
good coverage?
– The lexical mappings identified SNOMED-CT as the most prominent hub, and,
indeed, SNOMED-CT is the largest and one of the most prominent and popular
biomedical ontologies. Thus if we use mappings as a way of identifying prominent
ontologies in a domain (i.e., an ontology with lots of mappings to other ontologies is
an “important” one), then at least in this case, this approach would have identified
correctly the ontology that a newcomer to the domain of biomedical ontologies
must become familiar with.
– Hubs with many outgoing links show shared domains, particularly at high threshold
values for p. For these hub ontologies, a large portion of their concepts is mapped
to several different ontologies. Thus, ontologies that are linked through such a hub
likely share the content that is represented in the hub ontology. For example, at
p= 50%, the Common Anatomy Reference Ontology (CARO) is a hub with outgoing links to Foundational Model of Anatomy, Zebrafish anatomy and development, Tick gross anatomy, Teleost anatomy and development, and Mosquito gross
anatomy—all ontologies in the anatomy domain. At p= 70%, the United States
Pharmacopeia Model Guidelines ontology (USPMG) has outgoing links to Multum MediSource Lexicon, RxNorm Vocabulary, Veterans Health Administration
National Drug File, National Drug File Reference Terminology, Medical Subject
Headings, National Cancer Institute Thesaurus, and SNOMED-CT—all ontologies
that describe drugs, among other things.
If you want to build domain-specific tools for creating ontology mappings, what are
good ontologies to use for background knowledge?
– The two previous points lead to several practical uses of hubs identified through
mappings: First, for ontology-mapping algorithms that require domain-specific background knowledge, hubs with many incoming links (such as SNOMED-CT) can
serve as useful sources of such background knowledge. Second, these hubs are also
good candidates for being representative ontologies for a domain.
What can we learn about the characteristics of the ontologies themselves and the ontology repository from the mappings between them?
– Links at a low value of p (1%) (i.e., when less than 1% of the concepts from the
source ontology have a mapping to the target) do not say much about connectedness
of ontologies. The domain of biomedicine is such that there is a little bit of overlap
in everything, resulting in the extremely connected model we see at 1% mark. At
20%, however, we see a meaningful power-law distribution. At even higher thresholds, we can see ontologies that are very closely related. For example, we see that
the Gene Ontology (GO) is very closely related to the cell cycle ontologies (CCO).
65% of links fall in a range lower than 1% similarity, which indicates that links below the p = 1% threshold are not as informative of connections between ontologies.
– If we were to use mappings between terms (identified in any way) as an indication
of distance or similarity between ontologies in a repository, then the previous observation leads to the following practical implication: These links at low values of

p are not very meaningful and should probably not be used as an indication of any
relation between the ontologies.

5

Conclusions, Limitations, and Future Work

Our analysis does not depend on the specific method used to identify mappings between
concepts. We used a simple method because it worked well and was very scalable (cf
Section 2.2). Our earlier research has found that most of the openly available advanced
mapping algorithms are simply not scalable to the size of biomedical ontologies in our
repository [6]. One of the interesting directions for future work, when more scalable
advanced algorithms become available, would be to perform similar analysis of relationships between ontologies taking a more advanced set of mappings as input.
Our main contribution in this paper is not the method for generating mappings between ontologies, but rather the analysis of these mappings. We believe that network
analysis serves as a powerful tool for analyzing the structure of an ontology repository
by providing insights into the characteristics of the ontologies and the structure of the
repository. As the Semantic Web grows in popularity and use of ontologies expands,
these methods may play an important role in understanding the connections among ontologies.
Our approach has certain critical limitations. Because we use a simple lexical matching method, our results are limited to the domain of biomedicine and other domains
where such mapping method works well. In other domains, where concept definitions
do not contain rich lexical information in the form of preferred names and synonyms,
one will need to find scalable tools that would produce a large number of mappings
that enable statistically significant analysis. Also, because of the way we generate the
mappings, we do not account for the ontologies that have alternate lexical structures to
represent the same concepts. Thus, we may miss a connection between two ontologies
that actually have a significant amount of overlap in terms of the actual concepts they
represent simply because these concepts have different lexical structures in the two ontologies. Our methods would work best for sets of ontologies that use similar naming
conventions [13].
Another limitation of our work is that it gives no information as to the nature of
the mappings or the actual specific relationship between linked ontologies. We cannot
know whether one ontology simply has the same concept names as another ontology
or if it imports terms from that ontology directly. Many BioPortal ontologies use OBO
format and often simply copy the ontology that they import rather than use the import
mechanism that recently has become available in OBO. As a result, a number of the
mappings that we created are not actually mappings in the traditional sense. We plan to
develop heuristics to identify this overlap and exclude it from the mappings set.
As part of our future work, we plan to compare our lexical mappings on the set of
UMLS terminologies to the set of mappings provided by UMLS. The UMLS has a large
number of mappings between the terminologies that were created manually. While the
purpose of those mappings was slightly different from ours, comparing the results of
the lexical mapping to the manual one will likely produce useful insights.

We also plan to implement automatic maintenance and updates on the set of mappings generated with this method. Not only does the number of BioPortal ontologies
increase regularly, but also new versions of some of the ontologies are uploaded every
night. These frequent updates makes manual creation of mappings among ontologies
in the repository a daunting, if not impossible, task. By contrast, UMLS terminologies
update twice a year.
In addition to the work outlined above, we plan to perform similar analysis on the
mappings from other sources if the number of mappings is significant enough to make
such analysis valid. For instance, the Alignment Server [5] in the NeON project could
prove to be one such source of mappings in the future.
Finally, we uploaded the set of mappings between BioPortal ontologies to BioPortal.
Users can browse the mappings through the BioPortal user interface and access them
programmatically through REST services. We believe that the mappings should prove
useful to developers of tools dependent on these mappings or for ontology developers
looking at specific domain ontologies. All the data that we used for the analysis in this
paper is available in raw spreadsheet form at http://www.bioontology.org/
wiki/index.php/Mapping_Set.
The study that we reported in this paper offered the first glimpse at the possibilities
and challenges that large numbers of related ontologies bring to the fore. Our results
show that using network analysis on a network defined by mappings between ontology
terms helps us understand and navigate a world with a large number of ontologies. As
more ontologies become available on the Semantic Web, such analysis will become
more interesting, more useful, and more challenging.
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