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Abstract 

Auditing the Human Phenotype Ontology (HPO) is necessary to provide accurate terminology for its use in clinical 
research. We investigate an approach leveraging the lexical features of concepts in HPO to identify missing IS-A 
relations among HPO concepts. We first model the names of HPO concepts as sets of words in lower case. Then, we 
generate two types of concept-pairs which have at least a single common word: (1) Linked concept-pairs generated 
from concept-pairs having an IS-A relation; (2) Unlinked concept-pairs generated from concept-pairs without an IS-
A relation. Concept-pairs generate Derived Term Pairs (DTPs) emphasizing unique lexical information of each 
concept. If a linked concept-pair and an unlinked concept-pair generate the same DTP, then we suggest a potential 
missing IS-A relation among the unlinked concept-pair. Applying our approach to the 2022-02-14 release of HPO, 
we uncovered 2,516 potential missing IS-A relations in HPO. We validated 59 missing IS-A relations leveraging the 
Unified Medical Language System (UMLS) by mapping the concept-pair to UMLS concepts and verifying whether 
UMLS records an IS-A relation between the pair of concepts. 

 

1 Introduction 

Biomedical ontologies or terminologies play an essential role in a wide variety of applications in healthcare and 
biomedicine such as information retrieval, information integration, data exchange, and natural language processing1. 
Missing and erroneous information in ontologies can lead to various errors in these downstream tasks. Therefore, it is 
necessary for a biomedical ontology to be frequently updated so that identified quality issues are fixed. The 
identification of quality issues may be done as part of internal management of the ontology and/or supported through 
external reporting by users akin to bug reports in software development. However, comprehensive quality assurance 
approaches targeting specific ontologies are lacking in most circumstances. Manual inspection where a reviewer audits 
the terminology against certain quality factors, can be impractical at times due to the complexity of modern biomedical 
ontologies. Therefore, automated approaches that can directly identify specific defects or semi-automated approaches 
that can direct human reviewers towards potential defects can be of enormous help.  

The Human Phenotype Ontology (HPO) is a biomedical ontology that provides a standardized vocabulary for 
phenotypic abnormalities encountered in human diseases2,3. While HPO has an internal sophisticated quality control 
pipeline3, external approaches to identify quality issues are extremely rare. In this paper, we investigate an automated 
lexical approach that detects potential missing IS-A relations in HPO. Our approach is based on the Derived Term 
Pairs (DTP) that indicates unique lexical information in a concept-pair. The existence of a DTP among a linked 
concept-pair and an unlinked concept-pair is considered to denote a potential missing IS-A relation. The potential 
missing IS-A relations uncovered by the approach are validated through external ontological information in the 
Unified Medical Language System (UMLS). 

The rest of the paper is organized as follows. Section 2 introduces HPO and discusses related work in ontology quality 
assurance. Section 3 contains a detailed discussion on the approach utilized in this work. Section 4 contains the results 
of the work. Section 5 discusses the results obtained, the drawbacks of the work and some future directions. Finally, 
the conclusion section concludes the paper. 
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2 Background 

2.1 Human Phenotype Ontology 
The Human Phenotype Ontology (HPO) was introduced in 2008 as a comprehensive standard that systematically 
defines and logically organizes phenotypic abnormalities in human diseases. HPO supports combined genomic and 
phenotypic analyses by enabling computational inference. Along with other ontologies as well as standards, HPO 
enables semantic interoperability in digital medicine. Computational disease models utilizing HPO are used in most 
phenotype-driven genomic diagnostic software2,3. The 2022-02-14 release of HPO contains over 15,000 terms and 
more than 150,000 annotations to hereditary diseases. Figure 1 shows the general hierarchy of HPO. Each term in 
HPO represents a clinical abnormality and is assigned to one of the five subontologies: 

a. Phenotypic abnormality, which contains the descriptions of clinical abnormalities. This is the main 
subontology of HPO. 

b. Mode of inheritance, which contains classes describing the pattern in which a particular genetic trait or 
disorder is passed from one generation to the next. 

c. Clinical modifier, which contains classes describing typical modifiers of clinical symptoms. 

d. Clinical course, which includes classes describing the course of a disease. 

e. Frequency, which represents frequency of phenotypic abnormalities. 

 

 
Figure 1. Human Phenotype Ontology hierarchy. 

 

2.2 Auditing methods for biomedical terminologies 
Different attributes of an ontology can be audited such as its: (1) terms and concepts; (2) semantic classification of 
concepts; and (3) semantic relationships among concepts. Various approaches have been proposed to audit biomedical 
terminologies4. Abstraction networks have been widely employed to identify various quality defects in biomedical 
ontologies5. Abstraction networks are a type of summary graphs of an ontology where certain characteristics denote 
quality issues of an ontology. Campbell et al. have initially investigated the effectiveness of lexical processing 
algorithms to address errors of omissions in biomedical terminologies. Agrawal et al. have extensively investigated 
modelling inconsistencies among concepts with lexically similar names in SNOMED CT7-10. Bodenreider has 
proposed an approach where logical definitions are generated through lexical features of concept names in SNOMED 
CT11. The resulting concept hierarchy by reasoning on these logical definitions is compared with the original 
SNOMED CT hierarchy to identify missing hierarchical relations11. In previous studies, we have investigated non-
lattice-based approaches for auditing a number of biomedical ontologies12-16. Non-lattice subgraphs indicate 
potentially inconsistent fragments of an ontology as they violate the lattice property, a desirable structural property 
for a well-formed ontology17. In addition, we investigated a lexical-based inference approach where partially matching 
concept-pairs were identified and further processed to obtain inferred term-pairs, which were leveraged to identify 
hierarchical relation inconsistencies in Gene Ontology, National Cancer Institute thesaurus, and SNOMED CT18,19. 
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3 Methods 

We use the OWL (Web Ontology Language) file of the 2022-02-14 release of HPO in this work. Using Owlready2, a 
python library for ontology programming20, we extract the concept names and IS-A relations between concepts from 
the OWL file. We identify linked and unlinked concept-pairs based on the information extracted through OwlReady2. 
Both linked and unlinked concept-pairs would further yield Derived Term-Pairs that are used to identify potential 
missing IS-A relations. The approach is discussed in-detail in the following subsections. 

3.1 Representing concepts names 
The names of the concepts extracted through Owlready2 is further processed as follows. We obtain a set-of-words for 
each concept by converting the concept name to lowercase, tokenizing the concept name to words, and then removing 
duplicates. The resultant set-of-words is considered as lexical features representing the concept. For instance, the name 
of the HPO concept HP:0000532 is “Abnormal chorioretinal morphology”. The set-of-words for this concept would 
be {abnormal, chorioretinal, morphology}. Note that since this is an unordered set of words, there is a possibility that 
another concept would have the same set-of-words. 

3.2 Generating linked concept-pairs 
A pair of concepts in HPO is said to form a linked concept-pair if they satisfy the following conditions: 

a) If their set-of-words have at least a single common word; and 

b) If they are connected by a direct or indirect IS-A relation. 

For instance, the concept Colonic atresia (HP:0010448) with the set-of-words {colonic, atresia} and the concept 
Intestinal atresia (HP:0011100) with the set-of-words {intestinal, atresia} in Figure 2 form a linked concept-pair as 
they have a common word {atresia} and they are directly connected by an IS-A relation (i.e., HP:0011100 is the 
parent of HP:0010448). Similarly, the concepts Hand pain (HP:0046505) and Pain (HP:0012531) form a linked 
concept-pair, however in this instance the IS-A relation between the concepts is indirect. 

 

 
Figure 2. A linked concept-pair Colonic atresia (HP:0010448) and Intestinal atresia (HP:0011100) as well as an 
unlinked concept-pair Total colonic aganglionosis (HP:0011286) and Total intestinal aganglionosis (HP:0005241) 
generating the same Derived Term Pair (DTP): ({colonic}, {intestinal}). This suggests a potential missing IS-A 
relation between the unlinked concept-pair. 

Note that HPO reuses some external ontology concepts such as collagen-containing extracellular matrix 
(GO:0062023) from Gene Ontology (GO)21,22 and hormone receptor modulator (CHEBI:51061) from Chemical 
Entities of Biological Interest (ChEBI)23,24. We do not consider such external ontology concepts to generate linked 
concept-pairs. In addition, deprecated and obsolete concepts are not considered in this work. 

3.3 Generating unlinked concept-pairs  
A pair of HPO concepts will form an unlinked concept-pair if they satisfy the following conditions: 

a) If their sets-of-words have at least a single common word; 
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b) If both of them fall under the same subontology in HPO; and 

c) If they are not connected by either a direct or indirect IS-A relation in HPO. 

For instance, the concepts Total colonic aganglionosis (HP:0011286) with the set-of-words {total, colonic, 
aganglionosis} and Total intestinal aganglionosis (HP:0005241) with the set-of-words in Figure 2 form an unlinked 
concept-pair as they contain the common words {total, aganglionosis}, both are under the subontology Phenotypic 
abnormality, and the two concepts do not have a direct or indirect IS-A relation. 

3.4 Generating Derived Term Pairs 
Based on the linked or unlinked concept-pairs, we further generate Derived Term Pairs (DTPs) highlighting the unique 
lexical information in each concept. Let the sets-of-words of a concept-pair 𝐶! and 𝐶"  be S(𝐶!) and S(𝐶") respectively, 
the DTP generated by this concept-pair is defined as follows,   

 
𝐷𝑇𝑃(𝐶!, 𝐶") = ({𝑥 ∈ 𝑆(𝐶!)	|	𝑥 ∉ 𝑆(𝐶")}, {𝑥 ∈ 𝑆(𝐶")	|	𝑥 ∉ 𝑆(𝐶!)}). 

 

In other words, the common words are removed from the set-of-words of each concept to construct Derived Term 
Pairs (DTP). Note that if both the sets of words in a DTP are all stop words, such DTPs are ignored. The stop words 
in consideration are: ‘with’, ‘of’, ‘and’, ‘or’, ‘and/or’, ‘no’, ‘not’, ‘without’, ‘due to’, ‘secondary to’, ‘except’, ‘by’, 
‘after’, ‘able’, ‘removal’, ‘replacement’, ‘NOS’. In addition, if both the sets in a DTP are empty, such DTPs are also 
ignored. 

For instance, the linked concept-pair Colonic atresia (HP:0010448) with the set-of-words {colonic, atresia} and 
Intestinal atresia (HP:0011100) with the set-of-words {intestinal, atresia} in Figure 2 generate the Derived Term Pair 
(DTP) ({colonic}, {intestinal}). Similarly, the unlinked concept-pair Cervical clear cell adenocarcinoma 
(HP:0031522) with the set-of-words {cervical, clear, cell, adenocarcinoma} and Cervical neoplasm (HP:0032241) 
with the set-of-words {cervical, neoplasm} in Figure 3 generate the DTP ({clear, cell, adenocarcinoma}, 
{neoplasm}). 

Note that the Derived Term Pair (DTP) is directional, meaning that ({clear, cell, adenocarcinoma}, {neoplasm}) is 
not the same as ({neoplasm}, {clear, cell, adenocarcinoma). In some circumstances, one set of the DTP could be an 
empty set. For instance, in the linked concept-pair Hand pain (HP:0046505) with the set-of-words {hand, pain} and 
Pain (HP:0012531) with the set-of-words {pain}, the DTP generated is ({hand}, {}). This is because the set-of-words 
of the concept HP:0012531 is a subset of that of the concept HP:0046505. 

3.5 Identifying missing IS-A relations 
Let C1 and C2 be a linked concept-pair, and C3 and C4 be an unlinked concept-pair. If 𝐷𝑇𝑃(𝐶!, 𝐶") = 	𝐷𝑇𝑃(𝐶#, 𝐶$), 
then we suggest that there is a potential missing IS-A relation between the unlinked pair of concepts C3 and C4. In 
other words, if the same Derived Term Pair (DTP) is obtained by a linked concept-pair and an unlinked concept-pair, 
then we suggest a potential missing IS-A between the unlinked concept-pair. 

For instance, the linked concept-pair Colonic atresia (HP:0010448) and Intestinal atresia (HP:0011100) in Figure 2 
generate the DTP ({colonic}, {intestinal}), which can be also generated by the unlinked concept-pair Total colonic 
aganglionosis (HP:0011286) and Total intestinal aganglionosis (HP:0005241). Therefore, we suggest a potential 
missing IS-A relation: Total colonic aganglionosis (HP:0011286) IS-A Total intestinal aganglionosis (HP:0005241). 

Similarly, the linked concept-pair Vaginal clear cell adenocarcinoma (HP:0031521) and Vaginal neoplasm 
(HP:0100650) in Figure 3 generate the Derived Term Pair (DTP) ({clear, cell, adenocarcinoma}, {neoplasm}) which 
the unlinked concept-pair Cervical clear cell adenocarcinoma (HP:0031522) and Cervical neoplasm (HP:0032241) 
also can generate. Therefore, we suggest a potential missing IS-A relation: Cervical clear cell adenocarcinoma 
(HP:0031522) IS-A Cervical neoplasm (HP:0032241). 
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Figure 3. A linked concept-pair Vaginal clear cell adenocarcinoma (HP:0031521) and Vaginal Neoplasm 
(HP:0100650) as well as an unlinked concept-pair Cervical clear cell adenocarcinoma (HP:0031522) and Cervical 
neoplasm (HP:0032241) generating the same Derived Term Pair (DTP): ({clear, cell, adenocarcinoma}, 
{neoplasm}). This suggests a potential missing IS-A relation between the unlinked concept-pair. 

3.6 Validating the suggested missing IS-A relations 
We leverage external knowledge from the terminologies in the Unified Medical Language System (UMLS) to validate 
the potential missing relations identified by our approach. The UMLS is an integration of many biomedical 
vocabularies including SNOMED CT, Gene Ontology, and Medical Subject Headings (MeSH)25. The 2021AA release 
of the UMLS Metathesaurus contains over 4 million concepts from 218 source vocabularies26. A key goal of the 
UMLS is to aggregate and link concepts from all source vocabularies that convey the same meaning27. Basic building 
blocks of the UMLS are concept names from different source vocabularies, which are referred to as atoms. Every 
atom in the UMLS is assigned an Atom Unique Identifier (AUI). A concept in the UMLS represents a single meaning 
and aggregates all the atoms from any source that conveys the meaning in any way. All of the atoms within a concept 
are synonyms. A UMLS concept is also assigned a Concept Unique Identifier (CUI) which uniquely identifies that 
single meaning. Every UMLS concept is linked to at least one atom25. For example, UMLS concept Back Injuries 
(with CUI C0004601) is linked to atom Back Injuries (with AUI A0874990) from MeSH and atom Injury of back 
(A33288745) from SNOMED CT. 

In this work, we use the 2021-AA-full version of the UMLS and only leverage the concepts that are in English. We 
first normalize the names of all atoms in the UMLS. We also normalize the names of the two concepts in each potential 
missing IS-A relation identified. Normalization involves lowercase conversion, lemmatization, stop word removal, 
and synonym replacement as performed in our previous work15. We use the open-source python library Natural 
Language Toolkit (NLTK) for the normalization tasks28. Then we check whether the names of the two HPO concepts 
in the missing IS-A relation exist as UMLS atoms by leveraging the Concept Names and Sources file 
(MRCONSO.RRF) that records each atom in the UMLS. If so, we further check whether there exists a direct or indirect 
hierarchical relation between the mapped atoms. We leveraged UMLS’s Related Concepts file (MRREL.RRF) that 
records the relationship between concepts or atoms29. Note that the IS-A relationship is recorded as CHD (i.e., has 
child) in this file. If there exist two mapped atoms that have such an IS-A relation recorded in the UMLS, we say that 
the suggested missing IS-A relation has been validated by the UMLS.  

4 Results 

We applied this approach to the 2022-02-14 release of HPO. From 16,480 HPO concepts, we identified 128,651 linked 
concept-pairs, which generated 52,923 distinct Derived Term Pairs (DTP). Out of these DTPs, 1,123 were observed 
among unlinked-pairs leading to 2,516 potential missing IS-A relations. One of the missing IS-A relations was in the 
Clinical modifier subontology while the rest of them were in the Phenotypic abnormality subontology. 

4.1 Validation of the suggested missing IS-A relations 
Out of the 2,516 suggested missing IS-A relations, 59 were validated using the UMLS. These 59 missing relations 
were validated by 76 distinct atom-pairs, which indicates that one missing IS-A relation can be validated by multiple 
atom-pairs in the UMLS. For example, consider the suggested missing IS-A relation: Retinal vasculitis (HP:0025188) 
IS-A Vasculitis (HP:0002633). Concept HP:0025188 was mapped to both the atom Retinal vasculitis (A2943949) 
from SNOMED CT and Retinal vasculitis (A2370004) from MeSH. Meanwhile, the concept HP:0002633 was mapped 
to both the atom Vasculitis (A2887916) from SNOMED CT and atom Vasculitis (A0131615) from MeSH. According 
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to information provided by UMLS, in SNOMED CT, Vasculitis (A2887916) is the parent of Retinal vasculitis 
(A2943949). Similarly, in MeSH, Vasculitis (A0131615) is the parent of Retinal vasculitis (A2370004). Thus, the 
suggested missing IS-A relation has been validated independently by both SNOMED CT and MeSH. 

Table 1 shows 10 examples of validated missing IS-A relations identified by our approach. For example, Total colonic 
aganglionosis (HP:0011286) IS-A Total intestinal aganglionosis (HP:0005241) is a validated missing IS-A relation 
via UMLS. 

Table 1. Ten examples of validated missing IS-A relations identified by our approach. 

Descendant concept Ancestor concept 

Total colonic aganglionosis (HP:0011286) Total intestinal aganglionosis (HP:0005241) 

Cervical clear cell adenocarcinoma (HP:0031522) Cervical neoplasm (HP:0032241) 

Cerebral atrophy (HP:0002059) Cerebral degeneration (HP:0007313) 

Chorioretinal degeneration (HP:0200065) Retinal degeneration (HP:0000546) 

Coronary artery dissection (HP:0006702) Arterial dissection (HP:0005294) 

Carotid artery occlusion (HP:0012474) Arterial occlusion (HP:0025324) 

Soft tissue sarcoma (HP:0030448) Soft tissue neoplasm (HP:0031459) 

Perifollicular fibroma (HP:0032225) Fibroma (HP:0010614) 

Hand muscle weakness (HP:0030237) Muscle weakness (HP:0001324) 

Membranous nephropathy (HP:0012578) Nephropathy (HP:0000112) 

 

Table 2 shows the 10 Derived Term Pairs (DTPs) that identified the most number of potential missing IS-A relations 
in HPO. For instance, the DTP ({distal}, {proximal}) has detected 321 potential missing IS-A relations. 

 

Table 2. Ten DTPs that detected the most number of potential missing IS-A relations. 

DTP (Derived Term Pairs) Number of potential 
missing IS-A detected 

({distal}, {proximal}) 321 

({distal}, {middle}) 246 

({sclerosis}, {abnormality}) 23 

({atresia}, {stenosis}) 18 

({epiphysis}, {}) 15 

({absent}, {reduced}) 12 

({epiphysis, phalanx, thumb}, {hand, phalanges, epiphyses}) 11 

({epiphysis, enlarged}, {abnormality}) 10 

({2nd, phalanx, toe}, {phalanges, toes}) 10 

({phalanx, proximal, of, the}, {}) 10 
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For the validated missing IS-A relations, Figure 4 shows the distribution of the distances between their mapped UMLS 
atoms. The distances represent the numbers of edges between the concepts. For instance, there exists only 1 edge 
between a child concept and a parent concept (direct IS-A relation). However, there exists 2 edges between a 
grandchild and a grandparent. 

 
Figure 4. The distribution of the distances between the concept-pairs in validated missing IS-A relations via UMLS. 

 

5 Discussion 

In this paper, we explored an automated method to identify potential missing IS-A relations in HPO. Almost all the 
missing IS-A relations (except one) identified by our approach was in the Phenotypic Abnormality subontology of 
HPO, which is the main subontology of HPO with the most number of concepts. We performed automated evaluation 
through UMLS with relations in external ontologies and validated 59 missing IS-A relations in HPO. From Figure 4, 
it can be seen that the most number of validated missing IS-A relations were direct IS-A relations (i.e., distance=1) in 
their respective ontologies. Direct missing IS-A relations are generally easier to fix than indirect ones as for the latter, 
intermediate relations that are missing need to be identified. In any case, it should be noted that the fix may not always 
be the direct addition of the missing relation to HPO but may involve modifying the logical definitions of concepts so 
that the missing relation can be inferred through reasoning.  

5.1 Comparison with related work 
In previous work, we leveraged a similar lexical-based inference approach to identify hierarchical relation 
inconsistencies in the Gene Ontology, SNOMED CT, and National Cancer Institute thesaurus. In that approach, we 
identified Partial Matching Concept Pairs having the same number of words, at least one word in common and n 
different words (where we investigated n=1,2,3,4,5)18,19. However, in the current approach, the concept-pair does not 
have to restrict to the same number of words and can have any number of different words. In addition, in the previous 
work, the unlinked concept-pairs were not picked from the same subontology, which may lead to suggestions of invalid 
missing IS-A relations among concept-pairs belonging to different subontologies. The current approach avoids such 
issue by generating unlinked-pairs within the same subontology. Moreover, in this work we apply our auditing 
approach on HPO, while in the previous work we experimented with three different ontologies as mentioned above. 
It should be noted that external investigations into the quality of HPO is really scarce. 

5.2 Limitations and future work 
In this work, we leveraged UMLS to validate potential missing IS-A relations identified by the approach. The concepts 
in a missing IS-A relation were mapped to UMLS concepts and the existence of an IS-A relation was verified through 
the external ontology information provided by UMLS. However, only 59 out of 2,516 missing IS-A suggestions by 
the method were automatically validated this way. It would be interesting to investigate whether we can leverage 
external knowledge in biomedical literature to automatically validate additional potential missing IS-A relations. 
However, both the UMLS-based evaluation and biomedical literature-based evaluation will not be able to identify 
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false positives generated by our method. Note that false positives generated by the method may actually lead to the 
identification of erroneous IS-A relations among the linked concept-pairs. In addition, such automatic evaluation can 
only help validate part of the potential missing IS-A relations identified by the approach. Therefore, to 
comprehensively assess the effectiveness of the approach, we would like to invite domain experts to manually evaluate 
a random sample of our results, so that all the potential missing IS-A relations in the sample could be reviewed and 
evaluated, and false positives and corresponding erroneous IS-A relations (if valid) in the sample could be identified. 
More specifically, we plan to submit a random sample of potential missing IS-A relations to the HPO issue tracking 
system30, so that the HPO curators could further evaluate these missing IS-A relations and make necessary changes to 
the ontology where appropriate. 

In the current work, we only leveraged lexical features of the names of the concepts to identify potential missing IS-
A relations. We would like to explore whether incorporating additional features such as ancestor lexical features would 
improve the method’s effectiveness to uncover missing IS-A relations.  

Additionally, missing IS-A relations in HPO may affect the quality of its downstream applications and analyses (e.g., 
making them less accurate). For instance, in an HPO-based cohort search application, missing IS-A relations may 
reduce the recall of the search result. An interesting future direction is to analyze the impact of the missing IS-A 
relations on downstream applications. Such an impact analysis will help in assessing the practical significance of the 
missing IS-A relations identified in this work. 

 

6 Conclusion 

In this paper, we presented an automated lexical approach to identify missing IS-A relations in the Human Phenotype 
Ontology (HPO). We first identified linked and unlinked concept-pairs of HPO. Then we generated Term Pairs (DTPs) 
based on concept-pairs. If a linked concept-pair and an unlinked concept-pair generate the same DTP, then we 
suggested a missing IS-A relation between the unlinked concept-pair. Applying this approach on the 2022-02-14 
release of HPO, we extracted 2,516 potential missing IS-A relations. Leveraging external ontology information in the 
UMLS, we were able to validate 59 missing IS-A relations. The results of the automated validation encourage us to 
further work on a manual evaluation of the results. This work is a first step towards automated methods for identifying 
and fixing quality issues in HPO. 
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