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Abstract

Background There has been increased interest in using

multiple observational databases to understand the safety

profile of medical products during the postmarketing per-

iod. However, it is challenging to perform analyses across

these heterogeneous data sources. The Observational

Medical Outcome Partnership (OMOP) provides a Com-

mon Data Model (CDM) for organizing and standardizing

databases. OMOP’s work with the CDM has primarily

focused on US databases. As a participant in the OMOP

Extended Consortium, we implemented the OMOP CDM

on the UK Electronic Healthcare Record database—The

Health Improvement Network (THIN).

Objective The aim of the study was to evaluate the

implementation of the THIN database in the OMOP CDM

and explore its use for active drug safety surveillance.

Methods Following the OMOP CDM specification, the

raw THIN database was mapped into a CDM THIN data-

base. Ten Drugs of Interest (DOI) and nine Health Out-

comes of Interest (HOI), defined and focused by the

OMOP, were created using the CDM THIN database.

Quantitative comparison of raw THIN to CDM THIN was

performed by execution and analysis of OMOP standard-

ized reports and additional analyses. The practical value of

CDM THIN for drug safety and pharmacoepidemiological

research was assessed by implementing three analysis

methods: Proportional Reporting Ratio (PRR), Univariate

Self-Case Control Series (USCCS) and High-Dimensional

Propensity Score (HDPS). A published study using raw

THIN data was selected to examine the external validity of

CDM THIN.

Results Overall demographic characteristics were the

same in both databases. Mapping medical and drug codes

into the OMOP terminology dictionary was incomplete:

25 % medical codes and 55 % drug codes in raw THIN

were not listed in the OMOP terminology dictionary, rep-

resenting 6 % condition occurrence counts, 4 % procedure

occurrence counts and 7 % drug exposure counts in raw

THIN. Seven DOIs had\0.3 % and three DOIs had 1 % of

unmapped drug exposure counts; each HOI had at least one

definition with no or minimal (B0.2 %) issues with

unmapped condition occurrence counts, except for the

upper gastrointestinal (UGI) ulcer hospitalization cohort.

The application of PRR, USCCS and HDPS found,

respectively, a sensitivity of 67, 78 and 50 %, and a

specificity of 68, 59 and 76 %, suggesting that safety issues

defined as known by the OMOP could be identified in

CDM THIN, with imperfect performance. Similar PRR
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scores were produced using both CDM THIN and raw

THIN, while the execution time was twice as fast on CDM

THIN. There was close replication of demographic dis-

tribution, death rate and prescription pattern and trend in

the published study population and the cohort of CDM

THIN.

Conclusions This research demonstrated that information

loss due to incomplete mapping of medical and drug codes

as well as data structure in the current CDM THIN limits

its use for all possible epidemiological evaluation studies.

Current HOIs and DOIs predefined by the OMOP were

constructed with minimal loss of information and can be

used for active surveillance methodological research. The

OMOP CDM THIN can be a valuable tool for multiple

aspects of pharmacoepidemiological research when the

unique features of UK Electronic Health Records are

incorporated in the OMOP library.

1 Background

The use of longitudinal observational data is a critical

component of drug safety surveillance. The observational

databases, both Electronic Health Records (EHRs) and

transactional claims, are now widely and routinely used in

pharmacoepidemiology [1]. With increased capability to

access and link data and the inherent limitations of any

single database [2], there has been an increased interest in

the potential of multiple observational database analyses to

understand the safety profile of marketed drugs. Studies

using multiple databases might be undertaken to augment

sample size, increase population heterogeneity, cross-vali-

date results, or for other reasons. Observational databases

store different information and have diverse data structures

(e.g. different fields, field names, coding conventions, and

terminologies for classifying drugs and outcomes) [3].

Studies using multiple databases in addition to methodo-

logical challenges, also therefore provide practical chal-

lenges in performing analyses across heterogeneous

datasets. With this focus on the studies using multiple

databases, there is renewed need and potential for consid-

ering alternative data access models to optimize analysis

capability while ensuring patient privacy. The use of

decentralized or ‘distributed’ models, where data is held

remotely and central access of data is solely limited to

summarized data, is intuitively an appealing approach. One

such approach to introduce standardization, and therefore

increased efficiencies, into a decentralized model is to

convert all databases held remotely into a standard format,

a ‘Common Data Model’ (CDM). When data are stored in

such a CDM, a single query can be executed in parallel

with minimal intervention across multiple databases, all

with different underlying structure and properties.

The Observational Medical Outcome Partnership

(OMOP) is a public private partnership, initiated to conduct

research activities to assess the contribution and utility of

using multiple observational data sources to identify and

evaluate safety issues associated with marketed drugs [4,

5]. It has developed and tested 13 methods to apply to a

network of central and distributed data sources for drug

safety and effectiveness questions [4, 5]. One important

feature of the OMOP research model is the OMOP CDM, a

common structure and framework for organizing and

standardizing observational databases. Such a model

allows a range of standard queries and analytic methods

developed centrally at the OMOP to be run seamlessly in

both the distributed network and a centralized environment,

potentially allowing the provision of fast quality-assured

results. Other CDM structures have been proposed for

observational databases for use in active surveillance

activities, including the CDMs used by the EU-ADR [6]

and the US FDA’s Mini-Sentinel [7].

Effective conversion of a source database into a CDM

underpins the value of both a CDM-based centralized

environment of databases and also a distributed network

of databases for standardized analyses. The published

OMOP experience with the CDM has been confined

to US databases, and primarily to claims transaction

databases. Consisting of anonymous demographic, medical

and prescription information at patient level, The Health

Improvement Network (THIN) database provides longitu-

dinal EHRs directly collected from general practitioners

(GPs) in routine UK healthcare systems. THIN is an

extensively validated database [8] that has been used very

widely for pharmacoepidemiological research [9–11]. We

chose to map the THIN database into the CDM THIN

database, following the CDM specification provided by

OMOP.

Some previous work has looked at challenges and

opportunities associated with implementing and using a

CDM, including some work on the OMOP CDM. Con-

verting ten US observational databases into the OMOP

CDM, Overhage et al. [12] assessed the feasibility, fidelity

and resources required for implementing OMOP CDM

across these databases and related standard terminologies

to support method development for active drug surveil-

lance. Two OMOP tools were used to validate the OMOP

CDM quality. Eleven analytic methods were executed

across all OMOP CDM instances to measure performance.

Assessment of the OMOP CDM quality focused, at

aggregated level, on the completeness of the concept

mapped for conditions and medications, and the fidelity

issues identified by the OMOP tools across the databases.

The validation of CDM use for drug active surveillance

was limited to the technical performance of the methods on

the CDM to determine the execution time. No external
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validation of results were performed. Reisinger et al. [13]

developed a CDM and mapped two US observational

databases into that CDM. Detailed descriptive statistics

were used to validate the mapping quality and data

aggregation process. Analysis focused solely on one out-

come cohort (acute myocardial infarction [AMI]) and one

drug (rofecoxib) cohort, and the execution of a standard-

analysis program against the transformed data in each

database to assess the performance of utilizing the CDM

for drug safety analysis. While the authors concluded that

the CDM was valid, the generalizability of this result is

limited as, in addition to restricting analysis to a sole drug-

outcome pair, neither active surveillance methods nor

OMOP tools were used in the CDM evaluation process.

Van Le et al. [14] then evaluated the performance of a

semi-automated approach for risk estimates using the same

CDM and US observational databases as used in Reisinger

et al. [13]. They compared the risk estimates generated by

this approach with those based on the published epidemi-

ological evaluation studies using various observational

databases, and demonstrated the compatible results. With a

focus on the method development, their study assumed the

validity of the CDM.

The objective of this study is to assess the appropriate-

ness of the OMOP CDM structure for a UK EHR database

(THIN) by both internal and external validation and its

potential use for safety surveillance by the implementation

of three statistical methods. We aim to give insights to the

value and challenges associated with safety surveillance

applied to a standardized database structure held centrally

or accessed remotely.

2 Methods

2.1 Implementing The Health Improvement Network

(THIN) Database onto the Observational Medical

Outcome Partnership (OMOP) Common Data

Model (CDM)

2.1.1 The OMOP CDM

The OMOP CDM consists of nine data tables (Fig. 1).

There were seven core data tables (‘Person’, ‘Condition

Occurrence’, ‘Drug Exposure’, ‘Procedure Occurrence’,

‘Visit’, ‘Observation’ and ‘Observation Period’), and two

data tables (‘Condition ERA’ and ‘Drug ERA’) aggregated,

respectively, from condition occurrence and drug exposure

data. A key feature of the OMOP CDM is to use a standard

‘concept’, which the OMOP describes as ‘‘the basic unit of

information’’ and is a unique identifier in the OMOP dic-

tionary [15]. Concepts are stored in the OMOP terminology

dictionary so that any conceptual construct in a CDM data

table is related (or mapped) to the appropriate corre-

sponding standard concept in the dictionary (Fig. 1). This

allows the integration and standardization of terminologies

across multiple data sources for OMOP standardized

analysis.

2.1.2 Mapping THIN into CDM THIN

THIN data, provided by Cegedim Strategic Data Medical

Research (CSD MR), London, UK, are organized into four

main categories: demographic, diagnoses, prescribing and

additional health information [16]. The data in each of the

four data tables were transferred into the OMOP CDM

THIN data tables. The relationship between raw THIN and

OMOP CDM THIN are presented in Fig. S1 (Online

Resource 1). Additional details of the database conversion

and evaluation are provided in the Electronic Supplemen-

tary Material (Online Resource 1). The THIN version with

last collection date on 29 July 2009 was used for this

analysis.

Following the OMOP CDM specification (version 2)

[15], the following procedures were used to map the raw

THIN database into the OMOP CDM THIN.

1. Transforming the raw THIN contents to conform to the

data structures of the OMOP CDM tables: This

includes direct mapping a source code into CDM THIN

with the same name or a new name with a semantically

identical interpretation; converting or deriving a source

code before mapping when the data element could not be

directly transposed. If conversion could not be con-

formed, data in specific fields were not transferred.

Mapping approaches used for each variable in CDM

THIN were described in Fig. S2 (Online Resource 1).

2. Augmenting the source data with corresponding stan-

dard concept codes in the OMOP terminology dictio-

nary: This allows source codes such as medical codes

(Read codes) and sex to look up the matched standard

concept IDs in the dictionary using the OMOP source-

to-concept mapping system in the OMOP vocabulary

library.

3. Aggregating drug and condition eras within a prede-

fined persistence window, which has been described in

detail by the OMOP [15, 17, 18]. For this study, drug

usage was aggregated into one drug era if the start of

the subsequent prescription occurred within 30 days

(persistence window) of the end of the previous

prescription. Similarly, the condition was aggregated

into one condition era if the start of the subsequent

condition occurred within 30 days (persistence win-

dow) of the end of the previous condition occurrence.

The selection of the persistence window was based on

the options recommended by the OMOP [15].
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4. Documentation: procedures, assumptions and criteria

used for guiding the data Extract, Transform, and Load

(ETL) during the mapping process were documented

using the standard ETL specification provided by the

OMOP.

2.1.3 Creating Health Outcomes of Interest (HOI)

and Drugs of Interest (DOI) Cohorts

The OMOP defined and focused analyses on nine Health

Outcomes of Interest (HOI) and ten Drugs of Interest (DOI)

[Table 1], each HOI with multiple definitions of varying

specificity. We used the standard SAS Software (SAS Institute

Inc., Cary, NC, USA) programs provided by the OMOP to run

on CDM THIN and to generate the HOI and DOI cohorts.

2.2 Internal Validity Evaluation

2.2.1 Assessing the Quality of CDM THIN

The OMOP developed tools with the intent of standardized

report and quality assessment across different observational

databases in the OMOP CDM. These standardized tools as

well as the independent programming were employed to

evaluate the data mapping process between raw THIN and

CDM THIN. The goal was to ensure that the data trans-

formation did not introduce errors or inconsistencies in the

underlying data. The OMOP tools used for this purpose

were (i) The Observational Source Characteristics Analysis

Report (OSCAR) [19, 20], a tool to provide a summary of

data characteristics for the key fields in the nine CDM

THIN data tables; this tool facilitates detection of data

quality issues in the overall population; (ii) The Natural

History Analysis (NATHAN) report [19, 21], a data char-

acterization tool for a specific subpopulation, intended to

reveal unusual patterns within these subpopulations, in

particular, focusing on the HOIs and DOIs predefined by

OMOP; and (iii) Generalized Review of OSCAR Unified

Checking (GROUCH) [19, 22], a data anomaly detection

tool, which was used to report if there were incomplete,

implausible and suspicious data (e.g. year of birth before

1900, drug supply days \0, etc.) across all tables in CDM

THIN. Additional independent programming using raw

THIN and CDM THIN was performed to compare with the

findings from the OMOP standard reports, and to identify

and further understand any data issues beyond the coverage

of these descriptive reports.

Read codes and Multilex IDs are medical classification

and drug terminology codes, respectively, used in the

THIN database. The OMOP had mapped Read codes to

SNOMED (a multiaxial, hierarchical medical classification

system), and Multilex IDs to RxNorm (a system providing

normalized names and unique identifiers for medicines and

drugs). SNOMED and RxNorm codes had been assigned

concept IDs by the OMOP in the OMOP terminology

dictionary [23]. Read codes in raw THIN contain both

condition and procedure codes that are mapped into con-

dition and procedure tables, respectively. The details of the

OMOP terminology mapping have been described else-

where [12, 15, 19]. The completeness of the mapping of the

Read codes and Multilex IDs into the OMOP terminology

library was specifically assessed by analysis of descriptive

statistics and extensive consultation with a source data

expert as well as the OMOP. As one code could be asso-

ciated with multiple counts of condition or procedure

occurrence, or drug exposure per patient, we also examined

those unmapped codes associated with the most counts of

condition and procedure occurrences, as well as drug

exposure. This allowed us to further investigate the char-

acteristics of the unmapped codes. Special attention was

given to investigating the completeness of the codes used

for creating the nine HOI cohorts and ten DOI cohorts

through detailed qualitative and quantitative evaluation as

Table 1 Health Outcomes of

Interest and Drugs of Interest

cohorts [39]

OMOP Observational Medical

Outcome Partnership
a Hospitalization cohort was

not used in the focused analysis

by the OMOP and this study

(i.e. for applying the active

surveillance methods)

Health Outcomes of Interest Drugs of Interest

1 Angioedema ACE inhibitor

2 Aplastic anemia Amphotericin B

3 Acute liver failure Antibiotics: erythromycins, sulfonamides

and tetracyclines

4 Acute renal failure Antiepileptics: carbamazepine, phenytoin

5 Bleeding Benzodiazepines

6 Hip fracture b-blockers

7 Acute myocardial infarction Bisphosphonates

8 Mortality after myocardial infarction Tricyclic antidepressants

9 Upper gastrointestinal ulcer

hospitalization

Typical antipsychotics

10 Hospitalizationa Warfarin
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they were the focus of the method testing in this study.

A stepwise algorithm was used to identify unmapped Read

codes and Multilex IDs for each HOI or DOI. This was done

by (i) identification of the discordant codes not mapped in

the OMOP terminology dictionary: for outcomes, identify-

ing all Read codes in the OMOP definitions for each HOI,

going up two levels in the hierarchy and then searching all

Read codes in raw THIN linked to these high-level OMOP

Read codes; for drugs, performing text mapping of drug

names in the OMOP definitions for each DOI into the raw

THIN; (ii) manually reviewing the results of the discordant

codes, confirming with a source data expert and consulting

with an internal physician.

2.2.2 Assessing the Value of the OMOP CDM THIN

in Executing Analyses

To evaluate the value of our CDM THIN implementation,

we tested and evaluated the OMOP’s standardized ana-

lytic methods. The Proportional Reporting Ratio (PRR)

method was one method selected from the OMOP method

library for tractability testing. It is a simple dispropor-

tionality (DP) analysis method that is a standard quanti-

tative approach for analysing data from Spontaneous

Reporting Systems (SRSs) for drug safety signal detection

[24, 25]. There have been some efforts made to implement

the PRR method to longitudinal healthcare records, and

the nature of these records means the underlying contin-

gency table can be defined and populated using different

approaches.

Consider a 2 9 2 contingency table:

Outcome of interest Other outcomes

Drug of interest a b

Comparator drugs c d

PRR ¼ [a=ðaþ bÞ�=½c=ðcþ dÞ�

where, in this study, a = the number of incident target

conditions that occur during target drug eras; b = the

number of incident non-target conditions that occur during

target drug eras; c = the number of incident target condi-

tions that occur during non-target drug eras; and d = the

number of incident non-target conditions that occur during

non-target drug eras.

In brief, the PRR method was applied to CDM THIN

using the standard OMOP program with the incident con-

dition type (first occurrence) and SRS approach [24]. Crude

estimates without adjustment for potential confounders

were produced. In addition to the PRR score, the PRR

95 % LBCI [ 1 (the lower bound of the two-sided 95 %

confidence interval being greater than 1) was used as a

decision criterion for defining positive test results [26].

We assessed concordance of the PRR results with the

OMOP ‘Ground Truth’, the reference set of 53 drug-out-

come pairs selected by the OMOP for which extensive

literature searching had been performed for assessing true

drug-event association [26]. Among the 53 pairs, 9 were

considered as known safety associations and 44 as negative

controls. We also compared the PRR results on CDM

THIN with those on raw THIN and made the comparison

to the OMOP empirical testing results across ten US

databases [26].

In addition, we also tested two other methods that have

been extensively investigated for traditional pharmacoepi-

demiological studies—the Univariate Self-Case Control

Series (USCCS) [27, 28] and High-Dimensional Propensity

Score (HDPS) [29, 30]—to further assess the readiness and

utility of CDM THIN to handle the standardized and val-

idated methods provided by the OMOP for safety surveil-

lance. The results of these methods were also compared

with the OMOP ‘Ground Truth’ and the OMOP empirical

testing results across ten US databases.

The self-control case series method automatically con-

trols for time-fixed covariates by only including cases in

analyses, which are then used as their own controls [31].

The USCCS model considers one drug and one outcome

combination, which is assumed to arise from a non-

homogeneous Poisson process. We utilized the SAS codes

and parameter setting (Appendix S1; Online Resource 1) of

the USCCS method provided by the OMOP and calculated

the relative risk (RR) scores for incident cases [32]. HDPS

is a multistep algorithm to empirically identify candidate

covariates, prioritize covariates, and integrate them into a

propensity-score-based confounder adjustment model for

minimizing the confounding in observation data. The

details involved in this approach have been described

elsewhere [29, 30]. This study calculated the propensity

scores and adjusted odds ratios (OR) by using the standard

OMOP HDPS program and parameter setting (Appendix

S1, Online Resource 1) [32].

All three methods were tested against the ten single DOI

definitions. The OMOP had defined HOIs with multiple

definitions. A single specific definition (Appendix S2;

Online Resource 1) for each of the nine HOIs was selected

for this method testing based on minimal information loss

during the mapping process of the Read codes used for

creating each cohort.

2.3 External Validity Evaluation

We searched all 241 publications listed on the CSD MR

website [33] for any full publications that analysed any of

the ten DOI and nine HOI combinations, and focused on

124 X. Zhou et al.



pairs for analysis by the OMOP and thus for us in this

study. These criteria resulted in a single publication by

Hardoon et al. in 2011 [34]. Additional analyses were

performed to evaluate if it was possible to replicate the

results of Hardoon et al. using CDM THIN.

Specifically, as far as possible, the same inclusion and

exclusion criteria used in the publication were applied to

create a cohort of AMI patients in CDM THIN between

1991 and 2002, aged 35 years or over at the time of AMI

diagnosis, and survival of at least 3 months after the AMI.

The proportion of patients who died from 3 months to

3 years after the first AMI diagnoses was calculated; and

the proportion of patients who were prescribed the four

drugs (lipid-regulating drugs, b-blockers, ACE inhibitors

and antiplatelet medications) within 3 months of AMI

diagnoses during 1991–2002 was calculated. These results

were compared with those in the study by Hardoon et al.

[34].

The implementation of CDM THIN mapping, as well as

all analyses for internal and external validity evaluation,

was done using SAS/SQL of SAS version 9.2. Both raw

THIN and OMOP CDM THIN datasets are stored inter-

nally under secured UNIX server as SAS datasets.

3 Results

3.1 Mapping Raw THIN into CDM THIN

Nine OMOP CDM THIN data tables were generated,

including seven core data tables and two data tables, from

aggregating the condition occurrence and drug exposure

data. A total of 7,109,761 patients with acceptable flags in

raw THIN were transferred into CDM THIN with an

average age of 45 years. Nine HOIs with multiple defini-

tions and ten DOI cohorts in CDM THIN were created

using the definitions of HOI and DOI and the standard SAS

programs provided by OMOP. It took approximately two

full-time person-years to complete this database conversion

and validation.

3.2 Internal Validity

3.2.1 Overall Mapping Quality

All CDM-required data elements that are available in raw

THIN were completely mapped into Person, Visit and

Observation Period data tables. Four CDM data tables

(Condition Occurrence, Drug Exposure, Procedure Occur-

rence and Observation), however, had incomplete map-

ping, which is described in Sects. 3.2.2 and 3.2.3. Overall

demographic characteristics were identical across the two

databases, including a 100 % match on age, sex, patient

status and regional distribution, despite different mapping

approaches for these four variables. Figure 2, a database

model heat map, provides an overview of the field-by-field

mapping quality. Selected findings from OSCAR and

GROUCH are included in Tables S1 and S2 (Online

Resource 1).

3.2.2 Overall Mapping Quality of Medical and Drug

Codes

There was incomplete mapping of medical and drug codes

into the OMOP standard terminology dictionary (Table 2):

25 % Read codes and 55 % Multilex IDs in raw THIN

were not listed in the OMOP terminology dictionary, rep-

resenting 6 % of condition occurrence counts, 4 % of

procedure occurrence counts and 7 % of drug exposure

counts in raw THIN.

Grouping the unmapped condition codes by condition

class on the first (i.e. the highest hierarchical) level of Read

code, we found that the classes with the most commonly

unmapped condition codes (n [ 300) included ‘External

morbidity and mortality’, ‘Neoplasm’, ‘Injury and poi-

soning’ and ‘Mental disorders’. Among all condition

occurrences associated with the unmapped condition codes,

‘Symptoms, signs and ill-defined conditions’, ‘Circulatory

system diseases’, and ‘Skin and subcutaneous tissue dis-

eases’ accounted for the largest proportion of each condi-

tion class ([15 % per class). More extensive details of the

findings can be found in Fig. S3 (Online Resource 1). We

also checked for the most common unmapped condition

codes based on the lowest level of terminology of Read

code (7th level). Table 3 lists the 20 most common

unmapped condition codes that represent 59 % of all

unmapped condition occurrence counts. The results indi-

cate that some of the unmapped codes might be associated

with some common diagnosis, such as hypertensive disease

and ischaemic heart disease, etc. Further inspection shows

that these unmapped codes seem unrelated to the HOI

definitions, with the exception of angina pectoris, which

can be a code used in an AMI definition but is not included

in the OMOP definition of AMI used in this study. We took

the similar approaches to evaluate the mapping quality of

procedure codes. The results revealed that the majority of

the procedure occurrence associated with unmapped codes

were not involved in a specific diagnosis or therapeutic

procedure. Overall, 74 % of all unmapped procedure

occurrence counts were associated with four specific pro-

cedure codes: ‘Had a chat to patient’, ‘Medication

requested’, ‘Discharged from hospital’ and ‘Depression

screening using questions’. There was a loss of granularity

during Read code terminology mapping: Read code ter-

minology in raw THIN has seven levels; however, the

OMOP dictionary only allowed for the first five digits of

Evaluation of the THIN Database in the OMOP CDM 125



the Read code to be mapped. Consequently, a Read code

listed at six- or seven-digit level, needed to be mapped to a

higher level term—fifth level (e.g. G30..11 is mapped to

G30..).

Grouping the unmapped drug codes into each drug

class, on the first (i.e. the highest hierarchical) level of

British National Formulary codes that are linked with

each Multilex ID, we found that most commonly

unmapped drug classes (n [ 2000) included ‘Skin’, ‘GI

system’, ‘Obstetrics and gynaecology and urinary tract

disorders’ and ‘Nutrition and blood’. Among all drug

exposures associated with the unmapped drug codes,

‘Skin’, ‘Endocrine system’, and ‘Nutrition and blood’

accounted for the largest proportions of each drug class

([10 % per class). More extensive details of the findings

can be found in Fig. S4 (Online Resource 1). We

examined the unmapped drug codes for the ten DOIs and

found that the majority of the drugs were US brands. We

noted that a single brand drug (e.g. warfarin) could be

both mapped and unmapped in the OMOP terminology

dictionary depending on its dose strength. Table 3 lists

the 20 most common unmapped drug codes that made up

24 % of all unmapped drug exposure counts. On inspec-

tion it seems that these unmapped codes are unrelated to

the DOI definitions and the majority are not traditional

medications. However, the number of vaccines in this list

makes it clear that further mapping work is needed for the

OMOP CDM to be of value to UK EHR databases for

vaccine vigilance and surveillance activities by ensuring

mapping of vaccine Multilex IDs into the terminology

library.

3.2.3 Mapping Quality of Medical and Drug Codes

for HOIs and DOIs

In order to assess the mapping of diagnosis and drug

codes for HOIs and DOIs, the proportion of unmapped

condition occurrence counts or drug exposure counts

within each HOI or DOI, respectively, was calculated.

Figure 3 shows that among ten DOIs, seven had \0.3 %

and three had 1 % of drug exposure counts unmapped

in CDM THIN. Among nine HOIs with multiple defi-

nitions per HOI, each HOI had at least one definition

with no or minimal issues (B0.2 %) with unmapped

condition occurrence counts, except for the upper gas-

trointestinal ulcer hospitalization cohort. Figure 3

shows the proportion of unmapped condition occurrence

counts for the definitions of each HOI used in this

study. HOI cohorts involving procedure codes in this

study were not generated because (i) specific procedure

codes in raw THIN were unmapped because of an

absence of standard concept IDs in the terminology

dictionary for these codes; or (ii) data for some spe-

cialized procedures in HOIs were not collected in raw

Fig. 2 Database heat map: overall mapping quality of the THIN (The Health Improvement Network) database in the OMOP (Observational

Medical Outcome Partnership) Common Data Model. Dx diagnosis, OBS observation, Rx prescription
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THIN as primary care GPs may not record secondary

care procedures in THIN routinely (e.g. bone marrow

aspiration or biopsy).

3.2.4 Mapping of Laboratory and Other Additional Health

Data

The OMOP used Logical Observation Identifiers Names

and Codes (LOINC) as standard terminology for mapping

laboratory data. In raw THIN, laboratory data were not

coded in LOINC, but rather Additional Health Data (AHD)

codes. Furthermore, many of the laboratory units in raw

THIN were not reflected in the OMOP terminology dic-

tionary. We only mapped the ten laboratory tests that were

specifically required in the HOI definitions used in this

study into CDM THIN. Physical examination data such as

body mass index, height, weight, etc., and lifestyle data

such as smoking, alcohol, etc., in the AHD table in raw

THIN were not transferred into CDM THIN due to a

difference in data structure and the lack of available con-

cept IDs in the OMOP terminology dictionary.

3.2.5 Aggregated Drug Exposures and Condition

Occurrences

The aggregation process for creating eras significantly

reduced the overall number of drug exposure counts

per person, but not condition occurrence counts. In the

Drug_ERA table, the mean number of drug eras per person

is 32, indicating a 66 % reduction of the mean number

of drug exposures per person compared with the mean

number of drug exposures per person (n = 93) in the

Drug_Exposure table. In the Condition_ERA table, the

mean number of condition eras per person is 23, indicating

a 12 % reduction of the mean number of condition

occurrences per person compared with the mean number of

condition occurrences per person (n = 26) in the Condi-

tion_Occurrence table.

Table 2 Performance of mapping drug and medical terminologies in raw THIN into the Observational Medical Outcome Partnership standard

terminology dictionary

Terminology type No. of

unmapped

codesa

Proportion

of the unmapped

codes in raw THIN (%)

Exposure counts

or occurrence counts

associated with unmapped

codesa

Proportion of the

unmapped counts

in raw THIN (%)

Multilex ID (drug codes)b

Drug 18,776 50.34 39,205,281 6.6

Homoeopathic/herbal remedy 430 1.15 47,957 0.01

Appliances/others 306 0.82 30,761 0.01

No information available

for product set

901 2.42 576,945 0.10

Total 20,413 54.73 39,860,945 6.71

Read codes (medical codes)c

Condition 4,169 6.98 8,665,598 2.41

Unspecified condition 5,897 9.87 11,317,861 3.15

Procedure 2,676 4.48 13,849,888 3.85

Other 2,168 3.63 36,228,558 10.08

Unknown 31 0.05 443 0.00

Total 14,941 25 70,062,348 19.50

Source: THIN Data Guide For Researchers, Cegedim Strategic Data Medical Research, UK, July, 2009

BNF British National Formulary, THIN The Health Improvement Network
a Unique code/count with acceptable flag in raw THIN
b The BNF’s Multilex ID is a hierarchical terminology with pre-defined groups of medicinal products. All medicinal drugs (made up of 15 drug

classes) were grouped together, excluding herbals and homeopathic, which were classified separately. All other products were grouped together

in ‘Appliances/others’ except those classified by the BNF as having no information available, which were also kept as a separate category. The

‘Appliances/others’ category includes cough and cold preparations, chiropody products, urinary catheters and trusses, etc
c The Read codes were divided into five major categories using the highest hierarchical level defined in the Read code. ‘Condition’ was made up

of 19 condition classes representing all classes of conditions, except those explicitly classified in the hierarchy as ‘unspecified’, which were

considered separately. All ‘Procedure’ codes were grouped together, except those that were classified explicitly as occupations, historic

symptoms or administration codes; these codes were kept as a single group. As the fifth group, codes that were unknown and considered as non-

standard by the terminology were kept separate
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3.2.6 Proportional Reporting Ratio Method

PRR scores and PRR 95 % LBCI scores were produced by

the PRR method testing on the 53 drug-outcome pairs in

the OMOP ‘Ground Truth’ set. Seven out of nine positive

pairs with known safety issues had a PRR [1 (Table 4),

indicating that there were more observed occurrences of

the combination of interest than expected under a null

hypothesis of no association between drug and HOI.

Twenty-seven pairs out of 44 negative controls had a PRR

\1, indicating that these pairs had no association between

a DOI and HOI. In addition, six out of nine known positive

sets had a PRR 95 % LBCI [1, and 30 out of 44 negative

controls had a PRR 95 % LBCI \1.

We compared our results with the OMOP’s analysis

of DP methods based on pooled scores across ten US

databases (Table 5) [26]. The OMOP presented an overall

DP score, not specific to the PRR, but the results could be

anticipated to be comparable [35, 36], particularly as

standard DP methods do not account for the longitudinal

nature of EHRs [37]. The PRR on CDM THIN offers better

sensitivity (67 vs. 44 %) and lower specificity (68 vs.

73 %) compared with the OMOP DP testing results.

Using the same definitions of HOI and DOI for testing

PRR on CDM THIN, we implemented the PRR method on

raw THIN. Table 4 shows that the results on both CDM

THIN and raw THIN are identical except that the PRR on

raw THIN picked up two more true negative pairs when

applying the criteria of PRR 95 % LBCI\1. The execution

time of the PRR on CDM THIN was much shorter com-

pared with raw THIN, i.e. 5.4 versus 11.7 h.

3.2.7 Univariate Self-Case Control Series Method

and High-Dimensional Propensity Score Method

USCCS scores indicated that all nine pairs considered true

positive sets by the OMOP had RR [1, and seven pairs

demonstrated statistical significance (95 % LBCI [1).

Twenty-six true negative pairs out of 44 OMOP negative

controls were identified. Comparing the results of the

OMOP USCCS method using ten US databases (Table 5),

USCCS on CDM THIN offers much better sensitivity (78

vs. 44 %) but lower specificity (59 vs. 68 %), representing

a false positive rate of 41 %. More than 70 % of false

positive pairs, however, had RR \2.

Running the HDPS method on CDM THIN, we were

able to get the results of 45 drug-outcome pairs that were

compared with the 53 pairs of the OMOP ‘Ground Truth’.

The remaining eight pairs, including one positive pair and

seven negative controls, in the OMOP reference set had no

results generated due to ‘insufficient data or no data’ in

some strata. Among the eight OMOP positive pairs, six had

an adjusted OR [1, of which four pairs had 95 % LBCI

[1. Out of 37 pairs of OMOP negative controls, 28 true

negative pairs were identified. Comparing the results of the

OMOP HDPS method using ten US databases (Table 5),

Table 4 Comparison of Proportional Reporting Ratio method results

with the OMOP Ground Truth: CDM THIN vs. Raw THIN

Threshold N (pairs)

CDM

THIN

Raw

THIN

Out of nine known positive sets in the OMOP

ground truth set

PRR [1 7 7

PRR 95 % LBCI [1 6 6

Out of 44 negative controls in the OMOP

ground truth set

PRR \1 27 27

PRR 95 % LBCI \1 30 32

CDM Common Data Model, LBCI lower bound confidence interval,

OMOP Observational Medical Outcome Partnership, PRR propor-

tional reporting ratio, THIN The Health Improvement Network

Table 5 Comparison of performance characteristics of three methods: CDM THIN vs. the OMOP CDM (ten databases)

Threshold CDM THIN OMOP CDM

Sensitivity Specificity Sensitivity Specificity

PRR

PRR 95 % LBCI [1

0.67 0.68 0.44a 0.73a

USCCS

RR [1 and LBCI [1 (a = 0.05)

0.78 0.59 0.44 0.68

HDPS

OR [1 and LBCI [1 (a = 0.05)

0.50 0.76 0.56 0.82

CDM Common Data Model, DP disproportionality, HDPS High-Dimensional Propensity Score, LBCI lower bound confidence interval, OMOP
Observational Medical Outcome Partnership, OR odds ratio, PRR Proportional Reporting Ratio, RR relative risk, THIN The Health Improvement

Network, USCCS Univariate Self-Case Control Series
a Results of DP method. PRR is one of the methods in the DP method class. PRR 95 % LBCI [1 means PRR [1 and LBCI [1 (a = 0.05)
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HDPS on CDM THIN offers lower sensitivity (50 vs.

56 %) and specificity (76 vs. 82 %).

3.3 External Validity

The comparison between CDM THIN and the study by

Hardoon et al. [34] revealed that our study had the same

sex distribution (64 % male), with slightly younger age

(mean age 66.7 vs. 67.9 years).

Comparing the proportion of patients who died from

3 months to 3 years after the first AMI diagnoses between

the study by Hardoon et al. [34] and our study, we found

that the death rate from CDM THIN analysis was slightly

higher, but the trend in death rate over time (1991–2002)

from both analyses was comparable (Appendix S3; Online

Resource 1). Nevertheless, our study identified a larger

number of patients who died as well as AMI patients,

which could result from different practice selection in the

newer version of the THIN database that we used as well as

the differences in the algorithms to identify patients with

AMI and patients who died between these two studies.

Hardoon et al. [34] used the THIN database that covered a

15-year period from 1 January 1991 to 31 December 2005,

and selected 218 practices that had at least 5 years worth of

data; we used the THIN database from 1 January 1991

through 29 July 2009, with all 466 available practices.

For medication after AMI diagnosis, we observed that

the prescription rates of all four drugs within 3 months of

diagnosis of AMI were comparable, and the upward trend

over time was almost identical between the two studies

(Fig. 4).

Overall, we were able to replicate the conclusion that the

death rate after the first AMI diagnosis decreased during

the 12 years from 1991 to 2002, and this decrease was

associated with the increased use of medication of lipid-

regulating drugs, ACE-inhibitors, b-blockers and anti-

platelet drugs.

4 Discussion

The internal validity evaluation of the THIN database in

the OMOP CDM demonstrated the feasibility of data

transformation with overall identical demographic charac-

teristics across CDM THIN and raw THIN. Mapping

medical, drug and laboratory codes into the OMOP stan-

dard terminology dictionary was incomplete; however, the

information loss from the unmapped codes was minimal

among the majority of HOI and DOI cohorts used in this

study (Fig. 3). CDM THIN allowed application of standard

definitions and assumptions defined by the OMOP for

developing drug and condition cohorts as well as eras.

Direct application of the OMOP standard analysis pro-

grams on THIN was then enabled. CDM THIN not only

facilitates faster provision of analysis results, but also saves

time for validating the results in comparison with the

current approach using raw THIN, where the assumptions

and criteria for defining a DOI/HOI, aggregating drug or

condition episode, deriving variables, etc., are all embed-

ded in individual analyses. The assessment of the technical

performance of the PRR method on both CDM THIN and

raw THIN indicated that the execution speed of the PRR on

CDM THIN was twice as fast compared with raw THIN.

This enhanced efficiency and timely assessment of safety

issues using a CDM is in line with results from other

studies [12, 13]. Our experiment added evidence that use of

a CDM could make implementation of a distributed net-

work of datasets with no necessity of centralized data

a b

Fig. 3 Proportion of (a) unmapped condition occurrence counts

within each Health Outcome of Interest and (b) drug exposure counts

within each Drug of Interest. Note: The proportion is defined as the

unmapped occurrence or exposure counts in this cohort divided by the

sum of the mapped and unmapped occurrence or exposure counts in

this cohort. AMI acute MI, Hosp. hospitalization, MI myocardial

infarction, UGI upper gastrointestinal
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collection a possibility. This is clearly of practical value

in minimizing privacy concerns about the sharing of

detailed patient level data. In the external validity eval-

uation, the results indicated a close replication of demo-

graphic distribution, death rate and prescription rates and

trends for all four drugs within 3 months of diagnosis of

AMI in the published study population and the cohort of

CDM THIN, despite some differences between the anal-

yses. While only one study, this nevertheless supports the

position that the HOIs and DOIs focused in this study can

be analysed and can provide results in line with those in

the wider literature.

We strived to characterize Read codes and Multilex IDs

that could not be mapped into the OMOP CDM with a

special focus on those that may affect the creation of HOI

and DOI cohorts. Our intent was not to assess the appro-

priateness of the OMOP definitions of HOI or DOI, but

rather to understand if there are Read codes or Multilex IDs

not included in the current OMOP definitions due to their

unavailability in the OMOP dictionary. There is no estab-

lished standard to measure if we captured 100 %

unmapped codes using the algorithm in this study. How-

ever, a very close match of the PRR scores using the ten

DOIs and nine HOIs on both CDM THIN and raw THIN,

supports the mapping validity for creating these cohorts.

Another important aspect of the internal validity is that we

applied OMOP standard tools for the validation. It is worth

noting that while these tools facilitated the validation

process, OMOP did not provide instruction to determine if

the identified warnings were legitimate anomalies and how

the data issues should be corrected. User-specific evalua-

tion of the findings to determine and interpret anomalies

was required. We reviewed our findings with the data

expert from CSD MR and decided on the appropriate

action for correcting the data issues in CDM THIN. When a

data inconsistency was judged to be due to mapping and

converting data, we made the appropriate correction; when

it was considered to be due to inherited properties of the

original database, we kept the data so as to maintain

maximum consistency with the source data.

Several key assumptions were used to map the data in

raw THIN into CDM THIN, which could have impacted

a

b

Fig. 4 Trend of prescriptions of

the four drugs—published study

(a) versus Common Data Model

THIN (The Health

Improvement Network)

Evaluation Study (b)
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the quality of mapping, and use of CDM THIN for anal-

yses. For instance, to build an ‘Observation_Period’ that

tracks the person’s status during the study, we assumed

(i) using the latter of start date using Vision software,

Acceptable Mortality Reporting date and patient’s regis-

tration date, as enrolment start date; (ii) when a patient

transfers from one practice in THIN and enrols with

another practice in THIN, this patient is seen as a new

patient in the database; and (iii) using the last collection

date as the enrolment end date; if a patient transferred out

of the practice, the transfer-out date was used as the

enrolment end date. The limitations of these assumptions

include, firstly, that a patient may not be unique in this data

table, and, secondly, that the last collection date of the

database as enrolment end date will not be appropriate for a

patient with missing transfer-out date. Duplicated patients

are not common and missing transfer-out dates are rare

occurrences in the data table, so the impact of these

assumptions on analysis should be small. This is a general

issue common to all studies conducted on UK EMRs. Two

major assumptions were made to derive ‘drug supply

days’—prescription quantity divided by dose value—that

was required for calculating ‘end of the prescription’:

(i) we reviewed the dosage free text for the user decode

dose value and obtained the appropriate numeric dose

value if the text clearly indicated the daily dosage as ‘once

daily’ or ‘twice daily’, etc. Otherwise, dose value was set

to missing, thus ‘days of supply’ was missing; and (ii) for

all missing ‘days of supply’, we imputed the most fre-

quently occurred ‘days of supply’ value for that specific

drug class. We note that the significant time would be

required to update and validate the decode algorithm for

every updated version of THIN and the approximation of

missing days of supply may not always be appropriate for

some specific drugs.

PRR scores were readily produced on CDM THIN. The

PRR method produced comparable results when run on raw

THIN (Table 4), and similar performance characteristics to

the OMOP work on other data sources (Table 5). The

tractability and ease of execution indicates the potential

role in CDM screening for active surveillance. Comparison

with the OMOP ‘Ground Truth’ suggested that the PRR

approach on CDM THIN can highlight true associations,

although at the expense of false positives. False negative

results are also noted. Results could be produced for both

HDPS and USCCS (Table 5), underscoring the value of a

CDM, once the database conversion is completed, in

allowing ready access to a suite of standardized and vali-

dated methods developed without a specific dataset in

mind. While the performance characteristics of the meth-

ods varied in this analysis, we caution limited inference on

these observed differences, other than an appreciation that

no method will be perfect for surveillance. Future research

on how to appropriately control confounding and deter-

mine an appropriate threshold for signal detection across

the analysis methods is clearly needed. As for each of the

three methods in this study, the results are based on a

specific set of parameters and considered to be appropriate

for the method in question [38]. Our intent was to test the

utility of CDM for implementation of methods rather than

to attempt to measure the method performance accurately.

Additional testing of permutations of the parameter settings

might be anticipated to improve the performance charac-

teristics further, but given the limited size of the ‘Ground

Truth’ test set we feel that any such evaluation would have

limited value. Additionally, while the OMOP classifica-

tions of associations were based on extensive literature

reviews they are well-studied examples of medications in

widespread use for many years. Future empirical testing of

parameter settings should be done but with a broader test

set of more contemporary drug safety issues during real-

world use of medicinal products, as well as attempt to

demonstrate the timeliness of potential issue identification.

Converting raw THIN to CDM THIN is a resource-

intensive project. It took approximately two full-time

person-years to complete this database conversion and

validation, which is similar to the average time spent

converting a database into the OMOP CDM for OMOP-

distributed data partners [12]. Strong SAS programming,

database management and statistical skills, as well as

expertise with the THIN database, were crucial for this

conversion. Several important limitations of CDM THIN

should be noted: (i) incomplete mapping of medical, drug

and laboratory codes in raw THIN into the standard ter-

minology dictionary; (ii) information loss due to THIN and

CDM data structure differences; for example, comments

(text field) from GPs in raw THIN were not mapped, which

may have impact for a detailed analysis using the diagnosis

or prescription data embedded in the comments; (iii)

defining appropriate assumptions without analyses defined

a priori can be problematic; for example, assumptions of

condition ending date being the same as condition starting

date will clearly not be appropriate for all conditions; and

(iv) significant IT resource commitments and challenge in

updating the CDM tables. In addition, some analysis

methods are computationally intensive and require large

storage space; thus, how to ensure timely updates of CDM

THIN based on the updated source database for a rapid

assessment can be particularly challenging for routine

active surveillance purposes.

We have shown that THIN can be implemented in a

CDM, specifically the OMOP CDM. Clearly, THIN could

potentially be implemented in other CDMs. The com-

plexity of the OMOP CDM structure (e.g. multiple data

and reference tables and standard terminology dictionary),

while enhancing its uses also increases difficulty with
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implementation and the need for standardized tools to

ensure validity and transparency of the implementation.

While the OMOP has shown that such tools can be

developed and used to test the effectiveness of CDM

implementations for research, one could see an argument

that a simpler CDM might be preferred for ease of use in

specific applications. Further work is needed to determine

which CDM is most useful for THIN and ongoing work is

needed to compare CDMs with the vision of consolidating to

one or a few (e.g. one for claims, one for EHRs) CDMs for

widespread international use of heterogeneous observational

datasets. The value of a CDM in active surveillance is reliant

on common use of the CDM and thus efforts need to be made

both to implement databases into the CDM structure and also

to maintain high-quality mapping of the database over time.

Processes to ensure transparent routine processes for updating

any CDM and related libraries to minimize the risk of

diverging versions of CDMs (potentially on the same under-

lying raw data) will be a necessity to maximize the values of

CDMs. The OMOP CDM can provide an important ongoing

tool for analyses in real-world data, with appropriate processes

and training to ensure continual harmonized use of the CDM

by different users and organizations.

5 Conclusions

This study demonstrated that converting THIN data into

the OMOP CDM was feasible though imperfect. DOIs and

HOIs predefined by the OMOP in this study were con-

structed with minimal loss of information and can be used

for active surveillance methodological research. CDM

THIN allows the application of three standard analysis

methods developed by the OMOP. It offers the potential as

a valuable tool for multiple aspects of pharmacoepidemi-

ological research, particularly if the unique features of UK

EHRs are more fully incorporated in the OMOP library.

Standardizing database structure in a distributed system of

databases through a CDM has practical benefits. However,

there is limited research on whether such benefits come at

the risk of information loss reducing the value of the

database for pharmacoepidemiological research. This study

highlights the need for more research into the strengths and

limitations of the use of CDMs to inform appropriate

effective routine, real-world surveillance.
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