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ABSTRACT 

 

Objective  This article reviews recent literature on the use of SNOMED CT as an extension of 

Lee et al.’s 2014 review on the same topic. The Lee et al.’s article covered literature published 

from 2001-2012, and the scope of this review was 2013-2020. 

Materials and Methods  In line with Lee et al.’s methods, we searched the PubMed and Embase 

databases and identified 1002 articles for review, including studies from January 2013 to 

September 2020. The retrieved articles were categorized and analyzed according to SNOMED CT 

focus categories (i.e., indeterminate, theoretical, pre-development, implementation, and 

evaluation/commodity), usage categories (e.g., illustrate terminology systems theory, prospective 

content coverage, used to classify or code in a study, retrieve or analyze patient data, etc.), medical 

domains, and countries. 

Results  After applying inclusion and exclusion criteria, 622 articles were selected for final review. 

Compared to the papers published between 2001 and 2012, papers published between 2013 and 

2020 revealed an increase in more mature usage of SNOMED CT, and the number of papers 

classified in the “implementation” and “evaluation/commodity” focus categories expanded. When 

analyzed by decade, papers in the “pre-development,” “implementation,” and 

“evaluation/commodity” categories were much more numerous in 2011-2020 than in 2001-2010, 

increasing from 169 to 293, 30 to 138, and 3 to 65, respectively. 

Conclusion   Published papers in more mature usage categories have substantially increased since 

2012. From 2013 to present,  SNOMED CT has been increasingly implemented in more practical 

settings. Future research should concentrate on addressing whether SNOMED CT influences 

improvement in patient care. 
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INTRODUCTION 

 

Interoperability is defined as “the ability of two or more systems to exchange information and to 

use the information that has been exchanged.”[1] To achieve interoperability, a number of 

prerequisites must be met, such as mutual interest between the stakeholders involved, common 

architectural structures and reference models, accepted collections of coordinated reference 

ontologies/terminologies, and harmonized development processes.[2] 

In order to get closer to the vision of comprehensive interoperability, the ontological 

representations used by various domain experts to represent entities in practice need to be 

harmonized.[3] In the biomedical domain, ontologies are getting the limelight for controlling and 

verifying the process interoperability and are recognized as key enablers of knowledge 

management, data integration, and decision support.[4]  

One of the biggest, most sound and solid such ontologies is SNOMED CT. SNOMED CT 

is both a coding scheme to identify terms and a multi-hierarchical ontology that enables concepts 

to be related to each other. It is a comprehensive clinical terminology system managed by the 

International Health Terminology Standards Development Organization (IHTSDO), which now 

operates under the trade name SNOMED International and provides a standardized way of 

representing clinical information captured by clinicians.[5]  

Although SNOMED CT is widely used in more than 50 countries,[6] there are few 

published reviews about its use. Cornet and de Keizer[7] analyzed over 40 years of literature (1966 

-2006) on the use of SNOMED CT and its predecessors—SNOP, SNOMED, SNOMED II, 

SNOMED version 3.5, and SNOMED RT, classifying the use reported in 250 papers into 14 usage 
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categories. Lee et al. in 2014[8] extended the 40-year review to categorize SNOMED CT use into 

15 usage categories and 5 focus categories: their review included 488 articles about SNOMED CT 

published between 2001 and 2012 and showed an increase in the number of papers in every focus 

category when compared from 2001-2006 to 2007-2012.  

The purpose of this paper is to investigate the use of SNOMED CT by providing an 

overview of papers published between 2013 and 2020 as an extension of the review by Lee et al.[8] 

The current study also provides a comparative summary of research trends related to SNOMED 

CT use over the past 20 years, analyzed by decade on selected topics.  

 

METHODS 

 

Screening Papers 

Database searches using PubMed and Embase were performed using the same query Lee et al. 

constructed for the 2001-2012 review, except for the “publication date” entry which was updated 

to retrieve articles published between January 1, 2013 and September 4, 2020. We also modified 

search queries for Embase since query extensions used by Lee et al., such as “.mp,” were no longer 

available at the time of the literature search for the current review. Appendix A describes the search 

queries used for the current review. A faculty librarian at the University of North Carolina at 

Chapel Hill confirmed the validity of our search queries. We used the resulting articles’ abstracts 

to initially classify them and read the full article if the topic of the paper was not evident in the 

abstract. 

 

 



 5 

Exclusion Criteria 

An article was excluded (1) if the article was only an abstract, (2) if the article did not mention 

SNOMED CT, or (3) if the article was written in a language other than English. Unlike Lee et al.’s 

review, articles that did not mention a version of SNOMED, (e.g., SNOMED CT, SNOMED RT, 

or SNOMED III) were not necessarily excluded because the verbiage in the field of health 

informatics to address SNOMED CT changed to simply “SNOMED” in the 2010s. 

 

Classifying Papers 

We adhered to Lee et al.’s criteria to classify articles by the maturity of SNOMED CT use. Lee et 

al. defined the “SNOMED CT focus category” as the 5 stages of SNOMED use in order of 

maturity—"theoretical,” “pre-development/design,” “implementation,” and 

“evaluation/commodity,” and “indeterminate.” (Table 1) 

Focus Category Definition 
Theoretical Describes SNOMED CT in terms of a terminology system but not at the 

stage of implementation in clinical or operational environments 
Pre-development/design Refers to SNOMED CT being assessed or evaluated as to whether it can 

be used in full-scale implementation as a terminology standard 
Implementation Refers to SNOMED CT being used in project or operational settings 
Evaluation/commodity Evaluates SNOMED CT’s effects or impacts on operational settings or 

demonstrates that its function has shifted from encoding data to using 
data recorded in SNOMED CT codes 

Table 1. Definitions of each focus category (Adopted from Lee et al.[8]) 

 

The “usage category” describes in a more detailed way how SNOMED CT is mainly used. The 

definition of each usage category is described in Lee et al.’s article.[8] Two to five usage categories 

are allocated to a focus category. Each usage category is assigned to a single parent focus category 

and does not overlap with any other usage categories. When a paper is deemed to be classifiable 
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into more than one usage category, the most prominent usage category was selected based on the 

research question or the aim of the paper.  

To reach consensus in the classification method between the current and the Lee et al.’s 

reviews, the corresponding author tested his classification accuracy by comparing his classification 

results with that of Lee et al. using their article’s Appendix B.[8] The agreement rate was 64% in 

the first 100 randomly selected articles and improved to 78% in the next 100 random articles. To 

validate the consistency in the classification performed for the current review by the corresponding 

author, an external reviewer, a postdoctoral research fellow in health informatics, independently 

classified another random set of 100 articles. The agreement rate between the corresponding author 

and the external reviewer was 98%.  

 

Clinical Domain 

The clinical domain of a study was examined to determine whether the study involved a cancerous 

or noncancerous disease. If it was a noncancerous disease but there were conflicting domains, the 

domain of the journal in which the paper was published determined the domain of the study.  

 

Country 

The country criterion refers to the country in which SNOMED CT was used. If the country could 

not be defined, the country where the affiliated institution of the first author was located was used. 

If the study looked at the use of SNOMED CT in more than one region, the paper was classified 

as having “multiple” countries. 
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RESULTS 

 

Literature Search 

The literature search conducted on September 4, 2020, initially identified a total of 1002 articles 

after deduplication. From this result pool, 349 conference abstract-only papers were excluded. 

After applying the next round of exclusion criteria, an additional 31 articles were excluded, 

resulting in 622 papers for final review (Figure 1). Appendix B includes a brief description of each 

selected article. 

 

Figure 1.  Flow diagram of article selection process. 
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SNOMED CT Focus Category 

The number of papers classified as “implementation” rose from 44 in 2001-2012 to 124 in 2013-

2020, while those classified as “evaluation/commodity” increased from 8 to 60 (Figure 2). The 

proportions of these two focus categories were also expanded: the proportion of “implementation” 

articles increased from 9.0% to 19.9% and “evaluation/commodity” articles from 1.6% to 9.6%. 

This shows that the use of SNOMED CT in operational settings had increased in 2013-2020 

compared to the 2001-2012 period. 

 

Figure 2. Number of papers by focus category, comparing those included for Lee et al’s[8] 

(published between 2001 and 2012) with those included for current review (published between 

2013 and September 2020). 

 

 To make a balanced comparison, we also analyzed the number of papers in each focus 

category by decade (Figure 3). The SNOMED CT-related research was more advanced in terms 

of its maturity as well as quantity in the second decade (i.e., 2011 – 2020) compared to that of the 
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first decade. While the number of papers in the “theoretical” category stayed almost the same over 

these two decades, those in the “pre-development,” “implementation,” and “evaluation/commodity” 

categories were much more numerous in 2011-2020 than in 2001-2010, increasing from 169 to 

293, 30 to 138, and 3 to 65, respectively.  

 

Figure 3. Number of papers by focus category and decade (2001-2010 vs 2011-2020). The 

numeric data for the first decade (ie, 2001-2010) and the early two years of the second decade (ie, 

2011-2012) were reproduced from Supplementary Appendix B of Lee et al’s review article[8]. 

 

Usage Category 

This section describes selected usage categories in each focus category except ‘indeterminate.’ 

Table 2 outlines the number of papers published between 2013 and 2020 in each usage category 

along with some of its subcategories. 
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Focus 
category 

Usage category—selected subcategories Number  

Indeter-
minate 
(n=137) 

As an example—no subcategories (n=64) 64 
Other—editorials (n=24), literature reviews (n=21), letters/correspondence (n=10), 
surveys (n=8) 

73 

Theoretical 
(n=73) 

Illustrate terminology systems theory—semantic similarity (n=14), frameworks and 
models for categorizing terminology systems (n=3), terminology theory and 
ontological principles (n=3) 

20 

Description of SNOMED CT and other standards—general description of SNOMED CT 
(n=6), potential benefits of SNOMED CT (n=2) 

9 

Terminology auditing—structural/hierarchical (n=11), ontological principles (n=8), 
abstraction network (n=7), lexical/linguistic (n=7), semantic (n=4), combination of 
methods (n=7) 

44 

Pre-
develop-
ment 
(n=228) 
 

Compare to or map to other terminology systems—ICDs (n=25), new ontology 
developed (n=12), nursing terminologies (n=6), Foundational Model of Anatomy (n=4), 
MedDRA (n=4), LOINC (n=2) 

66 

Translation—German (n=2), Basque (n=2) 6 
Prospective content coverage—data repositories and medical corpora (n=26), 
interface terminologies (n=6), social determinants of health (n=5), web pages/social 
media (n=5), disease names/diagnoses (n=4), eligibility criteria of clinical trials (n=3) 

67 

Prospective inter-rater agreement—between 2 annotators (n=1) 1 
Standard for electronic health records—electronic health records 
frameworks/infrastructure and integration with information models (n=32); binding to 
clinical models, templates or archetypes (n=11) 

43 

Design considerations—encoding methodologies or comparison of coding techniques 
(n=20); process and challenges related to the development of subsets (n=10); search 
and retrieval algorithms (n=6); general implementation challenges (n=3); version 
control, management and migration (n=3); the role and use of interface terminologies 
in conjunction with SNOMED CT to facilitate data capture (n=2);  

45 

Implemen-
tation 
(n=124) 

Used to classify or code in a study—free-text clinical notes/narratives (n=29), radiology 
reports (n=7), consumer-generated contents (n=6), clinical trial-related documents 
(n=2) 

79 

Implementation of SNOMED CT—data repositories/registries (n=18), 
query/terminology services (n=15), clinical decision support systems (n=8), use of data 
entry templates (n=2) 

45 

Evaluation/ 
Commodity 
(n=60) 

Prove merit—no subcategories (n=3) 3 
Retrieve or analyze patient data— retrieval of SNOMED CT-encoded patient data 
(n=53) 

57 

Table 2. Number of papers published between 2013 and 2020 by usage categories and 

subcategories. 

 

Theoretical: Illustrate Terminology Systems Theory (n=20) 

Studies in this category were generally split into two subcategories. First, frameworks and models 

for categorizing terminology systems were selected as one subcategory. In this category, included 
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studies proposed ontological frameworks based on SNOMED CT-compliant coding systems for 

the standardization of EHR phenotypes,[9] medication data,[10] and clinical pathways.[11] The 

second subcategory included studies in which the semantic similarity presented by the taxonomic 

structure of SNOMED CT was used to classify or cluster entities like clinical models (e.g., 

templates or archetypes),[12,13] radiology reports,[14] research articles for systematic review,[15] 

and clinical trials.[16]  

The taxonomic structure of biomedical ontology has been shown to be useful for 

quantifying similarity, because it does not depend on the availability of large corpora. SNOMED 

CT, in combination with or without the Unified Medical Language System (UMLS), and the 

proliferation of textual resources in healthcare offered a rich resource for creating automated 

methods to measuring semantic similarity between concepts.[17] Several studies have introduced 

different semantic similarity metrics. Shobhana and Radhakrishnan[18] proposed a new measure 

of similarity that recognizes multiple inheritances in ontologies. McInnes et al.[19] have 

introduced the u-path principle derived from the dense multi-hierarchical taxonomy of SNOMED 

CT instead of measuring a least common subsumer. Chandar et al.[20] exploited a similarity-based 

approach to build new SNOMED CT concept from candidate n-grams. Martínez et al.[21] and 

Sánchez et al.[22] proposed a general framework to mask textually sensitive health data by 

exploiting semantic similarity based on the taxonomic structure of SNOMED CT.  

 

Pre-development: Prospective Content Coverage (n=67) 

A total of 67 studies examined the content coverage of SNOMED CT for interface terminologies. 

The covered referents included: social determinants of health (n=5), disease names/diagnoses 

(n=4), eligibility criteria of clinical trials (n=3), as well as elements of large databases and registries. 
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The overall coverage of SNOMED was as low as 22.5% for video portal tags,[23] and as high as 

99.9% for clinical charts.[24] 

Content coverage of SNOMED CT was examined along with other standardized 

terminologies such as International Classification of Diseases (ICD)-9 and Logical Observation 

Identifiers, Names, and Codes (LOINC). Subset coverage was examined in three studies.[25–27] 

Though SNOMED CT was generally the most comprehensive terminology with great breadth, this 

terminology was outperformed in different specialty areas, including RadLex for radiology 

text,[28] NCI Thesaurus for cancer descriptions,[29] MeSH for herbal and dietary supplement 

terms,[30] and Omaha System for social determinants of health.[31] 

Types of matching relations (e.g., exact and partial matches) or post-coordination were 

used to describe a relationship between a SNOMED CT concept and a covered entity. Post-

coordination was employed in nine studies[24,29,32–38] to improve content coverage.  

 

Implementation: Used to Classify or Code in a Study (n=79) 

The studies in this category explored the semantic capabilities of SNOMED CT to normalize data 

components in an attempt to integrate data from heterogeneous sources. SNOMED CT was used 

to capture, define, and normalize heterogeneous data phenotypes from clinical free texts. The 

semantic interoperability features of SNOMED CT-coded entities were represented as features of 

classification tasks. 

The coding schemes where SNOMED CT was employed were further divided into three 

groups. Firstly, the authors proposed a new framework to identify SNOMED CT concepts in free 

texts. In such cases, machine learning text mining algorithms such as support vector machines 

(n=13), neural networks (n=10), decision trees/random forest (n=7), or ensemble/boosting 
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algorithms (n=3) were coupled with SNOMED CT to code or classify free texts. Secondly, open-

source or commercial natural language processing (NLP) pipelines such as MetaMap (n=9) and 

cTAKES (n=6) were executed to extract or map phenotypes to SNOMED CT. Lastly, the 

SNOMED CT concept was extracted from free text manually by coders or physicians (n=7).  

Post-coordination was leveraged in three studies.[39–41] The addition of post-coordinated 

expression significantly increased the proportion of triple disorder-related identifiers that were 

encoded to single identifiers.[40] However, no evaluation was made as to whether the post-

coordinated expression improved the performance of normalization tasks compared to only pre-

coordination coding schemes.  

While the majority of the published papers in this category annotated clinical records (e.g., 

clinical notes, pathology reports, consult letters, etc.), other content such as clinical trial documents 

or data elements (n=4), clinical guidelines (n=4), and consumer-generated content  (n=6) were also 

encoded by SNOMED CT.  

SNOMED CT concepts were further mapped to query terms to expand or support semantic 

searches across archetypes.[42–45] SNOMED CT concepts extracted from those kinds of free texts 

were then embedded into classification algorithms to classify clinical data elements by diagnosis 

codes or cause of death,[46–54] types of additional need attributed to patients,[55] or organ 

systems.[56] 

Other terminology standards that were frequently used in collaboration with SNOMED CT 

for annotating data entities were: ICD codes (e.g., ICD-9, ICD-10, or ICD-10-CM) (n=8), Medical 

Subject Headings (MeSH) (n=4), LOINC (n=3), RxNorm (n=3), and Medical Dictionary for 

Regulatory Activities (MedDRA) (n=3). The UMLS was frequently used as a mapping layer 
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among ontologies. In this case, the normalization process involved mapping clinical entities to the 

closest equivalent UMLS Concept Unique Identifier subset of SNOMED CT. 

Other than free-texts in English, those in German (n=3), French (n=2), Swedish (n=1), 

Spanish (n=1), Czech (n=1), and Chinese (n=1) were encoded with SNOMED CT. Recent attempts 

were made to analyze Twitter mentions of disease concerns[57] and to encode COVID-19-related 

clinical phenotypes.[58]  

 

Implementation: Implementation of SNOMED CT (n=45) 

In this usage category, SNOMED CT codes were electronically assigned to the data model to 

provide standardized terminology and were then integrated into data registries/repositories (n=18), 

query/terminology services (n=15), and knowledge-based clinical decision support systems 

(CDSSs) (n=8). The clinical domains of registries/repositories included cancer (n=5), adverse drug 

effects (n=4), cardiovascular diseases (n=2), and gene information (n=2).  

Natural language processing applications were used to extract concepts and to map them 

to SNOMED CT.[59,60] These applications included visualization tools to summarize or navigate 

terminology hierarchies[61–64] and search engines.[59] Auto-completion algorithms were 

employed to help providers search diseases[65,66] and to add the SNOMED concept to the severity 

levels of diseases.[66]  

 

Evaluation/Commodity: Prove Merit (n=3) 

Three studies reported the effect or impact of SNOMED CT use on patient care in clinical or 

operational settings. A study on predoctoral dental students demonstrated that the use of SNOMED 

CT-based dental interface terminology as the sole reference in an EHR system strengthened the 
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students’ critical thinking skills.[67] Souvignet et al.[68] measured the indirect utility of SNOMED 

CT; they showed that a forms-based web interface that represented MedDRA terms through 

SNOMED CT concepts and corresponding semantic relations expedited MedDRA term selection 

and improved search capabilities for pharmacovigilance end users. However, Dougall and 

colleagues found that the use of local SNOMED code was associated with the underreporting of 

melanoma diagnoses in hospitals.[69] 

 

Evaluation/Commodity: Retrieve or Analyze Patient Data (n=57) 

SNOMED CT codes were used to collect patient data for retrospective observational studies. Most 

papers used SNOMED CT codes to identify and retrieve study subjects according to the inclusion 

criteria for each study. The studies conducted in the U.S. extracted SNOMED CT-coded patient 

data using a commercial database (i.e., Explorys) (n=16), while those conducted in Europe tended 

to use public national registers. The clinical domains that most frequently utilized SNOMED CT 

diagnoses were non-malignant gastrointestinal diseases (n=17), followed by cancers (n=14), 

pathology diagnosis (n=7), and non-malignant skin diseases (n=5).  

 

Medical Domain 

We categorized 622 articles into 40 clinical domains. The most common domain was cancer 

(n=37), followed by drugs (n=34) and nursing (n=26). Cancer studies aimed to develop registries 

or terminology services for identifying cancer patients or to retrieve patients with cancers of 

interest by searching databases for SNOMED CT-encoded diagnoses. Drug studies intended to 

map drug-related ontologies (e.g., MedDRA) or to encode drug-related entities (e.g., drug names 

or drug indications) into SNOMED CT. In the nursing domain, the authors illustrated the mapping 



 16 

of the elements of domain-specific concepts or the standardization of nursing terminologies using 

SNOMED CT. 

 

Country 

Since the publication of Lee et al.’s review, the number of member countries of SNOMED 

International has grown from 19 to 40.[70]  The number of countries that produced SNOMED CT-

related papers has also grown during this period. Between 2013 and 2020, papers from 43 countries 

were published, which was an increase from 22 over the period of 2001-2012 (i.e., Lee et al.’s 

period of review). The most publishing countries in order of the number of papers were: U.S.  

(n=290), France (n=42), U.K. (n=35), Spain (n=33), and Australia (n=25). About half (46.6%) of 

the papers came from the U.S. The studies conducted in Australia and Spain tended to be conducted 

in more operational settings than those in the U.K., U.S., and France (Figure 4). 
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Figure 4. SNOMED CT research trends in U.S., France, U.K., Spain, and Australia, 2013-2020, 

by percentage of papers published. The y-axis represents the proportion of papers in each focus 

category. The maturity of research increases from “theoretical (level 1)” to “evaluation (level 4)” 

focus category. 

 

DISCUSSION 

 

Adopting the methodology from Lee et al.’s review, we reviewed papers on SNOMED CT 

published between 2013 and 2020. We could observe that the research on SNOMED CT has 

evolved to be implemented in more practical settings in the past seven years. The articles classified 

as “implementation” increased from 44 at the time of Lee et al.’s review (i.e., 2001-2012) to 124  

in 2013-2020; those classified as being focused on “evaluation/commodity” increased from 8 to 

60 in the same period. On the other hand, the number of studies classified as “theoretical” has 

declined from 124 in 2001-2012 to 73 in 2013-2020.      

 

Theoretical 

When analyzed by decades, the number of papers in this focus category remained relatively the 

same. The semantic similarity was studied intensively in this category. In the general language 

domain, corpus-based measures of similarity revealed limitations that stem from the imbalance, 

sparseness, and textual ambiguity of corpora.[71,72] More recent studies in the biomedical 

domain[73,74] showed that ontology-based measures such as intrinsic information content (IC) 

outperformed the corpus-based approaches.  
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As the similarity measurement depends on the taxonomic structure of an ontology system, 

it demands extensive auditing to ensure the reliability and consistency of SNOMED CT. While 

the number of papers in the “theoretical” focus category declined, papers in the “terminology 

auditing” usage category have increased by more than 60% (from 27 to 44) from 2001-2012 to 

2013-2020. We interpret this increment as a growing demand for a formal resource for various 

computational linguistic tasks, such as information retrieval and NLP of patient records. As the 

inconsistencies in SNOMED CT have a significant impact on how patient records are recorded 

and retrieved, it is necessary for the responsible authorities to keep good track of the quality 

assurance of SNOMED CT through extensive auditing.  

 

Pre-development 

In a few of the articles included in this review, SNOMED CT lacked sufficient definitional 

expressions needed to describe the clinical phenotypes. A possible explanation for this problem is 

not the lack of acceptable terms in SNOMED CT but both the type of text from which the concepts 

are extracted and the use of modifiers.[75,76] Another reason may be that researchers investigated 

SNOMED CT’s coverage in areas where its use had seldom been previously explored, such as in 

social determinants of health[77–79] and family history in cancer guidelines.[80]  

Several attempts have been made to extend the coverage of SNOMED CT; post-

coordinations were used to add modifiers,[81] and subsets and reference sets were developed to 

cover frequently used terms.[25] These localized attempts are, however, likely to serve as a barrier 

for quality assurance in the ontology composed of large hierarchies.[82,83] Efforts to improve 

content coverage should not impede the quality and scalability of the ontology.[84,85] 
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The coverage of content by SNOMED CT is intended to be broad and complete. Since 

SNOMED CT is such a large terminology system, the granularity of a SNOMED CT’s concept 

coverage may vary by domains. For example, SNOMED CT had less granular coverage for 

psychological assessment instruments[86] and had fewer exact matches for cancer descriptions[29] 

than other terminology systems. This result is not surprising given that some terminology systems 

were tailored to serve specific areas unlike SNOMED CT. As Schulz et al.[29] pointed out, the 

larger the size of the terminology, the less the inter-coder agreement is reached when coding human 

language with controlled vocabularies. This issue of inter-coder disagreement, which reflects an 

incomplete match to the original meaning of a concept, should be addressed when designing a 

large ontology like SNOMED CT. 

 

Implementation 

The number of papers in this focus category has substantially increased since 2012. The number 

of studies that used commercial or open-source NLP platforms (e.g., cTAKES[87], MedTex[88], 

etc.) to automatically identify, extract, and normalize terms and provide them with SNOMED CT 

concepts corresponding to the constituent significantly increased. While the spectrum of NLP tasks 

that these tools can provide varies—from named entity recognition to the classification of 

documents—more attention has been paid to researchers who are looking for a convenient way to 

formally annotate free-text data. 

 Population-based registries have recently garnered the attention of researchers, clinicians, 

and public health investigators to serve as both a reference and a supplement to data collected from 

sources such as clinical trials and supporting clinical research related to disease epidemiology, 

interventions, and outcomes. These registries are also expected to facilitate evidence-based 
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medicine by promoting the enrollment of fully characterized patients in clinical trials. A number 

of population-based registries are under development or in-service worldwide to leverage these 

merits.[89,90]  

The capabilities of SNOMED CT to capture the meanings of data elements and to input 

them into the database will further demonstrate CDSSs’ strengths to support better clinical decision 

making. The implementation of SNOMED CT in CDSSs has shown that the knowledge-based 

systems can augment machine learning platforms by describing results from a medical 

perspective.[91] To ensure seamless interoperability in large healthcare systems, further 

collaborations should also be facilitated between laboratory information management systems and 

hospital systems that may share a common EHR system.[92] 

 

Evaluation/Commodity 

Attempts to evaluate the impact of SNOMED CT use on patient care were scanty; only the three 

studies listed in the “prove merit” usage category examined the effect or impact of SNOMED CT 

use. Beyond the internal validity researchers had demonstrated thus far, future research should be 

directed at showing the external utility of SNOMED CT, namely actual merits to patient care in 

clinical settings. We expect that research questions such as, “How did the use of SNOMED CT 

improve healthcare professionals’ order skills?” and “Did the use of SNOMED CT detect the 

deterioration of a patient earlier?” will be addressed in the next decade. 

 The number of studies classified in the “retrieve or analyze patient data” usage category 

increased from 8 at the time of Lee et al.’s review to 53 in 2013-2020. As data warehouses 

supporting SNOMED CT codes became available and widely used in the early 2010s, researchers 

began to use SNOMED CT-coded patient data for retrospective epidemiological studies. 
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Researchers can now access and collect patient data from various hospitals and healthcare systems 

to classify and store according to SNOMED CT, resulting in consistent querying across all 

sources.[93] Given SNOMED CT’s ability to encode a variety of biomedical entities and its 

transferability among different institutions, we envision that SNOMED CT-encoded data will be 

the dominant form of patient data for large-scale retrospective analysis in the days to come. 

 

 

Limitations 

The limitations of this review include the fact that only the articles archived in PubMed and 

Embase were examined. It should be noted that many existing SNOMED CT implementations did 

not appear in the scientific literature. As Lee et al. mentioned,[8] only a small portion of known 

implementations tends to be published in scientific publications. We examined past studies and 

implementations presented at SNOMED CT EXPOs (formerly SNOMED CT Implementation 

Showcase) to gauge the completeness of the coverage of our literature review. Only 62 out of 405 

works presented at SNOMED CT EXPOs (excluding educational sessions) held between 2013 and 

2020 were searchable in PubMed and Embase and these were included in this review. For a more 

thorough review of SNOMED CT use, we expect future research can examine those studies 

presented at SNOMED CT EXPOs and other proceedings but not included in this review. Adopting 

the same methods as Lee et al.’s review, however, is a key element to examine research trends in 

the past 20 years in a consistent way, which enabled us to appreciate how the research on 

SNOMED CT has evolved from 2001 to the present time.  

 

CONCLUSION 
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The current review examined 622 articles published between 2013 and 2020 as an extension of 

Lee et al.’s review of those published on the same topics in 2001-2012. The papers in more mature 

usage categories have increased compared to those included in Lee et al.’s review. From the early 

2010s to the present day, SNOMED CT has been increasingly implemented in more practical 

settings, such as building data repositories or CDSSs. However, we found only a few papers that 

demonstrated the impact or the merit of SNOMED CT use. Future research should concentrate on 

addressing whether SNOMED CT use influences improvement in patient care.   
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Figure 1. Flow diagram of article selection process. 

 
Figure 2. Number of papers by focus category, comparing those included for Lee et al.’s[8] 

(published between 2001 and 2012) with those included for current review (published between 

2013 and September 2020). 

 

Figure 3. Number of papers by focus category and decade (2001-2010 vs 2011-2020). The 

numeric data for the first decade (i.e., 2001-2010) and the early two years of the second decade 

(i.e., 2011-2012) were reproduced from Appendix B of Lee et al.’s review article.[8] 

 

Figure 4. SNOMED CT research trends in U.S., France, U.K., Spain, and Australia, 2013-2020, 

by percentage of papers published. The y-axis represents the proportion of papers in each focus 

category. The maturity of research increases from “theoretical (level 1)” to “evaluation (level 4)” 

focus category.  
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