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Abstract

With the proliferation of heterogeneous health care data in the last three decades, biomedical
ontologies and controlled biomedical terminologies play a more and more important role in
knowledge representation and management, data integration, natural language processing, as well
as decision support for health information systems and biomedical research. Biomedical
ontologies and controlled terminologies are intended to assure interoperability. Nevertheless, the
quality of biomedical ontologies has hindered their applicability and subsequent adoption in real-
world applications. Ontology evaluation is an integral part of ontology development and
maintenance. In the biomedicine domain, ontology evaluation is often conducted by third parties
as a quality assurance (or auditing) effort that focuses on identifying modeling errors and
inconsistencies. In this work, we first organized four categorical schemes of ontology evaluation
methods in the existing literature to create an integrated taxonomy. Further, to understand the
ontology evaluation practice in the biomedicine domain, we reviewed a sample of 200 ontologies
from the National Center for Biomedical Ontology (NCBOQ) BioPortal—the largest repository for
biomedical ontologies—and observed that only 15 of these ontologies have documented evaluation
in their corresponding inception papers. We then surveyed the recent quality assurance approaches
for biomedical ontologies and their use. We also mapped these quality assurance approaches to the
ontology evaluation criteria. It is our anticipation that ontology evaluation and quality assurance
approaches will be more widely adopted in the development life cycle of biomedical ontologies.
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1. Introduction

In the big data era, the management and integration of large datasets provide enormous
opportunities for the discovery of new knowledge. Ontologies, which organize the domain
knowledge in the form of relevant concepts/classes and relationships among them, provide
the necessary tools to overcome barriers when integrating data and knowledge from
heterogeneous datasets, thereby facilitating knowledge discovery. In the biomedicine
domain, biomedical ontologies lay a solid foundation in a variety of healthcare information
systems for encoding diagnoses, problem lists [1, 2], laboratory tests in electronic health
records [3] as well as in administrative documents such as billing statements [4] and
insurance claims. Moreover, with concepts/classes linked by rich taxonomic and lateral
relationships, biomedical ontologies play a vital role in knowledge representation and
management, data integration, decision support, and natural language processing [5].
Traditionally, ontology development employs a top-down approach, in which ontology
engineers and domain experts define ontological elements/axioms through iterative
discussions and revisions. Omissions, redundancies, errors, and inconsistencies are
inevitable. Thus, ontology evaluation is an integral part of ontology development and
maintenance because it can attest that what is being built meets the application requirements
[6], increases the availability and reusability of ontologies [7, 8], and lowers the
maintenance costs of collaboratively created knowledge bases [7]. Nevertheless, the
nomenclature of ontology evaluation, especially in the biomedical domain, causes confusion
among researchers. To discuss ontology evaluation more effectively, we first attempt to
clarify the different nomenclatures related to ontology evaluation in the following
subsections based on our extensive review of the ontology evaluation literature.

1.1. What is ontology evaluation?

Generally, ontology evaluation is a process that determines the quality (and/or correctness)
of an ontology in respect to a set of evaluation criteria, depending on what kind of ontologies
are being evaluated and for what purpose. A well-known classification of ontology
evaluation was proposed by Brank et al. [9], which grouped existing evaluation approaches
into four broad categories: 1) approaches that compare the target ontology to a “gold
standard” [10]; 2) approaches that use the target ontology in an application and evaluate the
application results [11]; 3) those that conduct coverage analysis comparing the target
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ontology with a source of data (e.g., a collection of documents) about a specific domain

[12]; and 4) manual reviews done by human experts that assess how well the target ontology
meets a set of predefined criteria, standards, and requirements [13]. A few other variations of
ontology evaluation approach classifications were also referred to in recent ontology
evaluation publications [12, 14, 15]. Nevertheless, the broad concepts of these classification
systems are very similar.

Furthermore, an ontology is a complex structure. A common approach of ontology
evaluation is to evaluate different levels/aspects of the ontology separately rather than trying
to assess the quality of the ontology as a whole. The ways of how these levels/aspects were
defined are slightly different in different ontology evaluation publications.

1.2. Relationships among ontology evaluation, auditing, and quality assurance

VrandecCi¢ [7] defined ontology evaluation as the “task of measuring the quality of an
ontology” in order to determine the fitness of the ontology to exchange data, assess the
development of the ontology, and to maintain consistency with seven defined criteria. The
definition was further enhanced by segmenting the tasks into ontology verification and
ontology validation (first introduced by Gomez-Pérez [16] and later adopted by Vrandecié
[7]). Verification “deals with building the ontology correctly, that is, ensuring that its
definitions implement correctly the requirements.” Validation “refers to whether the
meaning of the definitions really models the real world for which the ontology was created.”
Essentially, verification examines the intrinsic aspects of the ontology, whereas, validation
examines the extrinsic aspects of the ontology. Further details of both of these components
and the various aspects to evaluate were discussed in [7]. For brevity, Table 1 summarizes
these ideas. Later we will revisit the concepts of validation and verification in the subsequent
sections.

In the biomedicine domain, a number of notable biomedical ontologies were developed as
controlled vocabularies/terminologies. The definitions of ontologies and vocabularies/
terminologies are interrelated and have some overlaps. Terminologies and vocabularies focus
on representing the lexical terms (synonyms) that are used to refer to entities (concepts) with
a limited number of relationships (e.g., Lung cancerfinding_site Lung structure) among
those entities. They are often considered as lightweight ontologies and are most commonly
used in biomedicine [17]. Ontologies, on the other hand, provide an explicit representation
of meaning defined as a set of terms using a logic-based representation and formal
constraints to characterize entities and relationships distinctive to the domain. The formalism
of ontologies adds additional reasoning capabilities and expressiveness upon vocabularies/
terminologies. They have become more and more popular due to their expressiveness and
flexibility. For example, Foundational Model of Anatomy [18] has multilevel granularity of
hierarchical relationships with diverse physical relations between anatomical components.
Broadly speaking, concepts in a vocabulary/terminology are equivalent to c/assesin an
ontology. Relationships in a vocabulary/terminology are equivalent to the propertiesin an
ontology. In the context of this paper, we use terminologies and ontologies interchangeably.

In some literature, evaluation of biomedical ontologies is often referred to as “quality
assurance” (QA). When it is conducted by third parties with or without the involvement of
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the ontology developers, it is also often called “auditing”’ [19]. Rogers’ framework of
biomedical ontology quality assurance included four aspects: philosophical validity, meta-
ontological commitment, content correctness, and fitness for purpose [20]. Previously, Zhu
et al. conducted a review of auditing methods applied to controlled biomedical
terminologies, where they outlined the aspects of ontology auditing of biomedical
terminologies and ontologies [19]. We summarized these aspects in Table 2, and mapped
each aspect to an ontology evaluation criterion in Vrande€i¢ [7]. Each of the aspects is a
close approximation of a criterion in Table 1. Just as ontology evaluation, quality assurance
(or auditing) of biomedical ontologies also examines both the /ntrinsic and the extrinsic
aspects of the ontologies. Defined by Zhu et al. [19], the /ntrinsic aspects are “inherent to
ontologies’ content (hierarchy, relationships, lexicon) that can be audited independently
from external reference standards. Intrinsic aspects include concept orientation, consistency,
soundness, and non-redundancy”. Extrinsic aspects are “contingent on the comprehensive
coverage of external user requirements, domain-specific contextual needs, or other external
reference standards”. Thus, despite the differences in nomenclature, based on our deduction
of the definitions of the criteria, it is reasonable to assume that quality assurance and
auditing of the biomedical ontologies is within the scope of onfology evaluation.
Nevertheless, in the literature, ontology evaluation and ontology quality assurance do have
some noticeable differences in their focus. Ontology evaluation literature often focused on
the measurements for assessing the goodness of the ontologies (including the use of
competency questions [16]), whereas quality assurance literature focused on identifying
modeling errors and inconsistencies and improving the quality of the ontologies. Note that
some of the ontology evaluation papers (papers that proposed evaluation methods) did talk
about how they can find issues with an ontology. This is logical, as one will have to be able
to find issues to come up with a reliable measure. Figure 1 is a Venn diagram showing the
differences and commonalities between ontology evaluation and quality assurance in the
literature.

Figure 2 illustrates the relationship between ontology evaluation and quality assurance in the
ontology development life cycle. Ontology developers first identify the purpose and the
scope of the ontology, then acquire knowledge from different sources and enter the cycle
consisting of four steps: 1) conceptualize the knowledge, 2) identify and integrate existing
ontologies, 3) encode the concepts, and 4) evaluate the ontology. By reviewing the literature,
we found that quality assurance and auditing appear to be mostly conducted by third parties
as an additional mechanism to support the maintenance of an ontology. The quality
assurance/auditing tasks are thus conducted after the first public release of the ontologies.
The auditing results are submitted to the developers to review and then incorporated in the
next release of the ontology, at the discretion of the developers.

1.3. Contributions

BioPortal, created by the National Center for Biomedical Ontology (NCBO), is the world’s
largest repository and development system of biomedical ontologies [21]. As of January 15,
2018, it contained 686 ontologies encoded in a wide range of formats including the Web
Ontology Language (OWL) [22], Resource Description Framework [23], Open Biological
and Biomedical Ontologies (OBQO) format [24], Protégé frames, and the Rich Release
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Format of the Unified Medical Language System Metathesaurus [25]. BioPortal provides
tools for browsing, searching, annotation, and visualization of its ontologies to support
research in the biomedical sciences. Due to its size, variety of quality, coverage, and its
liberal submission policy, we used BioPortal as the dataset to assess the evaluation practices
of biomedical ontologies.

In this work, we surveyed and discussed current ontology evaluation methods that have been
applied in both open domain (i.e., ontologies in the all the domains) and biomedical domain.
To assess whether and how ontology evaluation is being practiced in the biomedical
ontology development, we reviewed a sample of 200 ontologies in BioPortal and their
documented evaluation methods from their corresponding inception papers—the earliest
publication that first introduced and described the specific ontology. We summarized the
evaluation methods of the sampled ontologies based on the major categories of ontology
evaluation methods. Based on our observations, we will discuss the opportunities for
ontology developers to adopt the state-of-the-art ontology evaluation (or “quality
assurance”) methods to improve the quality of biomedical ontologies. The rest of the paper
will be organized as follows: in Section 2, we will review the ontology evaluation types. In
Section 3, we will assess the ontology evaluation practices for a sample of 200 ontologies
retrieved from BioPortal based on their popularity. In Section 4, we will review the recent
quality assurance and auditing methods for biomedical ontologies and their use in various
BioPortal ontologies. In Section 5, we will discuss our findings of this study as well as the
gaps and opportunities for evaluating and assessing the quality of biomedical ontologies.
Section 6 concludes the paper.

2. Review of Ontology Evaluation Types

As mentioned above and further discussed here, Gdmez-Pérez categorized the ontology
evaluation into ontology verification and ontology validation [16]. According to Gomez-
Pérez, ontology verification is “building the ontology correctly, that is, ensuring that its
aefinitions implement correctly the ontology requirements and competency questions, or
function correctly in the real world’. 1t focuses on inherent features of the ontology, such as
lexical or syntactical aspects. Ontology validation is “whether the meaning of the ontology
definitions really model the real world for which the ontology was created” [16]. In other
words, it is concerned with external assessment of the impact of the ontology, basically how
effective the ontology preforms or serves its purpose [19]. As VVrandeci¢ described [7],
verification “answers if the ontology was built the right way” (i.e., intrinsic [19]) and
validation “answers if the right ontology was builf’ (i.e., extrinsic [19]) [7].

Furthermore, other researchers have expanded and produced their own categorical schemes
of ontology evaluation. Brank et al. [9] classified ontology evaluation by approaches: 1) gold
standard, 2) application based, 3) data-driven, 4) user-based, and extended by levels: 1)
lexical, 2) hierarchical/taxonomy, 3) semantic relations, 4) context, 5) syntactic, and 6)
structure, architecture, design. Obrst et al. [26] also mentioned six types of ontology
evaluation that would be categorized as ontology validation approaches, according to
Vrandeci¢ [7]. These categories include: 1) application-based evaluation, 2) data source
comparison, 3) human assessment, 4) NLP-based evaluation, 5) reality benchmarking, and
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6) community verification. Tartir [6] introduced a classification of ontology evaluation based
on the 1) evolution of the ontology, 2) logic and rules, and 3) metrics. Duque-Ramos [27]
classified ontology evaluation by 1) ranking, 2) correctness, and 3) quality.

Figure 3 is an integrated taxonomy of ontology evaluation, which is our attempt to organize
and explicate the aforementioned heterogeneous categorical schemes of ontology evaluation.
In our review of the literature, we noted several authors who introduced their own
categorizations of ontology evaluation and mapped them to the classic division of
verification and validation. We also noted that some of the classifications were similar. For
example, the data-driven evaluation approach was repeated by multiple authors. This was
denoted with a dotted line in Figure 3. The BA1-BA4 and BL1-BL6 labels are
categorizations proposed by Brank et al. [9]; T1-T3 are from Tartir [6]; D1-D3 are from
Duque-Ramos et al. [27]; O1-06 are derived from Obrst et al. [26]. In the following, we
will expound these classification schemes and then discuss the use of them in this study.

Brank et al. [9]—In their influential paper, they highlighted the importance of categorical
evaluation and proposed associated categories across different “levels” (or “aspects” in
Vrandeci¢ [7]). One of the evaluation categories was to compare the target ontology with a
“gold standard” ontology (BA1). This was rooted in the work of Maedche and Staab [10]
where they considered semantic similarity measures at the lexical level and the taxonomic
overlap between ontologies at the conceptual level for the comparison of two ontologies
(i.e., the target ontology vs. a gold standard ontology). Aside from using a “gold standard”,
the authors situated the evaluation of an ontology with the application of the ontology or an
application-specific ontology performance evaluation (BA2). In the various ontologies
discussed later in Section 3, the application-based evaluation varied depending on the
purpose for which the ontology was developed. Brank et al.’s [9] data-driven evaluation
(BA3) was based upon the work of Brewster and colleagues [12]. This category (BA3)
differs from the “gold standard” evaluation approach, as it compares the ontology with
another data source such as a text corpus to assess whether all the concepts in the text are
correctly encoded in the ontology. Another category of evaluation approaches defined by
Brank et al. involves human derived assessments based on pre-defined criteria or heuristics
(BA4). One example of such an approach is the use of competency questions (i.e.,
requirements) to evaluate an ontology, i.e., whether the ontology meets these predefined
goals and answers the competency questions. Much of what is described here so far relates
to the early definition of ontology validation (or extrinsic evaluation).

Brank and colleagues expounded their categorization and included levels (i.e., lexical,
hierarchical/taxonomy, semantic relations, context, syntactic, and structure/architecture/
design) that are related, in our view, to ontology verification. Most of these “levels” defined
by Brank et al. are similar to the aspects put forth by Vrande€i¢ [7]. For example, lexical
evaluation (BL1) involves the assessment of the vocabulary or nomenclature (e.g., literals,
URISs, values) employed by the ontology, which may include assessing the ontology’s
adherence to labeling standards or its appropriate use of vocabulary to describe the intended
domain. The hierarchical or taxonomic evaluation of an ontology (BL2) concerns the
assessment of the hierarchical relationships between concepts (e.g., “IS-A”). Evaluating
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semantic relationships other than the “IS-A” relationships between concepts is also an
important aspect in ontology evaluation (BL3). Context-based evaluation (BL4) accounts for
the target ontology’s interactions with other ontologies or whether the ontology has an
“impact” when it is integrated into an application. For example, the Burton-Jones et al.’s
metric suite [28] contains a categorical metric called “social”, which accounts for how many
ontologies within a certain library or sub-library are linked to the target ontology being
evaluated. Syntactic-level evaluation (BL5) assesses whether the ontology conforms to the
syntactic profiles of formal languages such as Web Ontology Language 2.0 (OWL2) [22] or
Resource Description Framework (RDF) [23]. For example, the Burton-Jones et al.’s metric
suite has a set of “syntactic” scores, where one of the sub-metrics—"lawfulness”—
calculates the “correctness of syntax” [28]. Brank and colleagues also mentioned
architectural and structural design evaluation (BL6), which evaluates whether the design of
an ontology follows a set of well-defined design principles or heuristics. While Brank and
colleagues did not provide any specific examples, one assumed example would be the
principles and guidelines for OBO Foundry ontologies [24].

Obrst et al. [26]—Obrst and colleagues proposed a set of ontology evaluation types, which
were described by Vrande€i¢ as ontology validation: 1) evaluation with respect to the use of
an ontology in an application (O1), 2) evaluation with respect to domain data sources (02),
3) evaluation by human experts against a set of criteria (O3), 4) evaluation with natural
language evaluation techniques (O4), 5) evaluation with the use of reality itself as a
benchmark, and 6) accrediting and certifying ontologies that have passed some evaluation
criteria (06), and the notion of an ontology maturity model (O5). The first three evaluation
types (01-03) defined by Obrst et al. overlap with categories previously discussed by Brank
and colleagues [9], namely the application-based (O1 and BA2), data-driven (O2 and BA3),
and user assessment (O3 and BA4), respectively. However, the evaluation based on natural
language techniques and the use of reality as a benchmark are particularly unique.
According to Obrst and colleagues [26], natural language evaluation includes task-based
evaluation that specifically uses natural language processing methods such as information
extraction and question answering. An example would be using question answering where
natural language questions are translated to SPARQL (a recursive acronym for SPARQL
Protocol and RDF Query Language) queries to be executed to measure the quality (whether
the retrieved triples are appropriate) and quantity (number of correct triples retrieved) of the
responses retrieved from the ontologies. The use of reality as a benchmark was inspired by
an early study by Ceusters and Smith [29]. Ceusters introduced the notion that an evolving
ontology that modifies its “units” (e.g., universals and instances) over time corresponds to a
model that is closer to the reality. Obrst et al., thus, introduced the concept of measuring the
evolution of an ontology as a way of showing its fidelity to represent reality [26].

Tartir [6]—In addition to introducing a metric-based ontology evaluation framework,
OntoQA, Tartir also described ontology evaluation in three categories, namely evolution-
based (T1), logical/rule-based (T2), and metric-based (T3). Similar to Obrst et al. [26], Tartir
shared the idea of measuring the evolution of an ontology as a way of ontology evaluation
(T1). However, no clear rationale was given for the evolution-based evaluation, except for
the allusion of the growth of the knowledge scope [6]. The concept of logical/rule-based
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ontology evaluation (T2) is similar to the syntactic level evaluation proposed by Brank and
colleagues [9]. The metric-based evaluation (T3) covers all the ontology evaluation
approaches that include a quantitative measure of various intrinsic and extrinsic features of
an ontology.

Duque-Ramos et al. [27]—Similar to the work by Tartir [6], Duque-Ramos et al. [27]
presented their own view of the various perspectives in ontology evaluation: ranking (D1),
correctness (D2), and quality (D3). The quality perspective (D3) refers to a holistic quality
evaluation of the ontology based on features (similar to Tartir’s metric-based metric (T3)
[6]). Correctness (D2) is an intrinsic evaluation that focuses on syntactical adherence, which
is similar to a number of aforementioned categories defined by the others (e.g., BL5 and
T2), but also incorporates the accuracy of knowledge expressed by the ontology. Ranking
(D1) appears to be a unique category defined by Dugue-Ramos et al., as it involves any
evaluations that have a systematic approach for the selection of an ontology or, as the name
implied, ranking the ontology in comparison with others. The classic work of Lozano-Tello
and Gomez-Pérez’s OntoMetric [13] is an example of ontology evaluation that would be
considered as a ranking-based approach.

3. Review of the Ontology Evaluation Practice for BioPortal’s Ontologies

3.1. Prevalence and documented evidence of evaluation in BioPortal Ontologies

In this paper, to examine the practice of ontology evaluation in biomedicine, we identified a
sample of 200 ontologies from NCBO BioPortal based on their popularity in September
2015, and manually reviewed the ontologies with documented evidence of evaluation in
peer-reviewed publications. We then analyzed the types of the ontology evaluation
approaches employed by these ontologies and reported on the prevalence of the ontology
evaluation approaches discussed above in Section 2 [6, 9, 26, 27].

In our previous work, we had collected data for documented evaluation methods of
ontologies hosted on the NCBO BioPortal [30, 31]. Based on this previous work, we initially
hypothesized that most biomedical ontologies did not conduct any initial evaluations or at
least indicate any evidence as such. In this work, we reused this dataset to further explore
our hypothesis. The original survey was conducted in September 2015 and comprised of a
sample of 200 ontologies (as of September 2015, there were 547 ontologies in total in
BioPortal). For each ontology sampled, we searched in PubMed and Google Scholar and
selected the earliest paper that introduced the respective ontology. We assessed whether the
paper contains a detailed development discussion of the ontology itself. If the paper was
chosen as one of the candidates (i.e., as the inception paper of the specific ontology), we
took note of whether each one of the evaluation approaches discussed in Section 2 was used
[6, 9, 26, 27]. All of the data of our analysis were recorded on a spreadsheet in Appendix I.
As shown in Table 3, only 15 of the 200 biomedical ontologies we surveyed from the NCBO
BioPortal have documented evaluation in their corresponding inception papers.

Within the 200 ontologies from BioPortal that we surveyed, there were 15 OBO Foundry
ontologies. Only one ontology (i.e., the Ontology for Genetic Susceptibility Factor) out of
the 15 OBO Foundry ontologies had documented evidence of evaluation [33].
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3.2. Analysis of the ontology evaluation practice of BioPortal ontologies

We assessed the 15 ontologies with documented evaluation on whether their evaluation
methods belong to the classifications defined by the ontology evaluation review papers
discussed in Section 2 [6, 9, 26, 27]. The analysis result is given in Table 4. None of the 15
NCBO biomedical ontologies utilized any ranking based evaluation (D1), but close to half of
them (53.3%) evaluated the correctness of the information or the formal language
(“Correctness” D2). Seven out of the 15 (46.7%) had documented evidence of using some
holistic quality evaluation (D3 and T3), mostly structural metrics or metrics that reported on
ontological features.

Brank and colleagues had a more detailed classification of ontology verification and
validation [9] in terms of levels. Regarding their verification items, or those that were
labeled as “levels”, most of the biomedical ontologies in the sample had evaluations that
were of the “structural, architecture, design” type. Some of these included verifying whether
their ontologies complied with design principles or checking the integrity of the ontologies
using reasoners such as Fact++ [47] and HermiT [48]. “Lexical” or “syntactical” level
evaluations were poorly represented, since only one ontology assessed its vocabulary, terms,
or syntactic requirements. Regarding Brank and colleagues’ validation items [9], most of the
evaluation types employed were assessing the ontology according to an application purpose
(46.7%), while others were mostly data-driven-based evaluations (i.e., measuring the
ontology against a corpus or database) or user-driven evaluations (e.g., crowdsourcing).
Evaluation with a gold standard was limited as only two ontologies employed such an
evaluation. Overall the 15 biomedical ontologies covered 20% of Brank and colleagues’
verification items and 31.7% of the validation items.

Some of the categories in Obrst and others’ evaluation classification [26] overlap with Brank
et al.’s categories, specifically application-based, data-source comparison, and human
assessment. Application-based evaluation was utilized the most according to the Obrst and
colleagues’ categorical schemes. However, NLP-based evaluation, reality benchmarking,
and community certification were poorly represented. The 15 ontologies covered 22.2% of
Obrst et al.’s classification categories.

Duque-Ramos and colleagues delineated ontology evaluation by ranking, correctness, and
global quality [27]. Among the 15 ontologies, the only types of assessments performed
according to Duque-Ramos’s classification were the latter two, correctness and global
quality (46.7%). None of the 15 ontologies applied any ranking-related evaluations.

Lastly, Tartir’s categories [6] include evolution-based, logic/rules-based, and metric-based
evaluation. Some ontologies used metric-based evaluation (46.7%); a third utilized logic/
rule-based evaluation (33.3%); and one utilized evolution-driven evaluation.

4. Review of Recent Biomedical Ontology Quality Assurance Methods

As mentioned in the Introduction Section, the existing literature on ontology evaluation
often focused on the metrics for assessing the goodness of the ontologies, whereas quality
assurance focused on identifying modeling errors and inconsistencies and improving the
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quality of the ontologies. Even though both ontology evaluation and quality assurance cover
the identification of modeling errors and inconsistencies based on their definitions, in the
field of biomedical informatics, researchers mostly refer to their methods for identifying the
errors in the ontology as “quality assurance” methods.

In biomedicine, ontologies are designed to represent both the explicit and implied concepts
(classes) used in a particular biomedical discipline, and the relationships between those
concepts [49]. As such, the evaluation of the OWL-based ontologies usually examines both
the explicitly defined concepts and their relationships, as well as the implicit information
that can be derived by a reasoner with a computer algorithm implemented in a description
logic engine. Due to the complex nature of the biomedicine domain, biomedical ontologies
are often large and complex, with many relationships among concepts. Therefore,
inconsistencies and modeling errors, especially missing concepts, missing/redundant
semantic relationships and missing synonyms, are inevitable and hard to detect with limited
manual evaluation and quality assurance (QA) resources. Based on the open domain
ontology evaluation criteria, sophisticated QA methods that were designed specifically for
biomedical ontologies have been shown to be effective and efficient in detecting errors and
inconsistencies, providing concrete and actionable ways to improve their quality.
Nevertheless, these QA methods were mostly developed by the academic researchers outside
of the ontology development teams (i.e., third parties) as an auditing effort to provide an
additional layer for ontology evaluation. Therefore, they are not likely to be used in the
initial development of the ontologies.

In 2009, Zhu et al. presented a methodology review paper on the auditing of controlled
biomedical terminologies [19]. In this section, we will focus on the biomedical ontology
quality assurance (OQA) methods that were published between 2009 and 2017. Recent OQA
methods can be broadly categorized into structural [50-55], lexical [56-60], semantic [61-
65], abstraction-network-based [66—76], big-data-based [77-79], crowd-sourcing-based [80—
82], cross-validation [83-86], hybrid (mix of structural, lexical, and description-logic-based
approach) [87—-89], corpus-based [90, 91], and miscellaneous approaches [1, 92, 93]. These
methods have been shown to be effective in detecting erroneous classifications, missing
concepts, missing or redundant semantic relationships, missing synonyms, and modeling
inconsistencies in an automated or semi-automated fashion. Most of the OQA methods
reviewed here can be categorized as intrinsic evaluation methods (ontology verification). As
most of the aforementioned OQA methods aim to meet multiple criteria for the ontology
evaluation, we categorized them based on the approaches and mapped them to the evaluation
criteria in Table 5. Representative examples for each of the categories listed above are given
below.

Structure-based approaches—Structure-based OQA methods aim to detect missing
and redundant relationships. Existing methods often focus on the Foundational Model of
Anatomy (FMA) ontology due to its complex inner structures of concept names and
relationship types. Gu et al. [51] investigated the transitive structural relationships and
categorized them into five major categories of possibly incorrect relationships: circular,
mutually exclusive, redundant, inconsistent, and missed entries in FMA. They examined
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four types of relationships including “subclass”, “part_of”, “branch_of”, and “tributary_of”
to determine whether the relationship assignments are in accord with the principles as
declared by the FMA for the representation of these anatomical entities. For example, in the
category of “missing relationships”, they found that Articular circumference of head of
radiusis “part_of” Surface of proximal epiphysis of radius. However, the children Articular
circumference of head of right radius and Articular circumference of head of left radius do
not have a “part_of ”relationship to the concepts Surface of proximal epiphysis of right
radius and Surface of proximal epiphysis of left radius, respectively. They suggested that the
“part_of” relationships should be added. Zhang et al. [50] proposed a method called Motif
Checking to study the effect of multi-relation type interactions for detecting logical
inconsistencies and anomalies after representing FMA as an RDF graph and motifs as
SPARQL queries. The two-node motif involves the cases where 1) Ais-a Band also Ais a
part-of Bat the same time, 2) Ais-a B, and A and B involve antonyms in their class names;
and 3) Ais a part-of B, and A and B involve antonyms in their class names. Luo et al. [53]
leveraged the taxonomy and partonomy information for disambiguating terms in FMA.
Mougin et al. [52] investigated concepts in the Unified Medical Language System (UMLS)
associated through multiple relationships, which extended Gu et al.’s work in identifying
redundant relationships in the UMLS [54]. Later, Mougin [55] used a similar approach to
find missing or redundant relationships in Gene Ontology.

Lexical-based approaches—Luo et al. [57] devised an automated method to audit
symmetric concepts by leveraging bi-similarity and linguistic structure in the concept names.
They identified concepts with symmetric modifiers such as “left” and “right” and
enumerated all possible structural types according to their subsumption hierarchy. This
approach was extended by Agrawal et al. [56] who algorithmically identified lexical
similarity sets of SNOMED CT concepts to detect the inconsistencies in their formal
definitions and semantic relationships. They defined a similarity set as a collection of
concepts whose fully specified names have lexical similarity. Based on this definition, they
formulated and tested five hypotheses about the concepts in thse lexical similarity sets such
as “Similarity sets whose concepts exhibit different number of parents are more likely to
harbor inconsistencies than randomly selected similarity sets’. Rector [58] analyzed the
common qualifiers of the SNOMED CT concepts and the accuracy of the definitions of pre-
coordinated SNOMED concepts as a proxy for the expected accuracy of the post-
coordinated expressions. Quesada-Martinez et al. [59] proposed a notion of lexical
regularities as a group of consecutive tokens that appears in several labels of an ontology to
audit SNOMED CT concepts to find missing relations. Bodenreider [60] represented logical
definitions according to the lexical features of concept names with OWL and then inferred
hierarchical relations among the concepts using the ELK reasoner. This method is effective
in identifying missing hierarchical relations in SNOMED CT.

Semantic-based approaches—The Unified Medical Language System (UMLS) is an
important terminological resource in biomedicine. The Metathesaurus of the 2017AB release
of the UMLS contains approximately 3.64 million concepts and 13.9 million unique concept
names from 201 source vocabularies (e.g., SNOMED CT, FMA, RxNORM, ICD). Each of
the 3.64 million concepts in the UMLS is assigned one or more of the 127 semantic types in
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the UMLS Semantic Network. The Refined Semantic Network (RSN) for the UMLS was
devised to complement the UMLS Semantic Network [94]. The RSN partitions the UMLS
Metathesaurus into disjoint groups of concepts. Each such group is semantically uniform. In
subsequent work, He et al. [63] performed a longitudinal study on the RSN for the last 17
releases of the UMLS (10 years) with the goal of reducing the size of the RSN. This goal
was achieved by correcting inconsistencies and errors in the semantic type assignments in
the UMLS, which additionally helped identify and correct ambiguities, inconsistencies, and
errors in source terminologies widely used in the realm of public health. The audit was
focused on Intersection Semantic Types (ISTs, simultaneous assignments of multiple
semantic types to a concept) with a few concepts assigned to them. Many errors were found
in the extents of ISTs with few concepts such as “Experimental Model of Disease N
Neoplastic Process”. Geller et al. [61] identified a set of inclusion and exclusion instructions
in the UMLS Semantic Network documentation and derived corresponding rule-categories
from the UMLS concept content. They designed an algorithm adviseEditor based on these
rule-categories. The algorithm specifies rules for a UMLS editor how to proceed when
considering a tuple (pair, triple, quadruple, quintuple) of semantic types to be assigned to a
concept. They further designed and developed a Web-based adviseEditor system, a
computational platform to inform UMLS editors on the permissible or prohibited semantic
type assignments to UMLS concepts [61].

Mougin et al. [62] performed an audit of the concept categorization in the UMLS by
analyzing the association of a concept with multiple Semantic Groups, each of which
contains only a few semantic types as a surrogate for polysemy. They created semantically
homogeneous clusters for these concepts and found that concepts exhibit limited semantic
compatibility with their parent and child concepts. Jiang et al. [64] audited the semantic
completeness of SNOMED CT concepts by formalizing normal forms of SNOMED CT
expressions using formal concept analysis. Recently, Zhu et al. [65] developed a scalable
framework that leverages the Spark platform to evaluate the semantic completeness of
SNOMED CT using formal concept analysis.

Abstraction-network-based approaches—Biomedical ontologies are often large and
complex. Abstraction networks overlay an ontology’s underlying network structure at a
higher level of abstraction [67]. They can summarize the structure and content of the
ontologies to support their quality assurance [67]. Previously, area and partial-area
taxonomies, which are derived from a partition of an ontology hierarchy based on the
relationships of its concepts, were shown to effectively highlight areas with modeling errors
and inconsistencies in large biomedical ontologies such as SNOMED CT [66] and National
Cancer Institute Thesaurus (NCIt) [75]. This technique has also been proved to effectively
support the OQA for various OWL-based application ontologies such as Ontology for
Clinical Research (OCRe) [69], Sleep Domain Ontology (SDO) [70], Ontology for Drug
Discovery Investigations (DDI) [68], Gene Ontology [74], and National Drug File —
Reference Terminology (NDFRT) [76].

The development of auditing techniques that are applicable to one ontology at a time is
labor-intensive. To support the development of QA techniques for hundreds of domain
ontologies in BioPortal, He et al. [95] introduced a family-based QA framework that uses
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uniform abstraction network derivation techniques and accompanying QA methodologies,
applicable to whole families of structurally similar ontologies. Based on this framework,
Ochs et al. [71] developed a structural meta-ontology for classifying ontologies into
structurally similar families, enabling the derivation of uniform QA methods for the whole
families. Tribal abstraction networks were proposed to highlight modeling errors in
SNOMED CT hierarchies without attribute relationships [96]. Further, an algorithmic
technique called diff partial-area taxonomy derivation has recently been developed to
summarize and visualize the structural changes during the evolution of biomedical
ontologies [72].

Semi-automated techniques that concentrate on auditing selected sets of similar concepts,
identified with the help of abstraction networks, are expected to have high QA vyield [66].
Halper et al. [67] reviewed a variety of abstraction networks that can visually summarize the
structure and content of certain ontologies to support their QA. Although introduced in the
context of well-established controlled vocabularies such as SNOMED CT, the abstraction
networks such as diff partial-area taxonomies [72] and partial-area taxonomies [66], can be
applied to other OWL ontologies as long as they have hierarchical and attribute
relationships. For ontologies without attribute relationships, tribal abstraction networks can
be used for summarization and quality assurance [96]. Traditionally, these auditing methods
for biomedical ontologies have been adopted by ontology developers on an ad foc manner,
which can be observed from the collaborative publications by the OQA researchers and the
ontology developers. Examples of such efforts for ontologies in BioPortal include SNOMED
CT [97], Gene Ontology [74], NCIt [75], OCRe [69], SDO [70], Cancer Chemoprevention
Ontology (CanCo) [95], and DDI [68].

Big data approaches—To facilitate automated large-scale QA, Zhang et al. [79]
developed a lattice-based structural method for auditing large biomedical ontologies such as
SNOMED CT, which was implemented through automated SPARQL queries. The lattice is a
structure in an ontology in which two concepts do not share more than one minimal common
ancestor. They developed a method called Lattice-based Structural Auditing (LaSA), which
exhaustively checks concept pairs for conformation to the requirement of being a part of a
lattice. Its performance was later enhanced by using the MapReduce pipeline with a 30-node
Hadoop local cloud [77]. They systematically extracted non-lattice fragments in 8 SNOMED
CT versions from 2009 to 2014, with an average total computing time of less than 3 hours
per version. The lattice-based structural auditing principle, which focuses on the order
structure induced by the hierarchical relationships, provides an error-agnostic method for
auditing ontologies [78, 79].

Crowdsourcing-based approaches—Mortensen et al. [80-82] leveraged the “wisdom
of the crowd” to find erroneous hierarchical relationships in SNOMED CT. They asked the
crowd workers simple true/false questions, such as “Diabetes Mellitus is a kind of Disorder
of abdomer’” and meanwhile listed the definitions of these two concepts. They showed that
the crowd can identify errors in SNOMED CT that match experts’ findings with a
reasonably good accuracy between 61.3% to 70.8% for different qualification types (i.e.,
biology, medicine, oncology, none). The crowd may be particularly useful in situations
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where an expert is unavailable, budget is limited, or an ontology is too large for manual error
checking.

Cross-validation approaches—Rector et al. [83] examined the hierarchies for
SNOMED CT concepts in the CORE Problem List Subset published by the UMLS for their
appropriateness in the description logic modeling and classification process. Gu et al. [84]
employed a cross-validation approach to audit the semantic types of the UMLS concepts in
the same semantic group based on SNOMED CT'’s hierarchy and semantic tags but with
inconsistent semantic type assignments. They first examined the set of UMLS semantic
types assigned to concepts in each hierarchy of SNOMED CT. They then partitioned the
SNOMED CT hierarchies into concept groups such that each subset contains all the
concepts in a hierarchy with the same combination of UMLS semantic type assignments.
Then, a domain expert reviewed small subsets, which have a higher likelihood of containing
errors. The reviewed groups exhibited statistically significantly more errors than the
controlled samples. Wei et al. [85] created semantic uniformity groups of SNOMED CT
concepts based on each concept’s properties and hierarchical information to identify UMLS
semantic type assignment errors. Cui et al. [86] developed a cross-ontology analysis method
to detect inconsistencies and possible errors in hierarchical relations across multiple
ontologies using the UMLS as a proxy.

Hybrid approaches—Agrawal et al. [87] proposed an algorithm that combines the lexical
and structural indicators to identify inconsistent modeling in SNOMED CT. Wi et al. [88]
showed that the area and partial-area taxonomies (abstraction networks) and the description
logic reasoning can complement each other in identifying errors in SNOMED CT. Recently,
Cui et al. [89] exploited the lexical patterns of the non-lattice subgraphs mined using the
LaSA method to indicate missing hierarchical relations or concepts. This method has been
proved effective through a manual review of a random sample of small subgraphs in
SNOMED CT.

Corpus-based approaches—VYao et al. [90] assessed the conceptual coverage and
parsimony of four commonly used medical ontologies (i.e., ICD-9-CM, CCPSS, SNOMED
CT, and MeSH) by applying biomedical named-entity recognition (using MetaMapl) and
standard information retrieval measures on a text corpus of medical documents. Park et al.
[91] used diabetes-related text corpora from the Tumblr blogs and the Yahoo! Answers
social questions and answers (social Q&A) forum to assess the conceptual coverage of
SNOMED CT and the Consumer Health Vocabulary.

Miscellaneous approaches—The issues with synonyms and the coverage of conceptual
content in biomedical ontologies have also been investigated by researchers. For example,
the high percentage of errors in well-curated terminologies such as SNOMED CT is notable.
Agrawal et al. [1] performed a concept analysis by comparing Problem List concepts and
general SNOMED CT concepts. The error rate for the widely used concepts of the CORE
Problem List, a subset of SNOMED CT, is lower, but still high [93]. He et al. [92] used

1MetaMap, https://metamap.nlm.nih.gov/
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simulated clinical scenarios involving various term-based searches of concepts mapped into
UMLS concepts to assess whether SNOMED'’s concept descriptors provide sufficient
differentiation to enable possible concept selection between similar terms.

We further categorized these OQA approaches based on the ontology evaluation criteria
defined in [19]. The definition of each criterion can be seen in Table 1. For the criterion
“Non-redundancy (Conciseness)”, we focused on the approaches to addressing the issues of
redundant concepts and redundant relationships. For the criterion “Comprehensive Coverage
(Completeness)”, we focused on the approaches to addressing the issues of missing concepts
and missing relationships. As shown in Table 5, recent OQA methods and studies mostly
focus on the concept orientation, consistency, non-redundancy, and the accuracy but not
coverage. Some recent work by He et al. [98-100], even though not based on OQA methods,
attempted to use a topological-pattern-based approach that leverages the hierarchical
structure and the native term mapping of the UMLS to improve the conceptual coverage of a
biomedical ontology integrated into the UMLS.

5. Discussion

5.1. Findings of this study

Biomedical ontologies and controlled vocabularies play an important role in various health
information systems and biomedical research. However, even for SNOMED CT, the world’s
most comprehensive clinical reference terminology with a large development team, its
quality is often questioned [101-103]. Ceusters [103] applied evolutional terminology
auditing over 18 versions of SNOMED CT and found that at “the level of the concepts
minimal improvements are obtained”. Elhanan et al.’s 2010 survey among SNOMED CT
users found that 92% of users use the Clinical Finding hierarchy and they requested
improvement of its quality [102].

For the smaller application ontologies in BioPortal, their quality is even harder to be assured.
The result of our survey showed that only 15 out of 200 sampled ontologies from the NCBO
BioPortal have documented evidence of evaluation in their corresponding inception papers.
We did not account for later published research that might have had some form of
evaluation. Nevertheless, our point is that ontology evaluation should have been started
during the development phase. Only one out of the 15 ontologies was an OBO Foundry
ontology. In January 2018, there exist 686 ontologies in BioPortal. As stated before, one of
the driving forces for ontology evaluation is to assure researchers, developers, and other
users that the ontology is of “good” quality [104]. The NCBO BioPortal is a multi-million
dollar national initiative and yet if only a handful of ontologies have been assessed for
quality, it raises a concern about the quality of these ontologies provided to the research
community. We believe that highlighting this concern stresses the need for further research
in quality evaluation of biomedical ontologies.

Using our sample of 15 ontologies, we presented a taxonomic representation of various
previous authors’ perspectives on the types of ontology evaluation, and mapped the
techniques found in each of the ontology’s inception paper to the specific categories. Some
of the categories were similar, e.g., the metrics in Tartir’s [6] (T1-T3) and Duque-Ramos et
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al. [27] (D1-D3), or the application-based approaches in Brank et al. [9] (BL1-BL6, BA1-
BA4) and Obrst et al. [26] (O1-06). With validation and verification methods, biomedical
ontology evaluations appear to be concerned with intrinsic-level evaluation of the various
types discussed in Section 2. We assumed that assessing whether the ontology was “built the
right way” (verification) may be more convenient to test, versus whether the “right ontology
was built” (validation). Also, the evaluation of six out of the 15 ontologies covered both
validation and verification, which may indicate attempts of comprehensive evaluation. For
the remaining ontologies, while they did have either validation-based or verification-based
evaluation, the evaluation may not have been thorough enough to provide assurances of their
“good” quality.

Aside from the dichotomy of validation and verification, there were four categorical
schemes of ontology evaluation presented in the literature (i.e., Brank et al. [9], Obrst et al.
[26], Tartir [6], and Duque-Ramos [27]). We measured the completeness, which is a
percentage value of how well each category of ontology evaluation is covered by the
evaluation practice of ontologies in BioPortal. Going strictly by analyzing which scheme
provided the most “completeness” for ontologies, Dugue-Ramos et al.’s [27] and Brank et
al.’s [9] approaches (D1, D2, D3 and BA1, BA2, BA3, BA4 from Table 4, respectively)
appear to provide a comprehensive description of evaluation types (31.1% and 31.7%,
respectively). We refrain from making any assumption that a particular scheme is better
suited. Nonetheless, it does highlight the deficiency in types of evaluation that are not
considered in practice, such as lexical and syntactic level evaluations. Reality benchmarking
from Obrst et al. [26], though an interesting approach, has not been made use of by any
ontologies. The same can be said about community certification. Also worth mentioning,
some techniques are similar in concepts (e.g., reporting metrics and competency questions),
but based on our review of the literature, ontology evaluation techniques varied and there do
not appear to be any standard or universally agreed upon approaches.

Overall, investigating and introducing evaluation techniques to help ontology developers
make use of these criteria is a worthy endeavor. Past researchers have noted the need to
automate the evaluation [28], and this direction can lead to a greater adoption of ontology
evaluation. For example, Aruna and colleagues have surveyed various software tools that
implement ontology evaluation, e.g., OntoAnalyser, OntoGenerator, OntoClean plugin,
ONE-T, and S-OntoEval [105].

After surveying the recent OQA methods for biomedical ontologies published in the last
seven years, we drew the same conclusion as Zhu et al. [19] that most of the OQA methods
focused on content correctness, i.e., identifying modeling errors and inconsistencies of the
components (e.g., classes, attributes, relations, and axioms) of the ontologies. The goals are
mostly to improve the concept clarity, modeling consistency, non-redundancy, and
soundness of biomedical ontologies. The fitness for purpose, on the other hand, is assumed
to be automatically assured by the good quality of content. In addition, most of the recent
methods make use of intrinsic ontology-specific knowledge as well as extrinsic domain
knowledge of the human experts. The purely extrinsic resources are used mostly to assess
the conceptual coverage of the ontologies. Compared with the review paper of Zhu et al.
[19] that reviewed ontology-specific OQA methods, we found that quite a few recent OQA
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methods are designed to be applicable to multiple ontologies that exhibit similar
characteristics (e.g., with object properties, with multiple parents). This addressed the need
in OQA that is partly associated with the popularity of OWL-based application ontologies
and the infrastructure such as Protégé and BioPortal to facilitate the development and reuse
of ontologies. Similar to the finding in Zhu et al. [19], most of the OQA methods are largely
automated, as many ontologies are large and complex. In contrast, some open domain
ontology evaluation methods can be conducted manually.

5.2. Gaps in Ontology Quality Assurance Methods and Future Opportunities

While reviewing both open domain ontology evaluation and biomedical ontology quality
assurance methods, we observed a few important gaps in OQA, including 1) the lack of
systematic approaches to evaluate the OQA methods, 2) the lack of gold standards for
ontology evaluation in the biomedicine domain, 3) the lack of collaborations between
ontology evaluation and OQA communities, and 4) the lack of tools for ontology evaluation
and OQA:

Lack of systematic approaches to evaluate the OQA methods—We observed that
the evaluation of the OQA methods often involves domain experts to manually review the
samples of algorithmically identified errors and inconsistencies, or subsets of concepts/
relationships with a high likelihood of errors. In many OQA methods, domain experts were
given blind samples of case and control to show the effectiveness of the OQA methods in
generating a sample with more modeling errors and inconsistencies than a random sample.
However, it may not always be feasible to make the samples completely blind. For example,
a recent paper by He et al. [106] investigated the assignments of top-level semantic types to
UMLS concepts, where the case sample included UMLS concepts assigned to one of the 10
top-level semantic types, whereas the control sample included UMLS concepts assigned to
non-top-level semantic types. It is not feasible to make the samples blind because the
auditors had to know the semantic type to which a concept is assigned. For such a case, the
evaluation of the OQA methods may be biased. Systematic approaches to evaluate the OQA
methods are thus needed to reduce the bias in the manual evaluation.

Lack of gold standards for ontology evaluation and OQA in the biomedicine
domain—Due to the lack of gold standard ontologies in biomedicine, “gold standard”
ontology evaluation (BAL of Brank et al. [9]) was rarely seen. In fact, it is almost impossible
to create a gold standard biomedical ontology. As such, the performance of extant OQA
methods is often evaluated by domain experts with respect to precision but not recall.
Nevertheless, even without a “gold standard”, one can leverage cumulative changes of high-
quality ontologies such as SNOMED CT as a partial and surrogate standard to evaluate the
performance of OQA methods for the ontology itself [107].

Lack of collaborations between ontology evaluation and OQA communities—
We also observed that some approaches used in open domain ontology evaluation are
omitted by the OQA research community. For example, application-specific ontology
performance evaluation (BA1 of Brank et al. [9] and O1 of Obrst et al. [26]), and evaluation
with competency questions and heuristics (BA4 of Brank et al. [9] and O5 of Obrst et al.
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[26]) are mostly omitted in the OQA literature. We hope to see more novel and effective
OQA methods as well as closer collaboration of these two seemingly isolated communities
in the future.

Lack of tools for ontology evaluation and OQA—Brank and colleagues have
suggested in their seminal study, that automated tools are needed to ensure that high quality
ontologies are developed [9]. Aruna and colleagues surveyed apparently rarely-used
ontology evaluation tools [105] which included a tool that implemented Guarino and Welty’s
OntoClean evaluation system. To our knowledge, there are still few known dedicated
ontology evaluation tools that can help ontology engineers design and improve their
ontologies. Future research is needed to evaluate the ontology evaluation and OQA tools.

Based on a recently proposed family-based QA framework [95] and a structural meta-
ontology for ontology QA [71], the Ontology Abstraction Framework (OAF), a unified
software framework for deriving, visualizing, and exploring abstraction networks for OWL
and OBO-based ontologies [108], was recently released as both a standalone software tool as
well as a plugin for Protégé 5, the most often used tool for ontology development in the
world. With the better integration of the QA tool with the ontology development tool (i.e.,
Protége), it is recommended that more and more ontology developers will use OAF to
improve the quality of their ontologies, which will further improve their utility in knowledge
management, knowledge integration, data analysis, and decision support. As Protégé is the
most popular ontology development tool, more OQA plugins should be developed for
Protégé to help ontology designers better integrate OQA into the ontology development life
cycle.

5.3. Limitations

A few limitations should be noted for this study. Our initial survey was based on a sample of
200 ontologies from the NCBO BioPortal, which contains 686 ontologies in total (29%).
This may be a limitation as there may be more ontologies that have early documented
evidence of ontology evaluation but are not in our sample. We also restricted selection
criteria to evaluation that took place at the time of development. We assumed that if
ontologies are to be released to the community that it would be appropriate, for the original
developers, to formally evaluate it. We believe it is good practice, similar to software
development practices, to test and validate one’s ontology before deploying it for public
consumption. However, evaluation, in the form of quality assurance or auditing, may have
occurred after the original developers released their ontology artifact. So this was not
accounted for in the survey.

Another direction would have been to focus on the OBO Foundry. While the sample did
include some OBO Foundry ontologies, we only accounted for 15 of them. The NCBO
BioPortal was chosen in this study because it includes a relatively big number of biomedical
ontologies. On the same note, this survey was limited to ontologies that were biomedical
ontologies. The survey may be more indicative of the ontologies from the biomedical
domain than say the legal domain ontologies or cross-domain ontologies.
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Another limitation to note is the nomenclature of OQA and ontology evaluation. We
conducted an extensive literature review to understand the difference between ontology
evaluation and quality assurance. It appears that even though they have much overlap with
respect to methodologies, aspects, and tools, they do have some differences with respect to
1) timing (during the initial development vs. after the first public release), 2) major objective
(measuring the quality of the ontology vs. identifying and correcting modeling errors and
inconsistencies), and 3) the responsible party (original ontology developers vs. external QA
researchers).

6. Conclusions

Ontology evaluation is an integral part of ontology development and maintenance. In this
work, we organized four categorical schemes of ontology evaluation methods in the existing
literature to create an integrated taxonomy of ontology evaluation. Further, to understand the
ontology evaluation practice in the biomedicine domain, we reviewed a sample of 200
ontologies in NCBO BioPortal and observed that only 15 of these ontologies have
documented evaluation in their corresponding inception papers. We then surveyed the recent
quality assurance approaches for biomedical ontologies and their use. It is our expectation
that ontology evaluation and quality assurance approaches will be more widely adopted in
the development life cycle of the biomedical ontologies.
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Highlights
. Ontology evaluation is an integral part of ontology development and
maintenance.
. We assessed the ontology evaluation practice of a sample of 200 BioPortal
ontologies.
. We reviewed recent ontology quality assurance and auditing techniques.
. We identified the gaps between ontology evaluation and quality assurance.
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Figure 1.
A Venn diagram showing the relationships between ontology evaluation and quality

assurance in the literature.
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Table 1

Ontology evaluation criteria in Vrande€i¢ [7]

Criteria

Definition

Accuracy

Does the asserted knowledge in the ontology agree with the expert’s knowledge, which is often measured in terms
of precision and recall?

Completeness

Is the domain of interest appropriately covered (i.e., coverage)?

Conciseness

Does the ontology define irrelevant elements with regards to the domain to be covered or redundant representations
of the semantics?

Consistency

Does the ontology include or allow for contradictions, which is often measured as the number of terms with
inconsistent meaning?

Computational efficiency

How fast can the tools (e.qg., reasoners) work with the ontology?

Adaptability How easy or difficult is it to use an ontology in different contexts? Adaptability often measures coupling (i.e.,
number of external classes referenced) and cohesion (i.e., modularity of the ontology).
Clarity How effective can the ontology communicate the intended meaning of the defined terms?
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Table 2

Criteria for biomedical ontology auditing and quality assurance adapted from [19].

Page 30

Criteria in Zhu et al. (Criteria in VrandecCic)

Definition

Concept orientation (Clarity)

Refers to undefined concepts and ambiguous definition of concepts

Consistency (Consistency)

Refers to lexical aspects and classification of concepts

Non-redundancy (Conciseness)

Refers to redundant classification and concepts

Soundness (Accuracy)

Refers to the soundness of classifications and concept descriptions

Comprehensive coverage (Completeness)

Refers to the coverage of concepts and related terms, gaps in hierarchal and semantic
relationships, and completeness of the definitions of concepts.
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Table 3

The 15 ontologies with documented evaluation and the corresponding publications
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Ontology Number of Classes | Number of Properties | Release Cycle Development Paper

Bilingual Ontology of Alzheimer’s 5899 182 Once in 2013 Drame et al. [32]

Disease and Related Diseases

(ONTOAD)

Ontology for Genetic Susceptibility 127 28 Once a year between Lin et al. [33]

Factor (OGSF) 2013-2015

Cell Culture Ontology (CCONT) 19991 61 Twice in 2012; once in | Ganzinger et al. [34]
2014

Genomic Clinical Decision Support 2265 2 Once in 2012 Samwald et al. [35]

Ontology (GENE-CDS)

Parasite Experiment Ontology (PEO) 143 40 Twice in 2009; once in | Sahoo et al. [36]
2011

Glycomics Ontology (GLYCO) 230 65 Once in 2012 Thomas et al. [37]

Ontology of Physics for Biology (OPB) 861 66 Twice in 2015; once in | Cook et al. [38]
2017

Radiation Oncology Ontology (ROO) 1183 211 Once in 2014; twice in | Pratt et al. [39]
2015

Ontology of Core Data Mining Entities 838 91 Once in 2012; three Panov et al. [40]

(ONTODM-CORE) times in 2016; once in
2017

Autism Spectrum Disorder Phenotype 284 0 Once in 2014 McCray et al. [41]

Ontology (ASDPTO)

Pharmacogenomic Relationships 229 83 Once in 2010; once in Coulet et al. [42]

Ontology (PHARE) 2011

DebugIT Core Ontology (DCO- 1029 87 Once in 2013 Schober et al. [43]

DEBUGIT)

Alzheimer’s disease ontology (ADO) 1565 12 Three times in 2013 Malhotra et al. [44]

Human Physiology Simulation Ontology 2920 91 Once in 2014 Glindel et al. [45]

(HUPSON)

Semantic DICOM Ontology (SEDI) 1423 4606 Once in 2013; twice in | Van Soest et al. [46]
2014; twice in 2015
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Table 4

The analysis result of the 15 ontologies with documented evaluation

Number of Ontologies (n=15)

Completeness

Overall Completeness

Validation 9 60.00%
Verification 12 80.00% 70.00%
Ranking (D1) 0 0.00% 31.11%
Correctness (D2) 7 46.67%
Quality (D3) 7 46.67%
Lexical (BL1) 1 6.67%
Taxonomic (BL2) 3 20.00%
Semantic relationships (BL3) 2 13.33%
Context (BL4) 3 20.00%
Syntactic (BL5) 1 6.67%
Structural, architecture, design (BL6) 8 53.33% 20.00%
2 13.33%
7 46.67%
5 33.33%
5 33.33% 31.67%
Evolution (T1) 1 6.67%
Logic/Rule based (T2) 5 33.33%
Metric-based (T3) 7 46.67% 28.89%
Application-based evaluation (O1) 7 46.67%
Data source comparison (O2) 5 33.33%
Human assessment (O3) 5 33.33%
NLP-based evaluation (O4) 2 13.33%
Reality benchmark (O5) 0 0.00%
Community certification (O6) 1 6.67% 22.22%
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	Brank et al. [9]—In their influential paper, they highlighted the importance of categorical evaluation and proposed associated categories across different “levels” (or “aspects” in Vrandečić [7]). One of the evaluation categories was to compare the target ontology with a “gold standard” ontology (BA1). This was rooted in the work of Maedche and Staab [10] where they considered semantic similarity measures at the lexical level and the taxonomic overlap between ontologies at the conceptual level for the comparison of two ontologies (i.e., the target ontology vs. a gold standard ontology). Aside from using a “gold standard”, the authors situated the evaluation of an ontology with the application of the ontology or an application-specific ontology performance evaluation (BA2). In the various ontologies discussed later in Section 3, the application-based evaluation varied depending on the purpose for which the ontology was developed. Brank et al.’s [9] data-driven evaluation (BA3) was based upon the work of Brewster and colleagues [12]. This category (BA3) differs from the “gold standard” evaluation approach, as it compares the ontology with another data source such as a text corpus to assess whether all the concepts in the text are correctly encoded in the ontology. Another category of evaluation approaches defined by Brank et al. involves human derived assessments based on pre-defined criteria or heuristics (BA4). One example of such an approach is the use of competency questions (i.e., requirements) to evaluate an ontology, i.e., whether the ontology meets these predefined goals and answers the competency questions. Much of what is described here so far relates to the early definition of ontology validation (or extrinsic evaluation).Brank and colleagues expounded their categorization and included levels (i.e., lexical, hierarchical/taxonomy, semantic relations, context, syntactic, and structure/architecture/design) that are related, in our view, to ontology verification. Most of these “levels” defined by Brank et al. are similar to the aspects put forth by Vrandečić [7]. For example, lexical evaluation (BL1) involves the assessment of the vocabulary or nomenclature (e.g., literals, URIs, values) employed by the ontology, which may include assessing the ontology’s adherence to labeling standards or its appropriate use of vocabulary to describe the intended domain. The hierarchical or taxonomic evaluation of an ontology (BL2) concerns the assessment of the hierarchical relationships between concepts (e.g., “IS-A”). Evaluating semantic relationships other than the “IS-A” relationships between concepts is also an important aspect in ontology evaluation (BL3). Context-based evaluation (BL4) accounts for the target ontology’s interactions with other ontologies or whether the ontology has an “impact” when it is integrated into an application. For example, the Burton-Jones et al.’s metric suite [28] contains a categorical metric called “social”, which accounts for how many ontologies within a certain library or sub-library are linked to the target ontology being evaluated. Syntactic-level evaluation (BL5) assesses whether the ontology conforms to the syntactic profiles of formal languages such as Web Ontology Language 2.0 (OWL2) [22] or Resource Description Framework (RDF) [23]. For example, the Burton-Jones et al.’s metric suite has a set of “syntactic” scores, where one of the sub-metrics—”lawfulness”—calculates the “correctness of syntax” [28]. Brank and colleagues also mentioned architectural and structural design evaluation (BL6), which evaluates whether the design of an ontology follows a set of well-defined design principles or heuristics. While Brank and colleagues did not provide any specific examples, one assumed example would be the principles and guidelines for OBO Foundry ontologies [24].Obrst et al. [26]—Obrst and colleagues proposed a set of ontology evaluation types, which were described by Vrandečić as ontology validation: 1) evaluation with respect to the use of an ontology in an application (O1), 2) evaluation with respect to domain data sources (O2), 3) evaluation by human experts against a set of criteria (O3), 4) evaluation with natural language evaluation techniques (O4), 5) evaluation with the use of reality itself as a benchmark, and 6) accrediting and certifying ontologies that have passed some evaluation criteria (O6), and the notion of an ontology maturity model (O5). The first three evaluation types (O1–O3) defined by Obrst et al. overlap with categories previously discussed by Brank and colleagues [9], namely the application-based (O1 and BA2), data-driven (O2 and BA3), and user assessment (O3 and BA4), respectively. However, the evaluation based on natural language techniques and the use of reality as a benchmark are particularly unique. According to Obrst and colleagues [26], natural language evaluation includes task-based evaluation that specifically uses natural language processing methods such as information extraction and question answering. An example would be using question answering where natural language questions are translated to SPARQL (a recursive acronym for SPARQL Protocol and RDF Query Language) queries to be executed to measure the quality (whether the retrieved triples are appropriate) and quantity (number of correct triples retrieved) of the responses retrieved from the ontologies. The use of reality as a benchmark was inspired by an early study by Ceusters and Smith [29]. Ceusters introduced the notion that an evolving ontology that modifies its “units” (e.g., universals and instances) over time corresponds to a model that is closer to the reality. Obrst et al., thus, introduced the concept of measuring the evolution of an ontology as a way of showing its fidelity to represent reality [26].Tartir [6]—In addition to introducing a metric-based ontology evaluation framework, OntoQA, Tartir also described ontology evaluation in three categories, namely evolution-based (T1), logical/rule-based (T2), and metric-based (T3). Similar to Obrst et al. [26], Tartir shared the idea of measuring the evolution of an ontology as a way of ontology evaluation (T1). However, no clear rationale was given for the evolution-based evaluation, except for the allusion of the growth of the knowledge scope [6]. The concept of logical/rule-based ontology evaluation (T2) is similar to the syntactic level evaluation proposed by Brank and colleagues [9]. The metric-based evaluation (T3) covers all the ontology evaluation approaches that include a quantitative measure of various intrinsic and extrinsic features of an ontology.Duque-Ramos et al. [27]—Similar to the work by Tartir [6], Duque-Ramos et al. [27] presented their own view of the various perspectives in ontology evaluation: ranking (D1), correctness (D2), and quality (D3). The quality perspective (D3) refers to a holistic quality evaluation of the ontology based on features (similar to Tartir’s metric-based metric (T3) [6]). Correctness (D2) is an intrinsic evaluation that focuses on syntactical adherence, which is similar to a number of aforementioned categories defined by the others (e.g., BL5 and T2), but also incorporates the accuracy of knowledge expressed by the ontology. Ranking (D1) appears to be a unique category defined by Duque-Ramos et al., as it involves any evaluations that have a systematic approach for the selection of an ontology or, as the name implied, ranking the ontology in comparison with others. The classic work of Lozano-Tello and Gómez-Pérez’s OntoMetric [13] is an example of ontology evaluation that would be considered as a ranking-based approach.
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	4. Review of Recent Biomedical Ontology Quality Assurance Methods
	Structure-based approaches—Structure-based OQA methods aim to detect missing and redundant relationships. Existing methods often focus on the Foundational Model of Anatomy (FMA) ontology due to its complex inner structures of concept names and relationship types. Gu et al. [51] investigated the transitive structural relationships and categorized them into five major categories of possibly incorrect relationships: circular, mutually exclusive, redundant, inconsistent, and missed entries in FMA. They examined four types of relationships including “subclass”, “part_of”, “branch_of”, and “tributary_of” to determine whether the relationship assignments are in accord with the principles as declared by the FMA for the representation of these anatomical entities. For example, in the category of “missing relationships”, they found that Articular circumference of head of radius is “part_of” Surface of proximal epiphysis of radius. However, the children Articular circumference of head of right radius and Articular circumference of head of left radius do not have a “part_of” relationship to the concepts Surface of proximal epiphysis of right radius and Surface of proximal epiphysis of left radius, respectively. They suggested that the “part_of” relationships should be added. Zhang et al. [50] proposed a method called Motif Checking to study the effect of multi-relation type interactions for detecting logical inconsistencies and anomalies after representing FMA as an RDF graph and motifs as SPARQL queries. The two-node motif involves the cases where 1) A is-a B and also A is a part-of B at the same time, 2) A is-a B, and A and B involve antonyms in their class names; and 3) A is a part-of B, and A and B involve antonyms in their class names. Luo et al. [53] leveraged the taxonomy and partonomy information for disambiguating terms in FMA. Mougin et al. [52] investigated concepts in the Unified Medical Language System (UMLS) associated through multiple relationships, which extended Gu et al.’s work in identifying redundant relationships in the UMLS [54]. Later, Mougin [55] used a similar approach to find missing or redundant relationships in Gene Ontology.Lexical-based approaches—Luo et al. [57] devised an automated method to audit symmetric concepts by leveraging bi-similarity and linguistic structure in the concept names. They identified concepts with symmetric modifiers such as “left” and “right” and enumerated all possible structural types according to their subsumption hierarchy. This approach was extended by Agrawal et al. [56] who algorithmically identified lexical similarity sets of SNOMED CT concepts to detect the inconsistencies in their formal definitions and semantic relationships. They defined a similarity set as a collection of concepts whose fully specified names have lexical similarity. Based on this definition, they formulated and tested five hypotheses about the concepts in thse lexical similarity sets such as “Similarity sets whose concepts exhibit different number of parents are more likely to harbor inconsistencies than randomly selected similarity sets”. Rector [58] analyzed the common qualifiers of the SNOMED CT concepts and the accuracy of the definitions of pre-coordinated SNOMED concepts as a proxy for the expected accuracy of the post-coordinated expressions. Quesada-Martínez et al. [59] proposed a notion of lexical regularities as a group of consecutive tokens that appears in several labels of an ontology to audit SNOMED CT concepts to find missing relations. Bodenreider [60] represented logical definitions according to the lexical features of concept names with OWL and then inferred hierarchical relations among the concepts using the ELK reasoner. This method is effective in identifying missing hierarchical relations in SNOMED CT.Semantic-based approaches—The Unified Medical Language System (UMLS) is an important terminological resource in biomedicine. The Metathesaurus of the 2017AB release of the UMLS contains approximately 3.64 million concepts and 13.9 million unique concept names from 201 source vocabularies (e.g., SNOMED CT, FMA, RxNORM, ICD). Each of the 3.64 million concepts in the UMLS is assigned one or more of the 127 semantic types in the UMLS Semantic Network. The Refined Semantic Network (RSN) for the UMLS was devised to complement the UMLS Semantic Network [94]. The RSN partitions the UMLS Metathesaurus into disjoint groups of concepts. Each such group is semantically uniform. In subsequent work, He et al. [63] performed a longitudinal study on the RSN for the last 17 releases of the UMLS (10 years) with the goal of reducing the size of the RSN. This goal was achieved by correcting inconsistencies and errors in the semantic type assignments in the UMLS, which additionally helped identify and correct ambiguities, inconsistencies, and errors in source terminologies widely used in the realm of public health. The audit was focused on Intersection Semantic Types (ISTs, simultaneous assignments of multiple semantic types to a concept) with a few concepts assigned to them. Many errors were found in the extents of ISTs with few concepts such as “Experimental Model of Disease ∩ Neoplastic Process”. Geller et al. [61] identified a set of inclusion and exclusion instructions in the UMLS Semantic Network documentation and derived corresponding rule-categories from the UMLS concept content. They designed an algorithm adviseEditor based on these rule-categories. The algorithm specifies rules for a UMLS editor how to proceed when considering a tuple (pair, triple, quadruple, quintuple) of semantic types to be assigned to a concept. They further designed and developed a Web-based adviseEditor system, a computational platform to inform UMLS editors on the permissible or prohibited semantic type assignments to UMLS concepts [61].Mougin et al. [62] performed an audit of the concept categorization in the UMLS by analyzing the association of a concept with multiple Semantic Groups, each of which contains only a few semantic types as a surrogate for polysemy. They created semantically homogeneous clusters for these concepts and found that concepts exhibit limited semantic compatibility with their parent and child concepts. Jiang et al. [64] audited the semantic completeness of SNOMED CT concepts by formalizing normal forms of SNOMED CT expressions using formal concept analysis. Recently, Zhu et al. [65] developed a scalable framework that leverages the Spark platform to evaluate the semantic completeness of SNOMED CT using formal concept analysis.Abstraction-network-based approaches—Biomedical ontologies are often large and complex. Abstraction networks overlay an ontology’s underlying network structure at a higher level of abstraction [67]. They can summarize the structure and content of the ontologies to support their quality assurance [67]. Previously, area and partial-area taxonomies, which are derived from a partition of an ontology hierarchy based on the relationships of its concepts, were shown to effectively highlight areas with modeling errors and inconsistencies in large biomedical ontologies such as SNOMED CT [66] and National Cancer Institute Thesaurus (NCIt) [75]. This technique has also been proved to effectively support the OQA for various OWL-based application ontologies such as Ontology for Clinical Research (OCRe) [69], Sleep Domain Ontology (SDO) [70], Ontology for Drug Discovery Investigations (DDI) [68], Gene Ontology [74], and National Drug File – Reference Terminology (NDFRT) [76].The development of auditing techniques that are applicable to one ontology at a time is labor-intensive. To support the development of QA techniques for hundreds of domain ontologies in BioPortal, He et al. [95] introduced a family-based QA framework that uses uniform abstraction network derivation techniques and accompanying QA methodologies, applicable to whole families of structurally similar ontologies. Based on this framework, Ochs et al. [71] developed a structural meta-ontology for classifying ontologies into structurally similar families, enabling the derivation of uniform QA methods for the whole families. Tribal abstraction networks were proposed to highlight modeling errors in SNOMED CT hierarchies without attribute relationships [96]. Further, an algorithmic technique called diff partial-area taxonomy derivation has recently been developed to summarize and visualize the structural changes during the evolution of biomedical ontologies [72].Semi-automated techniques that concentrate on auditing selected sets of similar concepts, identified with the help of abstraction networks, are expected to have high QA yield [66]. Halper et al. [67] reviewed a variety of abstraction networks that can visually summarize the structure and content of certain ontologies to support their QA. Although introduced in the context of well-established controlled vocabularies such as SNOMED CT, the abstraction networks such as diff partial-area taxonomies [72] and partial-area taxonomies [66], can be applied to other OWL ontologies as long as they have hierarchical and attribute relationships. For ontologies without attribute relationships, tribal abstraction networks can be used for summarization and quality assurance [96]. Traditionally, these auditing methods for biomedical ontologies have been adopted by ontology developers on an ad hoc manner, which can be observed from the collaborative publications by the OQA researchers and the ontology developers. Examples of such efforts for ontologies in BioPortal include SNOMED CT [97], Gene Ontology [74], NCIt [75], OCRe [69], SDO [70], Cancer Chemoprevention Ontology (CanCo) [95], and DDI [68].Big data approaches—To facilitate automated large-scale QA, Zhang et al. [79] developed a lattice-based structural method for auditing large biomedical ontologies such as SNOMED CT, which was implemented through automated SPARQL queries. The lattice is a structure in an ontology in which two concepts do not share more than one minimal common ancestor. They developed a method called Lattice-based Structural Auditing (LaSA), which exhaustively checks concept pairs for conformation to the requirement of being a part of a lattice. Its performance was later enhanced by using the MapReduce pipeline with a 30-node Hadoop local cloud [77]. They systematically extracted non-lattice fragments in 8 SNOMED CT versions from 2009 to 2014, with an average total computing time of less than 3 hours per version. The lattice-based structural auditing principle, which focuses on the order structure induced by the hierarchical relationships, provides an error-agnostic method for auditing ontologies [78, 79].Crowdsourcing-based approaches—Mortensen et al. [80–82] leveraged the “wisdom of the crowd” to find erroneous hierarchical relationships in SNOMED CT. They asked the crowd workers simple true/false questions, such as “Diabetes Mellitus is a kind of Disorder of abdomen” and meanwhile listed the definitions of these two concepts. They showed that the crowd can identify errors in SNOMED CT that match experts’ findings with a reasonably good accuracy between 61.3% to 70.8% for different qualification types (i.e., biology, medicine, oncology, none). The crowd may be particularly useful in situations where an expert is unavailable, budget is limited, or an ontology is too large for manual error checking.Cross-validation approaches—Rector et al. [83] examined the hierarchies for SNOMED CT concepts in the CORE Problem List Subset published by the UMLS for their appropriateness in the description logic modeling and classification process. Gu et al. [84] employed a cross-validation approach to audit the semantic types of the UMLS concepts in the same semantic group based on SNOMED CT’s hierarchy and semantic tags but with inconsistent semantic type assignments. They first examined the set of UMLS semantic types assigned to concepts in each hierarchy of SNOMED CT. They then partitioned the SNOMED CT hierarchies into concept groups such that each subset contains all the concepts in a hierarchy with the same combination of UMLS semantic type assignments. Then, a domain expert reviewed small subsets, which have a higher likelihood of containing errors. The reviewed groups exhibited statistically significantly more errors than the controlled samples. Wei et al. [85] created semantic uniformity groups of SNOMED CT concepts based on each concept’s properties and hierarchical information to identify UMLS semantic type assignment errors. Cui et al. [86] developed a cross-ontology analysis method to detect inconsistencies and possible errors in hierarchical relations across multiple ontologies using the UMLS as a proxy.Hybrid approaches—Agrawal et al. [87] proposed an algorithm that combines the lexical and structural indicators to identify inconsistent modeling in SNOMED CT. Wei et al. [88] showed that the area and partial-area taxonomies (abstraction networks) and the description logic reasoning can complement each other in identifying errors in SNOMED CT. Recently, Cui et al. [89] exploited the lexical patterns of the non-lattice subgraphs mined using the LaSA method to indicate missing hierarchical relations or concepts. This method has been proved effective through a manual review of a random sample of small subgraphs in SNOMED CT.Corpus-based approaches—Yao et al. [90] assessed the conceptual coverage and parsimony of four commonly used medical ontologies (i.e., ICD-9-CM, CCPSS, SNOMED CT, and MeSH) by applying biomedical named-entity recognition (using MetaMap11MetaMap, https://metamap.nlm.nih.gov/) and standard information retrieval measures on a text corpus of medical documents. Park et al. [91] used diabetes-related text corpora from the Tumblr blogs and the Yahoo! Answers social questions and answers (social Q&A) forum to assess the conceptual coverage of SNOMED CT and the Consumer Health Vocabulary.Miscellaneous approaches—The issues with synonyms and the coverage of conceptual content in biomedical ontologies have also been investigated by researchers. For example, the high percentage of errors in well-curated terminologies such as SNOMED CT is notable. Agrawal et al. [1] performed a concept analysis by comparing Problem List concepts and general SNOMED CT concepts. The error rate for the widely used concepts of the CORE Problem List, a subset of SNOMED CT, is lower, but still high [93]. He et al. [92] used simulated clinical scenarios involving various term-based searches of concepts mapped into UMLS concepts to assess whether SNOMED’s concept descriptors provide sufficient differentiation to enable possible concept selection between similar terms.We further categorized these OQA approaches based on the ontology evaluation criteria defined in [19]. The definition of each criterion can be seen in Table 1. For the criterion “Non-redundancy (Conciseness)”, we focused on the approaches to addressing the issues of redundant concepts and redundant relationships. For the criterion “Comprehensive Coverage (Completeness)”, we focused on the approaches to addressing the issues of missing concepts and missing relationships. As shown in Table 5, recent OQA methods and studies mostly focus on the concept orientation, consistency, non-redundancy, and the accuracy but not coverage. Some recent work by He et al. [98–100], even though not based on OQA methods, attempted to use a topological-pattern-based approach that leverages the hierarchical structure and the native term mapping of the UMLS to improve the conceptual coverage of a biomedical ontology integrated into the UMLS.
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