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Implementation of OMOP and ConcePTION 
Common Data Models in CPRD GOLD: Risk of 
Bleeding and Cardiovascular Outcomes From 
Anticoagulant Use
Nicholas B. Hunt1 , Patrick Souverein1, Marloes Bazelier1, Nicola Barclay2 , Antonella Delmestri2 , 
Miriam Sturkenboom3 , Daniel Prieto-Alhambra2 , Helga Gardarsdottir1,4,5  and Olaf Klungel1,*

The impact of the choice of common data model (CDM) approach on the study results in a real-world evidence 
(RWE) study is unknown. We aimed to determine potential differences in the results of an RWE study when data 
were mapped to two different CDMs, ConcePTION and OMOP. With the same instance of CPRD GOLD, data were 
mapped to both CDMs. Using the same programming steps, we estimated the risk of direct oral anticoagulants 
(DOACs) vs. vitamin K antagonists (VKAs) on bleeding and cardiovascular (CVD) outcomes in patients with non-
valvular atrial fibrillation. Baseline characteristics, incidence rates, and Cox proportional hazards ratios were 
compared between the analyses. OMOP and ConcePTION mapped study populations included 80,701 (93,350 
person-years) and 76,726 exposed persons (100,135 person-years), respectively. DOACs showed no differential risk 
of CVD compared to VKAs in ConcePTION mapped data (HR 0.99, 95% CI [0.91; 1.08]), but protective effects in 
OMOP (HR 0.82, 95% CI [0.74; 0.90]). DOACs had a similar increase in risk of stroke (ConcePTION HR 1.19, 95% CI 
[1.02; 1.37]; OMOP HR 1.10, 95% CI [0.96; 1.26]). No increased risk of major bleeding was identified (ConcePTION 
HR 0.97, 95% CI [0.84; 1.13]; OMOP HR 0.90, 95% CI [0.78; 1.04]). OMOP gave lower effect estimates for CVD 
and equivalent risks of stroke and bleeding associated with DOACs use. This study highlights the challenges in 
repeating the same analysis across the two data CDMs. Differences potentially stem from the cohort construction, 
the identification of phenotypes in the different CDMs, and the use of imputed variables defined during mapping 
processes, such as drug exposure duration.
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Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE 
TOPIC?
	; The employment of common data models (CDMs) to har-

monize electronic healthcare data across multiple data sources 
can have an impact on study results. There is an obligation to 
better understand how these strategies could affect real-world 
evidence studies as they are employed throughout Europe and 
beyond.
WHAT QUESTION DID THIS STUDY ADDRESS?
	;How do patient characteristics, outcome incidence rates, 

and effect estimates of a pharmacoepidemiologic case study dif-
fer when mapping real-world data to the general ConcePTION 
CDM, without semantic harmonization, compared to a gen-
eral CDM (Observational Medical Outcomes Partnership 
[OMOP] CDM) that is independent of study questions and 
semantically mapped to common vocabularies?

WHAT DOES THIS STUDY ADD TO OUR 
KNOWLEDGE?
	;When the same electronic healthcare data are mapped to two 

different CDMs that differ in harmonization approaches and 
despite using the same protocol, there can be differences in the 
results of a pharmacoepidemiologic case study including study 
population size, baseline characteristics, and small differences 
in effect estimates.
HOW MIGHT THIS CHANGE CLINICAL PHARMA­
COLOGY OR TRANSLATIONAL SCIENCE?
	; This study highlights the difficulties in repeating analyses 

using two different common data models. Researchers should 
be aware of explicit and implicit choices that are made when 
using a specific CDM, since it can impact the study output 
due to differences in phenotyping, data curation, or analytical 
technique being applied.
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The use of multiple health databases in pharmacoepidemiologic 
studies can facilitate more robust assessments of drug safety and 
effectiveness.1 Regulatory bodies such as the European Medicines 
Agency (EMA) mandate for the access and generation of real-
world evidence (RWE) from multiple sources. This is necessary 
for comparing the safety and effectiveness of drugs across diverse 
countries and regions, while also considering variations in study 
populations and healthcare systems.2,3 The heightened intricacies 
resulting from inter-database heterogeneity stem from variations 
in the recording, methods and purposes of information collection, 
alongside practical challenges like standardizing analyses across a 
distributed database network.1,4,5

Common data models (CDMs) are a methodology where data 
from a local data source are modeled to a standardized data struc-
ture and schema (syntactic harmonization). CDMs can facilitate 
standardized and federated analyses, while not overstepping ethical 
and legal constraints associated with multi-database studies.6 CDMs 
offer efficiency to the investigator and by extension the regulatory 
agencies, through the use of standardized data and analytical pro-
gramming; much is predefined prior to the conception of a specific 
protocol. Drug regulatory agencies started to use these methods after 
the Rofecoxib saga.7 Regulatory agencies then established networks 
such as the FDA Sentinel System, and in Canada, the CNODES 
system.8,9

In Europe, the EMA created the European Network of Centers 
of Excellence in Pharmacoepidemiology & Pharmacovigilance 
(ENCePP). Multi-database studies using CDMs started from 
2008 with EU-ADR, followed by many EMA-sponsored projects; 
throughout these projects, the use of CDMs evolved.6,10,11 European 
projects that involved the use of a CDM were conducted under the 
umbrella of the EU Pharmacoepidemiology & Pharmacovigilance 
Research Network (EU PE&PV), IMI-ConcePTION and the 
Vaccine Monitoring Collaboration for Europe (VAC4EU) networks 
using the ConcePTION CDM, the IMI-European Health Data and 
Evidence Network (EHDEN), using the OMOP CDM, among 
others.12–20 European harmonization of data structures with a CDM 
is supported by the EMA to sustainably increase the speed of pan-
European pharmacoepidemiologic research output.3 In 2022, the 
Data Analysis and Real-World Interrogation Network (DARWIN 
EU®) was set up by the EMA for rapid generation of evidence, using 
the OMOP CDM.8,21–24

Different strategies for multi-database studies and levels of har-
monization may impact the results such as incomplete mappings 
and content differences, perhaps leading to varying effect estimates 
between harmonization strategies.25–28 At the moment, two dif-
ferent types of general-use CDMs commonly used in Europe are 
the OMOP and ConcePTION CDMs. The structure of clinical 
tables is similar for the OMOP and ConcePTION CDMs; the key 
difference is that the ConcePTION CDM only requires syntactic 

harmonization to be done by the data access provider, whereas the 
OMOP CDM requires both syntactic and semantic harmonization 
(mapping of original coding system to a standardized vocabulary).13 
In the ConcePTION pipeline, semantic mapping is conducted 
using concept sets with all different source terminologies as part of 
the analysis script. Frequently, data sources that are mapping their 
data to OMOP CDM do this for the whole dataset, independent of 
the studies they will participate in. For the ConcePTION CDM, 
data instances may comprise the whole data set, but study-specific 
filling of the CDM is also possible, where only data intended for the 
study is fitted into the CDM.

The objective of this study was to compare the impact of the use 
of the ConcePTION CDM vs. the use of the OMOP CDM on 
the descriptive statistics and effect estimates of a pharmacoepide-
miologic RWE study. To illustrate this, we conducted a case study 
on the risk of major bleeding and cardiovascular disease outcomes 
associated with the use of direct oral anticoagulants (DOACs) vs. 
vitamin K antagonists (VKAs) in patients with non-valvular atrial 
fibrillation (NVAF), adapted from an earlier drug safety investiga-
tion commissioned by the EMA.29

METHODS
We conducted a cohort study using electronic primary care data (see 
Figure 1). The study was conducted by using two harmonization ap-
proaches on the same data source: the use of a CDM filled with study-
specific data (ConcePTION) and a study-agnostic CDM (OMOP) 
including semantic harmonization.

Setting
Data were obtained from Clinical Practice Research Datalink (CPRD) 
GOLD, which consists of electronic health records from primary care 
practices throughout the United Kingdom (CPRD protocol 23_003125, 
institutional review board approval dated 28 December 2023). The July 
2022 data instance was used in this study for both approaches to ensure 
consistency: CPRD GOLD contained information on 3.1 million cur-
rent patients from 399 currently contributing primary care practices.30 
In the source data, diagnoses, referral, procedures, immunizations and 
tests are classified by the Read version 2 coding system, while drug in-
formation is recorded with Gemscript codes. These source codes were 
mapped to different coding systems for the OMOP CDM and drug in-
formation only for the ConcePTION CDM.

ConcePTION CDM
Data for persons with an oral anticoagulant prescription (see DOAC 
and VKA code list in Appendix S1) in the study period underwent 
the extract, transform, load (ETL) process to the ConcePTION 
CDM v2.2.6 The ETL program was designed and used previously 
and is updated for every new study.31 The ConcePTION CDM re-
quires syntactic harmonization, but it does not require upfront seman-
tic harmonization of clinical concepts to common vocabularies; the 
ConcePTION pipeline conducts semantic harmonization as part of 
the study analytical script. As such, it does not have a standard clinical 
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vocabulary or coding terminology and the original data elements 
are maintained.13 The ConcePTION CDM contains the WHO 
Anatomical Therapeutic Chemical (ATC) codes as a variable to record 
medicines, so all drug product codes present in CPRD GOLD (BNF 
codes) were mapped to ATC codes during the ETL process. For clini-
cal events (conditions), the source vocabulary was used. With the data 
in the standardized schema, the variables and analytical data sets were 
created and subsequently analyzed using a program that recognizes the 
local vocabulary for conditions and ATC for drugs.

OMOP CDM
The entirety of CPRD GOLD underwent the ETL process and was 
mapped to the OMOP CDM (V5.3). OMOP CDM was developed by the 
public-private partnership OMOP project, and it is now administered by the 
Observational Health Data Sciences and Informatics (OHDSI) commu-
nity. OMOP provides semantic and syntactic harmonization so that each 
element of the database is mapped to the OMOP standard vocabulary (e.g., 
SNOMED for clinical concepts and RxNorm for drug concepts) and is fit-
ted to a standardized data schema.32–34 The code lists constructed in source 
vocabularies were matched to the OMOP CDM by data contained in the 
condition_source_value and drug_source_value of the CONDITION_
OCCURANCE and DRUG_EXPOSURE tables, respectively 
(Appendices S1 and S2, original outcome and drug codes adapted from 
Souverein et al.).29 The cohort, variables and analytical dataset were created 
and analyzed using software partly developed for the DARWIN EU® ini-
tiative. These included Capr to construct the concept sets of the drugs and 
conditions as well as cohort definitions, CDMConnector to reference to the 
CDM and to create the cohorts and PatientProfiles to identify the charac-
teristics of the patients of the cohorts.35–38

Study population
The study population included people who initiated DOACs or VKAs 
(index date, drug code list in Appendix S1) with no prescription 
≤365 days prior. At index date, patients must have had an NVAF diagno-
sis within ±90 days, have been aged ≥ 18, and have been registered at the 
GP practice for at least 365 days. Patients were followed up until the oc-
currence of the study outcome, a switch in medication to the other expo-
sure class, the end of the last sequential prescription, the patient exiting 
the practice (death or transferring out), the last data delivery of the prac-
tice, or the end of the study period, whichever came first. Patients were 
excluded from the analysis if the outcome event had already occurred in 
the 365 days prior to the index date.

Exposure definition
CPRD GOLD does not contain the end date of use for each prescription, 
but provides several pieces of information that allow for its calculation. In 
the ConcePTION CPRD GOLD data, the end date of each DOAC pre-
scription was estimated using an algorithm which accounts for the CPRD 
GOLD variables: total quantity (qty, number entered by the GP), number of 
packs (if qty is assumed to represent number of tablets) and number of days.39 
If missing or in case of estimating VKA prescription length, the median 
distance between ≥ 3 subsequent prescriptions for that specific medica-
tion (prodcode) was imputed per person, up to a maximum of 100 days.29 
Otherwise, an end date 28 days after the prescription date was imputed. In 
OMOP CPRD GOLD data, the field drug _exposure_end_date was esti-
mated during the ETL process using an algorithm based on the prescribed 
number of days or, if missing, on the most frequent daily dose present for 
that specific medication (prodcode) in CPRD GOLD. If no match was 
found, then the number of days was set to 1.26,40

Figure 1  A graphical depiction of the study design. (a) Comorbidities: pulmonary embolism, deep vein thrombosis, hypertension, diabetes 
mellitus, liver disease, cancer, alcohol abuse, thrombocytopenia, gastrointestinal ulcer, cardiovascular disease, anemia, chronic lung disease, 
peripheral artery disease, angina, drug abuse, human immunodeficiency virus, and hypercholesterolemia. (b) Concomitant medication: 
angiotensin II antagonists, antidiabetics, antiplatelets, beta-blockers, calcium channel blockers, corticosteroids, diuretics, doxazosin, moxonidin, 
non-steroidal anti-inflammatory drugs, selective serotonin reuptake inhibitors, angiotensin-converting-enzyme inhibitors, aldosterone antagonists 
and direct vasodilators. (c) Outcome, discontinuation of study drugs, switch to other medication class (DOAC/VKA), loss to follow-up, death, move 
or end of the study period. DOACs, direct oral anticoagulant; NVAF, non-valvular atrial fibrillation; VKAs, vitamin K antagonist.
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In ConcePTION modeled CPRD GOLD data, episodes of subsequent 
treatment were constructed independent of possible dose changes within 
a period. The treatment periods of DOACs or VKAs were made to allow 
a 30-day gap between the theoretical end date of one prescription and the 
start date of the next prescription, using AdhereR.41,42 In OMOP CDM 
Standard Drug Eras were estimated from a combination of drug concepts 
mapped to the active ingredient present in the DRUG_EXPOSURE table 
with ≤ 30 days between them. For simplicity and consistency between the 
harmonization strategies, we did not consider overlapping prescriptions—
that is, no exposure days were added at the end.

Outcome definition
We assessed three clinical outcomes and one negative control outcome 
(conditions code lists in Appendix S2): major bleeding (intracranial 
bleeding, gastrointestinal bleeding and other unclassified extracranial 
bleeding events),43 all strokes (hemorrhagic and ischemic strokes), car-
diovascular disease (including congestive heart failure, angina, myocar-
dial infarction, coronary artery disease, aortic plaque and peripheral 
artery disease) and hip fractures (negative control outcome). The code 
lists for the clinical outcomes were based on earlier studies conducted on 
the topic including Souverein et al.29 At the time these code lists were 
compiled and verified by a coding team including clinicians.

Confounding factors
Sex and age (continuous) were measured at index date. Concomitant 
medications measured ≤ 183 days prior to index date included non-
steroidal anti-inflammatory drugs (NSAIDs), antidiabetics, diuretics, 
direct vasodilators, beta-blockers, calcium channel blockers, angiotensin-
converting-enzyme (ACE) inhibitors, angiotensin II antagonists, cor-
ticosteroids, selective serotonin reuptake inhibitors (SSRIs), proton 
pump inhibitors (PPIs), statins, alpha adrenergic blockers, aldosterone 
antagonists, doxazosin, moxonidin and antiplatelets (drug code list in 
Appendix S1). Comorbidities measured ≤ 183 days prior to index date 
included stroke, major bleeding, gastrointestinal ulcer, pulmonary embo-
lism and deep vein thrombosis, thrombocytopenia, hypertension, cancer, 
diabetes mellitus, hypercholesterolemia, all cardiovascular disease, an-
gina, peripheral artery disease, heart failure, anemia, chronic lung disease, 
liver disease and renal failure (condition code lists in Appendix S2).

Data analysis
Baseline characteristics were stratified by treatment group at baseline; 
means, standard deviations (SD), absolute totals and percentages were 
calculated. Incidence rates (IRs) for the measured outcomes expressed 
per 1000 person-years were calculated. We carried out a complete case 
analysis to handle potential missing data. In both strategies, the same 
data analysis code was used to calculate these metrics.

Inferential analyses
Cox proportional hazards regression models were used to calculate the 
relative risk of the outcomes of interest (stroke, major bleeding, cardio-
vascular disease) in DOAC users compared to VKA users, expressed 
as a hazard ratio (HR) and 95% confidence intervals (CI). To account 
for measured confounding, the model was adjusted using the measured 
covariates considered to be confounders, while the association between 
DOAC vs. VKA use and the negative control outcome (hip fracture) in-
dicated the presence of unmeasured confounding.

Measures of comparison
Differences between the CDMs were shown through potential variations 
in the effect estimates (HRs), counts of the outcomes (number of events), 
incidence rates of outcome events, and descriptive statistics of the base-
line characteristics. The estimate agreement was assessed by the overlap-
ping 95% confidence intervals of the HRs and IRs.

The measure of differences in the effect estimates (HRs) and confi-
dence intervals between the two CDM strategies was assessed through the 
calculation of standardized differences and the corresponding 95% CIs, as 
adapted from Franklin et al.44:

The �̂
2

 is the log hazard ratio and the �̂2 is the variance for each esti-
mate. If we take 95% confidence intervals, then α = 0.05, and |z| > 1.96, 
then we would reject the null hypothesis that there are no significant dif-
ferences between harmonization strategies.44

RESULTS
After application of the eligibility criteria, the study population in-
cluded 80,701 persons (43.7% DOAC users) in the OMOP CDM 
and 76,726 persons (43.5% DOAC users) in the ConcePTION 
CDM (Table 1). The study population in ConcePTION CPRD 
and OMOP CPRD data had a similar age at index date (mean dif-
ference 0.5 years greater in ConcePTION) and a similar sex bal-
ance (mean difference 0.3% greater in ConcePTION).

The proportion of patients with any of the comorbidities re-
corded 183 days prior to index date in the ConcePTION CPRD 
data was similar to the OMOP CPRD data for stroke (mean per-
centage difference + 0.7), CVD (diff +0.5%), any neoplasm and 
cancer (diff +0.2%), heart failure (diff +0.8%), chronic lung disease 
(diff +0.5%), renal failure (diff +0.1%), anemia (diff +0.2%), an-
gina (diff +0.1%), deep vein thrombosis and pulmonary embolism 
(diff −0.2%), hypertension (diff −0.4%) and diabetes (diff −0.1%). 
The number of patients identified as using concomitant medica-
tions was generally higher in ConcePTION vs. OMOP CPRD 
data, with exceptions: corticosteroids (diff −9.4%), NSAIDs (diff 
−6.6%) and aldosterone antagonists (diff −0.3%). ACE-inhibitors 
(diff +5.3%), β-blockers (diff +6.7%), calcium channel block-
ers (diff +5.3%), diuretics (diff +5.3%), PPIs (diff +5.7%) and 
statins (diff +8.1%) all were > 5% greater percentage difference in 
ConcePTION CPRD data than OMOP CPRD data.

The total follow-up time of the included patients was greater 
in all four outcome cohorts in ConcePTION CPRD data than 
in OMOP CPRD data (Figure 2). For example, the major 
bleeding cohort contained a total of 100,135 person-years in 
the ConcePTION CPRD data and 93,350 person-years in the 
OMOP CPRD data. This difference seems to have been driven 
predominantly by a greater total follow-up time in VKA users 
(56,407 person-years in ConcePTION vs. 49,915 person-years in 
OMOP). This trend was consistent in the stroke, CVD, and hip 
fracture cohorts (Figure 2).

The incidence rates of major bleeding (IR ConcePTION 7.6, 
95% CI [7.1; 8.2]; OMOP 8.1 [7.6; 8.7]) and hip fracture (4.1 
[3.7; 4.5]; 4.7 [4.2; 5.1]) were similar between ConcePTION and 
OMOP CPRD data. The incidence rate of CVD events differed, 
with a higher total IR in ConcePTION CPRD data (IR 23.0, 95% 
CI [22.0; 24.0]) than in OMOP CPRD data (18.1, [17.2; 19.0]). 
The IR of stroke (7.8, [7.2; 8.4]) was smaller in ConcePTION 
than in OMOP CPRD data (9.3, 95% CI [8.7; 10.0]). Stroke 
and hip fracture outcomes had a lower number of total outcome 

z =
�̂CDM − �̂CP

√
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events in ConcePTION compared to OMOP CPRD data (729 in 
ConcePTION vs. 814 in OMOP and 413 vs. 436, despite a longer 
total follow-up time).

In the Cox proportional hazards models (Figure 3), all out-
comes had a numerically lower HR point estimate in OMOP 
CPRD data than in ConcePTION CPRD data. Most signifi-
cantly, DOACs showed no increased risk of CVD events com-
pared to VKAs in ConcePTION CPRD data (adjusted HR 
0.99, 95% CI [0.91; 1.08]), but protective effects in OMOP 
CPRD data (adjusted HR 0.82, 95% CI [0.74; 0.90]). In 
ConcePTION CPRD data, DOACs slightly increased the risk 
of stroke compared to VKAs (adjusted HR 1.19, 95% CI [1.02; 
1.37]) and (not statistically significant) in OMOP CPRD data 
(adjusted HR 1.10, 95% CI [0.96; 1.26]). Conversely, there 
was no increased risk of major bleeding for DOACs in both 
ConcePTION (adjusted HR 0.98, 95% CI [0.85; 1.13]) and 
OMOP CPRD data (adjusted HR 0.90, 95% CI [0.78; 1.04]). 
We observed an unexpected association between DOAC users 
and a higher risk of hip fracture (negative control outcome) 
in both analyses, with HR point estimates numerically higher 
in ConcePTION (HR 1.80, 95% CI [1.48; 2.19]) vs. OMOP 
CPRD data (HR 1.32, 95% CI [1.08; 1.61]). All 95% CIs of 
the Cox models overlap except for CVD adjusted, representing 
agreement for all effect estimates except CVD (Figure 3). In 
all cases we rejected the null hypothesis that there are no dif-
ferences because the standardized differences for major bleeding 
(z = 11.1), stroke (z = 10.0), CVD (z = 57.0) and hip fracture 
(z = 60.0) were all greater than 1.96.

DISCUSSION
Several differences were found for study results when CPRD 
GOLD was mapped to the OMOP CDM compared to when 
it was mapped to the ConcePTION CDM. In OMOP CPRD, 
DOAC users had a lower risk of CVD events compared to VKA 
users (HR 0.82, 95% CI [0.74; 0.90]), an association that was 
not seen in ConcePTION CPRD data (HR 0.99, 95% CI [0.91; 
1.08]). However, DOAC users had a similar risk of stroke in both 
the ConcePTION (HR 1.19, 95% CI [1.02; 1.37]) and OMOP ap-
proach (HR 1.10, 95% CI [0.96; 1.26]). The negative control out-
come (hip fracture) departed more from the null in ConcePTION 
(HR 1.80, 95% CI [1.48; 2.19]) than in OMOP CPRD data (HR 
1.32, 95% CI [1.08; 1.61]), suggesting residual confounding re-
mained stronger in the former vs. the latter. In general, the proce-
dure implemented in OMOP CPRD data led to numerically lower 
effect estimates (hazard ratios), higher incidence of outcomes (ex-
cept CVD), and a lower number of co-medications recorded (ex-
cept most notably, corticosteroids and NSAIDs).

Taking corticosteroids as an example: we saw a 9.4% differ-
ence in its use between ConcePTION and OMOP CPRD data. 
We selected drugs classified in the hierarchy ATC class H02 for 
ConcePTION CPRD data, as usual practice for someone working 
in the confines of this drug ontology. We classified it differently 
in OMOP by including all the active substances (ingredients, de-
fined by RxNorm codes) contained within this ATC class, which 
in turn may extend to other ATC classes (such as topical products). 
However, most of the risk estimates had overlapping confidence 
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intervals; the metric prespecified at protocol stage to detect rele-
vant differences.

The design differences in the CDM reflect the semantic meth-
ods employed on the data. OMOP CDM was developed with an 
emphasis on study conduct efficiency through the complex a pri-
ori process of (semantic) mapping to standard concepts. Whereas 

ConcePTION CDM was developed to maintain the heteroge-
neity inherent in European health data, while at the same time 
being faster and more flexible to employ due to the lack of upfront 
semantic harmonization.13 Syntactic harmonization through a 
CDM filled with study-specific data in essence reorganizes the 
data schema and variable names for only a selection of data. In both 

Figure 2  Incidence rate and number of events for major bleeding, stroke, cardiovascular disease and hip fracture (negative outcome) in CPRD 
GOLD using the ConcePTION CDM or the OMOP CDM. 95% CI, 95% confidence interval; CDM, common data model; CVD, Cardiovascular 
disease; DOACs, direct oral anticoagulants; OACs, oral anticoagulants; VKAs, vitamin k antagonists.

Figure 3  Cox proportional hazards regression of direct oral anticoagulants (DOACs) vs. vitamin K antagonists (VKAs) for the risk of major 
bleeding, any stroke, any cardiovascular disease (CVD) event, and hip fractures (negative outcome) in CPRD GOLD mapped to the ConcePTION 
CDM and the OMOP CDM. 95% CI, 95% confidence interval; CDM, common data model; CVD, cardiovascular disease; DOACs, direct oral 
anticoagulants; OACs, oral anticoagulants; VKAs, vitamin K antagonists.

ARTICLE



VOLUME 0 NUMBER 0 | Month 2026 | www.cpt-journal.com8

CDMs this is prespecified but in a CDM filled with study-specific 
data, like ConcePTION CDM, the ETL programme was executed 
at the time of the study.

We found that despite a lower study population size in 
ConcePTION CPRD data (e.g. the bleeding cohort consisted 
of 76,726 vs. 80,701 persons in OMOP), the follow-up time 
was greater (100,135 vs. 93,350 person-years in OMOP). This 
was largely driven by a higher estimation of treatment duration 
of VKAs in ConcePTION (56,407 vs. 49,915 person-years in 
OMOP), something that is user-defined during the ETL process 
and programmed in study variable creation steps. The estima-
tion of the prescription duration of VKAs is more challenging 
than for DOACs, due to the treatment course being dependent 
on regular INR measurements. There is a source of variation 
due to the differences in how treatment duration was defined 
for each instance of data in the CDM. Sources of the potential 
difference in the study population size are the definition of the 
NVAF phenotype and OAC drug concepts and their subsequent 
identification in the data, as well as the prior data availability 
per patient. In the scope of cohort construction, the DOAC and 
VKA drug concepts are comparatively straightforward, defined 
by the ingredient concept IDs: the balance of the DOAC to 
VKA users differs by only 0.2%. Although the ingredient con-
cept ID was used for the OMOP analysis, OACs are not used as 
a stand-alone combination product from different ATC classes. 
The identification of the NVAF phenotype remains less clear, 
and an analysis on the quantification of the events of each com-
ponent of the eligibility criteria would be beneficial. Other ori-
gins of these cohort size differences could be due to the cohort 
construction method used for each of the analyses, as well as the 
implementation of each CDM and its mapping.

Compared to other CDMs including PCORnet, Mini-Sentinel 
CDM and CSISC SDTM, OMOP CDM has greater data ele-
ments and broader terminology for how it can be applied to dif-
ferent research questions.45 The early iterations of mapping CPRD 
GOLD to the OMOP CDM proved acceptable mapping and com-
pleteness, which only improved through continuous iterations.26 
In earlier iterations of US data mapped to the OMOP CDM, dif-
ferences between the effect estimates of six drug-outcome pairs 
generated from data mapped to the OMOP CDM and the Mini-
Sentinel CDM have been previously identified. However, these 
were thought to be a result of choices in the analytic approach.25 
Similarly, in this study, despite a single protocol for the studies in 
the two CDMs, the output could have differed due to these small 
differences in analytics and the results here must be considered 
with this in mind. More generally, CDMs that use semantic map-
ping, like OMOP CDM, provide a greater degree of standardiza-
tion and therefore interoperability but are inherently more likely to 
be susceptible to data quality issues than CDMs that do not map to 
a standard vocabulary.

Both OMOP and ConcePTION CDMs have their strengths 
and limitations. The OMOP CDM is longer established and as 
such, it involves not only data standardization but also structural 
and analytic programming developed to specifically work within 
its confines. Both CDMs are in their relative infancy of use in 
Europe, and the projects for which they are being used will increase 

their output in the coming years. The same methods applied to all 
electronic healthcare data in a federated analysis may reduce the 
flexibility of the analysis. Local expertise based on knowledge of 
the healthcare system and data contained may influence analytic 
strategy. Particularly, in the case of specific phenotypes or medici-
nal products and devices. It is important to understand the impact 
the cohort construction and analytic parameters can have when 
interpreting study output, as differences in implementation of the 
same study could occur due to those underlying mechanisms.

There were several limitations to the comparison between 
ConcePTION and OMOP CDMs. First, the same analytic pro-
gram cannot be used in the two approaches. In using tools devel-
oped specifically for the OMOP CDM by the OHDSI community 
to standardize analytics for data mapped to a CDM, these cannot 
be used with ConcePTION CDM data or elsewhere.46 Small syn-
tax differences could potentially impact the results in a differen-
tial way, and any comparisons made should be made with caution. 
Second, the completeness of the mapping to a CDM may vary 
per database and data access provider. The use of one data source 
means that generalizing the results to all instances of data mapped 
to these CDMs may therefore be limited. Third, we were limited 
to one data source per approach and three determinant-outcome 
associations. Generalisability improvements could be achieved by 
analyzing a more extensive array of determinant-outcome associa-
tions in future studies. Fourth, clinical and drug code lists match-
ing between the source codes to the OMOP standard_concept_id 
via the recorded source values in the CDM could lead to different 
classifications of the same drug product. For example, the drug in-
gredient standard_concept_id could account for drugs outside the 
ATC class, which specifies the drug concepts in ConcePTION. 
Finally, this study did not specifically compare each step of the al-
gorithms applied within each CDM to better understand where 
potential syntactic differences arose, nor was an analysis of non-
overlap between study populations done due to a lack of patient-
level information in the analytic dataset.

Both ConcePTION and OMOP CDMs provide a level of stan-
dardization that allows for an efficient federated analysis of real-
world data (RWD). There are, however, fundamental differences 
in their design, not limited to the addition of semantic harmoniza-
tion employed by the latter. The OMOP CDM has an analytic ap-
proach that is streamlined and directed by accompanying standard 
analytical and data pre-processing packages. Users should pay at-
tention to methodological choices that take place during mapping, 
the construction of analytical datasets, and data analytics. These 
are subject to standard pipelines that may not be suitable for the 
chosen research question and study design.

In our analysis, there were some small differences in the study 
output from data mapped to the ConcePTION and the OMOP 
CDMs. Output from the latter showed DOACs to have slightly 
numerically (but not significantly) lower effect estimates for most 
bleeding and cardiovascular outcome risks, compared to VKAs, 
than in the study output from ConcePTION CDM. Similar re-
sults were observed for the negative control outcome (hip frac-
ture), which could be a useful metric to measure differences in 
analyses in detecting unmeasured confounding. In the context of 
these results, careful consideration of the outputs from the analysis 
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of different mapping CDMs should be made, particularly with 
regard to phenotyping and the use of imputed variables defined 
during mapping processes such as drug exposure duration. This 
variable is imputed using OMOP conventions on the estimation of 
the end date of drug exposure when it is missing, which is the case 
in many European electronic healthcare data sources.47 Individual 
prescription duration is highly dependent on a multitude of factors 
including medicinal product, indication, and data sources. This is 
particularly poignant in the case of DOACs and VKAs, where the 
duration of the latter differs from patient to patient to a great ex-
tent. These reasons likely had an impact on the resulting incidence 
rates and effect estimates, and therefore, careful consideration 
should be given to the use of imputed or predefined variables in 
RWD, and in particular, causal inference studies.

Heterogeneity in effect estimates generated from the analysis 
of each CDM could lead to different decision-making in both the 
regulatory and clinical domains. The approach undertaken should 
account for not only each contributing database but also the har-
monization that the underlying data has undergone, particularly 
with respect to phenotyping, syntactic, algorithmically defined 
variables, and the standardized analytic strategy used upon the 
mapped data. The scope of future research should focus on the 
implementation of study design and analytics in different environ-
ments since variations can affect the overall study output, while 
keeping in mind that validity should always outweigh efficiency.
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