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Semantics in EHR for pediatric oncology: an integrative review

Semântica em Prontuários Eletrônicos para oncologia pediátrica: uma revisão integrativa

Semántica en la Historia Clínica Electrónica para oncología pediátrica: una revisión integradora

Elaine Barbosa de Figueiredo1, Ferrucio de Franco Rosa2, Ricardo Antônio Zanetti3,  
Mariangela Dametto4, Rodrigo Bonacin5

ABSTRACT
Objective: This study aims to analyze the use of  Knowledge Organization Systems (KOS) as a means of  enriching 
Electronic Health Records (EHR) for the domain of  pediatric oncology. Methods: An integrative literature review me-
thod is applied. Three literature reviews were conducted, with a search for articles from 2016 to July/2023 in PubMed, 
Scopus, IEEE Xplore e ACM Digital Library written in English or Portuguese. Results: 52 articles were analyzed. The 
results point out the adopted standards for EHR specification and describe the most frequent KOS used with EHR in 
oncology as well as in the pediatric oncology domain. Conclusion: Although there are efforts to adopt international 
standards for EHR, several projects do not make use of  these standards. EHR systems for oncology, in general, make 
wider use of  KOS, while in pediatric oncology the focus is on those related to genetics. There is a need for further 
research to integrate KOS with international standards.

RESUMO
Objetivo: Este estudo tem como objetivo analisar o uso de Sistemas de Organização do Conhecimento (SOC) como 
meio de enriquecimento do Prontuário Eletrônico do Paciente (PEP) para o domínio da oncologia pediátrica. Métodos: 
Foi aplicado um método de revisão integrativa da literatura. Foram realizadas três revisões de literatura, com busca de ar-
tigos de 2016 até Julho/2023 em PubMed, Scopus, IEEE Xplore e ACM Digital Library escritos em inglês ou português. 
Resultados: Foram analisados 52 artigos. Os resultados apontam os padrões adotados para a especificação de PEP e 
descrevem os SOC mais frequentemente usados com PEP na oncologia e no domínio da oncologia pediátrica. Conclu-
são: Embora existam esforços para adotar padrões internacionais para PEP, vários projetos não fazem uso desses pa-
drões. Os sistemas de PEPs para oncologia, em geral, fazem uso mais amplo de SOCs, enquanto na oncologia pediátrica 
o foco está nos relacionados à genética. Há necessidade de mais pesquisas para integrar PEP com padrões internacionais.
 

RESUMEN
Objetivo: Este trabajo tiene como objetivo analizar el uso de Sistemas de Organización del Conocimiento (SOC) 
como medio de enriquecimiento de la História Clínica Electrónica (HCE) para el dominio de la oncología pediátrica. 
Método: Se utilizó un método integrador de revisión de la literatura. Se realizaron tres revisiones bibliográficas, bus-
cando artículos desde 2016 hasta julio/2023 en PubMed, Scopus, IEEE Xplore y ACM Digital Library. Resultados: 
Se analizaron 52 artículos. Los resultados apuntan a los estándares adoptados para la especificación de HCE y describen 
el SOC más frecuentemente utilizado con HCE en oncología y también en el campo de la oncología pediátrica. Con-
clusión: Si bien existen esfuerzos para adoptar estándares internacionales para HCE, varios proyectos no hacen uso 
de estos estándares. Los sistemas HCE para oncología, en general, hacen un mayor uso de los SOC, mientras que en 
oncología pediátrica el foco está en los relacionados con la genética. Se necesita más investigación para integrar HCE 
con estándares internacionales. 
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1. INTRODUCTION

The evolution of  Information Technology has made it 
possible to store large amounts of  data in Electronic He-
alth Records (EHRs). Although there is a recent evolution 
in EHR models and Knowledge Organization Systems 
(KOS), data quality, information recovery and semantics 
interoperability, issues still persist. Therefore, research for 
alternatives to provide EHR standard descriptions and an-
notations, considering both syntactic and semantic aspects, 
is required. International standards for EHR were develo-
ped aiming to provide interoperability and reuse, as well as 
to improve data quality of  EHRs. However, such specifica-
tions are not sufficient from a semantic point of  view, thus 
requiring the use of  health domain-specific KOS.

In the biomedical field of  research, there are several 
KOS that aim to represent the semantics of  the domain. 
The increase in the number of  biomedical KOS genera-
tes semantic integration and interoperability problems(1). 

There are several reviews about usage (e.g.,(2)), specifi-
cations, and methods for EHRs development. Häyrinen 
et al.(3), for example, reviews the literature on EHR sys-
tems in order to analyze their use and impact. Yet Hwang 
et al.(4) reviewed the literature about the use of  techno-
logies to improve the interoperability of  ubiquitous he-
althcare systems. Other reviews, such as Wollersheim et 
al.(5) and Frade et al.(6), explore different aspects of  the 
OpenEHR implementation. 

The use of  different KOS has also been explored in 
the health informatics literature. Martins and Bulcão-
-Neto(7) present a review on methods for mapping onto-
logies to OpenEHR archetypes. There are reviews about 
the application of  EHR in several health domains(8), such 
as medical education(9). However, there is a lack of  re-
views focusing on oncology, particularly those aimed to 
analyze the use of  semantic technologies in EHR, as well 
as the use of  KOS for pediatric oncology.

We aim to review the use of  ontologies and other 
KOS as a means of  enriching EHR for the oncology do-
main, with the focus on pediatric oncology. To provide a 
broad review on this topic, we carried out three reviews 

focused on: 1. semantic technologies in EHR for onco-
logy (in general); 2. the use of  KOS for pediatric onco-
logy, and 3. a tertiary study aiming at Genetic Ontology, 
NCI Thesaurus, and pediatric oncology.

2. METHODOLOGY 

The adopted methodology is based on Kitchenham(10) 
and Prisma(11). From results of  an initial exploratory 
analysis of  the literature and the research objectives, the 
following guide questions were elaborated: Q1. Which 
are the models and applied techniques aimed to deal 
with semantics in cancer-targeted or oncology EHRs? 
Q2. Which is the KOS applied to pediatric oncology stu-
dies? Q3. Which is the relation between genetic ontology 
KOS, or NCI thesaurus, and childhood cancer? The se-
arch strings presented in Table 1 were established from 
the proposed questions and respective relevant search 
terms, and synonyms of  these terms.

Table 1 - Inclusion and Exclusion Criteria for 
Each Review

Search String 1 Search String 2 Search String 3

(“semantic” OR 
“ontology” OR 

“thesaurus”) AND 
(“electronic health 

record” OR “electro-
nic medical record”) 
AND (“cancer” OR 
“oncology” OR “car-
cinoma” OR “tumor” 
OR “neoplasm” OR 

“cancerology”)

(“semantic” OR 
“ontology” OR 
“ontologies”) 

AND (“childhood 
cancer” OR “pe-
diatric oncology”)

(“go ontology” OR 
“gene ontology” 
OR “National 

Cancer Institute”) 
AND (“cancer” 
OR “oncology” 
OR “carcinoma” 
OR “neoplasm”) 

AND (“childhood” 
OR “pediatric”)

The searches comprise articles published from 2016 
to July/2023 indexed in: PubMed, Scopus, IEEE Xplo-
re, and ACM Digital Library. Duplicate publications 
were excluded, titles and keywords were read in pairs, 
and the inclusion and exclusion criteria (Table 2) were 
applied. Then, the full text was peer-reviewed, and the 
criteria were applied again, selecting the most relevant 
results for the qualitative synthesis.

Table 2 - Inclusion and Exclusion Criteria for Each Review

Review Inclusion Criterion Exclusion Criterion

Rev. 1 • Complete work
• Address EHR and Semantics in oncology
• Primary and secondary studies
• Published full paper

• Addressing only one of  the topics
• Less than five health records
• Tertiary studies and protocol descriptions
• Languages other than English or Portuguese

Rev. 2 • Complete work
• Address ontologies and pediatric oncology
• Primary and secondary studies
• Published full paper

• Addressing only one of  the topics
• Less than five health records
• Tertiary studies and Protocol descriptions
• Languages other than English or Portuguese

Rev. 3 • Complete work
• Addressing GO or NCI in pediatric oncology
• Tertiary studies

• Not addressing pediatric oncology
• Experience of  less than five health records
• Primary and secondary studies, and Protocols
• Languages other than English or Portuguese
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3. RESULTS  

Figure 1 presents the quantitative results for each sta-
ge of  the Prisma diagram. As presented below, there are 
32 papers described in the fi rst review, 17 in the second 
review, and 11 in the third review. 

Table 3 presents the summary of  the results of  Review 

1, including the use of  the EHR standards, KOS adopted 
in the EHR and the key contributions. Table 4 presents the 
summary of  Review 2, including KOS adopted in the EHR 
and the key contribution. Eleven studies were analyzed in 
Review 3, of  each the studies(12,13,14,15,16) use GO, work(17)

used both GO and NCIt, works(18, 19) refer to the NCIt, and 
other three works are undefi ned regarding the use of  KOS.

Figure 1: Prisma diagram with quantitative results of reviews 1, 2 and 3

Table 3 – Summary table with the results from Review 1

Authors, year and reference EHR 
standards

KOS in oncology 
EHRs

Type of 
Cancer

Key Contribution

Alkarkoukly & Rajput, 2021(20) OpenEHR ICD, ICD-O, TNM Pancreas Propose a virtual patient template
Banerjee et al., 2018(21) Undefi ned Semantic Mapping General Estimate the short-term life expectancy  
Bibault et al., 2018(22) Undefi ned Bioportal, GO, OWL Lymph Nodes A new ontology specifi c to radiation oncology
Chan et al., 2016(23) Undefi ned SNOMED CT Liver Reveals association patterns in liver cancer
Chan et al., 2017(24) Undefi ned UMLS Liver Signifi es liver cancer and decision support
Chang et al., 2019(25) Undefi ned Undefi ned Breast Hormone receptor status via data data mining
Chen et al., 2022(26) Undefi ned UMLS Lung Risk evaluation and preventive screening

Chiudinelli et al., 2020(27) Undefi ned ICD9 Breast Provides evidence to support clinicians in 
post-surgical care  

Dugas et al., 2016(28) Undefi ned SNOMED CT, UMLS General Development of  uniform semantic annotations
Figueiredo et al., 2021(29) OpenEHR UMLS, SNOMED, NCI General Improved reuse and interop. of  EHR models

Frid et al., 2022(30) HL7 Various Ontologies General Integration patient app with clinical repository
Hanauer et al., 2020(31) Undefi ned UMLS General Improved search Engine for cancer research

He et al., 2019(32) Undefi ned UMLS, NCIt, Ont. General Improved maintenance of  biomedical KOS
Hochheiser et al., 2016(33) HL7 FHIR OWL, NCIt General A model for computable cancer phenotypes

Hong et al., 2018(34) Undefi ned ICD10, SNOMED, 
LOINC, NDFRT, READ

Liver/Cholan-
giocarcinoma

Design, development, and evaluation of  gene-
ric survival analysis routines

Iatraki et al., 2018(35) PHIR Various Ontologies General Improved search of  documents by patients
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Koopman et al., 2018(36) Undefined SNOMED CT Comm. & rare Automatic cancer characterization 
Kralj et al., 2019(37) Undefined Go ontology LLA, Breast Time efficiency improvements in rule learning

Legaz-García et al., 2016(38) OpenEHR OWL, Archetypes Colorectal Interoperability and exploitation of  archetypes, 
EHR and ontologies

Li et al., 2020(39) SEER 
Medicare 

CCAE General A model for embedding categorical attributes 
used in clinical endpoint prediction 

Maggi et al., 2019(40) HL7 HL7-CDA General Management of  patient data from wearables
Malty et al., 2018(41) Undefined RxNorm, OWL Breast Ontology of  hematological drugs and regimens
Meng et al., 2018(42) Undefined SNOMED CT Kidney An early warning model based on EHRs

Messaoudi et al., 2019(43) Undefined Various Ontologies Liver Improved image analysis of  liver lesions
Najafabadipour et al., 2020(44) Undefined Undefined Lung Extract natural history from EHR

Rani et al., 2019(45) Undefined SNOMED CT Breast Use of  text annotations to support patholo-
gists 

Rubinstein et al., 2020(46) Undefined Vocabulary Scheme Myeloma Normalized chemotherapy nomenclature
Sharma et al., 2017(47) OpenEHR  RDF, Archetypes  General Facilitate clinical modeling in cancer genome 
Sweidan et al., 2020(48) Undefined Various Ontologies Liver A fuzzy Ontology for liver fibrosis diagnosis

Wu et al., 2019(49) VUMC 
HER

Undefined General Drug repurposing based on EHR data

Zexian et al., 2018(50) Undefined UMLS Breast Identify distant recurrences in breast cancer
Zong et al., 2021(51) HL7 RDF Graphs General Prediction of  primary cancers

4. DISCUSSION 

Regarding Question Q1, results from Review 1 indicate that EHR standards are not used in most studies. Among the 
used standards, OpenEHR and HL7 excel from the others. This reveals that, although literature presents efforts to adopt 
these standards, there are still several projects that do not adopt international standards.

Table 4 - Summary table with the results from Review 2

Authors, year and reference KOS in EHRs Type of Cancer Key Contribution

Chen et al, 2022b(52) GO, KEGG Neuroblastoma Screened differential miRNAs related to NB
Dawidowska et al., 2019(53) GO, KEGG Acute Lymp. Leukemia Identify mi-mRNA interaction implicated in T-Cell

Fonseka et al., 2019(54) GO Neuroblastoma Role of  exosomes in N-Myc-driven aggressive NB
Guo et al., 2021(55) GO, KEGG Papillary Thyroid Biological mechanisms involved in CAYA-PTC

Huang et al., 2020(56) GO Medulloblastoma Identify hub genes in pediatric medulloblastoma
Liu et al., 2017(57) GO, KEGG e WGCNA Osteosarcoma Identify gene modules in human osteosarcoma
Luo et al., 2019(58) GO, KEGG Wilms Tumor HnRNPL act as p53 mRNA-binding protein in WT

Mousavian et al., 2017(59) GO Mixed Lineage Leukemia Reveals key genes related to glucocorticoid resistan-
ce in infant acute lymphoblastic leukemia

Núñez-Enríquez et al., 2016(60) GO, KEGG Acute Lymp. Leukemia Identify relevant biomarkers for high-risk relapses
Ohmura et al., 2021(61) GO Ewing’s Sarcoma RRM2 as a biomarker and therapeutic target
Olsson et al., 2016(62) GO Neuroblastoma Identify methylated genes in neuroblastoma
Shen et al., 2018(63) GO Osteosarcoma Identify protein’s role in the OS development
Sun et al., 2015(64) GO Osteosarcoma Suggest a set of  genes that may be involved in OS

Tomar et al., 2019(65) GO, KEGG Acute Lymp. Leukemia Identify the most Variable Genes and Transcription 
Xu et al., 2023(66) GO Rhabdomyosarcoma Identify urinary biomarkers of  rhabdomyosarcoma
Yan et al., 2018(67) GO, KEGG Ewing’s Sarcoma Identify genes and pathways in Ewing’s sarcoma

Zhang et al., 2020(68) GO, KEGG e WGCNA Wilms Tumor Understanding of  the WT molecular mechanism 
Zhong et al., 2018(69) GO Neuroblastoma Identify gene-signature to predict NB prognosis
Zhou et al., 2019(12) GO Wilms Tumor Identify potential biomarkers for Wilms tumor

Among the selected studies, we highlight the referen-
ces(40,33,51,30) once they use the HL7. Reference(40) focuses 
on the semantic architecture for interaction with weara-
bles and sensors. Reference(33) uses FHIR, which is the 

interoperable resource model of  HL7, with an OWL re-
presentation for cancer phenotype modeled using NCI 
terms. References(47,38,29,20) use the OpenEHR standard. 
In(47) OpenEHR Reference Model is used, which is a set 
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of  standard classes and mini-archetype models. It aims 
to produce a repository of  clinical cancer genome meta-
data, with application in a case study of  the “pharmaceu-
tical-clinical” domain in the TCGA. Article(38) describes 
an OWL file for clinical data, implemented as an arche-
type in the colorectal cancer domain. Works(16,49,35) ad-
dress semantic EHR using lesser-known standards. The 
other works address EHRs but do not report the use of  
a well-defined standard.

As shown in Table 3, SNOMED CT is the most ci-
ted alone and together with other KOS, including UMLS, 
NCIt, and ICD. Unlike the use of  international EHR 
standards, few articles do not mention the use of  at least 
a KOS. This may show higher attention to the term and 
concept descriptions than to the use of  standard formats 
for EHRs. Thus, the use of  EHR standards with recent 
technologies in the field of  semantic interoperability is a 
key point that is still in a future research agenda. In(45), 
SNOMED CT is used as an annotation standard for a 
Clinical Decision Support System (CDSS) in the realm of  
breast cancer. CDSS supports cancer pathological classifi-
cation and staging with natural language annotation. In(36), 
a classifier is proposed to identify cancer-related causes 
of  death; this classifier is used to extract SNOMED CT 
concepts. In(42), the authors use EHR history and SNO-
MED CT semantic relationships to expand terms related 
to kidney cancer, to achieve higher diagnostic accuracy.

In(23), SNOMED CT is used to analyze features of  the 
liver. In(34), six KOS (ICD10CM, ICD10PCS, SNOMED, 
LOINC, NDFRT, and READ) are used to support survi-
val analysis in intrahepatic cholangiocarcinoma patients. 
In(28), UMLS and SNOMED CT are used in the develo-
pment of  semantic annotations for medical data, aiming 
to provide uniform codes. In(33) cancer phenotypes are 
modeled with terms from the NCI Thesaurus, while(32) 
describes a cross-ontology topological standard, using 
UMLS and NCIt. In(27), the authors use ICD9 in a care 
flow algorithm based on the tumor’s clinical and histo-
pathological characteristics. As shown in Table 3, several 
works do not focus on a specific cancer. Breast cancer is 
the most studied one, followed by liver cancer. Various 
other cancer types are listed in one work each.

Regarding Question Q2, results from Review 2 (Ta-
ble 4) show that Gene Ontology (GO) is the most used 
one, including its use alone and with KEGG (Kyoto En-
cyclopedia of  Genes and Genomes) and WGCNA (Wei-
ghted Gene Coexpression Network Analysis), which are 
both linked to genetics. This result differs from the KOS 
pointed out in our first review.  

As shown in Table 4, when considering childhood can-
cer types, the following stand out: Acute Lymphoblastic 
Leukemia (ALL) and Wilm’s Tumor, followed by Neuro-
blastoma and Osteosarcoma. Medulloblastoma, Ewing’s 
Sarcoma, and Retinoblastoma are present in one study. 
These have characteristics related to genetics and heredity 

or are related to the blood and immune system. This may 
justify the large number of  works related to GO combi-
ned with other KOS focused on the genetics domain, as 
well as their integration with other KOS such as NCIt. 

In(57), the WGCNA is used to build a genetic co-expres-
sion network for the prediction of  involved gene clusters 
in osteosarcoma. In(68), the GO, KEGG, and WGCNA are 
used to analyze cell proliferation and ways to assess Wilm’s 
Tumors progression and to develop targeted therapies and 
biomarkers. In(60), the KEGG and GO are used to identify 
new biomarkers and to analyze ALL’s gene expression.

In(53), eight algorithms that exploit GO and KEGG 
were used in order to analyze miRNA-mRNA interac-
tions for ALL. In(67), GEO (Gene Expression Omnibus) 
and DAVID (Database for Annotation, Visualization, 
and Integrated Discovery) databases are used in conjunc-
tion with GO and KEGG to identify biomarkers and the 
process of  Ewing’s Sarcoma. In(58), GO and KEGG are 
used to discover differentially expressed genes between 
Wilm’s Tumor and non-adjacent tumors. In(12), the au-
thors make use of  GO to discover an endogenous com-
petitor RNA and a biomarker of  Wilm’s Tumor.

In(65), a mRNA expression analysis is performed to 
annotate genes and aggression of  ALL, GO and KEGG 
are used. In(69), using GEO and DAVID bases with GO, a 
gene signature is identified in order to predict the progno-
sis of  patients with neuroblastoma. In(53), GO is applied 
in a methylation profile analysis, which can be used in pa-
tient stratification and inform about epigenetically dysre-
gulated genes. GO is used in(54), where the authors point 
out that exosomes play a key role in aggressive neuroblas-
toma driven by amplification of  the oncogene and in che-
moresistance transfer between cells. In(59), GO is used in a 
weighted genetic co-expression network to identify gene 
modules associated with GC glucocorticoids in pediatric 
patients with ALL. In(63), is examined the molecular me-
chanisms of  osteosarcoma. The GO is used to analyze 
the potential functions of  Differentially Expressed Ge-
nes (DEGs). In(56), GO is used in the analysis of  three 
microarray datasets. Reference(64) investigates the osteo-
sarcoma; DEGs were analyzed by using GO.

Regarding Question Q3, the results from Revision 3 
show that 45% of  studies use GO, 18% NCIt, and 9% 
NCIt + GO together; the remaining (28%) is undefined. 
From a technological point of  view, three of  the analyzed 
works address languages and tools linked to machine lear-
ning for the prediction and identification of  relevant infor-
mation. However, we highlight that these studies neither 
address the link of  these KOS with EHRs for pediatric 
oncology nor the integration with other KOS in EHRs. 

In(17) big data is used to outline a treatment perspective 
in pediatric oncology using NCIt and GO. In(18), population-
-based cancer registries from Canada are used to standardize 
data collection, diagnosis, and out-of-stage prognosis. In(70), 
the authors address the TNM (Tumor Node Metastasis) 
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classification, which is applied to adults, and aim to establish 
principles and standardization for TNM classification in pe-
diatric oncology. In(19), the authors employed NCIt to analy-
ze the survival rates in children with ALL and the treatment 
of  acute toxic effects.

In(12), the authors analyze endogenous, and biomarkers 
related to Wilm’s Tumor using GO. In(13), GO is used to 
annotate lncRNAs in a method aimed to predict large-s-
cale human lncRNAs functions. In(14), a prediction model 
was developed for the prognosis of  ALL cancer using cli-
nical data and gene expression annotated with GO. In(71), 
the authors evaluate the performance and robustness of  
Optimal Bayesian Filtering for biomarker discovery in the 
context of  pediatric oncology. In reference(18) a modified 
Delphi approach is used to guide the Pediatric Cancer 
Data gathering. Work(15) uses GO in the visualization of  
genomic characteristics and reference(16) uses GO to reve-
al recurrent genetic and transcriptomic signatures. 

This work does not analyze in depth the benefits of  
adopting each standard and KOS from a system and cli-
nical point of  view. Therefore, a systematic long-term 
study is necessary. However, this work already provides 
valuable insights into the adoption of  semantic techno-
logies in EHR and the use of  KOS in pediatric oncology.

5. CONCLUSION 

Although there are advances in the use of  interna-
tional EHR specification standards as well as advances 
of  KOS of  the health domain, semantic interoperability, 
model reuse, and data quality are still challenges to be 
faced on health informatics research. We presented an 
integrative review, composed of  three literature reviews. 
We identified and analyzed the research and use of  stan-
dards and KOS for semantic specification of  EHRs in 
the realm of  pediatric oncology.

Our literature review points out that the most fre-
quently used standards in the analyzed works are HL7 
and OpenEHR. However, many studies do not adopt a 
specific standard. The review also points out differences 
between the main KOS used in oncology in general and 
the most used KOS in the domain of  pediatric oncology. 
From the results, the need for further research and im-
provement in the specification of  EHRs that integrate 
KOS with international standards was identified. In the 
next steps, we expect to propose processes and models 
aimed at integrating standards for EHRs specifications 
with the most used KOS for pediatric oncology domain.
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