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Abstract—Biomedical ontologies provide formalized informa-
tion and knowledge in the biomedical domain. Over the years,
biomedical ontologies have played an important role in facilitat-
ing biomedical research and applications. Common quality issues
of biomedical ontologies include inconsistent naming of concepts,
redundant concepts, redundant relations, incomplete/incorrect
concept definitions, and incomplete/incorrect class hierarchies. In
this work, we focus on addressing the incompleteness of the class
hierarchy in SNOMED CT. We develop a substring replacement
approach, leveraging concepts’ lexical features and existing IS-A
relations to identify potential missing IS-A relations in SNOMED
CT. To evaluate the effectiveness of our approach, we performed
both automated and manual validation. For the automated
evaluation, we leverage relations from external terminologies in
the Unified Medical Language System (UMLS) to validate the
identified missing IS-A relations. For the manual validation, a
randomly selected 100 samples from the results are reviewed
by a domain expert. Applying our approach to the March 2022
release of SNOMED CT US Edition, we identified 3,228 potential
missing IS-A relations, among which 63 were validated through
the UMLS. The evaluation by the domain expert revealed that 89
out of 100 (a precision of 89%) missing IS-A relations are valid
cases, showing the effectiveness of this substring replacement
approach to facilitate the quality assurance of IS-A relations in
SNOMED CT.

Index Terms—Ontologies and Terminologies, Ontology Quality
Assurance, SNOMED CT, UMLS

I. INTRODUCTION

Over the past few decades, an enormous amount of un-
structured text has been generated clinically and in research
in biomedicine, such as medical reports, physician notes, and
scientific papers. Such continuously growing textual content
needs to be organized, curated, and managed so as to obtain
effective use for clinical and research purposes [1]. This
presents unique challenges due to data heterogeneity, ambi-
guity, complexity, and size.

Biomedical ontologies address such challenges by serv-
ing as conceptual frameworks that model concepts in the
biomedical domains in a manner that is understandable to
both humans and machines [2]. Over the years, biomedical
ontologies have played a vital role in facilitating biomedical
research and applications. They can facilitate data sharing, data
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integration, information retrieval, natural language processing,
and decision support [3]. For example, biomedical ontologies
provide standards for encoding diagnoses and problem lists
in electronic health records (EHRs) [4] as well as physician
billing and insurance claims [5]. Moreover, biomedical on-
tologies are used in systems biology and systems medicine
to generate knowledge-based representations of simulation
models [2].

Biomedical ontologies are rapidly evolving as knowledge
in the biomedical domain is constantly growing [6]. Although
curators of biomedical ontologies seek ways to assure they
are accurate and comprehensive as possible, quality issues
inevitably exist [7], which may lead to ambiguity, complexity,
and inaccuracy in down-stream ontology-based biomedical
applications. There are various types of common quality issues
(e.g., inconsistent naming of concepts, concept redundancy,
relation redundancy, incomplete/incorrect concept definitions,
incomplete/incorrect class hierarchies) [8]. Proper quality as-
surance (QA) techniques need to be developed to address
such issues. QA focuses on identifying modeling errors and
inconsistencies in ontologies to improve their quality [7]. In
this work, we focus on the issue of incompleteness in the class
hierarchy of SNOMED CT. Hierarchical or IS-A relations
form the backbone structure of SNOMED CT and missing IS-
A relations may have a significant impact on downstream tasks
(such as patient cohort identification). We propose a substring
replacement approach, leveraging concepts’ lexical features
and existing IS-A relations to identify potential missing IS-
A relations in SNOMED CT.

The remainder of this paper is arranged as follows. Sec-
tion II presents some background information on SNOMED
CT and UMLS, as well as related work on identifying missing
relations in biomedical ontologies. In Section III, we introduce
our substring replacement approach for identifying missing IS-
A relations in SNOMED CT. Section IV reports the results
we obtained. The contributions and limitations of our work,
as well as future work are discussed in Section V. Section VI
concludes this paper.

II. BACKGROUND

A. SNOMED CT

SNOMED CT is a comprehensive, multilingual clinical
health terminology that supports the development of high-
quality electronic health records [9]. It provides a common



terminology that supports effective communication between
different specialties and sites of care. SNOMED CT is essen-
tial for indexing, storing, retrieving, and aggregating clinical
data [10]. The United States (US) Edition of SNOMED CT is
the official source for use in US healthcare systems. It includes
content from both the US Extension and the International
releases of SNOMED CT [11].

The logical model shown in Fig. 1 demonstrates the core
components of SNOMED CT: concepts, descriptions, and
relationships [12]. A concept represents a certain clinical
meaning with a unique numerical identifier [13]. Descriptions
are human readable terms that are used to refer to these
concepts. Two types of description are used to represent
every concept: fully specified name (FSN) and synonym.
Each concept has a FSN that represents the meaning of
the concept in a unique and unambiguous way [14]. FSNs
contain a semantic tag (parenthesized towards the end of the
FSN) indicating the domain of the concept. A synonym is an
acceptable way to express the meaning of a concept in a certain
language or dialect [15]. The synonym that is considered as the
most clinically suitable way to express a concept in a clinical
record is marked as “preferred term” [16]. Relationships reflect
associations between concepts and are used to logically define
the meaning of a concept in such a way that can be processed
by a computer. There are two types of relationships available
within SNOMED CT [12]: IS-A relationship and attribute
relationship (e.g., Finding site, Associated morphology). Each
concept has at least one IS-A relationship and can have as many
attribute relationships as needed. SNOMED CT releases both
stated and inferred logical definitions for all concepts. Stated
logical definitions include only assertions made by SNOMED
CT authors. Inferred logical definitions are logically derived
by applying a description logic classifier on the stated logical
definitions [17]. We use inferred logical definitions of concepts
in this work.

B. Unified Medical Language System

The UMLS incorporates a multitude of different vocab-
ularies such as National Cancer Institute (NCI) thesaurus,
Gene Ontology (GO), RxNorm, Logical Observation Iden-
tifiers Names and Codes (LOINC) and comprises millions
of biomedical concepts [18]. Concept names from different
source vocabularies, which are known as atoms, form the
basic building block of the UMLS. Each atom is assigned
an Atom Unique Identifies (AUI) in the UMLS. The UMLS
concepts are formed by aggregating and linking concept names
(atoms) from different source vocabularies that convey the
same meaning [19]. All of the atoms associated with a
concept are synonyms. Each UMLS concept is assigned a
Concept Unique Identifier (CUI) and is aggregated from at
least one atom [18]. For example, UMLS atoms “Disorder of
cornea” with AUI “A6924805” from SNOMED CT, “Corneal
Disorder” with AUI “A7591856” from NCIt, and “Corneal
Disease” with AUI “A0042855” from MeSH are 3 example
atoms that are aggregated under the UMLS concept “Corneal
Diseases” with CUI “C0010034”.

C. Related work on identifying missing relations

A number of approaches have been investigated to iden-
tify missing relations including IS-A in different biomed-
ical ontologies. Recent approaches include structural ap-
proaches [20], lexical approaches [21]-[26], structural-lexical
approaches [27], [28], and deep learning approaches [29], [30].

For instance, Zheng et al. investigated abstraction networks
to identify missing lateral relationships among top-level con-
cepts of a biomedical ontology [20]. Abstraction networks
summarizes the hierarchy of an ontology. An anomalous
feature of the abstraction network was utilized to guide the
search for missing relations. Expert review was performed on
the concepts that were deemed to have a higher likelihood of
having missing relations.

Bodenreider proposed a lexical approach where lexical
features in concept names are leveraged to identify missing
IS-A relations in SNOMED CT [25]. This approach relies on
the lexical features to construct logical definitions of concepts.
Description logic reasoning was performed on the resulting
logical definitions to generate a new IS-A hierarchy, which
was compared with the original hierarchy of SNOMED CT.
The difference between the original and new hierarchy was
leveraged to identify missing IS-A relations.

In [26], Zheng et al. proposed a lexical, transformation-
based method to identify missing IS-A relations in biomedical
ontologies in the UMLS. For each concept, its base and
secondary noun chunks were identified and replaced with more
general terms to generate potential supertypes of the concept.
If an IS-A relation did not already exist between the concept
and the generated potential supertype, a potential missing IS-A
relation was identified.

In [27], Cui et al. introduced a hybrid, structural-lexical
method for scalable and systematic discovery of missing
hierarchical relations in SNOMED CT. Four lexical patterns
in non-lattice subgraphs were investigated, where non-lattice
subgraphs are graph fragments in an ontology violating the
lattice property, a desirable hierarchical property for a well-
constructed ontology. Three of the lexical patterns uncovered
missing IS-A relation, while one lexical pattern revealed
missing concepts.

Liu et. al. presented a deep learning-based approach using a
Convolutional Neural Network (CNN) to discover missing IS-
A relations for Neoplasm concepts in the NCI thesaurus [29].
They constructed training data from the NCI thesaurus by
considering concept-pairs having IS-A relations as positive
samples and uncle-nephew-pairs as negative samples. For each
concept, they created a textual document by leveraging the
concept’s identifier, name, and names of its ancestors and
children. By using a Doc2vec model, embeddings for concept
documents were obtained. These were fed into the CNN
model, which was trained to predict IS-A relations.

III. METHOD

In this work, we use the March 2022 release of SNOMED
CT US Edition. The crux of our approach is as follows. Given
a concept, if a parent of the concept appears as a substring
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Fig. 1. SNOMED CT logical model. This figure is adopted from SNOMED CT Starter Guide [12].

in the concept’s own name, then we replace the substring
with the parent’s ancestors to generate new concept names.
If a newly generated concept already exists in SNOMED CT
and is not already linked with the original concept through
IS-A relations, then we suggest a potential missing IS-A
relation between the original concept and the new concept.
Our approach contains five major steps: (1) preprocessing
concept names; (2) identifying replacement candidates; (3)
suggesting potential missing IS-A relations; (4) removing
redundant suggestions; and (5) validating suggested missing
IS-A relations.

A. Preprocessing concept names

Each concept’s FSN is preprocessed by performing lexical
normalization and single-word synonym replacement as fol-
lows.

1) Lexical normalization: For each concept, we first con-
vert its FSN to lowercase and remove punctuation (such as !,
7 #, $, %) and extra white-spaces. Next, we remove the stop
words (such as “of”, “and”, “the”) from the FSN. For this, we
use the open-source python library Natural Language Toolkit
(NLTK) [31], [32]. Finally, the FSN is lemmatized using the
WordNet lemmatizer in NLTK.

For example, the result of lexical normalization for the FSN
“Open fracture of facial bones (disorder)” is “open fracture
facial bone (disorder)’. Note that the stop word “of” has
been removed and the word “bones” has been lemmatized to
“bone”.

2) Single-word synonym replacement: For each word in a
concept’s FSN, if a synonym can be found in the SNOMED
CT, then we replace the word with its preferred synonym. Syn-
onyms for words in SNOMED CT can be obtained as follows.
First, we extract all the SNOMED CT concepts with one-word
FSNs (not considering the semantic tag). Then, among the
synonyms of such a concept, we identify the one marked as
“preferred term”, which we consider as the preferred synonym
for that particular word. Therefore, in all circumstances where

we encounter other single-word synonyms of this concept, then
we can replace them with the preferred synonym [33].

For instance, the concept “Contusion (disorder)” has a
preferred term “Contusion” and a synonym “Bruise”. There-
fore, “Contusion” is considered as the preferred synonym for
“Bruise”. Hence, whenever the FSN of any concept contains
the word “Bruise”, we replace it with the preferred word
“Contusion”. For instance, the result of single-word synonym
replacement for the FSN “Bruise of toe (disorder)” is “Con-
tusion of toe (disorder)”.

B. Identifying replacement candidates

Given a concept C, we represent the preprocessed FSN of
the concept as a sequence

F(C) = w1, Wa, ooy Wi, Wit 1y ey Wiy ooy Wy Se,

where w; to w,, are the words in the FSN and s. is the
semantic tag of the concept. If there exists a concept P that
is a parent of C' and F(P) = [w;, Wit1, ..., w;,sp] where
W;, Wiy, ..., w; are consecutive sequence of words in F'(C),
then we consider the concept P as a replacement candidate
for C. In other words, if a parent concept’s FSN without its
semantic tag appears as a substring in a concept’s FSN, then
the parent is considered as a replacement candidate for the
said concept.

For instance, Fig. 2 shows the inferred logical definitions for
the concept “Open fracture of lateral malleolus (disorder)”.
This concept has two parents: “Fracture of lateral malleolus
(disorder)” and “Open fracture of distal fibula (disorder)”.
Out of these two, the concept “Fracture of lateral malleolus”
appears as a substring of “Open fracture of lateral malleolus
(disorder)” and hence, is considered as a replacement candi-
date.

C. Suggesting potential missing IS-A relations

After identifying the replacement candidates as men-
tioned above, we replace them as follows to generate
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Fig. 2. Identifying the replacement candidates for concept “Open fracture of lateral malleolus (disorder)”.

new concept names. Given a concept C' with F(C) =
[W1, W2, ..oy Wi, Wit1, oo, Wy, ..., Wp, Sc] and a replacement can-
didate P with F(P) [Wi, Wit1, ..., wj, sp]. For each
ancestor A of P (ie, P IS-A A) with F(A)
[ak, agt1, .-y a1, 84], if A and C share the same seman-
tic tag (i.e., s, = S.), then we replace the substring
Wiy Wit1, ..., wj in F(C) with ak, ag+1, ..., (.e., A’s FSN
excluding the semantic tag) to generate a new concept name:
[W1, Wa, vy Qly Qg 1y oeey ALy ooy Wiy Sc]-

For each newly generated concept name, if the following
two conditions are met:

1) there is an existing concept B in SNOMED CT whose
FSN is the same as the newly generated concept name
[wla W2,y ooy Qfy Q15 oy Ay --oy Wy Sc]a and

2) B is not already an ancestor of C,

then we suggest a potential missing IS-A relation between C
and B (i.e., C' IS-A B).

For example, in Fig. 2, the replacement candidate “Fracture
of lateral malleolus (disorder)” of the concept “Open fracture
of lateral malleolus (disorder)” has an ancestor “Fracture
of ankle (disorder)”. After replacement by this ancestor, a
new concept name “Open fracture of ankle (disorder)” is
generated, which is the FSN of an existing concept (with the
SNOMED CT identifier 48187004) in SNOMED CT. Since
“Open fracture of ankle (disorder)” is not an ancestor of “Open
fracture of lateral malleolus (disorder)” in the current release
of SNOMED CT, we suggest a potential missing IS-A relation:
“Open fracture of lateral malleolus (disorder)” 1S-A “Open
fracture of ankle (disorder)”.

D. Redundant missing IS-A removal

If a suggested potential missing IS-A relation can be in-
ferred by combining the rest of the suggested potential missing
IS-A relations and the existing IS-A relations in SNOMED CT,
it is considered to be redundant and removed from the final
result. This is because the other suggested potential missing
IS-A relations and the existing IS-A relations indirectly sug-
gest this particular potential missing IS-A relation.

E. Validating suggested missing IS-A relations

We validate the suggested potential missing IS-A relations
in two ways: (1) automated validation leveraging the UMLS,
and (2) manual validation by a domain expert (author JS).

1) Automated validation by the UMLS: For validation
purposes, we used the English concepts in the 2022-AA-full
version of the UMLS, which contains more than 4 million
UMLS concepts and over 16 million terms aggregated from
222 source vocabularies [34].

We first preprocess the UMLS atoms by performing lexical
normalization and single-word synonym replacement similar
to how FSNs were preprocessed earlier. Then we try to match
FSNs of both the concepts in the potential missing IS-A
relations to UMLS atoms belonging to external terminologies
(i.e., source vocabularies in the UMLS other than SNOMED
CT). Note that we do not consider the semantic tag here. If
matching atoms are found, we further check if there exists a
direct or indirect IS-A relation between them. If so, then the
potential missing IS-A relation is considered to be validated.

2) Manual validation by the domain expert: For expert
evaluation, we randomly select a collection of samples from
the suggested potential missing relations for manual review by
the domain expert to assess their validity.

IV. RESULTS

There existed a total of 361,780 concepts in the March 2022
release of the SNOMED CT US Edition. Out of these, we
identified 80,516 concepts with replacement candidates. After
replacing with the ancestors of the replacement candidates,
we generated 1,192,065 new concept names. Among these,
43,922 were the FSNs of existing concepts in SNOMED CT.
After examining their relations with the original concepts, we
identified 3,966 potential missing IS-A relations in total. It
was seen that 738 of these were redundant and hence were
removed. This finally resulted in 3,228 potential missing IS-A
relations.

Table I shows a breakdown of the 3,228 potential missing
IS-A by the 19 subhierarchies of SNOMED CT. For example,
“Clinical finding (finding)” was the subhierarchy where we
identified the most number of potential missing IS-A relations.



It should also be noted that this is the largest subhierarchy of
SNOMED CT with 120,609 concepts.

A. Automated validation by the UMLS

Among the 3,228 potential missing IS-A relations identi-
fied in this work, there were 817 of them where both the
concepts were matched to UMLS atoms belonging to external
terminologies. From those, 63 were found to be connected by
IS-A relations in the respective source vocabularies. Hence,
this automated validation method confirmed 63 cases as valid
missing IS-A relations. Table I also shows the breakdown of
these 63 cases by subhierarchy. For instance, in the “Clinical
finding (finding)” subhierarchy, 51 suggested missing IS-A
relations were validated through UMLS.

Table 1II lists 10 examples of valid missing IS-A relations
that was confirmed through the UMLS. For instance, our
approach suggested the missing IS-A relation: “Open fracture
of lateral malleolus (disorder)” 1S-A “Open fracture of ankle
(disorder)”. The concept “Open fracture of lateral malleolus
(disorder)” was mapped to atom “open fracture of lateral
malleolus” with AUI “A13568594” in the UMLS that is a
term from MEDCIN, and “Open fracture of ankle (disorder)”
was mapped to atom “open fracture of ankle” with AUI
“A14065675” which is also from MEDCIN. UMLS records
an IS-A relation between these atoms: “A13568594” IS-A
“A14065675”. This confirms that the missing IS-A relation:
“Open fracture of lateral malleolus (disorder)” 1S-A “Open
fracture of ankle (disorder)” is indeed valid. Note that a
potential missing IS-A relation may be validated through
multiple source vocabularies in the UMLS.

The suggested missing IS-A relations may not always be
direct relations. Therefore, for each validated missing IS-A
relation, we further investigated how far the matched atoms
are in the source vocabulary. The number of IS-A relation
hops among the two atoms in the source vocabulary hierarchy
is considered as the distance between the concept-pair. For
instance, if the atoms are directly connected by an IS-A
relation, then the distance is 1; while if they are grandchild
and grandparent, then the distance is 2. Note that whenever
there are multiple IS-A paths, we considered the path with the
minimum distance.

Fig. 3 demonstrates the distribution of the distances between
matched atoms for concept-pairs with a missing IS-A relation.
As can be seen from the figure, 50 out of 63 were direct IS-A
relations (i.e., distance = 1).

B. Manual validation by the domain expert

We randomly selected 100 samples from our total 3,228
suggested missing IS-A relations for the domain expert’s
manual review. The domain expert confirmed that 89 out
of 100 potential missing IS-A relations are valid cases (a
precision of 89%). The breakdown of these validated cases by
the subhierarchies of SNOMED CT can be found in Table I.
For instance, in the “Clinical finding (finding)” subhierarchy,
51 were validated. Table III contains 10 examples of missing
IS-A relations validated by the domain expert. For instance, the

The distribution of the distances between concept pairs that have a missing
IS-A relation validated by the UMLS
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Fig. 3. The distribution of the distances between matched UMLS atoms for
concept-pairs with a missing IS-A relation.

domain expert confirmed “Chronic pyonephrosis (disorder)”
IS-A “Chronic pyelonephritis (disorder)” as a valid missing
IS-A relation.

V. DISCUSSION

In this work, we investigated a simple substring replacement
approach to automatically identify potential missing IS-A
relations in SNOMED CT. Our approach leveraged lexical
features of the FSNs of concepts and existing IS-A relations
to suggest potential missing IS-A relations. We validated the
potential missing IS-A relations identified in two ways: (1)
automatically leveraging UMLS, (2) manually with a domain
expert.

The automated validation was only able to validate 1.95%
(63/3,228) potential missing IS-A relations that our methood
suggested. This was in part due to the inability to find
matching atoms in the UMLS. Only 25.31% (817/3,228) of
the potential missing IS-A cases could be matched to UMLS
atoms. In cases where matching atoms were found, only in
7.71% (63/817) we could find IS-A relations. It can also
be seen from Table I that the UMLS-based validation only
validated cases belonging to subhierarchies: “Clinical finding
(finding)”, “Procedure (procedure)”, “Body structure (body
structure)”, and “Substance (substance)”. This is a drawback
of the UMLS-based validation as it is unable to cover a wide
variety of concepts since it depends on the domains covered by
external terminologies in the UMLS. However, the advantage
of the automated UMLS-based validation is the fact that it is
quick as it requires no manual labor.

On the other hand, the manual validation revealed that a
vast majority (89%) of randomly picked samples are in fact
valid missing IS-A relations. While the manual validation
requires more human inspection, with that we are able to cover
more cases. It should be also noted that only through manual
validation, we are able to identify false positives (i.e., invalid
missing IS-A suggestions made by the method).

The distance plot for the UMLS-based validation in Fig. 3
shows that 79.37% (50/63) validated IS-A relations are direct
IS-A relations in the respective terminologies that the concepts
are mapped to. While needing confirmation from SNOMED



TABLE I

SUBHIERARCHIES OF SNOMED CT.

BREAKDOWN OF THE NUMBER OF CONCEPTS, IDENTIFIED POTENTIAL MISSING IS-A RELATIONS, AND VALIDATED MISSING IS-A RELATIONS BY THE

Top-level domain # of concepts | # of potential missing relations | # Validated through UMLS | # Validated through expert
Clinical finding (finding) 120,609 1,661 51 51
Procedure (procedure) 59,489 554 2 13
Body structure (body structure) 40,275 396 9 9
Organism (organism) 33,158 20 0 0
Substance (substance) 27,332 260 1 4
Pharmaceutical / biologic product (product) 24,076 0 0 0
Physical object (physical object) 13,736 110 0 3
Qualifier value (qualifier value) 11,423 33 0 2
Observable entity (observable entity) 10,109 88 0 4
Situation with explicit context (situation) 5,340 4 0 0
Social context (social concept) 4,478 33 0 0
Event (event) 3,265 21 0 1
SNOMED CT Model Component (metadata) 1,849 2 0 0
Environment or geographical location (environment / location) 1,832 16 0 0
Specimen (specimen)) 1,784 27 0 2
Staging and scales (staging scale) 1,685 0 0 0
Special concept (special concept) 636 0 0 0
Record artifact (record artifact) 528 3 0 0
Physical force (physical force) 171 0 0 0
Total 361,775 3,228 63 89

TABLE I

TEN MISSING IS-A RELATIONS VALIDATED BY EXTERNAL TERMINOLOGIES IN THE UMLS.

Descendent concept

Ancestor concept

External terminologies

Open fracture of lateral malleolus (disorder)

Open fracture of ankle (disorder)

MEDCIN

Small cell osteosarcoma (morphologic abnormality) Small cell sarcoma (morphologic abnormality) NCI
Congenital heart block (disorder) Congenital heart disease (disorder) MEDCIN
Radical retropubic prostatectomy (procedure) Radical prostatectomy (procedure) NCI
Autoimmune lymphoproliferative syndrome (disorder) Autoimmune disease (disorder) MSH, MDR
Bilious vomiting of newborn (disorder) Vomiting in newborn (disorder) ICD10CM
Human immunoglobulin G (substance) Human immunoglobulin (substance) MED-RT
Allergic conjunctivitis of right eye (disorder) Allergic conjunctivitis (disorder) MEDCIN
Laceration of heart without hemopericardium (disorder) | Injury of heart without hemopericardium (disorder) | ICD10CM
Sweat gland adenoma (morphologic abnormality) Sweat gland tumor (morphologic abnormality) NCI

TABLE III

TEN MISSING IS-A RELATIONS VALIDATED BY THE DOMAIN EXPERT.

Descendent concept

Ancestor concept

Chronic pyonephrosis (disorder)

Chronic pyelonephritis (disorder)

Venography of lower extremity using contrast (procedure)

Angiography using contrast (procedure)

Structure of proximal epiphysis of lower limb (body structure)

Structure of long bone of lower limb (body structure)

Fibrinoid necrotizing inflammation (morphologic abnormality)

Fibrinoid necrosis (morphologic abnormality)

Discontinue - dosing instruction imperative (qualifier value)

Then discontinue - dosing instruction fragment (qualifier value)

Therapeutic hand stretching (procedure)

Therapeutic procedure on soft tissue (procedure)

Neonatal audiological screening service (qualifier value)

Neonatal service (qualifier value)

Muscle biopsy sample (specimen)

Muscle specimen (specimen)

Pain of toe of left foot (finding)

Pain in left foot (finding)

Quadrantanopia of right eye (finding)

Visual field defect of right eye (finding)

CT curators, there is a likelihood that these cases will be direct
IS-A relations in SNOMED CT as well. Direct missing IS-A
relations are easier to fix than indirect ones. This is because
for indirect missing IS-A relations, intermediate missing IS-

A relations may need to be further identified that infer the

indirect missing IS-A.



TABLE IV
FIVE EXAMPLES OF INVALID MISSING IS-A RELATIONS IDENTIFIED IN THE MANUAL EVALUATION BY THE DOMAIN EXPERT.

Invalid missing IS-A relation

Replacement candidate’s existing IS-A relation

Domain expert’s comment

Open repair of strangulated inguinal hernia with prosthesis (procedure)
IS-A IS-A
Open repair of strangulated ventral hernia with prosthesis (procedure)

Open repair of strangulated inguinal hernia (procedure)

Open repair of strangulated ventral hernia (procedure)

Inguinal hernia and ventral hernia are

located in different anatomical locations.

Closed trimalleolar fracture of left ankle (disorder)
IS-A IS-A

Closed bimalleolar fracture of left ankle (disorder)

Closed trimalleolar fracture (disorder)

Closed bimalleolar fracture (disorder)

These are distinct clinical entities.

Closed fracture finger middle phalanx, head (disorder)
IS-A IS-A

Fracture of bone of head (disorder)

Closed fracture finger middle phalanx (disorder)

Fracture of bone (disorder)

The fracture in a finger and fracture of
the head (cranium) are completely different.

Lower respiratory tract structure (body structure)
IS-A

Lower body structure (body structure)

IS-A

Respiratory tract structure (body structure)

Body structure (body structure)

The respiratory tract is located in the chest
- which is an upper body structure.

Visual intelligence quotient (observable entity)
IS-A

Visual function (observable entity)

IS-A

Intelligence quotient (observable entity)

Function (observable entity)

Visual IQ is a cognitive function. Not visual.

A. False positives

Though the review by the domain expert revealed our
approach to be effective in identifying missing IS-A relations,
it still disclosed some false positives. Table IV demonstrates
5 invalid missing IS-A relations pointed out by the domain
expert. For example, our suggested missing IS-A relation
“Lower respiratory tract structure (body structure)” 1S-A
“Lower body structure (body structure)” is invalid, because
the respiratory tract is located in the chest which is an upper
body structure.

It should be noted that the domain expert’s comments for
some of these cases directly contradict with the existing IS-A
relation between the replacement candidate and its ancestor
that was leveraged to come up with the missing IS-A sug-
gestion. For example, our suggested missing IS-A relation
“Open repair of strangulated inguinal hernia with prosthesis
(procedure)” 1S-A “Open repair of strangulated ventral hernia
with prosthesis (procedure)” is invalid as “inguinal hernia”
and “ventral hernia” are located in different anatomical loca-
tions. However, this should also apply to the existing IS-A
relation between the replacement candidate and its ancestor:
“Open repair of strangulated inguinal hernia (procedure)” 1S-
A “Open repair of strangulated ventral hernia (procedure)”.
Such instances illustrate that evaluating the existing IS-A
relation between the replacement candidate and its ancestor
may have the potential to uncover erroneous existing IS-A
relations. The first two examples in Table IV are such cases.

B. Distinction with related work

As mentioned earlier, in [26], Zheng et al. introduced a
transformation-based method to identify missing IS-A rela-
tions in the source vocabularies in UMLS, where a similar
idea of replacement was leveraged to identify missing IS-A
relations. The major differences between Zheng et al’s work
in [30] and our approach in this paper are: (1) in [30] noun
chunks were identified in concept names and replaced by more
general terms, while in this work we replace the substring cor-
responding to the concept’s parent with the parent’s ancestors;
and (2) the approach in [30] relies on the IS-A relations in

external terminologies in the UMLS to perform replacement,
while our approach in this work leverages the IS-A relations
within SNOMED CT for replacement. In addition, in this
work, we also took semantic tags of concepts into account
when suggesting potential missing IS-A relations. Regarding
effectiveness of the approaches for identifying missing IS-A
relations in SNOMED CT evaluated by domain experts, the
approach in [30] achieved a precision of 86.5%, while our
approach in this work achieved 89%.

C. Limitations and future work

In this work, we only leveraged the direct IS-A relations (i.e.
the parents) of a concept to uncover missing IS-A relations.
However, each SNOMED CT concept may also have different
attribute relations such as “Finding site(attribute)” and “As-
sociated morphology (attribute)” where the target concepts of
those relations may also appear as a substring in the FSN of
the concept. Therefore, in the future, we will investigate the
possibility of replacing the attribute relation targets with their
ancestors to further identify additional cases of missing IS-
A relations. In addition, instead of only focusing on parents
as replacement candidates, we can consider other indirect
ancestors as well. This applies to attribute relations too.

Both the above mentioned improvements would only apply
to cases where the substring that we replace appears as a
FSN of a concept in SNOMED CT. We expect to investigate
on strategies that would identify whether a specific substring
is more general than another substring even if both the said
substrings do not correspond to FSNs of concepts.

As discussed earlier, during the UMLS-based validation it
was found that 817 were mapped to UMLS atoms, out of
which only 63 were found to be having IS-A relations. An
interesting future work would be to investigate the rest of the
754 cases. Valid missing IS-A relations found among these
would not only improve SNOMED CT, but also other external
ontologies where the mapped atoms belong to.

As mentioned earlier, some of the false positives identified
during the manual validation by the domain expert may lead to
the identification of erroneous existing IS-A relations between



the replacement candidates and their ancestors. Therefore, in
the future we will perform another round of manual review to
validate and confirm these cases.

Our method identified a significant number of potential
missing IS-A relations in SNOMED CT. We will submit our
findings to the SNOMED CT authors to further contribute
towards the quality improvement process of SNOMED CT.

VI. CONCLUSION

In this paper, we developed a substring replacement ap-
proach leveraging the lexical features of fully specified names
of concepts and existing IS-A relations of concepts to uncover
potential missing IS-A relations in SNOMED CT. Applying
this approach to the March 2022 release of the SNOMED
CT US Edition, a total of 3,228 potential missing relations
were suggested, which were validated automatically based on
UMLS and manually by a domain expert. The automated
evaluation validated 63 missing IS-A relations. The manual
domain expert evaluation was performed on a random sample
of 100 cases and confirmed 89 valid missing IS-A relations.
The results indicate that our substring replacement approach
is effective in identifying missing IS-A relations in SNOMED
CT.
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