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ABSTRACT

Objective: Electronic health records are increasingly utilized for observational and clinical research. Identifica-
tion of cohorts using electronic health records is an important step in this process. Previous studies largely
focused on the methods of cohort selection, but there is little evidence on the impact of underlying vocabularies
and mappings between vocabularies used for cohort selection. We aim to compare the cohort selection perfor-
mance using Australian Medicines Terminology to Anatomical Therapeutic Chemical (ATC) mappings from 2
different sources. These mappings were taken from the Observational Medical Outcomes Partnership Common
Data Model (OMOP-CDM) and the Pharmaceutical Benefits Scheme (PBS) schedule.

Materials and Methods: We retrieved patients from the electronic Practice Based Research Network data repos-
itory using 3 ATC classification groups (A10, NO2A, NO6A). The retrieved patients were further verified manually
and pooled to form a reference standard which was used to assess the accuracy of mappings using precision,
recall, and F measure metrics.

Results: The OMOP-CDM mappings identified 2.6%, 15.2%, and 24.4% more drugs than the PBS mappings in
the A10, NO2A and NO6A groups respectively. Despite this, the PBS mappings generally performed the same
in cohort selection as OMOP-CDM mappings except for the NO2A Opioids group, where a significantly greater
number of patients were retrieved. Both mappings exhibited variable recall, but perfect precision, with all drugs
found to be correctly identified.

Conclusion: We found that 1 of the 3 ATC groups had a significant difference and this affected cohort selection
performance. Our findings highlighted that underlying terminology mappings can greatly impact cohort
selection accuracy. Clinical researchers should carefully evaluate vocabulary mapping sources including meth-
odologies used to develop those mappings.

Key words: Australian Medicines Terminology, anatomical therapeutic chemical classification, electronic health records, cohort
selection, clinical trials
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INTRODUCTION

Routinely collected data from electronic health records (EHR) are
increasingly being utilized for clinical decision support systems and
observational research.'™ Such data allow large-scale observational
research to complement clinical research.*> The data also enable
researchers to identify specific patient cohorts for observational, ge-
nomic,® and clinical research.”'> However, using electronic health
records (EHR) data for cohort selection can be time-consuming and
challenging depending on the complexity of the selection criteria,
data quality, and mapping accuracy.'>™"?

Classification terminologies, such as the Anatomical Therapeutic
Chemical (ATC) classification, can efficiently be used to identify
patients for clinical research,'® monitor antibiotics and antibiotic
resistance worldwide,'” and identify drug-related problems in poly-
pharmacy studies.'® The use of the ATC in data repositories requires
the local drug concepts from various vocabularies to be mapped to
the classification classes of ATC. Creating mappings between them
allows the classification to be used consistently throughout and
across multiple data repositories. Health informaticians around the
world have been actively mapping between various vocabularies'’
and creating rich resources, such as the Unified Medical Language
System (UMLS) metathesaurus.?’

The ATC is also used in cohort selection and electronic phenotyp-
ing, usually for clinical trials.>'™° Electronic phenotyping identifies
patients with specific characteristics by querying EHR systems and
EHR-based data repositories using specific algorithms based on rules
and may include machine learning. The 5-level hierarchical structure
of ATC allows selection of cohorts with a degree of control in the gran-
ularity. Huber et al** demonstrated that the ATC can be used to iden-
tify patients with chronic conditions and measure their disease status.

Previous studies largely focused on approaches and models of
cohort selection,'" such as the use of machine learning®® and natural
language processing.”” However, there is little research that shows
how the underlying terminology or classification system affects the ac-
curacy and effectiveness of cohort selection. Using the ATC for cohort
selection relies on accurate mappings from source drug terminologies
to ATC.*® Reich et al'* demonstrated that differences in vocabulary
mapping can significantly impact the outcome of cohort selection.
There is also substantial variation between different classification sys-
tems depending on the context and clinical issues being investigated
such as opioid exposure.?’ It is therefore important to investigate the
limitations and accuracy of mappings between terminologies and clas-
sifications.>*? Fung et al®> compared the performance of 2 mapping
methods, semantic and lexical, used to map Systematized Nomencla-
ture of Medicine (SNOMED) concepts to International Classification
of Diseases, ninth revision, clinical modification (ICD9CM) concepts.
They found that the 2 methods had their own strengths and weak-
nesses, and combining the methods achieved higher performance than
either 1 alone. Furthermore, Hripcsak et al'® found that using knowl-
edge engineering can significantly reduce the error rate in cohort selec-
tion. Knowledge engineering refers to application of computational
rules to imitate expert knowledge. Specifically, authors devised auto-
matic and semiautomatic methods based on expert knowledge to map
concepts between 2 different vocabularies. It is important that map-
pings have a high precision (positive predictive value) rather than
higher sensitivity,>> as precision can greatly impact cohort selection
and, ultimately, the outcomes of clinical trials.>*

In this study, we investigated the effect of mappings on the accu-
racy of cohort selection. We took a similar approach to the previous
studies and compared the performance of the Australian Medicines

Terminology (AMT) to ATC mappings originating from 2 different
sources: The Observational Medical Outcomes Partnership Com-
mon Data Model (OMOP-CDM) and the Pharmaceutical Benefits
Scheme (PBS) schedule mapping by the Australian government.

BACKGROUND

Clinical terminologies

A clinical terminology is a collection of terms which describes a set
of concepts and the relationships among them. In this study we have
used the terms vocabulary and terminology interchangeably. Termi-
nologies can be divided into 3 main typesS: Interface Terminology
is the clinical language used for a particular domain; Reference
Terminology is a context-free description of concepts and a common
reference point from multiple different terminology systems; and
Aggregating Terminology provides a systematic arrangement of hi-
erarchical and disjoint classes based on common characteristics—of-
ten referred to as classifications.>® One example of reference
terminology is the Systematized Nomenclature of Medicine Clinical
Terminology (SNOMED CT) which covers a wide range of domains
to comprehensively represent routine health care. SNOMED CT is
also used as a clinical terminology for digital health systems such as
EHRs.373% Aggregating terminologies are classification systems
such as ATC?® and International Classification of Diseases (ICD),>
both of which categorize information into groups based on their
properties. Classification terminologies do not aim to describe all
possible concepts, but rather they allow the easy storage, retrieval,
and analysis of sets of concepts for research and decision-making.*
These are effective tools for identifying and aggregating information
for both public health and clinical research. Hence, it is vital to have
accurate and consistent mappings.

Australian Medicines Terminology

The AMT is the Australian national standard for the identification
and naming of medicines in Australia.*! It is managed by the Austra-
lian Digital Health Agency and is structured to have 7 classes:
Medicinal Product (MP), Medicinal Product Pack (MPP), Medicinal
Product Unit of Use, Trade Product (TP), Trade Product Pack (TPP),
Trade Product Unit of Use, Containered Trade Product Pack. Ini-
tially developed as a stand-alone medicines terminology modelled
after SNOMED CT,* the AMT is now part of the SNOMED
CT-AU in the form of an extension. As a result, there is significant
duplication between MP and Substance concepts in AMT and
SNOMED CT (Supplementary Appendix A). For example, an MP
from AMT bupropion, 21798011000036100 has the SNOMED CT
International  equivalent of  Bupropion-containing  product,
96199001. Most of the AMT substances are identical to SNOMED
substances, with exceptions including vaccines and food supple-
ments where AMT terms are more specific.

Anatomical Therapeutic Chemical classification

The ATC classification was developed to standardize research to im-
prove the quality use of medicines; it is maintained by the World
Health Organization Collaborating Centre (WHOCC) for Drug
Statistics Methodology.'® The WHO ATC was introduced in 1976
and is updated annually to include new ingredients approved for use
in the previous year. The classification has a 5-level structure, divid-
ing active ingredients into groups according to the organ or system
they act on at the first level; therapeutic subgroup at the second
level; chemical (therapeutic, pharmacological) properties at the third
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Figure 1. Overview of the study design.

and fourth levels; then chemical substance or combinations at the
fifth level. Usually only 1 ATC code is assigned to ingredients of sim-
ilar strength, route of administration, or indication. However, ingre-
dients with different strength or route of administration may be
assigned more than 1 ATC code.*® For example, dapsone is
categorized under 2 different categories: D10AX (Other anti-acne
preparation for topical use) and JO4BA (Drugs for treatment of
lepra) to reflect its varying strength and routes of administration. In
case of an ingredient of the same strength and route with 2 or more
indications, only 1 ATC code is generally allocated by the WHO.
For example, amitriptyline is commonly indicated for treating de-
pression, neuropathic pain, and migraines. However, it only has 1
ATC code (NO6AA09) reflecting its indication for depression.

MATERIALS AND MIETHODS

An overview of our methods is shown in Figure 1. Three ATC classi-
fication groups at the second and third levels were chosen for this
study: A10 Drugs used in Diabetes, NO2A Opioids, and NO6A Anti-
depressants. We first retrieved the AMT concepts based on their

ATC code using OMOP-CDM, PBS, and a set of expert generated
mappings. We then identified the patients that have taken these
drugs. The patients were reviewed manually by another 2 experts to
verify the correctness of the patients retrieved. To create the refer-
ence standard, we adapted a method described by Hripcsak and Wil-
x** in which experts serve multiple roles. Similar methods have
been used in studies evaluating the use of natural language process-
ing for detection of clinical conditions from clinical reports, where

CO!

there is no existing reference standard with which to compare the
evaluation results.*> We created the reference standard by pooling
the verified patients from the 3 mappings and removing duplicates,
leaving only the correctly identified patients of each ATC class. The
reference standard was then used to compare the performances of
the OMOP and PBS mappings. We have shared the code developed
as part of this study publicly.*®

AMT-ATC mappings from PBS

The PBS is a prescription drug subsidy program in Australia. The
PBS schedule lists all the medicines available to patients at govern-
ment subsidized prices. The PBS listing contains AMT identifiers
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Figure 2. PBS mapping of ATC code to AMT concepts. The arrows indicate where the ATC code assignment originated from and where they were assigned to.
fifth-level ATC codes assigned to the AMT concepts were carried over from the WHO ATC, while fourth-level codes were assigned by PBS.

and descriptions of Medicinal Product Unit of Use and Trade Prod-
uct Unit of Use for chemotherapy infusible items; and MP, MPP,
and TPP for all other items. The schedule is updated at the end of
each month and new drugs are incorporated into the AMT the
following month. The WHO ATC is updated annually in January
with the PBS updated to incorporate these new or amended ATC
codes by April of each year.

Appropriate ATC codes are assigned to PBS listings with most of
the fifth-level codes carried over from WHO ATC. On occasions
where a fifth-level code is not yet available, an appropriate fourth-
level code (or, more rarely, a third-level code) will be assigned by
the PBS (Figure 2). Information from various sources including
the WHOCC website (a code may have been proposed but not yet
ratified), the Therapeutic Goods Administration approved product
information and indications for use, and the indications for which
the drug is to be PBS-listed are used in this process. As a result, ATC
codes included as part of PBS data may be different from those
assigned by the WHOCC. Discrepancies can occur when a single
drug has multiple indications. An example of this is dapsone, whose
ATC code (J04BAO02) assigned by the WHO for the oral preparation
relates to its use in the treatment of leprosy. The department was
made aware that medical practitioners were misinterpreting the
heading for dapsone in the PBS schedule to mean that it was only
listed for this condition. As a result, a second ATC code, D11AX0S,
was assigned to reflect its additional indication.

PBS mappings used in this study were from the PBS publication
released  July 1, 2018.* The amt_20180701.txt and
drug_20180701.txt files containing the drug information were used
to source the PBS mappings. In the source file, each row represents a
single drug concept, with the amt_20180701.txt containing codes at
the MP, MPP, and TPP levels, and drug 20180701.txt containing
the ATC classification of each drug. The 2 files were joined by
matching PBS code, MP (active ingredient), and MPP to construct a
single table with AMT to ATC mappings. For example, the output
consisted of drug name dapagliflozin 10 mg tablet, 28, ATC code
A10BKO1, PBS code 10011X extracted from drug_20180701.txt;
and AMT MP 91851000036102, MPP 89811000036101, and TPP
89801000036103 from the amt_20180701.txt.

AMT-ATC mappings from OMOP-CDM

OMOP-CDM aims to solve the problem of disparity between sys-
tems when sharing clinical data.*® It allows replicable systematic
analyses across databases by harmonizing data from different
sources into a standardized common data model and vocabulary.
The drug vocabulary structure is based on RxNorm, which also
forms the core of the drug content of OMOP-CDM. RxNorm com-
prehensively describes the drug market in the United States of Amer-
ica. It may not contain products available in other countries. Drug
concepts that do not exist in RxNorm are added as RxNorm Exten-
sion in OMOP-CDM, using an OMOP-CDM generated vocabulary
with the same structure and properties as RxNorm (Figure 3). Since
August 2013, ATC has been a source vocabulary in RxNorm,*
meaning RxNorm ingredients would have existing mappings with
tifth-level ATC equivalents.

OMOP-CDM used the UMLS Metathesaurus to source map-
pings for a range of terminologies, including ATC and RxNorm.
However, the Metathesaurus does not include the SNOMED CT-
AU extension and AMT vocabularies. The AMT mapping to ATC
was therefore completed by Observational Health Data Sciences and
Informatics (OHDSI) program. AMT was added into the OMOP-
CDM vocabulary on September 6, 2017.°° New drug vocabularies
such as AMT were added with an OHDSI-developed script which
breaks down each new drug concept into its attributes and matches
them against existing concepts. New concepts in RxNorm extension
are created for those that do not match. OHDSI is experimenting
with knowledge-engineering vendors to import and map new vocab-
ularies using available sources with automated mapping and also
manually translate the concepts. A vocabulary working group works
through these new concepts and makes necessary changes.

This study used OMOP-CDM v5.3 and vocabulary version v5.0
18-JAN-18. We first retrieved all mappings for the AMT to ATC
from the OMOP-CDM vocabularies, obtaining a total of 56 889
AMT concepts with their corresponding ATC codes. We refer
to these mappings as “OMOP-CDM mappings.” Examples of the
final output of the mapping retrieved is shown in Supplementary
Appendix A. An example OMOP-CDM concept for Dapagliflozin
10 Mg Tablet is available publicly.’’
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the AMT concepts it maps to.

Cohort selection

Cohort selection was performed on the ePBRN data repository
at the University of New South Wales in Sydney, Australia.>?
The data is extracted every 6 months from 18 general practices and
community and hospital services, including outpatient clinics, in
health neighborhoods in South Western Sydney. The data are

53,54 and

pseudonymized, extracted, and linked in a secure manner
includes patient demographics, medications, conditions, and visits
to general practices and hospitals converted into OMOP-CDM.>’
The linked data are used for analysis and investigation for various
health research purposes. The ePBRN data repository has been used
in various studies providing an opportunity to address any data
quality issues encountered during the execution of studies.’>*® We
selected patients who have attended the practice at least 3 or more
times in the past 2 years from the ePBRN (November 2017 data
extract). This was based on the definition of an “active patient” set
out by the Royal Australian College of General Practitioners.”” We
identified patients with eligible medications and implemented rules
and filters to verify the quality of data.

Evaluation of mapping accuracy

Evaluation of the drugs identified from the 2 mappings was based
on whether the patients retrieved were correctly identified for taking
a drug of a given group (Figure 1). The focus was whether the drug
used to identify the patient has been used in Australia for the pur-
pose of the given ATC group. For example, when a patient is identi-
fied by Mirtazapine, which is primarily used to treat depression but
was instead prescribed for the treatment of anxiety, the patient was
still considered to be a valid identified patient. In such cases, we ex-
plored whether a more appropriate ATC code existed to which the
same drug could have been mapped. This process was performed
by 2 medical experts with each expert reviewing all the patients.
The experts were provided with a summary of the patients’ medical

history, including prescription history, diagnosis, and pathology test
results to aid them with the review process. Discrepancies in the re-
view were resolved by consensus.

Evaluation metrics

Precision, recall, and F measure calculated against the reference
standard were used to compare the 2 mappings.’®*” These measures
are capable of quantifying inter-rater agreement when a reference
standard is available. We calculated precision as the percentage of
mapping results that matches the reference standard (equivalent to
positive predictive value); recall as the percentage of the reference
standard that matches the mapping results (equivalent to sensitiv-
ity); and F measure is the harmonic mean between recall and preci-
sion.”” To calculate these metrics, true positives (TP, patients
correctly identified by the mapping and verified by experts), false
positives (FP, patients incorrectly identified by the mapping), false
negatives (FN, patients not identified by the mapping but by the
reference standard), true negatives (TN, patients not identified by
either the mapping or the reference standard) were generated. Exam-
ples of each measure is provided in Supplementary Appendix A. To
assess the statistical significance, we used bootstrap sampling
of 10000 iterations to estimate the 95% confidence intervals of the

F measure.®®

RESULTS

Number of drugs retrieved

Using the 2 mapping sources we first identified drugs for each ATC
group in the ePBRN data set. The differences in the number of drugs
are not good indicators of mapping performance as mappings to
different AMT groups may cause duplicates of the same drug.
Nevertheless, the differences between the mappings were within
a reasonable range of less than 25%. We also found that PBS
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Table 1. Number of AMT drug product concepts identified by the ATC groups with the 2 mappings

ATC Group OMOP-CDM Mappings PBS Mappings Difference
A10 (Drugs used in diabetes) 467 455 12 (2.6%)
NO2A (Opioids) 639 542 97 (15.2%)
NO6A (Antidepressants) 669 506 163 (24.4%)

Abbreviations: ATC, Anatomical Therapeutic Chemical; OMOP-CDM, Observational Medical Outcomes Partnership Common Data Model; PBS, Pharmaceu-

tical Benefits Scheme.

Table 2. Number of active patients retrieved

ATC Group OMOP-CDM Mappings PBS Mappings Difference
A10 (Drugs used in diabetes) All sites 5122 5093 29
Selected site 82 84 2
NO2A (Opioids) All sites 11314 20629 9315
Selected site 62 141 79
NOG6A (Antidepressants) All sites 13295 12796 499
Selected site 115 112 3

Abbreviations: ATC, Anatomical Therapeutic Chemical; OMOP-CDM, Observational Medical Outcomes Partnership Common Data Model; PBS, Pharmaceu-

tical Benefits Scheme.

Table 3. Number of overlapping patients of each mapping and percentage of overlapping patients of each mapping

ATC Group Patients captured in both OMOP-CDM and PBS Captured in OMOP-CDM Captured in PBS
A10 (Drugs used in diabetes) 81 98.8% 96.4%
NO2A (Opioids) 55 88.7% 39%
NOG6A (Antidepressants) 112 97.4% 100%

Abbreviations: ATC, Anatomical Therapeutic Chemical; OMOP-CDM, Observational Medical Outcomes Partnership Common Data Model; PBS, Pharmaceu-

tical Benefits Scheme.

mappings overall identified less drugs than OMOP-CDM mappings
(Table 1).

Cohort identified in the ePBRN (November 2017 data
extract)

Using the drugs retrieved from both mappings, we identified the
active patients taking these drugs in the ePBRN data repository
(Table 2). The difference in the number of patients identified in A10
and NO6A was 29 and 499, respectively. An additional 9315
patients were identified by the PBS compared to OMOP-CDM map-
pings for NO2A, even though PBS had 15.2% fewer identified drugs.
The results from a selected general practice site within the ePBRN
data repository followed a similar pattern with small differences in
ATC groups A10 and NOG6A. More patients were identified using
PBS than OMOP-CDM in NO2A (Table 2).

Overlap between the 2 mappings

There was a high proportion of overlapping patients retrieved by
both mappings. In the A10 group, 81 were overlapping patients; this
covered 98.8% of OMOP-CDM mapping and 96.4% of PBS map-
ping (Table 3). The NO2A group had a larger difference between the
2 mappings, with OMOP-CDM and PBS having fewer overlapping
patients at 88.7% and 39%, respectively. The OMOP-CDM map-
ping in the NO6A group was able to identify all the patients from
PBS with an overlap of 97.4%.

Mapping accuracy

Evaluation metrics were calculated for active patients from a single
general practice site based on the results generated from the expert
review process. The 2 experts had an inter-rater agreement (F mea-
sure) of 98.4%. “Drugs being prescribed for off-label use” was the
most common reason for discrepancies. The recall values of PBS
mappings were close to perfect, with all scoring above 0.887;
whereas OMOP-CDM mappings scored similarly in the A710 and
NOGA groups but exhibited a much lower recall of 0.389 for N0O2A.
The precision across the board had a value of 1 as there were no
falsely identified drugs by either mapping. The F measure for all
groups of PBS mapping had values above 0.94, and OMOP-CDM
mappings also performed well in all groups except NO2A with a
value of 0.561. Using bootstrap sampling, we found there were no
significant differences between the F measure in ATC A10, NO6A
groups (Figure 4). However, the F measure for the PBS mapping was
significantly higher than OMOP-CDM for N0O2A (P <.0001).

DISCUSSION

This study found that mappings from OMOP-CDM and PBS had
their own strengths and weaknesses for cohort selection. The refer-
ence standard generated by sourcing from experts and the 2 existing
mappings was shown to be an effective method to produce a refer-
ence standard where no existing gold standard exists. The experts
identified additional drugs which were not picked up by either map-
ping. OMOP-CDM and PBS were not able to identify all the avail-
able patients found in the reference standard. The PBS performed
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Table 4. Accuracy of patients retrieved using OMOP-CDM and PBS mappings
ATC Group OMOP-CDM Mapping PBS Mapping

Recall Precision F-measure Recall Precision F-measure Difference in F-measure 95% Cl P-value
A10 (Drugs used in diabetes) 0.943 1 0.970 0.966 1 0.982 0.012 —0.00693, 0.0241 234
NO2A (Opioids) 0.389 1 0.561 0.887 1 0.940 0.379 0.299, 0.450 <.0001
NO6A (Antidepressants) 1 1 1 0.974 1 0.987 0.013 —0.0264,0.00496 127

Abbreviations: ATC, Anatomical Therapeutic Chemical; OMOP-CDM, Observational Medical Outcomes Partnership Common Data Model; PBS, Pharmaceu-

tical Benefits Scheme.
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Figure 4. Difference in F measure across the A70, N02A, and NO6A ATC
groups.

significantly better than OMOP-CDM for the opioid class drug
mappings. All identified patients belonged to the group to which
they had been mapped to under the ATC. They therefore all passed
expert grading, even when a drug was prescribed for a purpose other
than the main condition treated by the ATC group (ie, diabetes mel-
litus, depression, or pain). This is because we chose to verify the cor-
rectness of the drug mappings rather than the validity of using drugs
to identify patients with certain conditions. For example, if a patient
is taking a drug (metformin) primarily used for treating diabetes,
but the patient did not have diabetes based on their medical record
we still considered the patient as a true case. This decision was justi-
fied because of the way cohort selection exercises are performed us-
ing algorithms and rules containing multiple variables."’ Accurate
identification of phenotype relies on the combination of these varia-
bles and how accurate each variable is in identifying values in its
own intended domain. Overall, the perfect precision (positive pre-
dictive value) of both mappings suggest that either of the mappings
would be suitable to use for cohort selection using EHR data.
Further investigation into the group N02A Opioids revealed that
54.7% of patients identified by Panadeine- and 2.7% by
methadone-containing drugs were uniquely mapped by the PBS. The
biggest factor causing the difference in this group was due to the

drug 835991000168101 Panadeine Forte uncoated tablet, 20. There
were approximately 350000 prescriptions of Panadeine Forte and
14700 unique active patients taking those prescriptions in the
ePBRN data repository. Panadeine is the trade name for the combi-
nation of paracetamol and codeine with the existing WHO ATC
code of NO2AJ06. This drug is missing from the NO2A class from
the OMOP-CDM mapping as it was mapped to acetaminophen
(paracetamol) and not codeine (classified as NO2A Opioid). This er-
ror in the mapping is likely due to the lack of the incorporation of
local drug knowledge leading to unmapped concepts in the OMOP-
CDM mapping. However, OMOP-CDM was able to pick up drugs
such as rikodeine and oxycodone. This finding is consistent with the
knowledge-engineering techniques that were required to produce
high performing mappings.'?

The groups A10 Drugs used in diabetes and NO6A Antidepres-
sants performed similarly between the 2 mappings. However, there
were some noteworthy differences in the NO6A group. One example
of this is bupropion, which the WHO ATC code NO6AX12 groups
as an antidepressant, an indication for which it is used overseas. In
Australia, the drug is registered for use and PBS-listed for the treat-
ment of nicotine dependence. In this case the official WHO ATC
code was stored as a separate part of the PBS schedule for informa-
tion only, not for publication. Another ATC code NO7BA was
assigned to the drug which groups it in the published schedule with
other PBS-listed drugs available for treatment of nicotine depen-
dence. For the same reason, it was also assigned to the NO7BA
group in other geographical regions such as Ireland in the General
Medical Services Payments Board prescription database.®! Although
the difference in identified patients was not statistically significant,
it is evident that additional knowledge input was utilized by the PBS
to reflect drug use in Australia.

Interestingly, when drugs had been prescribed for uses other
than their primary purpose, there was not a more appropriate cate-
gory in the ATC where they could be listed. For example, antide-
pressants were frequently prescribed to treat neuropathic pain. The
only mention of neuropathic pain in the ATC is in the description of
NO1BX Other local anaesthetics. Neuropathic pain is not in the hi-
erarchy or grouped under analgesics. Conversely, when looking at
drugs of NO2A Opioid class, we discovered that some drugs in this
group have also been mapped to a different class with similar chemi-
cal properties NO7BC Drugs used in opioid dependence (eg, metha-
done hydrochloride 5 mg/mL oral liquid, 200 mL, an opioid
analgesic with the WHO ATC of NO7BC. However, it was assigned
to both NO7BC and NO2A in the PBS mappings to reflect its opioid
analgesics properties, whereas OMOP-CDM only assigned NO7BC.
This raises a problem of reproducibility even when studies use the
same ATC group but with different source terminology and map-
pings. For example, Smith et al®*
during pregnancy using NO6A. They manually included methadone

investigated opioid analgesic use
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and buprenorphine even though it was grouped as NO7BC in their
data set. However, a similar study specifically excluded these 2
drugs.®® Additionally, few studies had no mention of drugs included
as part of the NO6A group.®*®

We tested this by identifying the number of patients taking anti-
hypertensive drugs in addition to the 3 selected ATC groups. The
results are included in Supplementary Appendix A. The ATC group
CO2 Antihypertensives only identified 7 (0.5%) patients from the
selected general practice from each mapping—far from the 10.6%
prevalence of hypertension in Australia.®® We found that most hy-
pertensive patients were also prescribed drugs grouped in C03 Diu-
retics (6.1%) and CO9 agents acting on the renin-angiotensin system
(13.5%). In most of the patients, drugs from more than 1 of the
above groups had been prescribed. This suggests that inclusion of
all appropriate groups is essential when performing such tasks.
While researchers have successfully overcome this issue by carefully
selecting and excluding ATC groups,'® others may misuse the ATC
classification system by assuming the named categories include all
relevant drugs. We also noticed a difference in the 2 mappings such
that an antihypertensive drug Avapro Hct 300/25 Table containing
both irbesartan and hydrochlorothiazide was only mapped to
CO09DAO04 irbesartan and diuretics by PBS, while OMOP-CDM had
2 additional ATC codes, namely CO3AA03 hydrochlorothiazide and
CO09CAO04 irbesartan.

Limitations

First, we only compared 3 classes of drugs of ATC and the choice of
drugs was not random. Translation of our findings to other drug
classes is unknown. Second, we have used only data from 1 practice
for manual grading. This cohort might not be representative of the
population observed in the same health district. Third, we have not
addressed the fact that the mappings from OMOP-CDM and PBS
are at different stages of maturity. While OMOP-CDM does source

from more mature mappings such as UMLS®”

where possible, there
are still a number of newly established mappings within OMOP-
CDM that need to develop further. It should be noted that mappings
from both sources are regularly updated and ATC mappings of
OMOP-CDM have been updated since we conducted this study.
Finally, incomplete or incorrect mappings can be caused by factors
such as local practice variation. Clinical variations exist within and
across health care systems where the clinicians need to provide
individualized care according to their local guidelines. In addition,
drug repurposing can pose an issue.’® The impact of these factors
on the performance of electronic phenotyping has not been well
investigated. It is also important to note that this study is not a com-
prehensive and systematic comparison of the 2 mappings, but rather
highlights the impact of vocabulary mapping choice on cohort selec-
tion, using preselected drug categories, and the need to assess the
underlying mappings. In future, we plan to undertake a systematic
exploration of these factors across all the ATC categories, as well as
compare AMT with other international drug vocabularies.

CONCLUSION

In conclusion, we found both mappings, PBS and OMOP-CDM,
were not able to identify all the available patients in our EHR-based
data repository. However, both mappings achieved perfect preci-
sion, which is crucial for cohort selection in clinical trials. Our find-
ings highlight that underlying terminology mappings can greatly
impact the cohort selection process. Clinical researchers should

carefully evaluate the vocabulary mapping sources including method-
ologies used to develop those mappings. One might need to leverage
mappings from various sources and consider incorporating mappings
from additional experts for more accurate cohort identification.
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