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Abstract
Introduction Integration of controlled vocabulary-based electronic health record (EHR) observational data is essential for 
real-time large-scale pharmacovigilance studies.
Objective To provide a semantically enriched adverse drug reaction (ADR) dictionary for post-market drug safety research 
and enable multicenter EHR-based extensive ADR signal detection and evaluation, we developed a comprehensive controlled 
vocabulary-based ADR signal dictionary (CVAD) for pharmacovigilance.
Methods A CVAD consists of (1) administrative disease classifications of the International Classification of Diseases 
(ICD) codes mapped to the Medical Dictionary for Regulatory Activities Preferred Terms  (MedDRA® PTs); (2) two teach-
ing hospitals’ codes for laboratory test results mapped to the Logical Observation Identifiers Names and Codes (LOINC) 
terms and  MedDRA® PTs; and (3) clinical narratives and ADRs encoded by standard nursing statements (encoded by the 
International Classification for Nursing Practice [ICNP]) mapped to the World Health Organization–Adverse Reaction Ter-
minology (WHO-ART) terms and  MedDRA® PTs.
Results Of the standard 4514  MedDRA® PTs from Side Effect Resources (SIDER) 4.1, 1130 (25.03%), 942 (20.86%), 
and 83 (1.83%) terms were systematically mapped to clinical narratives, laboratory test results, and disease classifications, 
respectively. For the evaluation, we loaded multi-source EHR data. We first performed a clinical expert review of the CVAD 
clinical relevance and a three-drug ADR case analyses consisting of linezolid-induced thrombocytopenia, warfarin-induced 
bleeding tendency, and vancomycin-induced acute kidney injury.
Conclusion CVAD had a high coverage of ADRs and integrated standard controlled vocabularies to the EHR data sources, 
and researchers can take advantage of these features for EHR observational data-based extensive pharmacovigilance studies 
to improve sensitivity and specificity.
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Key Points 

Large-sale electronic health record (EHR)-based com-
putational approaches are an important part of pharma-
covigilance. As the use of EHRs expand, research on 
adverse drug reaction (ADR) signal detection using real 
patient records is increasing.

To enable the use of EHR data for adverse event report-
ing or clinical research we resolved the terminological 
differences between EHRs and standard ADR terminol-
ogy.

An ADR signal dictionary for pharmacovigilance 
provide exploration applicable to extensive electronic 
medical record data.

1 Introduction

An adverse drug reaction (ADR) is defined as an appreciably 
harmful or unpleasant reaction, resulting from an interven-
tion related to the use of a medicinal product, which predicts 
hazards for future administration and warrants prevention or 
specific treatment, alteration of the dosage regimen, or with-
drawal of the product [1]. In many countries, the number of 
ADRs reported has increased dramatically. For instance, in 
the USA, the number of serious ADRs increased to 807,270 
in 2014 from 264,227 in 2006 [2]. Therefore, finding an 
effective pharmacovigilance modality is one of the most 
imperative issues for patient safety.

As the electronic health record (EHR) systems expand, 
research into ADR signal detection is increasing [3–5]. The 
Semantic integrAtion and reasoning Framework for pharma-
covigilancE signals Research (SAFER) project [3] provided 
a semantically enriched platform for combinatorial ADR 
signal detection using combinations of diverse open-source 
ADR signal detection methods and publicly available data 
sources.

The SAFER project focused on three main data sources: 
spontaneous reporting systems (SRSs), observational data-
bases, and free-text resources for semantic harmonization 
of computational ADR signal detection methods for phar-
macovigilance. In particular, the PharmacoVigilance Signal 
Detector Ontology (PV-SDO) supports the development of 
an integrated platform for ADR signal detection [6]. PV-
SDO categorizes the different data sources employed for 
signal detection and classifies signal detection methods 
in terms of their types, underlying computational models, 
inputs, outputs, analysis parameters, requirements of use, 
strengths, and weaknesses. Declerck et al. [7] developed a 
method to extract patient data from EHRs for automatically 

populating adverse event (AE) reporting forms in the scope 
of the Scalable, Standard-based Interoperability Frame-
work for Sustainable Proactive Post Market Safety Studies 
(SALUS) project. SALUS built an interoperability platform 
and a dedicated toolkit to enable secondary use of EHR data 
for post-marketing drug surveillance [7]. To enable the use 
of EHR data for AE reporting, clinical research, or both, the 
terminological differences between EHRs and standard ADR 
vocabularies need to be addressed. Terminological reasoning 
also needs to be designed to ensure automatic conversion of 
source EHR terminologies to standardized ADR vocabu-
laries [7]. Laboratory test results are the most commonly 
used EHR data resources for the detection of ADR signals 
[8]. ADR signal detection from laboratory results requires 
systematic mapping to translate laboratory abnormalities 
into ADR signals. Therefore, it is necessary to systemati-
cally map laboratory test names (or codes) and their results 
to symptom-based terms, such as those contained in the 
Medical Dictionary for Regulatory Activities  (MedDRA®). 
In contrast, narrative data such as doctor’s notes or nurs-
ing records capture ADR symptoms adequately but are not 
commonly used for ADR signal detection because of poor 
codification, standardization, or both. An ideal ADR signal 
detection method should be able to investigate all drugs by 
all signs, all symptoms, and all abnormalities.

Therefore, systematic mappings between various EHR 
data resources and ADR-related standardized terms are 
essential for extensively detecting ADR signals from EHR 
data generated and stored daily in the course of clinical 
practice. Nurses are believed to play a more important role 
than doctors and pharmacists in discovering and spontane-
ously reporting ADRs [9, 10]. This may be because nurses 
regularly perform clinical observations/recordings with 
more standardized nursing statements rather than with the 
diagnosis codes and test results recorded by doctors [9–12]. 
Nursing records contain ADR signals in the form of clini-
cal symptoms and signs, such as dizziness, dry mouth, and 
weight gain, which are not detectable by laboratory tests. 
For all nursing documents, the Seoul National University 
Hospital (SNUH) (Seoul, Korea) EHR has applied stand-
ard nursing statements (SNSs) encoded by the International 
Classification for Nursing Practice (ICNP) for 14 years at 
the institutional level (Electronic Supplementary Material 
Table 1).

Observational Health Data Sciences and Informatics 
(OHDSI) proposed the Observational Medical Outcomes 
Partnership (OMOP), which is to be employed to study AEs 
of medical products using observational healthcare data-
bases. The OMOP Common Data Model (CDM) enables 
researchers to integrate healthcare data from diverse sources 
in a consistent and standardized way. OHDSI tools are under 
development. HERMES (Health Entity Relationship and 
Metadata Exploration System) is a web-based vocabulary 
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browsing tool in which the user is able to search for a term 
and explore related concepts [13].

In this study, we developed a controlled vocabulary-based 
ADR signal dictionary (CVAD) for pharmacovigilance that 
encompasses disease classifications, laboratory tests, and 
clinical narratives for use in extensive EHR data explora-
tion. The aim of CVAD is to make this information avail-
able for ADR researchers to apply to heterogeneous EHR 
data resources for pharmacovigilance. CVAD is an ADR 
signal dictionary that maps various terms in EHR resources 
to commonly used ADR-controlled vocabularies. For the 
evaluation, we used CVAD to detect ADR signals from the 
EHR data resources of teaching hospitals, using the ADR 
controlled vocabulary. CVAD enables daily EHR-based 
pharmacovigilance in a standardized manner, with system-
atic ADR signal detection for patient safety.

2  Methods

We conducted the present study in two phases. First, we 
developed the CVAD by reviewing numerous pharmacovigi-
lance studies. This first phase involved reviewing the ADR 
sources and proposing a concept for the CVAD. The review 
of the pharmacovigilance studies (Table 1) and mapping 
between standard ADR terms used  MedDRA®, and the con-
trolled vocabularies used the International Classification of 
Diseases (ICD), Logical Observation Identifiers Names and 
Codes (LOINC), and World Health Organization-Adverse 
Reaction Terminology (WHO-ART). Secondly, we applied 
the CVAD to the two local EHR systems in Korean ter-
tiary hospitals; we mapped the terminologies in the EHR 
to the controlled vocabularies. The applicability of CVAD 
for studying the drug–ADR signals of linezolid-induced 
thrombocytopenia, warfarin-induced bleeding tendency, and 
vancomycin-induced acute kidney injury was then shown.

2.1  Review of the Studies for Pharmacovigilance

We reviewed numerous articles and chose disease clas-
sifications, laboratory tests, and clinical narratives for 
standardization to develop the CVAD for EHR-based phar-
macovigilance (Table 1). We searched for terms such as 
“Pharmacovigilance”, “EHR”, “Controlled vocabularies” 
and “Adverse drug reaction” in PubMed in 2018 for related 
articles. As a result, we extracted papers from 2010 to 2018. 
After that, we determined which data categories to use in 
this study. The ICD is the most widely used disease clas-
sification for EHR-based pharmacovigilance [14]. Labora-
tory test names are well-encoded, and numerous labora-
tory results are in numerical formats, enabling researchers 
to set objective criteria for ADRs. Free-text clinical nar-
ratives are much more difficult to exploit than other data 

sources. Clinical narratives are hindered by issues such as 
misspelling, grammatical errors, and acronyms. However, 
it is believed to be more valuable than other data sources 
because it covers a wide portion of clinical information in 
daily practice and, thereby, provides rich ADR information. 
Many researchers have attempted to use clinical narratives in 
ADR by applying natural language processing (NLP) to map 
the extracted terms to ontologies, reference terminologies, 
or controlled vocabularies.

2.2  Controlled Vocabulary Mapping Strategy

We developed CVAD to enable the use of a variety of data 
sources in pharmacovigilance studies. CVAD consists of 
standard ADR terms, controlled vocabularies, and EHR 
data. We employed the subset of  MedDRA® PTs that were 
utilized at the Side Effect Resources (SIDER) 4.1 project to 
form standard ADR terms in the CVAD [33]. SIDER covers 
almost all known drug-ADR pairs because it reviews sev-
eral well-established ADR databases. SIDER 4.1 contains 
1345 drugs, 4251 ADRs, and 163,207 drug-ADR pairs. The 
core concept of developing CVAD is to map various data 
sources of EHR, i.e., disease classifications, laboratory tests, 
and clinical narratives, to controlled vocabularies in ICD, 
LOINC, and WHO-ART, respectively, and then to map them 
to the standard ADR terms (Fig. 1).

2.3  Mapping Between Standard Adverse Drug 
Reaction (ADR) Terms and Controlled 
Vocabularies

The mapping between the ICD and  MedDRA® is already 
well-established via the Unified Medical Language System 
(UMLS). We included considerable human resources in the 
 MedDRA®–LOINC and  MedDRA®–WHO-ART mappings. 
We used two steps to map the ICD, 10th edition (ICD-10) 
to  MedDRA® Preferred Terms (PTs). We first mapped Hohl 
et al.’s [34] 608 ICD-10 terms related to ADRs [34] to the 
UMLS. SIDER provides mapping relations between the 
UMLS Concept Unique Identifier (CUI) and  MedDRA® 
PTs, and, therefore, We extracted existing mapped contents 
using information regarding existing  MedDRA® UMLS 
CUIs and ICD UMLS CUIs provided by SIDER. LOINC 
was manually mapped to  MedDRA® by three physicians. 
Two of the physicians were in residency training in the 
Department of Laboratory Medicine at their respective 
institution and one was a general physician. They chose the 
 MedDRA® PTs to be mapped to LOINC. Table 2 shows the 
inclusion and exclusion criteria. A  MedDRA® PT that fit-
ted any of the inclusion criteria was considered a candidate. 
Otherwise, the term was considered excluded based on the 
exclusion criteria. If a term did not meet the inclusion or 
exclusion criteria, the physicians attempted to map the term 
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to the full extent of their clinical knowledge. The physicians 
mapped up to six LOINC terms to a  MedDRA® term when 
we used the top 2000 common laboratory results of LOINC 
for the mapping process. We classified the laboratory results 
as normal versus abnormal. In the case of anomalies, they 
are classified as high, low, or other depending on the char-
acteristics of each test. In the case of hepatitis, when the 

value of alanine aminotransferase test increases, it is indi-
cated as high. In the case of anemia, where the value of the 
hemoglobin test is decreased, it is indicated as low. In the 
case of chromaturia, it is noted as other and has a positive or 
negative meaning. We marked each laboratory result as high, 
low, or other for each LOINC term according to the associ-
ated  MedDRA® PTs and their threshold values. Two medical 

Table 1  Pharmacovigilance studies using electronic health records

ATC  Anatomical Therapeutic Chemical, CPT Current Procedural Terminology, EHR Electronic Health Record, HCPCS Healthcare Common 
Procedure Coding System, ICD International Classification of Diseases, ICD-9 ICD, 9th edition, ICD-9-CM ICD, 9th edition, Clinical Modi-
fication, ICD-10 ICD, 10th edition, ICD-10-GM ICD, 10th edition, German Modification, ICPC International Classification of Primary Care, 
LOINC Logical Observation Identifiers Names and Codes, MedDRA® Medical Dictionary for Regulatory Activities, SNOMED Systematized 
Nomenclature of Medicine, SNOMED-CT SNOMED Clinical Terms, STITCH Search Tool for Interactions of Chemicals, UMLS Unified Medi-
cal Language System, WHO-ART  World Health Organization–Adverse Reaction Terminology

Study EHR data used Data categories used Controlled vocabularies

Disease 
classifica-
tion

Labora-
tory 
tests

Clinical 
narra-
tive

Park et al. [15] Admission, discharge, drug prescription, 
laboratory tests

× O × N/A

Liu et al. [16] Laboratory tests, drug prescription × O × N/A
Ji et al. [17] Drug prescription, disease classification O × × ICD-9
Yoon et al. [18] Admission, discharge, drug prescription, 

laboratory tests, disease classification
× O × ICD-10

LePendu et al. [19] Clinical notes, drug prescription, disease 
classification, devices, procedures

O × O RxNorm, ATC, UMLS,  MedDRA®, ICD-9

Overhage et al. [20] Drug prescription, disease classification, 
procedures

O O × SNOMED, HCPCS, ICD-9, CPT-4, 
LOINC

Coloma et al. [21] Drug prescription, disease classification O × × ATC, ICD-9-CM, ICD-10, ICPC
Eriksson et al. [22] Drug prescription, disease classification, 

laboratory test, clinical narrative
× O O N/A

Stausberg [23] Disease classification O × × ICD-10, national procedure classification, 
ICD-9-CM, ICD-10-GM

Neubert et al. [24] Drug prescription, disease classification, 
laboratory test

× O O ATC, WHO-ART, LOINC

Patel and Kaelber [25] Drug prescription, disease classification, 
findings, procedures, laboratory test

O O × UMLS, SNOMED-CT, RxNorm, LOINC

Haerian et al. [26] Laboratory data, medication lists, and 
information in discharge summary notes

× O O UMLS

Li et al. [27] Admission notes, discharge summaries, 
laboratory tests, structured diagnosis

× O O UMLS, ICD-9

Li et al. [28] Retrospective narrative outpatient visits, 
admission notes, discharge summaries, 
and structured medication orders and 
laboratory results

× O O UMLS, ICD-9

Reich et al. [29] Inpatient, outpatient, and pharmacy 
services supplemented with clinical 
laboratory results

O O × ICD-9, SNOMED-CT, UMLS

Reisinger et al. [30] Demographics, drug exposures, condition 
occurrence

O × × MedDRA®, SNOMED-CT, NDC, CPT, 
HCPCS, ICD-9

Ryan et al. [31] Medical (inpatient, outpatient, and emer-
gency room), pharmacy, and laboratory 
data (including test results)

O O × MedDRA®, SNOMED-CT, NDC, CPT, 
HCPCS, ICD-9

Wang et al. [32] Unstructured clinical notes × × O RxNorm, UMLS,  MedDRA®, WHO-ART, 
STITCH
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residents created the primary mapping table between LOINC 
and the  MedDRA® PTs, and then a specialist created the sec-
ondary mapping table. Lastly, a consensus meeting finalized 
the mapping results.

A total of three experts were involved in the clinical 
narrative mapping. The WHO-ART terms were mapped 
to  MedDRA® by family medicine practitioners, a general 
physician, and a pharmacist. We selected the WHO-ART 
terms related to bedside nursing observations by matching 
them to the SNUH SNSs (encoded by the ICNP). In the first 
mapping step, the family medicine practitioner mapped the 
WHO-ART terms to the entire  MedDRA® PTs. The general 
physician and pharmacist then evaluated the appropriateness 
of the mapping performed in the first step. The evaluation 
consisted of two checkpoints: first, the general practitioner 
and pharmacist independently evaluated the appropriate-
ness of the mapping; and, second, all three had a consensus 

meeting to finalize the mapping table. The terms used in this 
study are from version 16.1 of the  MedDRA® dictionary, 
ICD-10 2016 version, LOINC Mapper’s Guide to Top 2000 
US Lab Tests version 1.6, ICNP version 1.0, WHO-ART 
version 092, and Korean Standard Classification of Diseases 
(KCD)-7.

2.4  Evaluation of a Controlled Vocabulary‑Based 
ADR Signal Dictionary (CVAD) in Two Teaching 
Hospitals in Korea

The evaluation of CVAD was performed with the EHR data 
from two local teaching hospitals, SNUH and Ajou Univer-
sity Hospital (AUH), with 1800 and 1030 inpatient beds, 
respectively. A total of three physicians  participated in 
matching EHRs to LOINC. Mapping of ICNP-based SNUH 
nursing records and WHO-ART was performed by a general 

Fig. 1  Controlled vocabulary mapping strategy of CVAD. a Extrac-
tion–Transformation–Loading of EHR data into CVAD data struc-
ture. b Data sources of EHR, i.e., drugs, disease classifications, labo-
ratory results, and clinical narratives are mapped to STITCH, ICD, 
LOINC, and WHO-ART, respectively. c Evaluation and integration 
of ADR signals using the SIDER database. ADR adverse drug reac-

tion, CVAD controlled vocabulary-based ADR signal dictionary, EHR 
electronic health record, ICD International Classification of Diseases, 
LOINC Logical Observation Identifiers Names and Codes, SIDER 
Side Effect Resources, STITCH Search Tool for Interacting Chemi-
cals, WHO-ART  World Health Organization–Adverse Reaction Ter-
minology
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physician. The KCD is a Korean version of the ICD with 
additional subcategories and some traditional medicine-
related diagnostic terms. KCD-7 is currently used and is 
based on ICD-10. We downloaded ICD-10 from the WHO 
Classification [35] and KCD-7 from the Health Insurance 
Review and Assessment Service [36] websites. Labora-
tory test codes and names were matched to LOINC by three 
physicians. A general physician validated the EHR-based 
laboratory results. Some laboratory test codes overlapped 
because of the redundant use of the same laboratory tests in 
different departments, renewal of the laboratory test codes, 
or both. After validation, the two physicians in residency 
in the Department of Laboratory Medicine from Severance 
Hospital created a primary mapping table and the general 
physician participated in the final one-to-one mapping. We 
mapped the SNUH nursing records [37] (encoded by the 
ICNP [38]) to the WHO-ART terms. These mapping and 
manual curation processes for building the CVAD in the 
present study took over 2 years to complete and have been 
validated by six clinical experts.

We found that only 69 of the 608 ICD-10 terms suggested 
by Hohl et al. [34] were mapped to 83  MedDRA® PTs in 
SIDER during the disease classification mapping. ICD-10 
diagnosis terms in daily practice cannot include most of the 
symptoms or signs experienced by patients. For example, the 
 MedDRA® PTs such as dizziness, weight increase, nervous-
ness, sepsis, and inflammation were not mapped to ICD-10. 
For LOINC laboratory test names, of the 4514  MedDRA® 
PTs in SIDER, 942 and 3572  MedDRA® PTs were mapped 
and excluded, respectively, according to the selection and 
exclusion criteria in Table 2.

Table 3 illustrates our two-stage evaluation of the clini-
cal relevance of matching clinical narratives to  MedDRA® 
PTs and its results. In the first evaluation, the general physi-
cian and pharmacist cross-checked each other’s evaluation 
and the degree of agreement was calculated. If there was 
a disagreement, the two worked together to figure out the 
appropriate terms. In the next step, three experts (general 
physician, pharmacist, family medicine specialist) gathered 
and reviewed the results. If the mapping was found to not be 
appropriate and new mapping was suggested, they modified 
the match when agreement was reached. Compared with the 
first-stage mapping of 239 WHO-ART to 1235  MedDRA® 
PTs using 1439 SNSs, we successfully mapped 267 WHO-
ART terms, chosen as nursing observation-related, to 1130 

Table 2  Inclusion and exclusion criteria of the Medical Dictionary for Regulatory Activities  (MedDRA®) Preferred Terms for mapping to Logi-
cal Observation Identifiers Names and Codes

Criteria Examples

Inclusion criteria
 Terms describing laboratory test results Hyperbilirubinemia, hypokalemia, agranulocytosis, proteinuria
 Disease that requires laboratory test results to make diagnosis Rheumatoid arthritis, nephrotic syndrome, hemolytic uremic syndrome, tubu-

lointerstitial nephritis, endocarditis, scleroderma, spondylitis
 Disease that presents laboratory test abnormality Dermatitis, bone cancer metastatic, hepatic cancer metastatic, abdominal 

abscess, virilism, otitis media acute, relapsing fever
Exclusion criteria
 Laboratory test terms without abnormalities Hemoglobin, muscle mass, immunology test, cardioactive drug level
 Clinical studies other than laboratory tests (i.e., imaging stud-

ies, physical examinations)
Weight increase, joint range of motion decreased, intraocular pressure 

increased, electrocardiogram QT prolonged
 Symptoms and clinical investigations Rash, pain, nausea, skin discoloration, convulsion, back pain, dry mouth, 

enuresis, decreased libido
 Internal or surgical procedures Vasodilation procedure, assisted fertilization, muscle relaxant therapy, surgery, 

sensitization, hypoventilation
 Disease that is easy to diagnose without laboratory tests Eyelid ptosis, cerebral ischemia, cardiac arrest, erectile dysfunction, hypoten-

sion, dermatitis atopic
 Too broad terms Disability, infarction, acute abdomen, obstruction, fetal disorder, hypertrophy, 

angiopathy

Table 3  Two-stage evaluation of the clinical relevance of match-
ing 267 World Health Organization–Adverse Reaction Terminology 
(WHO-ART) terms to 1130 Medical Dictionary for Regulatory Activ-
ities  (MedDRA®) Preferred Terms

Evaluator B

Appropriate Inappropriate

First evaluation (κ score = 0.34)
 Evaluator A
  Appropriate 824 32
  Inappropriate 293 86

Second evaluation (κ score = 0.84)
 Evaluator A
  Appropriate 1130 6
  Inappropriate 22 77
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 MedDRA® PTs using 1934 SNSs. This was evaluated by a 
general physician and pharmacist and reviewed by family 
medicine specialists, who exhibited a high degree of inter-
observational agreement (κ = 0.84, P < 0.001).

3  Results

3.1  CVAD Statistics

Of the 4514  MedDRA® PTs in SIDER, 1762 (36.03%) were 
mapped to one of the three EHR data sources of CVAD 
(Fig. 2a). Clinical narratives, laboratory tests, and disease 
classifications covered 1130 (25.03%), 942 (20.86%), and 
83 (1.83%) of the  MedDRA® PTs, respectively. Only nine 
 MedDRA® PTs were covered by all three EHR data sources 
(Fig. 2b). The number of mapped disease classification terms 
of the local EHR was the same as the controlled vocabular-
ies used in CVAD. Laboratory tests in the two EHRs were 
matched to 277 LOINC terms—182 for SNUH and 183 for 
AUH—in CVAD. We mapped 1934 SNSs to 267 WHO-
ART terms (Table 4).

CVAD contains 1345 drugs, 4251 ADRs, and 163,207 
drug–ADR pairs (Electronic Supplementary Material 2a). 

Fig. 2  Distributions of clinical narratives, laboratory tests, and dis-
ease classification in the controlled ADR vocabulary of CVAD. a 
Mapping percentage of clinical narrative, laboratory, and disease 

classification. b Venn diagram showing the number of mapped terms 
in the three data sources. ADR adverse drug reaction, CVAD con-
trolled vocabulary-based ADR signal dictionary

Table 4  Controlled vocabulary-based adverse drug reaction signal 
dictionary (CVAD) terms mapped to clinical narratives, laboratory 
tests, and disease classifications

ADR adverse drug reaction, AUH Ajou University Hospital, ICD-10 
International Classification of Diseases, 10th edition, LOINC Logi-
cal Observation Identifiers Names and Codes, MedDRA® PT Medical 
Dictionary for Regulatory Activities Preferred Term, SNS Standard 
Nursing Statement, SNUH Seoul National University Hospital, WHO-
ART  World Health Organization–Adverse Reaction Terminology

Narrative Laboratory test Disease 
classifi-
cation

No. of ADRs  (MedDRA® 
PT)

1130 942 83

No. of SNS 1934
No. of WHO-ART 267
No. of LOINC 277
No. of Laboratory tests in 

SNUH
182

No. of Laboratory tests in 
AUH

183

No. of ICD-10 69
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3209 ADRs terms were mapped to UMLS CUIs and we 
assigned CVAD IDs to enable large-scale multicenter EHR 
data-based ADR studies (Electronic Supplementary Mate-
rial 2b). Of the 4514  MedDRA® PTs that were utilized in 
SIDER, 1762 (39.04%) were mapped to one of the three 
EHR data sources: clinical narratives, laboratory tests, and 
disease classifications (Fig. 2a).

3.2  Examples and Use Cases of Application to Local 
Electronic Health Records Using CVAD

CVAD consists of (1) administrative classifications for 
the ICD codes mapped to  MedDRA® PTs; (2) SNUH and 
AUH codes for laboratory tests mapped to the LOINC terms 
and  MedDRA® PTs; and (3) both clinical narratives and 
ADRs encoded by SNS terms mapped to WHO-ART terms 
and  MedDRA® PTs. We manually mapped the SNS terms 
(encoded by the ICNP) and  MedDRA® PTs to WHO-ART 
[31] in CVAD, enabling systematic EHR-based ADR signal 
detection. Table 5 shows the mapping of CVAD for dis-
ease classifications, laboratory abnormalities, and clinical 
narratives that can be applied to pharmacovigilance studies 
using EHR data sources (Electronic Supplementary Material 
Table 2). CVAD enables multicenter EHR-based extensive 
ADR signal detection studies by providing a CVAD for dif-
ferent implementations. The contents are summarized as fol-
lows. If an issue of drug safety occurs, multiple institutional 
analyzes may be required. The terminology used by each 
institution differs when conducting multicenter analyses. In 
the case of the term thrombocytopenia in Fig. 3,  the admin-
istrative code defined in CVAD can be retrieved from the 
EHRs using UMLS code C0040034 for Thrombocytope-
nia or ICD-10 code D69.6 for Thrombocytopenia, unspeci-
fied.  Also, when searching by laboratory test, it is possible 
to search using 777-3, Platelets in Blood by Automated 
count in LOINC. Finally, in the case of clinical narrative, 
the study can be conducted by searching with “Decreased 
the level of hematocrit”. 

This electronic medical record multicenter study allows 
post-market surveillance, pharmacovigilance, and drug 
repositioning to proceed. As shown in Fig. 3, CVAD can 
facilitate the identification of various types of phenotypes 
associated with specific ADRs of interest. For example, 
linezolid is an antimicrobial agent commonly used for the 
treatment of vancomycin-resistant enterococci and methi-
cillin-resistant Staphylococcus aureus (MRSA) infections. 
However, the development of thrombocytopenia, one of the 
most frequent AEs of this antimicrobial agent, can lead to 
discontinuation of linezolid treatment [39]. As can be seen 
in Fig. 3, thrombocytopenia, as an ADR, could be indicated 
by numerous terms from different controlled vocabularies: 
“C0040034|Thrombocytopenia”, “777-3|Platelets in Blood 
by Automated count”, “Decreased the level of hematocrit”, 

“Thrombocytopenia”, and “D69.6|Thrombocytopenia, 
unspecified”. Systematic exploration of ADRs in EHR 
observational data for thrombocytopenia could benefit from 
the use of CVAD. A serious and common complication of 
warfarin treatment is the risk of bleeding [40]. For any par-
ticular patient, the potential benefit of preventing thrombo-
embolic disease needs to be balanced against the potential 
harm of induced hemorrhagic AEs [41]. As an ADR, this 
coagulopathy can be expressed via multiple terms from 
controlled vocabularies such as “C0005779|Disorder of 
hemostatic system”, “14979-9|Activated partial thrombo-
plastin time (aPTT) in Platelet-poor plasma by Coagulation 
assay”, “Used inspirometer”, “Coagulation disorder”, and 
“D68.9|Coagulation defect, unspecified”. The widespread 
use of more intensive regimens has been associated with an 
increase in vancomycin-induced nephrotoxicity reports [42]. 
Ramírez et al. [43] reported that renal function and vanco-
mycin trough concentrations should be closely monitored 
from week 2 of treatment in adults, intensive care patients, 
and those who receive concurrent nephrotoxic agents using 
a pharmacovigilance program from laboratory signals at a 
hospital. Renal failure as an ADR could be composed of 
controlled vocabularies such as “C0035078|Renal failure”, 
“2160-0|Creatinine [Mass/volume] in Serum or Plasma”, 
“Urine osmolality below normal”, “Renal function abnor-
mal”, and “N19|Unspecified renal failure” (Fig. 3).

4  Discussion

This study developed a CVAD for pharmacovigilance that 
encompasses disease classifications, laboratory tests, and 
clinical narratives for extensive EHR data exploration. 
CVAD aims to make this information available for ADR 
researchers to apply to heterogeneous EHR data resources 
for pharmacovigilance. Some of the greatest obstacles to 
ADR monitoring using real-world patient data are (1) how 
well the surrogate marker for the ADR signal reflects actual 
patient data and (2) how to isolate significant ADR signals 
from the volatility patterns in general medical situations. 
In addition, hospital-based ADR monitoring and reporting 
programs aim to identify and quantify the risks associated 
with the use of drugs administered in a hospital setting [44]. 
The success of pharmacovigilance depends on solving these 
problems. While these challenges could be addressed by the 
development of a variety of pharmacovigilance methods, the 
most important strategy is to ensure semantic interoperabil-
ity by linking clinical data with ADR data [45].

The present study proposed a CVAD for pharma-
covigilance that applies to extensive EHR data explora-
tion to achieve the integration of different data sources. 
With CVAD, the same level of pharmacovigilance can be 
performed in different hospitals with different EHR data 
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Table 5  Example controlled vocabulary-based adverse drug reaction signal dictionary (CVAD) terms for (a) disease classification, (b) laboratory 
results, and (c) clinical narratives

MedDRA® in SIDER Controlled vocabulary EHR systems

ICD-10 SNUH (ICD-10) AUH (KCD-7)

Name ID Name ID Name ID Name

(a) CVAD disease
 Hypersensitivity T78.4 Allergy, unspecified T78.4 Allergy, unspecified T784 Allergy, unspecified
 Hematuria R31 Unspecified hematuria R31 Unspecified hematuria R31 Unspecified hematuria
 Pharyngeal haemorrhage R04.1 Hemorrhage from throat R04.1 Hemorrhage from throat R041 Hemorrhage from throat

MedDRA® in SIDER Controlled vocabulary EHR systems

LOINC SNUH AUH

Name ID Name Unit High/low/other Code Name Code Name

(b) CVAD Lab
 Cardiac failure 30934-4 Natriuretic peptide 

B [Mass/volume] 
in serum or plasma

pg/mL H L8191 B-type Natriuretic 
Peptide (BNP) 
(em)

227 POCT BNP

10839-9 Troponin I. cardiac 
[Mass/volume] in 
serum or plasma

ng/mL H L3546 Troponin I 215 Troponin I

6598_07_01 Troponin T. cardiac 
[Mass/volume] in 
serum or plasma

µg/L H L3553 Troponin T 132 Troponin T hs

 Hepatitis 1742-6 Alanine aminotrans-
ferase [Enzymatic 
activity/volume] in 
serum or plasma

U/L H L3015 Alanine aminotrans-
ferase (ALT)

4 Alanine aminotrans-
ferase (ALT)

1920_8 Aspartate ami-
notransferase 
[Enzymatic 
activity/volume] in 
serum or plasma

U/L H L3014  Aspartate ami-
notransferase 
(AST)

3  Aspartate 
aminotrans-
ferase (AST)

 Rheumatoid 
arthritis

11572_5 Rheumatoid factor 
[Units/volume] in 
serum

IU/mL H L5103 Rheumatoid factor 102  Rheumatoid factor

30341-2 Erythrocyte sedi-
mentation rate

mm/h H L7201 Erythrocyte 
sedimentation 
rate (ESR) 

76 Erythrocyte 
sedimentation rate 
(ESR)

1988_5 C reactive protein 
[Mass/volume] in 
serum or plasma

mg/dL H L5102  C-reactive protein 
(CRP)

74  C-reactive protein 
(CRP)

33935_8 Cyclic citrullinated 
peptide IgG Ab 
[Units/volume] in 
serum

H L7348 Anti cyclic citrul-
linated peptide 
(CCP) antibody

320 Anti-CCP Ab IgG

8061_4 Nuclear Ab [Pres-
ence] in serum

O L5128 Antinuclear 
Ab(FANA)

150 ANA Screening

MedDRA® in SIDER Controlled vocabulary EHR systems

WHO-ART SNS ICNP

Name ID Name ID Statement Terms

(c) CVAD Clinical
 Ascites 715 Ascites 9232 Ascites present Ascites, Yes

9233 No ascites Ascites, No
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Table 5  (continued)

MedDRA® in SIDER Controlled vocabulary EHR systems

WHO-ART SNS ICNP

Name ID Name ID Statement Terms

 Abnormal faces 1537 Faecal abnor-
mality nos

322 Changed stool aspect stool characteristics, Bowel Elimination, Altered

325 Changed stool color stool characteristics, color, Bowel Elimination, Altered
1608 Normal defecation stool characteristics, Yes, Bowel Elimination defeca-

tion amount, defecation amount
3455 No mucoid stool Bowel Elimination , No
3456 Mucoid stool present color, Yes,  Bowel Elimination,  defecation amount

AUH Ajou University Hospital, CVAD comprehensive controlled vocabulary-based adverse drug reaction signal dictionary, EHR electronic 
health record, ICD-10 International Classification of Diseases, 10th edition, ICNP International Classification for Nursing Practice, KCD-7 
Korean Standard Classification of Diseases-7, LOINC Logical Observation Identifiers Names and Codes, MedDRA® PT Medical Dictionary for 
Regulatory Activities Preferred Term, SIDER Side Effect Resources, SNS Standard Nursing Statement, SNUH Seoul National University Hospi-
tal, WHO-ART  World Health Organization–Adverse Reaction Terminology

Fig. 3  Use case of CVAD for PMS and clinical trials, US FDA’s sen-
tinel initiative (PV), and DR. a LZD-induced thrombocytopenia, b 
warfarin-induced bleeding tendency, and c vancomycin-induced acute 
kidney injury cases. ADR adverse drug reaction, CVAD controlled 

vocabulary-based ADR signal dictionary, DR drug repositioning, 
FDA Food and Drug Administration, LZD linezolid, PMS post-mar-
ket surveillance, PV pharmacovigilance
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structures, and the pharmacovigilance data can be extended 
to a larger ADR reference standard. Therefore, CVAD could 
be an extremely useful pharmacovigilance tool. CVAD con-
sists of the  MedDRA® PTs contained in SIDER, covering 
996 drugs and 3209  MedDRA® PTs. SIDER has been used 
as a benchmarking set in ADR studies [46, 47] and as a 
source of other ADR databases since its launch in 2010 [48, 
49]. Although drug–ADR pair databases such as SIDER are 
not considered to contain pairs with considerable evidence, 
it is reasonable to use as a core terminology because SIDER 
was developed based on data from regulatory bodies, which 
are well-organized among ADR databases.

CVAD uses  MedDRA® PTs in SIDER that covers a wide 
range of drug–ADR pairs for systematic integration of many 
EHR ADR data sources. Current ADR study results are frag-
mented and tend to focus on a few drugs, ADRs, or both. 
The use of one data source to conduct an ADR signal detec-
tion study would make it hard to detect the signal because of 
its rarity as an ADR, or because its ADR characteristics are 
limited to certain data. Thus, an increasing number of ADR 
studies are attempting to use large datasets across differ-
ent EHR sources [26]. Researchers can also integrate study 
results with a few drug–ADR pairs using the ADR signal 
dictionary. We hope CVAD will enable large-scale multi-
center EHR data-based ADR studies to overcome the limited 
sensitivity of previous ADR studies that rely on restricted 
data sources such as literature reviews or regulatory data-
bases [50]. Diagnosis in daily practice alone, for example, 
cannot include most of the symptoms or signs that patients 
experience. This leads to low sensitivity of the signal detec-
tion when using diagnosis data in ADR signal detection. 
Integrating various EHR data sources such as laboratory 
tests or clinical narratives addresses this problem by allow-
ing the mutual complementarity of different data sources. 
Symptoms such as a headache or stomachache and abnor-
mal physical examination findings are not detectable with 
laboratory tests [51]. Abnormal liver and kidney function or 
abnormal kidney function can be found in clinical narratives 
through NLP methods. These methods are also effective for 
searching for these symptoms through laboratory test results. 
For this reason, it is important to use CVAD to find discover-
able drug AEs.

CVAD structure can be linked with existing OMOP 
vocabulary to increase versatility of both models. For exam-
ple, the condition concept structure of OMOP vocabulary 
employed the SNOMED-CT (Systematized Nomenclature 
of Medicine Clinical Terms) as a standard vocabulary and 
ICD-10, ICD-10, Clinical Modification (ICD-10-CM), and 
other terminologies as source codes. CVAD is also appli-
cable to part of the OMOP vocabulary. For example, the 
SNSs of SNUH statements (encoded by the ICNP) could 
include OMOP vocabulary source codes such as ICD-10, 
SNOMED-CT, MeSH (Medical Subject Headings), etc. 

We also considered maintenance of CVAD to be useful in 
a variety of research. Implementation of CVAD consists of 
extracting the resources from each hospital and mapping 
them into standard terminology. CVAD was developed 
with (1) Extraction–Transformation–Loading of EHR data 
into CVAD data structure; and (2) EHR data sources, i.e., 
drugs, disease classifications, laboratory results, and clini-
cal narratives are mapped to Search Tool for Interactions 
of Chemicals (STITCH), ICD, LOINC, and WHO-ART, 
respectively. The example shown in Fig. 1a does not need to 
be continually updated because all of the EHRs for the two 
hospitals have been mapped to the full range of terms avail-
able in pharmacovigilance studies. However, the overall 
mapping needs to be reviewed and updated by additional 
expert groups. Also, the strategies given in Fig. 1b and c will 
periodically be updated with reference to the SNOMED-
CT terminology update. We also referred to the guidelines 
outlined in the OMOP Common Vocabulary Model and con-
sidered the OMOP vocabulary maintenance concept such as 
that built on the shoulders of National Library of Medicine 
UMLS which requires community participation and support 
in the OHDSI network [52].

The present study has some limitations. CVAD covers 
1762  MedDRA® PTs, which consists of 36.03% of the 4251 
total  MedDRA® PTs in SIDER 4.1. The unmappable 1447 
 MedDRA® PTs that were not used in the ADR dictionary 
may affect the use of the ADR signal dictionary. Since the 
controlled vocabulary of disease classification was matched 
to only 83  MedDRA® PTs, we reviewed the laboratory test 
and clinical narrative as part of the ADR dictionary. We 
reviewed the proportion of the  MedDRA® PTs that fall into 
the exclusion criteria of the mapping of a laboratory test. 
Also, “Symptoms and clinical investigations”, “Clinical 
studies other than laboratory tests”, and “Disease which 
is easy to diagnose without laboratory tests” were covered 
the most by clinical narrative terms. The  MedDRA® PTs 
excluded using the exclusion criteria “Symptoms and clini-
cal investigations” were highly covered by clinical narra-
tive because nursing records are the major source of clinical 
investigation and symptoms. The exclusion criteria “Labora-
tory test terms without abnormalities”, “Internal or surgical 
procedures”, “Too broad terms”, and “Inherited diseases” 
are the terms that are not useful in ADR studies.

Currently, the clinical data used in CVAD are diagnosis, 
laboratory test, and nursing records. To better reflect actual 
patient data, various data resources, such as image inspec-
tion, physical examinations, doctor’s notes, and so on, need 
to be added to the CVAD. The gap between clinical data and 
ADR standard terms was also much larger than we expected. 
This may be because the definitions of most ADRs have 
accumulated through voluntary AE reports. Since real-time 
drug safety monitoring using real patient data can be used 
as a major strategy to monitor drug AEs, new areas of AEs 
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are expected to emerge [54]. Therefore, the ADR terminol-
ogy system will gradually evolve to reflect actual clinical 
situations, and CVAD is expected to improve this further.

CVAD will be available online to enable researchers to 
explore it. We are currently developing a web page with 
user-friendly browsing and searching functions which will 
integrate and release the results of pharmacovigilance stud-
ies that employed CVAD. We believe that it will contribute 
to pharmacovigilance research in the future.

Future pharmacovigilance is expected to begin at the drug 
development stage and include the entire life cycle of the 
drug. As the clinical and research gaps narrow and uncon-
firmed AEs become more common, patient health improve-
ments and healthcare system efficiencies will increase [53]. 
Therefore, it is clear that CVAD is a very useful and appro-
priate pharmacovigilance support tool.

5  Conclusion

Large-sale EHR-based computational approaches are an 
important part of pharmacovigilance. As the use of EHRs 
expands, research on ADR signal detection using real patient 
records is increasing. CVAD has a high coverage of ADRs 
and integrates standard controlled vocabularies to the EHR 
data sources, and researchers can take advantage of these 
features for EHR observational data-based extensive phar-
macovigilance studies to improve sensitivity and specificity.
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