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Abstract

Objective: To examine the evolving role and application of SNOMED CT (SCT) during 2020-2025, a period marked by the
COVID-19 pandemic and accelerated adoption of artificial intelligence (Al) in healthcare.

Materials and methods: We searched PubMed and Embase for articles published from October 2020 to June 2025. Included
articles were classified into focus categories by implementation maturity (Theoretical, Predevelopment, Implementation,
Evaluation/Commodity, and Non-operational) and usage categories. We compared trends with our previous review cover-
ing January 2015-September 2020.

Results: Following exclusion criteria, 651 articles were included for final review. The United States (n=188) and United
Kingdom (n=92) were the largest contributors. COVID-19 emerged as the second most-investigated domain. The 2020-
2025 period witnessed a dramatic shift toward mature implementation stages: Implementation (26.4%) and Evaluation/
Commodity (32.0%) categories expanded, while Theoretical and Predevelopment categories decreased. SCT was increas-
ingly used for knowledge graph construction, machine learning model validation, and patient data retrieval from regis-
tries. The most prominent use case involved retrieving patient data from national and commercial registries (n=186).

Discussion: SCT’s role evolved from a clinical terminology to a machine-interpretable biomedical knowledge base, sup-
porting explainable Al. However, coding consistency remains challenging, and evidence demonstrating improved patient
outcomes is lacking.

Conclusion: SCT use has matured significantly, with widespread implementation in data repositories and emerging appli-
cations in Al. Future research must demonstrate clinical and operational benefits to ensure continued adoption.

Key words: SNOMED CT; systematized nomenclature of medicine; terminology as topic; vocabulary, controlled.

Introduction

The period from 2020 to 2025 marked a transformative era in
healthcare data management, characterized by unprecedented
demands for global health data sharing, accelerated adoption of
artificial intelligence (Al) in clinical settings, and intensified
efforts toward semantic interoperability across heterogeneous
healthcare systems.® At the center of these developments stands
SNOMED CT (SCT), the world’s most comprehensive multilingual
clinical healthcare terminology.? Since our previous review on the
use of SCT,? several converging developments have transformed
how SCT is leveraged in healthcare systems worldwide.

The early 2020s witnessed maturation in the integration of
SCT with emerging health data standards and common data
models (CDMs). The collaboration between Health Level 7 (HL7)
International and Observational Health Data Sciences and

Informatics created a unified framework to integrate Fast
Healthcare Interoperability Resources (FHIR) with the Observa-
tional Medical Outcomes Partnership CDM.* SNOMED Interna-
tional’s collaboration with HL7 International to use FHIR-based
terminology services with its products represented an architec-
tural evolution designed to support real-time interoperability
needs.® Additionally, major national and international initiatives
adopted SCT as a foundational standard. The development and
release of the International Patient Summary Terminology, har-
monized with HL7 standards and made freely available to
support cross-border patient care, exemplified efforts to reduce
barriers to global health data exchange.®

SCT also expanded its influence on the healthcare domain
based on collaborations that aligned with other terminology
systems in the early 2020s. The ongoing effort to develop a Logi-
cal Observation Identifiers Names and Codes Extension within
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the SCT framework facilitated the use of both standards in a sin-
gle system, removing redundant mappings that hinder effective
healthcare information sharing.” In addition, the COVID-19 pan-
demic, which emerged in early 2020, created a global need for
standardized clinical data collection, exchange, and analysis
across international borders.® This pandemic-driven use case
revealed both the strengths and limitations of existing clinical ter-
minology infrastructures, prompting accelerated development of
interoperability solutions and harmonization initiatives.’

SCT is no longer a peripheral vocabulary standard but the se-
mantic backbone that determines whether health data can be
meaningfully shared, queried, and reused across institutions
and borders. Understanding how SCT is being adopted, where it
succeeds, and where gaps persist is therefore essential knowl-
edge for anyone shaping the future of biomedical informatics.
For healthcare informaticians and standards developers, identi-
fying emerging patterns in SCT implementation is essential for
prioritizing future development efforts and avoiding duplicative
work. For researchers, understanding which applications of SCT
have matured versus which remain exploratory can guide meth-
odological choices and highlight gaps in the evidence base. For
health system leaders and implementers, knowledge of success-
ful SCT use cases across different domains and regions can in-
form strategic planning and risk assessment for terminology
adoption initiatives. For clinicians, awareness of how SCT enco-
des diagnoses, findings, and procedures across real-world care
settings is increasingly relevant as SCT-coded data underpin the
clinical decision support tools, patient registries, and Al-driven
diagnostic aids that are becoming part of everyday practice.

This literature review addresses this knowledge gap by exam-
ining the evolving role and application of SCT during 2020-2025,
a period that witnessed both unprecedented challenges and
advances in healthcare informatics. Building on our previous re-
view of 2015-2020 SCT usage,® this work provides actionable
insights for the readership by: (1) quantifying evolving trends in
the use of SCT by usage categories, domains, and regions during
the 2020-2025 period compared to the 2015-2020 period (specifi-
cally, October 2020-June 2025 and January 2015-September
2020 respectively),® and (2) highlighting salient use cases by cat-
egories that emerged during the early 2020’s, with particular
attention to novel applications that represent potential areas
for future innovation or standardization efforts.

Materials and methods

Study selection and screening

We followed the overall review methodology established in our
previous review, which was based on the approach developed
by Lee et al.*® The same query terms were applied to PubMed
and Embase searches, with publication dates restricted to
“2020-09-25 to 2025-06-30” (Supplementary Appendix A, avail-
able as supplementary material Journal of the American Medical
Informatics Association online). To comprehensively capture the
broad spectrum of SCT applications, we employed lenient inclu-
sion criteria, encompassing all papers retrieved by the queries
unless they met the following exclusion criteria: (1) SCT was not
mentioned in the text body; (2) the full-text was not written in

English; or (3) the article was published only as an abstract. We
intentionally excluded abstract-only papers due to their limited
information about SCT usage. We also excluded articles that did
not explicitly mention SCT use, even when SCT may have been
used indirectly. For example, researchers may reference the All
of Us Research Hub as a data source, where diseases are coded
using SCT and other terminology systems, without explicitly
mentioning SCT as a means of data retrieval. To gain compre-
hensive perspectives on SCT applications, we included non-
peer-reviewed articles, such as preprints published on bioRxiv,
provided they followed sound scientific methods and contained
sufficient explanation of SCT usage.

Categorization by usage criteria

We applied the SCT use categorization framework developed in
our previous review.? Included papers were classified into one
of five mutually exclusive focus categories—“Theoretical,”
“Predevelopment,”  “Implementation,” and  “Evaluation/
Commodity,” arranged in order of implementation maturity, plus
an “Non-operational” category (renamed from “Indeterminate” in
the previous review). Definitions for each focus category are de-
scribed in Table 1. Within each focus category, we established sub-
ordinate usage categories based on our previous review framework,
with modifications to reflect the current spectrum of SCT applica-
tions. Table 2 presents the operational definitions of each usage cat-
egory, which evolved iteratively during the classification process to
ensure comprehensive coverage of all included articles.

Each paper was assigned to only one usage category within a
single parent focus category. When an article could potentially
be classified into multiple usage categories, we selected the
category representing the most mature implementation stage.
For example, we classified a study by Jones et al.'* into the

Table 1. Definitions of each focus category (adopted from Lee et al.’®).

Focus category Definition

Describes SNOMED CT in terms of a
terminology system but not at the
stage of implementation in clinical or
operational environments

Refers to SNOMED CT being assessed or
evaluated as to whether it can be used
in full-scale implementation as a
terminology standard

Refers to SNOMED CT being used in
project or operational settings
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
SNOMED CT being used as an example
of a terminology system without any
further detail on its use or implementa-
tion, is referenced in a letter by a reader,
editor or author, oris included in a
survey or review.

Theoretical

Predevelopment

Implementation

Evaluation/
commodity

Non-operational
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Table 2. Operational definitions of usage categories by implementation maturity used for classifying included articles.

Focus Category

Usage Category

Definition

Theoretical

Predevelopment

Implementation

Evaluation/
Commodity

Non-operational

Terminology analysis

Translation

Prospective content
coverage

Mapping or comparing to
other terminology
systems

Design considerations

Interoperability standards
for health information
systems

Encoding methodologies

Used for classifying
or coding

Implementation of
SNOMED CT

Gold standard for
model validation

Assess code use
and activity

Retrieve or analyze
patient data
Prove utility

SNOMED CT mentioned as
an example
Other

The validity of SNOMED CT content, including structural, lexical, and
semantic components, was examined through manual analysis or
automated methods.

From SNOMED CT, the description component was translated into
local languages to address regional needs.

SNOMED CT coverage of domain terms, data elements, other
terminology systems, or biomedical texts was examined and
measured. This category focuses on assessing coverage rather than
creating mappings.

SNOMED CT was mapped to or from interface terminologies or
reference terminology systems, or new terminologies were created
integrating SNOMED CT as a foundational model. Variable codes or
data elements from clinical studies or systems were categorized
under “Prospective content coverage” instead.

Challenges in implementing SNOMED CT as a terminology system
were addressed, with suggestions to improve its design and
components for better health data standardization. These studies
are process-oriented, whereas “Prospective content coverage” and
“Compare or map to other terminology systems” focus on

reporting results.

SNOMED CT was incorporated as a terminology standard to enhance
interoperability in health systems, including electronic health record
systems and common data models, before full real-world implemen-
tation. Studies showing SNOMED CT in fully implemented real-world
systems were categorized under “Implementation of SNOMED CT.”
Studies proposed novel methods for utilizing SNOMED CT’s graph
structure as a knowledge base. This category was newly established
to address emerging needs for using SNOMED CT in knowledge
representation. Papers using off-the-shelf encoding methods were
classified under “Used for classifying or coding.”

SNOMED CT concepts were extracted from sources to normalize and
standardize clinical ideas using existing off-the-shelf concept extrac-
tion tools. Unlike the studies in “Encoding methodologies,” no novel
encoding methods were proposed in the studies included here.
Extraction was done primarily for research purposes; real-world
applications were categorized under “Implementation of

SNOMED CT.”

SNOMED CT was implemented within operational systems to
provide real-world users with services such as clinical decision
support systems, data registries, or terminology servers.

SNOMED CT was used as a gold-standard benchmark to evaluate
the performance of algorithms, models, frameworks, or other
terminology systems.

Investigators examined how SNOMED CT codes were used to record
and represent diagnoses and other conditions in real-world clinical
or public health practice.

Patient data coded with SNOMED CT were retrieved from data
warehouses or registries to conduct observational studies.

Studies demonstrated that using SNOMED CT in clinical settings
improved operational or clinical outcomes.

SNOMED CT was mentioned in the article but was not the primary
focus of an experiment or survey.

SNOMED CT use cases were described in literature reviews, surveys,
correspondence, or editorials.
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“Interoperability standards for health information systems” us-
age category. Although data elements were first mapped to SCT
in this study (corresponding to the “Design considerations” us-
age category, representing a less mature stage), we prioritized
the more mature stage represented by the subsequent health in-
formation system implementation.

The initial 100 randomly selected articles were classified inde-
pendently by two authors to establish detailed classification
policies and resolve potential discrepancies. After establishing
the basic classification framework, the first author (EC) classified
the remaining articles according to the agreed-upon policy.
When novel use cases emerged, the two authors discussed them
and reached consensus on usage category assignment.

Categorization by countries and clinical
domains

Understanding the geographic and clinical distribution of SCT
use provides essential context for interpreting adoption patterns
and identifying implementation barriers or facilitators. Tracking
these patterns over time—as we do by comparing the 2020-2025
period to the pre-COVID era—enables us to assess how COVID-19
reshaped the landscape of SCT use and whether SCT is achiev-
ing its goal of becoming a global standard for interoperability,
or whether adoption remains siloed in specific contexts.

We defined the region of SCT use for each paper by carefully
reading the manuscript and determining in which country SCT
was deployed if SCT was used in an operational setting. Studies
were categorized as “international” if the research was con-
ducted at a multi-national level, such as collaborative projects
involving data harmonization across multiple countries. If SCT
was utilized in theoretical or experimental settings without a
clear geographic deployment context, we determined the coun-
try based on the first author’s institutional affiliation.

We classified articles into one or more clinical domains (e.g.,
cardiovascular, musculoskeletal, infectious disorders) when
experiments were performed in clinical settings or utilized data-
sets representing specific clinical domains. To address the sub-
stantial increase in COVID-19 research during the early 2020s
pandemic, we separated “COVID-19” from the general “Infectious
disease” domain. Articles could be assigned to multiple clinical
domains, while others might be assigned to none if SCT was used
in purely technical contexts.

Region and domain classifications were not performed for
articles in the “Non-operational” focus category to exclude
cases from non-clinical or non-operational settings.

Results

The literature search conducted on July 6, 2025, in PubMed and
Embase retrieved 1,139 articles after deduplication. Following
the exclusion process, 651 articles from these two bibliographic
databases were included in the final review (Figure 1).

Countries and clinical domains

Excluding articles categorized as “Non-operational,” the United
States was the largest contributor of SCT-related publications

with 188 papers, followed by the United Kingdom with 92
papers. Figure 2 illustrates changes in the composition of the
five largest contributing countries between January 2015-Sep-
tember 2020 and October 2020-June 2025, with data from the
earlier period obtained from our previous review.?

Table 3 presents the top 10 clinical domains, allowing double-
counting when papers addressed multiple domains. Alimentary
or hepatobiliary disorders (n=52) emerged as the largest con-
tributor in the 2020-2025 period, rising from fifth place (n=18)
during the 2015-2020 period. COVID-19 ranked second, a new
domain not observed in the pre-2020 era. Although the absolute
number of articles in the cancer domain increased from 37 to
42, this domain dropped from first place in the 2015-2020 period
to third in the 2020-2025 period.

Evolution of SNOMED CT
implementation maturity

During 2020-2025, the majority of use cases were allocated to
the “Implementation” and “Evaluation/Commaodity” focus cate-
gories, representing 172 (26.4%) and 208 (32.0%) papers, respec-
tively (Figure 3). To provide a comprehensive view of how SCT
implementation maturity evolved, we compared the distribu-
tions of focus categories between the January 2015-September
2020 and October 2020-June 2025 periods, excluding the “Non-
operational” category. Compared with 369 articles published
during 2015-2020, the 2020-2025 period witnessed expanded
use cases at more mature implementation stages (i.e.,
“Implementation” and “Evaluation/Commodity”) while both the
number and proportion of papers at less mature stages (i.e.,
“Theoretical” and “Predevelopment”) decreased (Figure 3).

Usage categories

This section describes notable trends in selected usage catego-
ries. Table 4 presents selected subcategories within each usage
category. Complete usage category classifications and detailed
use case descriptions, as well as countries and clinical domains,
for all included articles are available in Supplementary Appendix
B, available as supplementary material Journal of the American
Medical Informatics Association online.

Predevelopment: Mapping or comparing
to other terminology systems (n=47)

The predominant mapping target was International Classifica-
tion of Diseases (ICD) codes (n=11), followed by nursing termi-
nologies such as the International Classification for Nursing
Practice (n=3). SCT also served as a foundational model for
newly developed terminologies or ontologies, incorporating its
content and semantics into broader terminology networks
(n=12), a continuing trend from the 2013-2020 era. However,
unlike the 2013-2020 period when mapping tasks were primarily
directed toward other formal ontologies or terminologies, the
2020-2025 period saw an increased number of use cases where
interface terminologies were mapped to SCT (n=7). This shift
highlights SCT’s evolving role as a standard representation layer
for clinical concepts originating from diverse local sources.
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Articles retrieved from Articles retrieved from
PubMed (n=513) Embase (n=1086)

Articles retrieved after
deduplication
(n=1,139)

Excluded (n=488)
Reasons for exclusion:
*Abstract papers (n=440)
*Duplicated studies (n=18)
*SNOMED CT was not mentioned (n=14)
*Full text not available (n=9)
*Non-English full text (n=7)

Articles included for
final review (n=651)

Figure 1. Preferred Reporting Items of Systematic Reviews and Meta-Analyses (PRISMA) flow diagram of the study selection process from PubMed
and Embase.

2015-2020 (n=369) 2020-2025 (n=546)

France, 24

Figure 2. Geographic distribution of the five largest contributing countries comparing two periods: January 2015-September 2020 and October 2020-
June 2025, excluding articles categorized into “Non-operational.” Data from the earlier period were obtained from the authors’ previous review.?
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Table 3. Top 10 clinical domains by number of SNOMED CT use cases,
excluding the “Non-operational” category (papers addressing multiple
domains were counted in each relevant domain).

Domain n

Alimentary or hepatobiliary disorders 52
COVID-19 47
Cancers 42
Mental disorders 26
Cardiovascular disorders 25
Primary/preventive care 21
Pulmonary disorders 19
Neurologic disorders 17
General surgery (including surgical approach 17

to breast, thyroid, or other disorders)
Skin disorders 16

600

500

400

300

200

100

2015-2020

2020-2025

m Theoretical
Implementation

m Predevelopment
m Evaluation/commodity

Figure 3. Distribution of SNOMED CT use by implementation maturity
across four focus categories, comparing January 2015-September 2020
with October 2020-June 2025 (excluding the “Non-operational”
category). Data from the earlier period were obtained from the authors’
previous review.?

Mapping between SCT and other terminologies was per-
formed using manual mapping tables or code rulebooks (n=12),
algorithmic approaches with attention-based models,"***
semantic similarity measurement,** off-the-shelf mapping
tools,*>® or hybrid methods.*”"*° SCT expressions served as an

intermediary bridge when mapping between terminology sys-
tems?®2? or mapping free-text sources to terminologies.?® Three
studies used SCT’s post-coordinated expressions to represent
complex concept meanings.2%-242°

Predevelopment: Design considerations
(n=26)

SCT was employed to represent biomedical concepts in a stan-
dardized manner, either independently or in conjunction with
other terminology systems, to enhance semantic interoperabil-
ity. Compared to the pre-2020 era, the 2020-2025 period showed
substantially increased focus on SCT’s role in facilitating data
harmonization, with studies applying its design principles to
capture the semantic meaning of data elements from heteroge-
neous sources (n=11) and multiple terminology systems (n=3).
This growing research emphasis on SCT’s design paradigms for
harmonization reflects its expanding application across multiple
platforms and domains, as well as the increasing need for inter-
disciplinary collaboration.

Efforts were made to integrate formal ontology principles into
SCT’s logical frameworks. For example, Ceusters and Pengput
introduced ontology aspects from Basic Formal Ontology to
establish axioms compatible with upper-level ontologies.”® In
another study, they evaluated the feasibility of designing a first-
order logic framework capable of translating SCT’s terminologi-
cal perspective on patient data.?’

Predevelopment: Interoperability
standard for health information
systems (n=40)

This category represents when data elements and response val-
ues in clinical information systems were mapped to SCT. Recog-
nizing that SCT has increasingly been incorporated into a
broader scope of health information systems beyond electronic
health records (EHRs) during the 2020-2025 period,*®>? we ex-
panded this usage category to include any type of healthcare-
related information system. Twenty-one studies demonstrated
SCT incorporation into FHIR Resources/Profiles or Clinical Docu-
ment Architecture. Fourteen studies applied SCT to standardize
health data into CDMs across multiple populations and sites for
integrated research. SCT was also incorporated into templates
for standardized reporting, such as an SCT-based template for
reporting Cobb angle measurements to facilitate efficient sec-
ondary use.®

Implementation: Encoding methodologies
(n=40)

This category represents when studies investigated incorpora-
tion of SCT components—relations and descriptions—into
knowledge base models. We established this use case as a dis-
tinct category to reflect SCT’s increased use as a graph-based
biomedical knowledge database for enhancing machine inter-
pretability and validity of healthcare Al systems during the 2020-
2025 period.
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Table 4. Distribution of papers by usage categories and selected subcategories (2020-2025).

Focus category Usage category

Selected subcategory

Theoretical (n1=22) Terminology analysis (n=22)

Predevelopment (n=144) Translation (n=1)
Prospective content coverage

(n=30)

Mapping or comparing to other
terminology systems (n=47)

Design considerations (n=26)

Interoperability standards for
health information systems
(n=40)
Implementation (n=172) Encoding methodologies
(n=40)
Used for classifying or coding
(n=76)

Implementation of SNOMED
CT (n=56)

Gold standard for model
validation (n=5)

Assess code use and activity
(n=15)

Retrieve or analyze patient
data (n=186)

Evaluation/Commodity
(n=208)

Prove utility (n=2)

SNOMED CT mentioned as an
example (n=23)

Others (n=82)

Non-operational (n=105)

Structural/hierarchical (n=10)
Lexical/linguistic (n=6)

Semantic (n=2)

Abstraction network (n=2)

German (n=1)

Data elements (n=10)

Domain terms (n=8)

Interface codes or terminologies (n=7)
Medical corpora (n=4)

Interface terminologies (n=12)

Newly developed ontologies (n=12)
International Classification of Diseases (n=10)
Nursing terminologies (n=3)

The role and use of interface terminologies in conjunction with
SNOMED CT to facilitate data capture (n=14)
Process and challenges related to the development of sub-
sets (n=8)

Logical frameworks (n=2)

Version control, management and migration (n=2)
Fast Healthcare Interoperability Resources and
Clinical Document Architecture (n=21)
Common data models (n=14)

Electronic health records frameworks (n=2)
Using graph feature of SNOMED CT (n=28)
SNOMED CT as lexical dictionaries (n=11)
Free-text clinical notes/narratives (n=38)

Data elements/codes (n=10)

Diagnostic criteria (n=4)

Consumer-generated contents (n=2)

Nursing records (n=2)

Pathology reports (n=2)

Radiology reports (n=2)

Data repositories/registries (n=26)
Query/terminology services (n=19)

Clinical decision support system (n=6)

Natural language processing models (n=3)

Critically evaluate the quality of coding (n=8)
Code use survey (n=7)

National registries/cohort (n=94)

Commercial registries (n=52)

Hospital or clinical data warehouse data (n=36)
No subcategories

No subcategories

Letters/correspondence (n=37)
Literature reviews/surveys (n=33)
Editorials (n=12)

To represent machine-interpretable knowledge about rela-
tionships among biomedical entities, researchers utilized
subject-predicate-object triples defined by the SCT relation
component (n=28). Studies proposed novel methods for identi-
fying biomedical entities from free-text sources (n=4), projecting

recognized entity relations into embedding space (n=3), or con-
structing knowledge graphs using identified subject-predicate-
object triples defined in SCT (n=11). The embedding information
was used to predict missing relations in SCT (n=2) or for termi-
nology binding (n=3). Semantic enrichment of data elements was
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achieved by aggregating variables according to their ontological
common ancestry.>* Two studies incorporated multiple biomedi-
cal ontologies, including SCT, into unified knowledge graphs to
represent medical phenotype networks.>>-

SCT description information was incorporated into natural
language processing (NLP) pipelines to provide standardized se-
mantic lexicons of biomedical vocabularies (n=11), primarily for
medical entity recognition tasks (n=4). SCT components, such
as semantic tags, provided validation frameworks for named-
entity recognition or classification tasks.>” In another study, de-
scriptive temporal relationship features from SCT were used to
classify temporal interval properties between pairs of medically
relevant events in EHRs.*®

Implementation: used for classifying or
coding (n=76)

SCT concepts were used for biomedical concept identification
from unstructured data using off-the-shelf tools such as EHRead
(n=10), MedCAT (n=7), cTAKES (n=3), or MetaMap (n=3). Dur-
ing the 2020-2025 period, authors increasingly adopted
transformer-based architectures such as BERT or its variants
(n=9) and large language models (LLMs) (n=2) for extracting
biomedical entities (n=22), moving away from traditional
machine-learning models such as support vector machines or
non-transformer neural networks that had dominated the pre-
2020 era. Despite these automated advances, manual extraction
of SCT concepts from unstructured data sources was still per-
formed in 13 studies to leverage domain expertise and ensure
validity of the results.

Six studies implemented digital phenotyping by mapping data
elements to SCT and classifying them into predefined group enti-
ties for computational use of patient information from EHRs.
While most studies identified pre-coordinated SCT concepts, two
studies utilized post-coordinated concept sets.***°

SCT concepts were identified from unstructured sources for
secondary purposes. Food domain corpora were annotated with
SCT concepts, contributing to the development of NLP methods
for extracting food information from textual data.*"*? Lexicons
of family history-related entities were constructed to provide
standardized sets of reusable and interpretable linguistic pat-
terns for NLP.** Xin et al.** performed topic modeling on social
media posts using SCT’s semantic type information.

Implementation: implementation of
SNOMED CT (n=56)

Twenty-six of 56 articles in this category presented data reposi-
tories or registries. Query and terminology systems, including
annotation mapping tools (n=4), post-coordination or expres-
sion constraint language builders (n=4), terminology servers
(n=3), and search engines (n=3), contributed significantly to
this use case (n=19). Six studies used SCT to provide domain-
specific features for clinical decision support systems (CDSSs),
such as question-answering agents®™ and drug interaction
checkers.*® Beyond CDSSs, consumer applications such as per-
sonal health record applications*” or bibliographic databases*®

were developed using vocabulary mappings incorporating SCT—
a use case not identified in our 2013-2020 review.

Evaluation/commodity: gold standard for
model validation (n=5)

This newly identified usage category emerged with the growing
need for algorithm and machine learning model validation in
the 2020s. Data annotated with SCT were used as gold-standard
benchmarks to evaluate the performance of classification,*>°
machine translation,>! and information retrieval models.>?

Evaluation/commodity: assess code use
and activity (n=15)

This usage category represents a new use case that emerged af-
ter 2020 as SCT adoption in EHR systems became widespread.
While auditing of SCT in the pre-2020 era primarily targeted
structural validity of the terminology itself, yielding 44 papers
classified into the “Terminology auditing” usage category in the
previous review, the 2020-2025 period shifted focus to analyzing
patterns in how desirably SCT codes were utilized in practical
settings among clinicians or coders. Seven studies investigated
how SCT was used in clinical activities such as patient referral
(n=3) and outpatient encounters (n=2). Eight studies assessed
the quality of SCT coding in EHR systems (n=6), reporting
systems (n=1), and cohort data (n=1).

Evaluation/commodity: retrieve or
analyze data (n=186)

In this most prominent usage category, 94 studies retrieved SCT
codes for retrospective epidemiologic research from national or
public registries, including All of Us (n=23), UK Clinical Practice
Research Datalink (CPRD) (n=12), Danish Pathology Databank
(n=9), and Epidemiology Strengthened by histoPathology
Reports in Sweden (ESPRESSO) (n=8). The substantial contribu-
tion of the All of Us and CPRD registries to secondary data
analysis represents a notable development not observed in our
2013-2020 review. In the United States, SCT-coded patient data
managed by commercial federated networks were actively uti-
lized, with researchers retrieving data from IBM® Explorys
(Cleveland, OH) (n=36) or TriNetX (Cambridge, MA) (n=5).

Beyond clinical or pathologic diagnoses, SCT codes were used
to identify procedures (n=12), encounter reasons (n=3),
medication use (n=3), anatomical sites,>® smoking status,>
employment status,® environmental hazards,®® and special
education-qualifying health outcomes.>” SCT codes also sup-
ported non-epidemiologic studies, with commercial databases
such as IBM MarketScan® providing insurance claims data coded
with SCT for healthcare service research (n=3).

Evaluation/commodity: prove utility
(n=2)
Two studies were identified in this category. Golburean et a

qualitatively examined the impact of transitioning from ICD-10
to SCT on physicians’ documentation practices. Roberts et al.®

l.58
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demonstrated that SCT codes with higher specificity explained
more variance in predicting length of stay for patients with
pneumonia compared to well-established clinical indicators.

SNOMED CT use trends from technical
literature

Given the increased volume of use cases where SCT was inte-
grated into real-world applications identified in the current
review, along with review articles on SCT applications in ma-
chine learning and knowledge graph technologies for enhanced
standardization of represented entities,®*®” we conducted a
supplementary post-hoc analyses to examine SCT use in techni-
cal contexts. We searched ACM Digital Library and IEEE Xplore
using the same publication date range as the primary PubMed
and Embase search. Anticipating that SCT would have limited
recognition as a resource for the technical development in these
databases, we applied a simple “snomed” query without further
query refinement to capture the broadest possible landscape of
SCT in technical domains.

We retrieved 148 articles from ACM Digital Library and 23 from
IEEE Xplore. After excluding duplicates (n=1), abstract-only pub-
lications (n=23), articles that did not mention SCT (n=5),
articles also indexed in PubMed or Embase (n=3), and non-
English articles (n=2), we analyzed 137 eligible articles. The
complete list of articles from these databases is available in Sup-
plementary Appendix C, available as supplementary material
Journal of the American Medical Informatics Association online.
While a substantial portion of retrieved articles were classified
into the “Non-operational” focus category (n=51, 37.2%), where
SCT was briefly mentioned as an example of baseline knowledge
graph models or interoperability standards, the majority of re-
trieved articles comprised the “Implementation” focus category
(n=54, 39.4%). Approximately half of these implementation stud-
ies (n=28) were in the “Encoding methodologies” usage category,
where SCT was used for entity recognition and knowledge graph
construction.

Discussion

In this review, we observed a fundamental evolution in how SCT
is utilized: whereas earlier use was predominantly characterized
by codification and storage of clinical information, the post-
2020 era (2020-2025) witnessed SCT’s emergence as a graph-
based biomedical knowledge database capable of enhancing
semantic inference in Al applications in a prominent way. Cru-
cially, this evolution extended SCT’s user base beyond clinicians
and health system administrators to include software develop-
ers, data scientists, and other technical professionals in the
computer science and engineering communities in a deeper
way—a demographic minimally represented in our previous re-
view. Beyond modifying the scope of the review, in comparison
to the scope utilized in the previous review article, we also
expanded the literature base to include established computer
science and engineering databases and included research evi-
dence from the latter communities. The approach allowed us to
comprehensively document and draw conclusions about the full

scope of SCT’s evolving role across both clinical and techni-
cal domains.

Prospects

Compared with the previous five-year period, 2020-2025 wit-
nessed a dramatic shift toward more mature stages of SCT imple-
mentation. An increasing number of studies used SCT to retrieve
patient data from registries, enabled by its widespread adoption
as a standardized terminology for representing, storing, and shar-
ing clinical information among healthcare institutions.

The 2020-2025 period experienced several converging devel-
opments that transformed how SCT was leveraged in healthcare
systems worldwide. The COVID-19 pandemic, which emerged in
early 2020, created an urgent global need for standardized
clinical data management across international borders. COVID-
19-related studies emerged as the second most-investigated
domain in our review. SNOMED International’s response—
publishing coronavirus-related concepts in January 2020 and
issuing interim releases to support pandemic surveillance—
demonstrated the terminology’s agility and critical role in global
health emergencies.®® This pandemic-driven use case revealed
both the strengths and limitations of existing clinical terminol-
ogy infrastructures, prompting accelerated development of
interoperability solutions and harmonization initiatives.

The current review revealed that the United Kingdom sub-
stantially increased its contribution to SCT research in the
2020-2025 period. With only 10 publications identified during
2015-2020, the UK’s increased output to 92 during 2020-2025 is
likely attributable to nationwide clinical data repositories that
utilize SCT as a standard terminology, exemplified by the CPRD.
Data repositories coded with SCT have facilitated epidemiologic
studies due to the terminology’s robust capacity to represent
clinical concepts, offering substantially greater detail, flexibility,
and retrieval capabilities than the ICD.*° The proliferation of
data warehouses utilizing SCT continues to facilitate real-world
data research—the structured, semantically rich data provided
by SCT enables deeper insights into patient outcomes and sup-
ports the development of CDSSs.™

Analysis of articles indexed by ACM Digital Library and IEEE
Xplore revealed that NLP and technical communities increas-
ingly employ SCT as a biomedical knowledge base for process-
ing large volumes of data. SCT’s ontological features can
address the black box nature of machine learning algorithms
and LLMs by enhancing their explainability and interpretabil-
ity.”* SCT also contributes to reducing data noise and improving
the reliability of predictive models by standardizing inputs
across clinical, demographic, and behavioral data.”® As regula-
tory frameworks increasingly require explainable Al, particularly
in sensitive domains such as healthcare, SCT is well-positioned
to meet these requirements while maintaining high perfor-
mance and providing clear explanations.

Challenges

The emergence of articles in the “Assess code use and activity”
category contrasted with the decrease in “Terminology analysis”
articles from 36 in 2015-2020 to 22 in 2020-2025, suggesting re-
search focus has shifted from auditing SCT’s logical structure to

920Z 8unp $Z Uo Jasn salielqi] 0juolo Jo Alsianiun Agq £6590/8/7600800/81WEIIEE0L "0 | /I0p/3]0IB-80UBApPE/BIWEl/WO00 dNo dlWapede//:sd)y WOoJl papEojUMO(]


https://academic.oup.com/jamia/article-lookup/doi/10.1093/jamia/ocag094#supplementary-data
https://academic.oup.com/jamia/article-lookup/doi/10.1093/jamia/ocag094#supplementary-data
https://academic.oup.com/jamia/article-lookup/doi/10.1093/jamia/ocag094#supplementary-data

10

Journal of the American Medical Informatics Association, 2026, Vol, 00, Issue 00

examining how clinicians appropriately use SCT in practice. As
noted in previous literature, comprehensive guidance for select-
ing optimal SCT concepts for specific clinical scenarios remains
limited, and both novice and experienced users have developed
individualized approaches and tools, which may lead to coding
variation.” Lack of coding consistency is a significant concern
for data standards advocates, as it can undermine the funda-
mental goals of implementing standardized terminologies.

Although research using SCT-coded real-world data has po-
tentially contributed to advances in biomedical science and
public health, no studies in this review demonstrated that SCT
use directly improved patient outcomes. Only two studies exam-
ined non-clinical, operational outcomes, such as changes in doc-
umentation practices and the predictive power of SCT for
clinical outcome variance. The absence of evidence demonstrat-
ing improved patient outcomes represents a significant barrier
to user acceptance of SCT in their workflows, compounded by
usability challenges, insufficient training, and inadequate inte-
gration within existing electronic health record systems.” When
integrated into health information systems, SCT has the poten-
tial to deliver tangible benefits, including improved data shar-
ing, enhanced CDSSs, more efficient secondary data analysis for
quality improvement and research, and ultimately, improved
patient outcomes. Future research must provide more robust
evidence for the clinical and operational benefits of SCT use to
ensure its utility and adaptability among users.

Limitations of the current review

To maintain scientific rigor in our review methodology, we ex-
cluded abstract-only papers due to their limited detailed
descriptions of SCT usage. Had we included use cases published
as abstracts, the number of papers in the “Evaluation/
Commodity” category would have expanded further, given the
substantial volume of retrospective observational studies that
rely on SCT codes for patient data retrieval.

A substantial collection of SCT use cases likely appears in gray
literature, including textual and video formats, such as presenta-
tions at SNOMED CT Expo held by SNOMED International.
Although we could not systematically analyze use cases pre-
sented at SNOMED CT Expo due to the absence of textual confer-
ence abstracts, interested readers may find valuable use cases
in the recorded sessions available on YouTube.

Conclusion

By reviewing SCT use in the early 2020s and comparing it with
the previous five-year period, we gained valuable perspectives
on both the prospects and challenges for SCT implementation
in the late 2020s. While SCT has played an essential role in col-
lecting, exchanging, and analyzing biomedical data, the early
2020s marked a new era in which SCT emerged as a machine-
interpretable biomedical knowledge base, owing to its compre-
hensiveness, structured ontological design, and widespread
integration into EHRs. The ubiquitous use of SCT across the bio-
medical domain—from theoretical information science to clini-
cal practice—will continue to expand, supporting neurosymbolic
approaches that enhance the explainability and interpretability

of Al. To realize this potential, more comprehensive evidence
demonstrating the impact of SCT use on operational and clinical
outcomes must be documented.
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