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Chapter 1

General Introduction: 
About this thesis

 It is well known that placebos – and even no treatment –  can be associated 

with adverse events. 
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INTRODUCTION
 
It is perhaps a fundamental truth in medicine that there is no intervention – be it a drug, 

a medical device or a procedure – that is without risks. Even with the most rigorous eff orts in 
drug approval and regulation, there is not a drug out there that is 100% safe under all conditions. 
Randomized controlled trials (RCTs) are considered to be the most stringent approach to 
determining cause-and-eff ect relationship between an intervention and an outcome, but such trials 
are rarely designed or powered to detect uncommon or unexpected adverse events.1-4 Once drugs 
are marketed, they are used in a more diverse group of people, oft en for much longer periods, and 
sometimes with a wider range of therapeutic indications. While monitoring the risks associated 
with drug use has come a long way since the thalidomide disaster in the 1960s and the institution 
of spontaneous reporting systems (SRS), it has become evident that adverse eff ects of drugs may 
be detected - and acted upon – too late, when millions of persons have already been exposed.5-6 

Th ere has been a growing clamor for improving the current passive-reactive paradigm of 
drug safety surveillance. Prominent issues in the last few years have emphasized the importance of 
a life-cycle approach to drug safety monitoring and the need to explore new methods to improve 
surveillance of drugs post-marketing.7-8 It has been posited that electronic healthcare record (EHR) 
databases represent an important resource for proactive surveillance and can augment existing 
pharmacovigilance systems. Various public-private initiatives worldwide have been launched, and 
great investments have been made, to explore the secondary use of EHR for this purpose.9-10 In 
this thesis, we draw on the experience of the EU-ADR network (Exploring and Understanding 
Adverse Drug Reactions by Integrative Mining of Clinical Records and Biomedical Knowledge, 
http://www.euadr-project.org/), a federation of eight EHR databases in four countries in Europe, 
to demonstrate the feasibility of combining diverse and diff erently structured data and pave the 
way for large-scale drug safety monitoring. We describe the opportunities and challenges that 
come with heterogeneity in database structure, with diff erences in language and coding of both 
drugs and diseases, and with the diversity in the organization of European healthcare systems. 

ABOUT THIS THESIS

In Chapter 2: Th e Big Picture, we provide an overview of ongoing initiatives exploring data 
from EHR for automatic signal detection vis-à-vis established SRS. We describe the role SRS 
has played in regulatory decision-making with respect to safety issues and further evaluate the 
potential added value of EHR-based signal detection systems to the current practice of drug safety 
surveillance.

In Chapter 3: Breaking New Grounds, we set the stage for large-scale monitoring of drug 
safety signals using multiple EHR databases. We start off  with the identifi cation of events that are 
considered important to monitor from a pharmacovigilance and public health perspective (3.1). 
We describe the process of harmonizing event data extraction from diff erent databases, the aim of 
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which is to come up with a common defi nition of events that is both clinically sound and agreeable 
to all stakeholders (3.2). We then present a proof-of-concept study that describes the framework, 
distributed data processing, and preliminary results of combining data from eight European 
EHR databases for drug safety signal detection. Th is is the fi rst study of its kind that explores the 
methodological, cultural, ethical, governance and political issues of sharing healthcare data across 
international borders (3.3). 

In Chapter 4: Facing up to the Challenge, we put into perspective the expectations about 
what these healthcare data-based surveillance systems can do. We demonstrate how much leverage 
EHR databases can provide for monitoring the safety of medicines. We provide estimates of the 
number and types of drugs that can be monitored in these systems as a function of actual drug 
use, minimal detectable relative risk, and incidence rates of outcomes of interest (4.1). We further 
perform data simulation in an attempt to see if, and how, expansion of database size would make a 
diff erence in the capabilities of the system. Because the prevalence and nature of many diseases are 
not the same in children as in adults and because of age-related variation in drug pharmacology 
and drug utilization,11-13 we performed a separate study to determine the capabilities of the system 
for pediatric drug safety signal detection (4.2). Although several drugs have been withdrawn post-
marketing by regulatory authorities aft er scientifi c evaluation of harms and benefi ts, there is no 
defi nitive list of confi rmed signals (i.e., list of all known adverse reactions and which drugs can 
cause them). As there is no true gold standard, prospective evaluation of signal detection methods 
remains a challenge. We propose a surrogate reference standard of drug-adverse event associations 
based on existing published scientifi c literature, drug product labels, and expert opinion and 
developed for the primary purpose of evaluating performance of methods for signal detection 
using EHR (4.2). We then evaluate the relative performance of 10 diff erent statistical methods for 
detecting drug-adverse event associations in EHR data (4.3). 

While the motivation for merging disparate data sources primarily comes from the need 
to investigate drug safety in larger populations, it is a well-acknowledged limitation that EHR 
databases are only able to describe exposures and outcomes of interest to the extent that they are 
documented within the database systems.14-15 We evaluate the positive predictive value of various 
coding-based algorithms in the identifi cation of upper gastrointestinal bleeding (UGIB) and 
acute myocardial infarction (AMI) in diff erent EHR databases by case validation and review of 
hospitalization charts and general practitioner (GP) records (4.4, 4.5). Responding to a request 
of the Dutch Medicines Agency, which is currently facing drug safety problems with progressive 
multifocal leukoencephalopathy (PML) following the use of some biological agents, we estimated 
the incidence of PML in the general population using EHR data from three countries in Europe 
(4.6). 

Like any signal detection system, there is a need to establish ‘rules’ how to trigger an alert, 
when to consider a signal likely enough to be real to warrant follow-up, and when a signal needs 
to be elevated to represent a potential safety risk. In Chapter 5: Separating the Big Fish from the 
Small Fry, we describe the process of evaluation and triage of potential causal drug-adverse event 
associations derived from signal detection using EHR databases. Taking the event acute myocardial 
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infarction (AMI) as an example, we propose a strategy for combining evidence from diff erent data 
sources in the EU-ADR system to prioritize signals that may represent genuine risk and, hence, 
necessitate further investigation and formal pharmacoepidemiologic studies.

Finally, a summary discussion and future perspectives are presented in Chapter 6.
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Chapter 2

The Big Picture

 ‘The immediate question that can be raised is: who cares for the big picture?’

 – I. Iakovidis, 1998
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ABSTRACT 

Th e safety profi le of a drug evolves over its lifetime on the market; there are bound to be 
changes in the circumstances of a drug’s clinical use which may give rise to previously unobserved 
adverse eff ects, hence necessitating post-marketing surveillance. Post-marketing surveillance has 
traditionally been carried out by systematic manual review of spontaneous reports of adverse drug 
reactions (ADRs). Vast improvements in computing capabilities have provided opportunities 
to automate signal detection and several worldwide initiatives are exploring new approaches to 
earlier signal detection, primarily through mining of routinely-collected data from electronic 
healthcare records (EHR). Th is paper provides an overview of ongoing initiatives exploring data 
from EHR for automatic signal detection vis-à-vis established spontaneous reporting systems 
(SRS). We describe the role SRS has played in regulatory decision-making with respect to safety 
issues and evaluate the potential added value of EHR-based signal detection systems to the current 
practice of drug surveillance. Safety signal detection is both an iterative and dynamic process. It is 
in the best interest of public health to integrate and understand evidence from all possibly relevant 
information sources on drug safety. Proper evaluation and communication of potential signals 
identifi ed remains an imperative and should accompany any signal detection activity.
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INTRODUCTION

A drug’s effi  cacy and safety must be demonstrated in a series of clinical trials conducted prior 
to approval. Phase III studies, consisting of randomized controlled trials (RCTs), are considered 
to be the most rigorous approach to determining cause-and-eff ect relationship between an 
intervention and an outcome. Th e controlled nature of such trials, however, calls for a limited 
number of patients who may not always be representative of the population of all potential users 
of the drug and a relatively short observation period, making it diffi  cult to detect adverse drug 
reactions (ADRs) that are rare or with a long latency.1-4 Hence, to protect public health, it is 
imperative to continue monitoring and evaluating the safety of a drug once it is on the market. 
Th e safety profi le of a drug evolves over its lifetime on the market; aft er years, or even decades, 
of experience there are bound to be changes in the circumstances of a drug’s clinical use (in the 
population for whom it is recommended, including off -label use, concomitant use with other drugs, 
and dosing regimen changes) which may give rise to previously unobserved adverse eff ects. Even 
over-the-counter products that have been available for a long time such as phenylpropanolamine 
and the nonsteroidal anti-infl ammatory drugs (NSAIDs) have been found to be associated with 
adverse eff ects necessitating labeling changes several years aft er drug approval, or even market 
withdrawal.5-8 

Post-marketing drug safety surveillance has traditionally been carried out by systematic 
manual review of reports of suspected ADRs sent by healthcare professionals, consumers, and 
pharmaceutical manufacturers and registered in national pharmacovigilance database systems. 
Qualitative review of all reports has become progressively more diffi  cult and impractical because 
of the exponential increase in the number of cases over the years as well as the continuous infl ux of 
new drugs. In addition, vast improvements in computing capabilities in the last few decades have 
provided an opportunity to automate signal detection. For this reason, quantitative and automatic 
methods have been developed to supplement qualitative clinical evaluation, with quantitative 
signal detection being performed mostly, although not exclusively, on databases of spontaneous 
ADR reports.9-13 Systems employing active ascertainment of adverse events related to specifi c 
drugs of interest have likewise been used for signal detection; these include the Prescription Event 
Monitoring systems in the United Kingdom and its counterpart in New Zealand.14-15 More recently, 
high-profi le safety issues such as those involving rofecoxib and rosiglitazone have stimulated 
initiatives in North America and Europe to explore new approaches to facilitate earlier signal 
detection, primarily through mining of routinely-collected, longitudinal data from electronic 
healthcare records (EHR), including medical records and claims for healthcare services.16-17 

What constitutes a ‘signal?’
Th e concept of a signal, from a drug surveillance point of view, has evolved from its defi nition 

by the World Health Organization (WHO) in 200218 to a more synthesized and comprehensive 
defi nition proposed by Hauben and Aronson:19 (1) It is based on information from one or more 
sources (including observations and experiments), suggesting an association (either adverse or 
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benefi cial) between a drug or intervention and an event or set of related events (e.g., a syndrome); 
(2) It represents an association that is new and important, or a new aspect of a known association, 
and has not been previously investigated and refuted; and (3) It demands investigation, being 
judged to be of suffi  cient likelihood to justify verifi catory and, when necessary, remedial actions. It 
is thus evident that a signal in pharmacovigilance may – and will – arise from various data sources. 

In this paper we provide an overview of ongoing initiatives exploring data from EHR for 
automatic signal detection vis-à-vis established spontaneous reporting systems (SRS). We describe 
the role SRS has played in regulatory decision-making with respect to safety issues. We further 
evaluate the potential added value of EHR-based signal detection systems to the current practice 
of drug safety surveillance.

Traditional Approach: Spontaneous Reporting 
In the aft ermath of the thalidomide tragedy in the late 1960s, the United States (US) Food 

and Drug Administration (FDA), the WHO, and the United Kingdom’s Medicines and Healthcare 
products Regulatory Agency (MHRA) independently set up voluntary reporting systems 
geared towards the collection, and subsequent analysis, of post-marketing safety information. 
Establishment of other country-wide spontaneous reporting databases soon followed. More than 
70 countries, including a number of developing countries, have their own SRS, which attempt to 
ensure that signals of possible ADRs are detected as soon as possible aft er licensing. Some of the 
largest SRS data repositories are briefl y described below. 

FDA – Adverse Event Reporting System (AERS) database
FDA’s Adverse Event Reporting System (AERS) was established in 1969 to support the 

FDA’s post-marketing safety surveillance program and currently contains over 4 million reports.20 
Manufacturers of prescription drugs are obliged to submit adverse event reports to the FDA while 
healthcare professionals and the public voluntarily report serious reactions and other problems 
regarding drugs and medical devices via the MedWatch program.21 All data from MedWatch are 
entered into the AERS database. Reports submitted by manufacturers consist of post-marketing 
15-day Alert reports (containing reports of adverse drug experiences that are both serious and 
unexpected, whether foreign or domestic, as soon as possible but in no case later than 15 calendar 
days of initial receipt of the information), follow-up of these 15-day Alert reports, and Periodic 
reports for new molecular entities (NME) within the fi rst three years following FDA approval.22 
Although the database contains reports from worldwide sources, the majority (66%) come from 
the US. From 2000 to 2010, AERS received an average of 300 000 reports per year. An updated 
quarterly list of potential signals of serious risks or new safety information identifi ed from AERS is 
available from the FDA website.23 To preserve patient confi dentiality, the publicly available AERS 
data do not include narratives which could be identifi able. However, links to other post-marketing 
information, including FDA communication to patients and healthcare providers, are accessible. 
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FDA Vaccine Adverse Event Reporting System (VAERS)
Similar to AERS, the Vaccine Adverse Event Reporting System (VAERS) is a nationwide 

post-marketing safety surveillance program, this time collecting information about adverse 
events occurring aft er the administration of vaccines licensed for use in the US. VAERS is jointly 
managed by the FDA and the Centers for Disease Control and Prevention (CDC) and reports 
come from healthcare providers, manufacturers, and the public.24 VAERS receives around 30 000 
reports annually, with 13% classifi ed as serious (i.e., associated with hospitalization, disability, 
life-threatening illness, or death). Since its inception in 1990, VAERS has received over 200 000 
reports, most of which (85-90%) describe mild adverse events such as fever and local reactions at 
injection site, but important signals about possible vaccination-related adverse events have also 
been identifi ed.25 

VigiBase
VigiBase is the data repository of the World Health Organization (WHO) Programme 

for International Drug Monitoring and is managed by the Uppsala Monitoring Centre (UMC) 
in Uppsala, Sweden. VigiBase is a relational database with tools for import, maintenance, and 
analysis of summary clinical reports on individual case safety reports (ICSRs) received from 
over 100 WHO member countries since 1968. It currently contains about 5.5 million reports.26 A 
majority of the ICSRs are received from Europe and the US. In recent years some countries with 
smaller populations, such as New Zealand, Ireland, Switzerland, and the Nordic/Scandinavian 
countries, have taken a more prominent role in reporting.27 ICSRs in VigiBase come from both 
regulatory and voluntary sources, depending on the national pharmacovigilance system. Some 
national centers (NCs) accept reports only from medical practitioners while others accept reports 
from other healthcare professionals. Some NCs include reports from pharmaceutical companies, 
while others do not. Th e UMC does not take part in any clinical review of case reports before 
they are entered in VigiBase; some NCs make an assessment of the likelihood that a drug caused 
the suspected reaction while others do not document such assessments on individual reports. 
Contributing NCs receive all regular data output from UMC, have access to the web-based tool 
VigiSearch to access the data, and can request database searches made by UMC. A separate tool 
– VigiFlow – is also available for NCs to manage their ICSRs and simplifi es the process of sending 
ICSRs to VigiBase. Other stakeholders, including regulatory bodies apart from the reporting 
NC, the pharmaceutical industry, and academicians can request database searches made by 
UMC - this service is available to anyone with a legitimate interest in pharmacovigilance data.27 
An accompanying ‘Caveat’ document available on the UMC website sets out the guidelines for 
interpretation of the data obtained.28 Although the data in VigiBase are more heterogeneous than 
in national pharmacovigilance databases because of (among other things) diff erent healthcare 
practices and regulatory protocols, VigiBase presents opportunities to identify and analyze 
diff erences among countries or regions.
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EudraVigilance
EudraVigilance, created by the European Medicines Agency (EMA) in 2001, is a centralized 

database containing reports of suspected ADRs to drugs licensed across the European Union (EU). 
Reports come from regulatory agencies of EU member states (national competent authorities, NCA) 
and from pharmaceutical companies (marketing authorization holders, MAH).29 Th e system has 
been extended to allow commercial and non-commercial sponsors to report suspected unexpected 
serious adverse reactions (SUSARs) occurring during clinical trials. With the recent amendments 
to pharmacovigilance legislation, all ADRs (not just serious ones) are to be reported and NCAs 
and MAHs are directed to accept ICSRs sent to them by patients, caregivers, and consumers as well 
as healthcare practitioners. A list of drugs that are subject to additional monitoring, as well as other 
safety issues, shall be made publicly available via an EU safety portal.30 Th e EMA has developed 
an Access Policy to provide stakeholders such as regulatory authorities, healthcare professionals, 
patients and consumers, as well as the pharmaceutical industry and research organizations with 
certain levels of access to suspected ADRs reported to EudraVigilance. Th is proactive access to 
the EudraVigilance data is envisioned to support signal detection and safety evaluation activities, 
inform healthcare professionals and the general public, and allow for the use of ADR data for 
research purposes.31

Signal detection in SRS
SRS employ data mining methods, primarily disproportionality analyses, to fl ag potential 

safety signals. Th e disproportionality analyses (which can be frequentist or Bayesian in approach) 
are based on statistical algorithms that detect drug-adverse event combinations occurring at 
higher than expected frequencies.32-33 Techniques such as proportional reporting ratios (PRR, 
used in EudraVigilance) compare the proportion of events reported for a particular drug within 
a database with the background proportion for that same event for all drugs in the database.34 
Another method is the Reporting Odds Ratio (ROR), which is a reformulation of the PRR as 
an odds ratio.35 Th e Multi-Item Gamma Poisson Shrinker (MGPS, used in the AERS)9, 36 and the 
Bayesian Confi dence Propagation Neural Network (BCPNN, used in Vigibase)37 also examine 
disproportionality of reports for a specifi c drug compared to all other exposures, but draw on 
Bayesian models to shrink estimates of risk. Such methodologies have likewise been employed to 
assess time trends and drug-drug interactions.10 

SRS gather real-life data on marketed drugs and, when review of individual case reports 
or case-series analysis is possible, may permit the identifi cation of potential safety concerns. 
Examples of signals that have been generated or reinforced through SRS include hemolytic anemia 
associated with Temafl oxacin, ventricular arrhythmias with Terfenadine and Cisapride, and 
cardiac valvulopathy with fenfl uramine.38-41 In addition, such reports have been useful in defi ning 
the nature of some ADRs. An understanding of factors involved in fl ucloxacillin-induced hepatitis, 
such as delayed time to onset, predominant cholestatic pattern and delayed recovery, were brought 
to light by ADR reports.42-43 Th e delayed onset and typically cholestatic pattern of amoxicillin/
clavulanic acid-induced hepatitis has likewise been recognized through such reports.44-45 Higher 
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than expected reports of intussusception following administration of the RotaShield rotavirus 
vaccine were initially identifi ed in VAERS in 1999.46-47 Th e vaccine was voluntarily removed from the 
market by the manufacturer following the fi nding of an increased risk in epidemiologic studies.48-49 
Th e potential risk for development of Guillain-Barre syndrome (GBS) aft er administration of a 
meningococcal conjugate vaccine was fi rst observed in VAERS.50-51

Despite their proven usefulness, there are several limitations for the use of SRS, primarily 
because SRS are mostly voluntary and studies have shown that only about 10% of serious adverse 
events are reported.52 Underreporting can lead to protracted delays between marketing and 
discovery – and subsequent regulatory action – of an ADR. Close to 7 million patients were 
exposed to fenfl uramine before the association with valvular heart disease led to its withdrawal 
from the market.53 More than 80 million people worldwide (nearly 107 million prescriptions 
dispensed in the US alone) have been exposed to rofecoxib before it was voluntarily withdrawn by 
the manufacturer.54-55 Case reports in SRS may not always be consistent or complete with respect 
to medical history or comorbidities and data quality varies by region, country, and reporting 
individual (i.e., consumer vs. healthcare professional) (see Table 1). SRS databases generally do 
not have exposure information and are therefore defi cient in providing a true incidence rate of an 
event.56-57 Furthermore, the phenomenon of masking has been shown to potentially cause signals 
of disproportionate reporting to be missed.58 Because of the serious limitations in the use of SRS, 
some of the signals identifi ed may be false positives, but before the signal is discarded important 
eff orts need to be made, including performing expensive and time-consuming signal verifi cation 
and hypothesis confi rmation studies.

Active ascertainment: Prescription event monitoring
While SRS rely on passive data collection, there are few surveillance systems that undertake 

proactive safety monitoring on selected drugs in the early post-marketing period. Drugs of interest 
are usually those with potential safety issues identifi ed during development, new chemical entities, 
or drugs belonging to a class previously known to cause problems. In the UK, reports of suspected 
ADRs are actively solicited through the Prescription Event Monitoring system, which surveys 
physicians regarding any adverse experiences among the fi rst 10 000 patients prescribed a particular 
drug.59 Th e Intensive Medicines Monitoring Programme in New Zealand likewise actively solicits 
reports of suspected ADRs, establishing cohorts of approximately 10 000 patients monitored 
for a mean of almost fi ve years.60 Prescription follow-up information provides a denominator 
for calculating event rates and the numerator originates from intensifi ed reporting. Reporting 
rates are, hence, much higher than with traditional voluntary reporting although the degree of 
underreporting varies between systems and products and is diffi  cult to ascertain. Some examples 
of adverse events identifi ed by prescription event monitoring include cough with captopril and 
agranulocytosis with mianserin.61-62 
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Table 1 | Description of main SRS data sources. 

Database Current 
number 

of reports 
available†

Average 
number of 

reports received 
per year

Catchment 
period

Source of reports Participating 
Countries 

FDA AERS >4 million 300 000 1969-present Patients/consumers, Healthcare 
professionals, Pharmaceutical 
companies

Mainly US 
(≈66%), other 
countries

FDA VAERS 200 000 30 000 1990-present Patients/consumers, Healthcare 
professionals, Pharmaceutical 
companies

US

WHO-Vigibase ~5.5 million 200 000 1968-present National pharmacovigilance 
centers (which may 
receive reports directly 
from Patients/consumers, 
Healthcare professionals, or 
Pharmaceutical companies)

106 offi  cial 
member 
countries and 
34 associate 
members

Eudravigilance Unknown Unknown 2001-present National competent authorities 
and Marketing authorization 
holders (soon to include 
direct reports from Patients/
consumers and Healthcare 
professionals)

EU Member 
States

† As of October 2011

Complementary Approach: Mining Safety Signals from EHR 
From the foregoing discussion it can be surmised that the greatest limitation in the current 

approach to safety surveillance is that most hitherto existing systems are passive and reactive. Th e 
imperative to shift  the paradigm towards a more proactive approach has resulted in the exploration 
of existing and accessible data resources, whether or not the data are collected for the primary 
purpose of drug safety monitoring.63-64 Th ese potential resources include electronic medical records 
with detailed clinical information such as patients’ symptoms, physical examination fi ndings, 
diagnostic test results, and prescribed medications or other interventions. Automated electronic 
recording of fi lled prescriptions, laboratory and ancillary tests, as well as hospitalizations, are 
increasingly collected routinely for the payment and administration of health services. Th ese EHR 
databases – medical records databases and administrative/claims databases – have been employed 
to characterize healthcare utilization patterns, monitor patient outcomes, and carry out formal 
pharmacoepidemiologic studies.65-68 With regards to drug safety surveillance, such databases have 
been commonly used to confi rm or refute potential signals detected initially by SRS, including 
vaccine-related signals.69 EHR databases refl ect practical clinical data culled from real-world 
settings. Being routine by-products of the healthcare delivery system, the use of these databases 
off ers the advantage of effi  ciency in terms of time necessary to conduct a study, manpower, as well 
as fi nancial costs. 



Ch
ap

te
r 2

25The Big Picture | 

Th ere have been several eff orts in recent years to evaluate the usefulness of EHR databases 
for drug safety signal detection. Th e WHO UMC adapted the BCPNN to the UK primary care 
database IMS Disease Analyzer MediPlus to show how longitudinal data may facilitate early signal 
detection.70 Another study assessed the feasibility of using the MGPS algorithm to Medicare claims 
data in order to evaluate adverse outcomes associated with cyclooxygenase-2 inhibitors (coxibs).71 
A team of Danish investigators performed temporal data mining on EHR databases to evaluate 
adverse events potentially related to the measles mumps rubella (MMR) vaccine.72 Employing 
traditional epidemiologic methods (nested case control analysis and self-controlled case series), 
the Meningococcal Vaccine Study demonstrated that a distributed network of administrative 
claims databases may facilitate large-scale surveillance of vaccine-related GBS.73

Further experience with safety monitoring using healthcare data fostered development of 
novel signal detection methods that can be employed specifi cally within the context of EHR. 
Th e maximized sequential probability ratio testing (maxSPRT), a signal detection method that 
supports continuous or time-period analysis of data as they are collected, was developed as part of 
the real-time surveillance system that has been used, among others, for evaluating meningococcal 
conjugated vaccine (MCV) vaccination among members of a US healthcare maintenance 
organization (HMO) network.74 Two new methods – Longitudinal GPS (LGPS) and Longitudinal 
Evaluation of Observational Profi les of Adverse Events Related to Drugs (LEOPARD), have been 
evaluated using both simulated data and actual data from the Dutch Integrated Primary Care 
Information (IPCI) database. LGPS is a modifi cation of the GPS that uses person-time rather 
than case counts for estimation of the expected number of events, while LEOPARD is a method 
designed to automatically discard false drug-event associations caused by protopathic bias or 
misclassifi cation of the date of adverse event by comparing rates of prescription starts in a fi xed 
window prior to and aft er the occurrence of an event.75 Temporal pattern discovery is another 
method that looks into the chronology of drug prescription and occurrence of an adverse event 
and has been evaluated in the IMS Disease Analyzer containing observational healthcare data 
from the UK.76

Within the last fi ve years international collaborations have been forged to venture beyond 
using EHR databases for signal validation to developing EHR data-based drug safety signal 
detection systems. Some of these collaborations are briefl y described below and their major 
features summarized in Table 2. 

The SENTINEL Network 
Th e SENTINEL Initiative was established in 2008 aft er the US Food and Drug Administration 

(FDA) Amendments Act mandated the creation of a new post-marketing surveillance system that, 
by 2012, will be using electronic health data from 100 million people to prospectively monitor the 
safety of marketed medical products.16, 77 Two pilot initiatives have been launched to help develop 
the eventual SENTINEL system: the Mini-Sentinel and the Federal Partners’ Collaboration. Mini-
Sentinel, launched at the end of 2009, will enable FDA to query privately-held electronic healthcare 
data representing approximately 60 million patients. Initial data sources include administrative 
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claims with pharmacy dispensing data, but data from outpatient and inpatient electronic health 
records and registries will be added later.78 Th e Federal Partners’ Collaboration, which includes 
the Centers for Medicare & Medicaid Services (CMS), the Veterans Health Administration at the 
Department of Veterans Aff airs (VA), and the Department of Defense (DoD), will enable FDA to 
query federally-held electronic healthcare data, including administrative claims. Th e Mini-Sentinel 
pilot will focus on drugs, vaccines, other biologics, and medical devices regulated by the FDA. 
Th e vaccine safety activities together constitute the Post-Licensure Rapid Immunization Safety 
Measurement (PRISM) Program. Th ere are 20 health outcomes of interest (HOI) being evaluated, 
including two outcomes which pertain specifi cally to medical devices (i.e., removal of implanted 
orthopedic device and surgical revision of implantable orthopedic device).78

OMOP
Th e Observational Medical Outcomes Partnership (OMOP) is a public-private partnership 

among the US FDA, academia, data owners, and the pharmaceutical industry and administered 
by the Foundation for the National Institutes of Health. It was initiated to identify the needs of 
an active drug safety surveillance system and to develop the necessary technology and methods 
to refi ne the secondary use of observational data for maximizing the benefi t and minimizing 
the risk of pharmaceuticals.79 OMOP is initially investigating 10 HOIs, which is a subset of all 
conditions considered important due to their historical associations with drug toxicities, their 
medical signifi cance, and/or public health implications.80 In 2009, OMOP organized a methods 
competition to facilitate development and evaluation of novel approaches for identifying drug 
safety issues in EHR.81

EU-ADR
Th e EU-ADR Project (Exploring and Understanding Adverse Drug Reactions by 

Integrative Mining of Clinical Records and Biomedical Knowledge), launched in 2008, is funded 
by the European Commission (EC) under its Seventh Framework Programme.82 EU-ADR is a 
collaboration of 18 public and private institutions representing academic research, general practice, 
health services administration, and the pharmaceutical industry. It currently has access to eight 
population-based EHR databases in four European countries (Denmark, Italy, the Netherlands, 
and the United Kingdom), all geared towards producing a computerized integrated system for the 
early detection of drug safety signals. Th e system is based on aggregated demographic, clinical, and 
prescription data pooled via a distributed network approach through generation of common input 
data followed by local aggregation using custom-built soft ware, Jerboa©.17 Th e distributed nature of 
the network allows data holders to maintain control over their protected data with only aggregated 
data being shared with the rest of the network. Th e safety signals are further substantiated by 
semantic mining of literature and computational analysis of pharmacological and biological 
information on drugs, molecular targets, and pathways. 
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EU-ADR takes an event-based approach to signal detection (i.e., all drugs are evaluated for 
their association with a set of specifi c events) using as guide a ranked list of 23 adverse events 
judged as important in pharmacovigilance based on predefi ned criteria (see Table 2).83 Th ree 
additional events are being looked into (progressive multifocal leukoencephalopathy, acute 
pancreatitis, and hip fracture) subsequent to a request made by regulatory authorities and aft er 
consultation with other stakeholders. Th e rationale behind pursuing the event-based approach 
is to avoid unconstrained data mining, which is likely to raise excessive numbers of false positive 
signals. While the aim in the long-run is for the system to be able to detect a much broader range 
of events, this set of ‘high-priority’ events was deemed a good starting point.

Other Initiatives
Th e Canadian government has also established the Drug Safety and Eff ectiveness Network 

(DSEN) to increase the available evidence on drug safety and eff ectiveness by leveraging existing 
public resources such as the National Prescription Drug Utilization System.84 Other recently 
launched initiatives partly focusing on improving methods for safety signal detection include 
Pharmacoepidemiological Research on Outcomes of Th erapeutics by a European Consortium 
(PROTECT)85 and Global Research Initiative in Paediatrics (GRIP).86

Sources of data on safety signals triggering withdrawal of drugs from the market 
Table 3 gives a summary of the drugs that have been withdrawn from the market for safety 

reasons in the US and in the EU within the last 10 years. Th e year when the drug was initially 
marketed and the corresponding year when the drug was withdrawn are provided, as well as the 
reason for the withdrawal. It is not the objective of this paper to provide a comprehensive list of 
drug withdrawals, but rather to examine the nature and characteristics of these withdrawals, and 
particularly the type of data that provided the basis for these withdrawals.

Of the 24 safety-based withdrawals in the US or the EU, nine (38%) were for adverse 
cardiovascular events, while seven (29%) were for gastrointestinal – primarily hepatic – adverse 
events. Drugs acting on the gastrointestinal system comprised 29% (7 out of 24) of all drugs 
withdrawn; drugs acting on the neurologic and musculoskeletal systems each comprised 17% (4 
drugs each). Th ere were three immunomodulating agents (12%), two hematologic agents (8%), and 
there was one drug each of the therapeutic categories anti-infective, cardiovascular, dermatologic, 
and diagnostic radiopharmaceutical. 11 out of the 24 drugs (46%) were withdrawn from both the 
US and EU markets. Th ere are two drugs (trovafl oxacin and rosiglitazone) that have been removed 
from the EU market, but remain available in the US with restrictions or black box warnings.87-88 
Likewise, there are two other drugs (natalizumab and pergolide) that have been withdrawn from 
the US, but are still marketed in the EU with labeling changes and additional risk management.89-90 
In Figure 1 we further describe the characteristics of these safety-based withdrawals in terms of 
background frequency, latency or temporality, type of ADR,91 and source of information used as 
basis for the withdrawal. 
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It is apparent from Figure 1 that spontaneous reports make substantial contribution to 
the decision to take regulatory action, case reports (both published and unpublished) being 
the primary source of information in 11 of the 24 withdrawals (46%). In two instances (8%), 
clinical trials were the sole source of the safety information, but for the rest of the withdrawals a 
combination of case reports and/or clinical trials and/or observational studies contributed to the 
regulatory action. Although spontaneous reports do not guarantee proof of causality, the scenario 
of multiple reports originating from diff erent sources raises the degree of suspicion which, by 
itself, has, in some occasions, been considered suffi  cient basis for regulatory decisions.92 Indeed, 
some signals generated by SRS have been deemed of suffi  cient strength that further epidemiologic 
investigation was not sought before taking regulatory action. Noteworthy examples include the 
FDA’s action on L-tryptophan-related eosinophilia-myalgia syndrome and temafl oxacin-induced 
hemolytic anemia.93 Furthermore, evidence from spontaneous case reports has been vital for the 
removal from marketing or distribution of 23 drugs in the US from 1978 to 2000.40 

While drug safety data from RCTs have been mostly utilized pre-approval, RCTs may still 
provide additional safety data aft er a drug has already been approved and marketed when there are 
RCTs investigating new indications for use as well as adverse events post-licensure. A well-known 
example is the non-steroidal anti-infl ammatory drug rofecoxib, whose voluntary withdrawal by 
its manufacturer was brought about primarily by fi ndings of increased cardiovascular risk in the 
APPROVe (Adenomatous Polyp PRevention On Vioxx) study, aimed at evaluating the effi  cacy 
of rofecoxib for the prophylaxis of colorectal polyps.94 Data from RCTs, both pre-marketing and 
post-marketing, can also be pooled in meta-analyses to give a more comprehensive safety profi le 
of the drug and to elucidate ADRs previously undetected in pre-marketing trials.95 

Figure 1 | Characteristics of Drug Safety Withdrawals in the last 10 years.
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Clearly, regulatory decision-making is a complex process and is based on more data than 
what are readily available from published medical literature.96 From a regulatory perspective, 
would-be consequences might not allow delaying decisions until all the information are available, 
especially if this is the kind of information that only a defi nitive clinical study can provide. At 
times, the decision to intervene before knowledge is complete becomes imperative in order to 
avoid potentially harmful consequences. At the same time, the balance of the benefi t-to-risk 
ratio still remains an important factor in the decision to withdraw a drug from the market. While 
it is oft en safety concerns about the use of a drug that draw attention, the availability of viable 
alternative treatments and the impact the withdrawal of such drug would have on patients are 
equally important issues to consider.97

Table 3 | Drugs Withdrawn from the Market for Safety Reasons in the last years in the US/EU. 

Drug Year Initially Marketed 
(US/EU)

Year Withdrawn 
(US/EU)

Reason for withdrawal

Cisapride (Propulsid) 1993/1988 2000/2000 (UK) 
(EU – restricted indications only)

Fatal arrhythmia

Troglitazone (Rezulin) 1997/ 1997
(not centrally authorized)

2000/ 1997(UK) Liver toxicity

Alosetron (Lotronex) 2000/ not marketed 
in EU

2000;reintroduced 2002 on a 
restricted basis

Ischemic colitis, severe 
constipation

Trovafl oxacin
(Trovan, Turvel)

1998/1998 Still available in the US but with 
restrictions/2001

Liver toxicity

Cerivastatin (Baycol) 1997/2001 2001/ 2001(UK), 2002 (EU) Muscle damage leading 
to kidney failure

Rapacuronium 
(Raplon)

1999/ not marketed 
in EU

2001 Severe bronchospasm

Etretinate (Tegison) 1986/1983 2002/? Birth defects

Levomethadyl (Orlaam) 1993/1997 2003/2001 Fatal arrhythmia

Rofecoxib (Vioxx) 1999/1999 2004/2004 Cardiovascular events 
(including myocardial 
infarction and stroke)

Valdecoxib (Bextra) 2001/2003 2005/2005 Serious skin reactions 
(TENS, SJS, EM)

Natalizumab (Tysabri) 2004/2006 2005/ still marketed, with 
additional risk management

Progressive multifocal 
leukoencephalopathy

Technetium 
fanolesomab
(NeutroSpec)

2004/not marketed 
in EU

2005 Cardiopulmonary 
failure (respiratory 
distress, sudden 
hypotension)

Pemoline (Cylert) 1975/1960s 2005/ 1997(UK) Liver failure

Ximelagatran 
(Exanta)

2004 – Refused by 
FDA/2003 (France; not 
centrally authorized)

2006 Liver toxicity
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Drug Year Initially Marketed 
(US/EU)

Year Withdrawn 
(US/EU)

Reason for withdrawal

Pergolide (Permax) 1988/1991 2007/still marketed with labeling 
changes

Cardiac valve damage

Tegaserod (Zelnorm) 2002/2005 – 
authorization refused

2007 Cardiovascular events 
(including myocardial 
infarction and stroke)

Lumiracoxib (Prexige) 2003 and 2007 – 
Refused by FDA/2005

2007 Liver toxicity, 
cardiovascular events

Aprotinin (Trasylol) 1993/1974 2008/2007 Renal and cardiac 
complications, death

Efalizumab (Raptiva) 2003/2004 2009/2009 Progressive multifocal 
leukoencephalopathy

Sibutramine (Meridia) 1997/1999 2010/2010 CV events (including 
myocardial infarction 
and stroke)

Gemtuzumab 
ozogamicin (Mylotarg)

2000/2007 – 
authorization refused

2010 Lack of effi  cacy, 
increased risk of death 
(due to liver toxicity/
veno-occlusive disease)

Propoxyphene 
(Darvon, Darvocet)

1957/1960s 2010/ 2009 (2005 –UK, Sweden) 
(US)

Cardiac arrhythmia

Rimonabant 
(Acomplia, Zimulti)

Not marketed in the 
US/2006

2009 Psychiatric problems, 
including depression 
and suicide

Rosiglitazone 
(Avandia )

1999/2000 Still marketed, but with black 
box warning/2010
(suspended)

Cardiovascular events, 
including congestive 
heart
failure, myocardial 
infarction, and stroke

Note: Th e bases for withdrawal, as indicated in the respective regulatory agencies’ press releases, were obtained from the websites of 
the US Food and Drug Administration (FDA) and the European Medicines Agency (EMA), as well as other drug references available 
from the public domain.
Abbreviations: TENS - Toxic Epidermal Necrolysis; SJS - Stevens Johnson Syndrome; EM - Erythema Multiforme; CV - cardiovascular

How automatic signal detection using EHR data fi ts into the big picture
Despite the well-described limitations of SRS, spontaneous reports have unquestionably 

played a major role in highlighting potential safety signals post-marketing and have provided 
supporting evidence for various regulatory actions. Important gaps still remain, however, and one 
of the principal objectives of exploring EHR databases for safety surveillance is to be able to fi ll 
some of these gaps. EHR-based signal detection systems are not subject to many of the limitations 
of SRS, including the lack of ’denominator,‘ underreporting, variable and incomplete reporting, or 
lack of information regarding overall health status prior to and aft er a suspected ADR. Potential 
risk associated with drug use should be measured both in terms of risk to the individual and the 
population frequency, which requires knowledge of the level and duration of exposure. Time-
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stamped, population-based healthcare data enables calculation of background incidence rates and 
allows comparison of event rates before and aft er drug exposure – information which spontaneous 
reports are not able to provide. Th e longitudinal nature of the data may allow identifi cation of 
adverse events that have a long delay between exposure and clinical manifestations (e.g., cardiac 
valvulopathy or cancer), especially in databases with long patient follow-up and low turnover. 
While most spontaneous reports usually involve newly marketed drugs, EHR data may be able to 
highlight new risks associated with old drugs (as a consequence of new indications of use or new 
generation of users), as well as adverse events that have high background incidence rates (such as 
acute myocardial infarction) and events which are less likely to be suspected as drug-induced, thus 
less likely to be reported. Furthermore, data from EHR provide greater detail regarding patient 
demographics, drug use, and utilization of healthcare services which permit evaluation of the 
benefi t-risk profi le of drugs, hence putting safety issues in a broader perspective and fostering 
sound regulatory decisions. 

While EHR databases may provide a wealth of drug use information and degree of detail that 
SRS databases are not able to provide and off er clear advantages over SRS, there remain caveats 
in the interpretation of signals derived from mining EHR data. Since these data are not primarily 
intended for recording drug-related adverse events, potential associations are inferred outside the 
actual patient-physician encounter that leads to suspicion of an ADR – something that is inherent 
in SRS. Data mining methods that fi lter out alternative explanations for these associations (by 
controlling for bias and confounding) attempt to simulate the causality assessment performed 
by reporting physicians. Th e literature is replete with discussions on the merits and challenges 
of the secondary use of EHR, including how the type of database infl uences the structure and 
content of the data.67-68 Data in medical records databases are recorded in the course of clinical 
care and hence take a healthcare practitioner’s view of what is going on with a patient. On the 
other hand, claims databases document information as by-product of fi scal transactions, and 
therefore provide an auditor’s view of healthcare data and can be biased by diff erences (real or 
perceived) in reimbursement. Th ere are limitations with respect to validity of coding systems and 
potential misclassifi cation of both drug exposure and outcome and, like any other observational 
data, there can be inadequate control for bias and confounding.98-99 EHR data derived from health 
maintenance organizations (HMOs) or social security systems could also be aff ected by a lack of 
incentive to record suffi  cient data to allow proper case classifi cation. Drug use patterns derived 
from EHR are infl uenced by changes in clinical practice, including changes brought about by 
preferential prescribing and disease management guidelines, and may lead to underestimation 
of risks. It has been shown that even with large multi-country databases, the capability for signal 
detection may be low for drugs that are infrequently used and for very rare outcomes – situations 
wherein other surveillance systems, such as SRS and prescription event monitoring, may provide 
better benefi ts.100 Furthermore, before an EHR database is used for signal detection purposes, the 
decision-makers should already anticipate the question of what happens if and when a signal is 
detected and whether the same database can be used for hypothesis confi rmation studies related to 
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the signal identifi ed. Clarifying beforehand the options for further use of the data in such an event 
becomes imperative. 

CONCLUSION

Initiatives exploring EHR-based signal detection systems are intended to augment, not 
replace, existing drug safety surveillance systems. Signal detection – whether using EHR databases 
or otherwise – is, by defi nition, exploratory. Every signal demands further investigation and the 
goal of any surveillance system should be to make judicious use of available healthcare data to 
highlight potential safety problems earlier. Identifi cation and elucidation of drug safety signals is 
both an iterative and dynamic process. It is in the best interest of public health to integrate – and 
understand – evidence from all possibly relevant information sources on drug safety. 
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Breaking New Grounds

 ‘Discovery in an observational science such as pharmacovigilance depends 

on the capacity to recognize and investigate unexpected  clinical events that 

are manifest once a new drug is in use. The detection of such unanticipated 

eff ects hinges on what Pasteur called “the prepared mind".' – A. Trontell, 2004
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ABSTRACT

Purpose: Data mining on electronic health records (EHRs) has emerged as a promising 
complementary method for post-marketing drug safety surveillance. Th e EU-ADR project, 
funded by the European Commission, is developing techniques that allow mining of EHRs for 
adverse drug events across diff erent countries in Europe. Since mining on all possible events was 
considered to unduly increase the number of spurious signals, we wanted to create a ranked list of 
high-priority events.
Methods: Scientifi c literature, medical textbooks, and websites of regulatory agencies were reviewed 
to create a preliminary list of events that are deemed important in pharmacovigilance. Two teams 
of pharmacovigilance experts independently rated each event on fi ve criteria: (1) ‘trigger for drug 
withdrawal’; (2) ‘trigger for black box warning’; (3) ‘leading to emergency department visit or 
hospital admission’; (4) ‘probability of event to be drug-related’; and (5) ‘likelihood of death’. In 
case of disagreement, a consensus score was obtained. Ordinal scales between 0 and 3 were used 
for rating the criteria, and an overall score was computed to rank the events.
Results: An initial list comprising 23 adverse events was identifi ed. Aft er rating all the events and 
calculation of overall scores, a ranked list was established. Th e top-ranking events were: bullous 
eruptions, acute renal failure, anaphylactic shock, acute myocardial infarction, and rhabdomyolysis.
Conclusions: A ranked list of 23 adverse drug events judged as important in pharmacovigilance was 
created to permit focused data mining. Th e list will need to be updated periodically as knowledge 
on drug safety evolves and new issues in drug safety arise.
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INTRODUCTION

In pharmacovigilance, a signal is defi ned by the World Health Organization as information 
on a possible causal relationship between an adverse event and a drug, which is unknown or 
incompletely documented.1,2 Spontaneous reporting systems (SRS) for adverse drug reactions 
(ADRs) have been the cornerstone of signal detection in pharmacovigilance for the last four 
decades.3,4 In recent years, however, there has been a clamor for improved drug safety monitoring 
as a result of several high-impact safety issues.5,6 It has become evident that some adverse eff ects of 
drugs may be detected too late, when millions of persons have already been exposed.

Th e need for earlier detection and for a more proactive approach to drug safety surveillance 
is receiving much attention both in Europe and in North America.7–9 Th e increasing availability 
of electronic health records (EHRs) presents opportunities to investigate a wide spectrum of 
adverse drug eff ects and to detect signals closer to real time.10,11 Compared to clinical trial data, 
population-based EHR databases contain data from clinical practice about larger populations and 
longer follow-up periods.12–15 Additionally, in contrast to spontaneous reporting systems, EHR 
databases do not suff er from underreporting and reporting biases, thus potentially facilitating a 
more timely identifi cation of signals.11,16 It took fi ve years for rofecoxib to be withdrawn from the 
market.17 Using actual data on the penetration of rofecoxib in the market, it has been calculated 
that if the medical records of 100 million patients would have been available for safety monitoring, 
the adverse cardiovascular eff ect would have been discovered in just three months.18,19 A number 
of data mining techniques have been specifi cally developed for automatic detection of drug safety 
signals.3,20–24

It is within this context that the EU-ADR project (http://www.euadr-project.org) was funded 
by the European Commission with the aim to design, develop, and validate a computerized 
integrative system that exploits data from EHRs and biomedical databases for the early detection 
of ADRs. Beyond the current state-of-the-art, EU-ADR will lead to the federation of diff erent 
population-based EHR databases, creating a resource of unprecedented size for drug safety 
monitoring in Europe (over 30 million patients from eight diff erent databases). Th e initial stage of 
signal generation will be followed by signal substantiation and validation as described in Figure 1.

When using data mining to detect signals in EHR databases, a decision needs to be made 
about the type of approach, which can be drug-based or event-based. In a drug-based approach, 
a set of specifi c drugs are monitored for their association with all possible events.25 In an event-
based approach, a set of specifi c events are examined for their association with all possible drugs. 
Th e EU-ADR project is currently following the event-based approach. Th e defi nition of drugs 
across databases in various countries can more easily be harmonized compared to the defi nition 
of events. In addition, the event-based approach allows us to focuses on those events that are 
considered important from a public-health perspective irrespective of the drug causing the event. 
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Figure 1 | Framework of the EU-ADR project. 

One of the challenges in the event-based approach to signal detection through mining of 
EHR databases is the identifi cation of events that are most important in pharmacovigilance and 
thus warrant priority for monitoring. Indeed, unconstrained data mining is likely to raise excessive 
numbers of spurious signals. Generating a long list of potential drug-event associations, especially 
in an automated fashion, may lead to so-called ‘phantom ships’,26,27 which can have signifi cant 
negative implications for public health, as demonstrated in the case of the atypical antipsychotic 
sertindole.28 Th ere is, however, no list available in the literature to date describing which are the 
primary events of interest for intensive monitoring in pharmacovigilance when applying data 
mining techniques. Th e aim of the current study was therefore to create such a list of events ranked 
by importance. Th is list of events shall be the starting point for signal detection in the EU-ADR 
project.

METHODS

For the priority event selection and ranking, a four-step procedure was outlined by two teams 
of four pharmacovigilance experts each from two institutions (Department of Pharmacology and 
Regional Pharmacovigilance Centre at the Universite’ Victor-Segalen in Bordeaux, France, and the 
IRCCS Centro Neurolesi ‘Bonino Pulejo’, Messina, Italy).
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Step 1: Identifi cation of important events
A list of important adverse drug events was compiled, considering diff erent system/organ 

classes. Th ese events were identifi ed from pharmacovigilance reference books and publications 
reviewing reasons for drug withdrawal (see Appendix), and from information in the websites of 
drug regulatory agencies (Food and Drug Administration, European Medicines Agency, French 
Agency for the Safety of Health Products, and Italian Drug Agency).

Step 2: Creation of a criteria set for event rating
In order to rank the events according to public health importance, fi ve criteria were considered 

(Table 1): (1) frequency of the event as trigger for drug withdrawal; (2) frequency of the event as 
trigger for black box warning; (3) leading to emergency department visit or hospital admission; 
(4) probability of event to be drug-related; and (5) likelihood of death. For each criterion, ordinal 
scales were defi ned ranging from 0 (not relevant) to 3 (highly relevant).

Table 1 | Description and score defi nition of fi ve criteria for the rating of Events.

Criterion Description

Trigger for drug withdrawal Question: How many times did the event lead to drug withdrawal?

Score: 0= never; 1= 1-3; 2= 4-5; 3= >5.

Note: Th e event causing the drug withdrawal should specifi cally be indicated 
(e.g., “cardiotoxicity” is not the same as “acute myocardial infarction”).

Trigger for black box warning Question: How many times was the event a trigger for a black box warning?

Score: 0= never; 1= 1-5; 2= 6-10; 3= >10.

Note: Th e event causing the black box warning should specifi cally be indicated.

Leading to emergency 
department visit or hospital 
admission

Question: How many published studies reported the event as an adverse drug 
reaction leading to an emergency department visit or to hospitalization?

Score: 0= none; 1= 1-3; 2= 4-5; 3= >5.

Note: Papers confi ned to emergency department visits and hospitalizations in 
Europe.

Probability of event to be 
drug-related

Question: What is the probability that the event is drug-related?

Score: 0= zero probability; 1= <20%; 2= 20%-50%; 3= >50%.

Note: In case of lack of information or equivocal fi ndings, expert opinion is 
used to assign the score.

Likelihood of death Question: What is the likelihood that a certain event leads to death?

Score: 0= unlikely; 1= <10%; 2= 10%-30%; 3= >30%.

Note: Th is evaluation is independent of the etiology of the event and potential 
association with the drug.

Step 3: Score assignment
Th e two pharmacovigilance teams independently assigned scores for each of the events. 

Scores were based on a comprehensive review of the scientifi c literature over the past 10 years (see 
Appendix) and the evaluation of other sources of information (e.g., websites of regulatory agencies, 
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medical textbooks). If literature review of the past 10 years was deemed insuffi  cient, literature 
review was extended to the last 20 years. When review of the literature and other sources provided 
insuffi  cient data, scoring of the criteria was based on expert opinion. In case of disagreement about 
a score, consensus was obtained aft er discussion among all members of the two teams.

Step 4: Ranking of events
For each event, an overall score was computed by summing up the scores for the fi ve criteria. 

Based on the overall scores, a ranked event list was made. Th e top-ranked events were considered 
as having the highest priority for drug safety monitoring.

Table 2 | List of important events in pharmacovigilance, grouped according to system/organ involved.

System/organ Event

Hematologic  − Hemolytic anemia

 − Aplastic anemia/pancytopenia

 − Neutropenia

 − Th rombocytopenia

Cutaneous  − Maculopapular erythematous eruptions

 − Bullous eruptions (Stevens Johnson Syndrome, Lyell’s Syndrome)

Liver and gastrointestinal  − Acute liver injury

 − Acute pancreatitis

 − Upper gastrointestinal bleeding

Cardiac and vascular  − Acute myocardial infarction

 − QT prolongation

 − Cardiac valve fi brosis

 − Venous thrombosis

Neurologic/Musculoskeletal  − Convulsions

 − Peripheral neuropathy

 − Extrapyramidal disorders

 − Rhabdomyolysis

Psychiatric  − Confusional state

 − Mood changes: depression and mania

 − Amnesias

 − Suicidal behavior/attempt

Renal  − Acute renal failure

Multi-systemic  − Anaphylactic shock
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RESULTS

Twenty-three events were identifi ed in the fi rst step of the event selection process (Table 2). 
Th ese were classifi ed by organ/body system into: hematologic;, cutaneous; liver and gastrointestinal; 
cardiac and vascular; neurologic/musculoskeletal; psychiatric; renal; and multi-systemic. Table 3 
shows the scores on the fi ve criteria for the 23 events. On the basis of the overall scores, the top-
ranked events were: cutaneous bullous eruptions; acute renal failure; anaphylactic shock; acute 
myocardial infarction; and rhabdomyolysis. As an example, cutaneous bullous eruption (Stevens-
Johnson syndrome or Lyell’s syndrome) emerged as one of the most important events, garnering 
a score of 15 points: (1) at least fi ve drugs have been withdrawn from the market due to this 
adverse reaction, viz., valdecoxib, chlormezanone, sulfamethoxypyridazine, sulfadimethoxine, 
and isoxicam, and multiingredients preparations containing phenobarbital29–32 (criterion ‘trigger 
for drug withdrawal’, 3 points); (2) a black box warning for risk of cutaneous bullous reactions has 
been imposed on more than 10 drugs (‘trigger for black box warning’, 3 points); (3) more than fi ve 
papers have reported this adverse event as being responsible for emergency department visit or 
hospitalization33 (‘leading to emergency department visit or hospital admission’, 3 points); (4) at 
least 70% of cutaneous bullous reactions have been attributed to drug exposure34,35 (‘probability of 
event to be drug-related’, 3 points); (5) more than 30% of Stevens-Johnson/Lyell’s syndrome cases 
are fatal, mainly because of progression to sepsis or pulmonary involvement (‘likelihood of death’, 
3 points).36

DISCUSSION

Th is is the fi rst study aimed at systematically creating a prioritized list of events to monitor 
when applying data mining techniques on large EHR databases for safety signal detection. Th is list 
comprises 23 events with high attributable risks of drugs based on seven system/organ classes that 
are most commonly involved in ADRs.37-41 Most of the events identifi ed in this study constitute 
potentially clinically serious outcomes resulting in hospitalization, life-threatening situations, or 
death. While many adverse drug events do not require hospital admission or emergency department 
visit, the prioritized events do strain healthcare resources and thus have stronger implications 
for public health. Most studies report that ADRs cause 3-6% of all hospital admissions and are 
responsible for about 5-10% of inpatient costs38,42-47 Six of the 23 events identifi ed in this study 
were associated with prolonged hospitalization in the United Kingdom, based on hospitalization 
statistics from 1996 to 2000 (hemolytic anemia, liver injury, extrapyramidal eff ects, renal failure, 
rhabdomyolysis, anaphylaxis, and aplastic anemia).48 While there are lists of most frequently 
reported adverse drug events available from various regulatory agencies and repositories of SRS, 
frequency of reporting does not necessarily translate to clinical signifi cance. In a review of adverse 
drug event surveillance and drug withdrawals in the US, the top 20 events reported from 1969 
to 2002 were also very diff erent from the events cited as reasons for removing drugs from the 
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market, which were far more serious.32 Th is is partly due to the fact that some ADRs are more easily 
recognizable than others because of the known pharmacology of the drug (so-called type A ADRs, 
which account for over 80% of all reactions), patients’ previous experience or, probably most 
important, physician awareness.47 On the other hand, more serious events that are unpredictable 
(idiosyncratic or type B ADRs) are less easily identifi ed and may not be reported as oft en, but are 
frequently responsible for removal of drugs from the market.49-51 In a French study that looked 
into drug withdrawal for pharmacovigilance reasons, type B reactions were responsible for the 
withdrawal of 11 out of 21 drugs.52 Of the 23 events in our priority list, 18 have been implicated 
as reason for removal of drugs from the market (e.g., cutaneous bullous eruption for valdecoxib; 
liver injury for pemoline, benoxaprofen, and troglitazone; cardiac valve fi brosis for pergolide, 
fenfl uramine, and dexfenfl uramine; rhabdomyolysis for cerivastatin).31-32,46,49 Th e adverse events 
identifi ed in this study can be further characterized in terms of pathogenesis (i.e., predictable or 
unpredictable from the drug’s pharmacology, role of immune or allergic mechanisms), clinical 
course (acute, delayed, chronic) and susceptibility of special populations (e.g., children or elderly) 
to experience the event. From the 23 events, four (17.4%) are known to be idiosyncratic, or 
immunologically mediated (thrombocytopenia, cutaneous bullous eruptions, anaphylactic shock, 
and maculopapular erythematous eruption). While the precise hazard function of adverse drug 
events is most of the time unknown, some events are acute by defi nition (e.g., acute myocardial 
infarction, acute renal failure, acute liver injury, and acute pancreatitis), while cardiac valve fi brosis 
and peripheral neuropathy are considered chronic and delayed, respectively. Some events, such 
as convulsions, upper gastrointestinal bleeding and acute renal failure, may be more critical to 
monitor in the extremes of age.

CONCLUSION

Prioritization of adverse events judged as important in pharmacovigilance was undertaken 
to optimize data mining and to contain the number of spurious signals that data mining on EHR 
databases may generate. Th e fi rst fi ve of the 23 events in this list will be the initial focus of signal 
detection in the EU-ADR project. Although the prioritization of adverse events for drug safety 
monitoring that was done in this study was based on thorough evaluation of evidence from various 
sources of information by pharmacovigilance experts, the list of events and their ranking is by no 
means defi nitive and is intended to be dynamic. As our knowledge on drug safety evolves and new 
issues in drug safety arise, the list will need to be updated.
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Table 3. Ranked list of events.

Trigger 
for drug 

withdrawal

Trigger for 
black box 
warning

Requiring 
ED visit or 

hospital 
admission

Probability of 
event to be 

drug-related

Likelihood 
of death

Total 
score

Bullous eruptions 3 3 3 3 3 15

Acute renal failure 3 3 3 2 3 14

Acute myocardial infarction 2 3 3 2 3 13

Anaphylactic shock 2 3 3 2 3 13

Rhabdomyolysis 1 3 3 2 3 12

Aplastic anemia/pancytopenia 2 3 3 2 2 12

Neutropenia 2 3 3 2 2 12

Cardiac valve fi brosis 3 1 2 2 3 11

Acute liver injury 3 3 2 1 1 10

Extrapyramidal disorders 0 1 3 3 2  9

QT prolongation 3 2 2 1 1  9

Suicidal behavior/attempt 1 3 1 1 3  9

Confusional state 0 3 3 2 1  9

Th rombocypenia 1 3 1 2 1  8

Upper gastrointestinal 
bleeding

0 3 2 2 1  8

Convulsions 1 2 2 1 2  8

Peripheral neuropathy 1 1 1 3 1  7

Maculopapular erythematous 
eruptions

1 1 1 3 1  7

Venous thrombosis 1 2 2 1 1  7

Mood changes: 
depression and mania

0 3 2 1 1  7

Amnesias 1 3 2 1 0  7

Hemolytic anemia 1 1 1 1 2  6

Acute pancreatitis 0 1 2 1 2  6
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APPENDIX
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ABSTRACT

Background and Objective. Data from electronic healthcare records (EHR) can be used to monitor 
drug safety, but in order to compare and pool data from diff erent EHR databases, extraction of 
potential adverse events must be harmonized. In this paper we describe the procedure used for 
harmonizing the extraction from eight European EHR databases of fi ve events of interest deemed 
to be important in pharmacovigilance: acute myocardial infarction (AMI); acute renal failure 
(ARF); anaphylactic shock (AS); bullous eruption (BE), and rhabdomyolysis (RHABD).
Design and Methodology. Th e databases comprise general practitioners’ records and claims for 
hospitalization and other healthcare services. Clinical information is collected using four diff erent 
disease terminologies and free text in two languages. Th e Unifi ed Medical Language System was 
used to identify concepts and corresponding codes in each terminology. A common database 
model was used to share and pool data and verify the semantic basis of the event extraction queries. 
Feedback from the database holders was obtained at various stages to refi ne the extraction queries.
Measurements. Age-adjusted incidence rates were calculated to facilitate harmonization of data 
extraction across the databases; this was an iterative process. 
Results. Th e study population comprised overall 19 647 445 individuals with 59 929 690 person-
years (PYs) of follow-up. Age-adjusted incidence rates for the fi ve events of interest across databases 
were as follows: (1) AMI: 60-148/100 000 PYs; (2) ARF: 3-49/100 000 PYs; (3) AS: 2-12/100 000 
PYs; (4) BE: 2-17/100 000 PYs; and (5) RHABD: 0.1-8/100 000 PYs.
Conclusion. Th e iterative harmonization process enabled a more homogeneous identifi cation 
of events across diff erently structured databases using diff erent coding-based algorithms. Th is 
workfl ow can facilitate transparent and reproducible event extractions and understanding of 
diff erences between databases. 
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INTRODUCTION

Spontaneous reporting of adverse drug reactions (ADRs) is currently the main source 
of data to monitor drug safety aft er drug licensing. It relies on healthcare professionals’ ability 
and willingness to identify and report any suspected ADR to a centralized (nationwide or inter-
national) pharmacovigilance system.1 However, the underreporting of ADRs remains an important 
limitation; it is estimated that only 1 to 10% of ADRs are reported through this channel2-3 and it 
is likely to be subject to recording and ascertainment biases. It is increasingly being recognized 
that drug safety surveillance can benefi t from the wide availability of healthcare databases to 
complement spontaneous reporting systems (SRS) and overcome some of their shortcomings.4-11 

In 2007, the US Congress directed the Food and Drug Administration (FDA) to create a 
new post-marketing surveillance system, the Sentinel System.12 Th e desired goal is to use by 2012 
electronic health data from 100 million subjects for the prospective and systematic safety monitoring 
of marketed medical products in real-life setting.13 Th e Observational Medical Outcomes 
Partnership (OMOP) was created in the US to design a common framework with the aim of setting 
up a system for drug surveillance through data mining of electronic health records.14 In Europe, 
several projects, such as the Pharmacoepidemiological Research on Outcomes of Th erapeutics 
(PROTECT), have been recently funded to link healthcare databases throughout Europe under 
the umbrella organization of the Innovative Medicines Initiative (IMI).15 Other European Union 
(EU)-funded projects in which multiple healthcare databases are combined together to address 
specifi c safety issues include: NSAIDs-related gastrointestinal and cardiovascular risks (SOS, 
http://www.sos-nsaids-project.org/), the arrhythmogenic risk of drugs (ARITMO – http://www.
aritmo-project.org), and the safety of vaccines (VAESCO – http://www.vaesco.net).

In February 2008, the EU-funded project ‘Exploring and Understanding Adverse Drug 
Reactions by Integrative Mining of Clinical Records and Biomedical Knowledge’ (EU-ADR) was 
launched. Th e aim of this project was to design, develop and validate a computerized system to 
process data from eight electronic healthcare record (EHR) databases and several biomedical 
databases for drug safety signal detection.16-17 In this project an event-based approach was adopted 
where events of special interest in pharmacovigilance were evaluated for their association with all 
available drugs in the EHR databases. Each of the eight databases participating in the project has 
unique characteristics, depending on its primary objective and local function (i.e., administrative/
claims, medical records) and contains medical information coded according to diff erent languages 
and terminologies. For these reasons, queries for data extraction concerning potential adverse 
events have to be created based on local expertise. Due to structural, syntactic, and semantic 
heterogeneities of the databases participating in the EU-ADR project, it is not possible to 
construct a single query for data extraction that could be used as such in all databases. In this 
context of large-scale drug safety monitoring using EHRs, the event data extraction from diff erent 
databases requires a harmonization, i.e., a process geared towards reaching a common defi nition 
and identifi cation of events which is both clinically sound and agreeable to all stakeholders. In 
this paper we describe the harmonization process for the data extraction concerning fi ve events 
deemed to be important in pharmacovigilance from eight diff erent databases participating in the 
EU-ADR project.
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METHODS

Data sources
Th e eight databases involved in the EU-ADR project contain information from the healthcare 

records of almost 20 million European citizens (Table 1). Health Search/CSD Patient (HSD, Italy), 
Integrated Primary Care Information (IPCI, the Netherlands), Pedianet (Italy), and QRESEARCH 
(United Kingdom) are general practice (GP) databases, where both clinical information and 
drug prescriptions are recorded. Th e Aarhus University Hospital Database (Aarhus, Denmark), 
the PHARMO Network (the Netherlands), and the regional Italian databases of Lombardy and 
Tuscany are all comprehensive record-linkage systems in which drug dispensing data of a well-
defi ned population are linked to a registry of hospital discharge diagnoses and various other 
registries. Th e databases are heterogeneous in both structure and content.17-18 For this analysis 
(which was done in the beginning of the project), databases contributed data from the period 1996 
to 2007. Four disease terminologies are used to code the clinical events in the eight databases: 
the International statistical Classifi cation of Diseases and related health problems – 9th and 10th 
revisions (ICD9-CM19 and ICD1020); the International Classifi cation of Primary Care (ICPC);21 
and the READ CODE (RCD) classifi cation.22 Two GP databases also describe events in clinical 
notes using free text in either Dutch (IPCI) or Italian (HSD).

Linking disparate databases using a distributed network
A distributed database network approach was chosen in EU-ADR,17 allowing database 

holders to maintain local control of their data, while reaching the goal of sharing data in a 
standardized manner. Without this control, database holders might be reluctant to participate in 
a large network, primarily because of concerns regarding privacy and data confi dentiality.23 Th e 
decentralized data storage avoids (or reduces) many of the security, proprietary, legal, and privacy 
concerns of data owners both at the institution and country levels. Moreover, this approach allows 
local database experts to keep the data within their protected environment, hence they may easily 
and more eff ectively trouble-shoot unexpected fi ndings or data irregularities and inconsistencies.24 
Local experts are, naturally, in the best position to understand the context within which their own 
data are recorded. 

Diff erent distributed data approaches can be used when combining databases. In the OMOP 
(http://omop.fnih.org/) and Mini-Sentinel (http://mini-sentinel.org/data_activities/) projects, 
original data tables are transferred to a standardized table, which can then be queried for extraction 
of relevant information and analyzed using standardized scripts. Databases within the EU diff er 
considerably in content, coding, as well as origin (see Table 2 for a description of the content that 
can be utilized for event extractions in the diff erent databases). 
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Figure 1 | Common database model.

HOSP:  discharge summary from hospitalizations recorded by administrative/claims databases
DEATH:  registry of causes of death
GP:  information recorded by GPs during their clinical practice:
LAB:  information obtained from laboratory test results

In EU-ADR simple common data fi les were utilized as basis for standardized analyses: fi les 
containing information on (1) patient demographics and follow-up time; (2) events; and (3) drug 
exposures. Th e common event fi les required combination of information from diff erent fi les 
within each database (e.g., mortality, diagnosis, GP visits, procedures, laboratory test values). Th e 
three common data fi les are uploaded in a purpose-built Java-based soft ware called Jerboa©. Th e 
soft ware processes patient-level data to create aggregated, de-identifi ed statistics which are then 
sent in an encrypted format to a central repository for evaluation and further analyses.17

Harmonization process for the event data extraction
Th e complete stepwise process adopted for the defi nition and harmonization of the queries 

for event data extraction is outlined in Figure 2. A task force was created within the EU-ADR 
project to spearhead the process of database query harmonization. Th is task force was composed of 
researchers with medical background and expertise in pharmacovigilance and medical informatics 
in addition to the database holders. Guidelines for the query harmonization process have been 
developed with the purpose of making this process as precise and transparent as possible.

 Events. Within the EU-ADR project, 23 events of interest were identifi ed as ‘priority’ 
events according to a ranking criteria based on relevance from a drug safety perspective.16 For this 
paper, we describe the harmonization process for data extraction pertaining to the top-fi ve ranked 
events: (1) acute myocardial infarction (AMI); (2) acute renal failure (ARF); (3) anaphylactic shock 
(AS); (4) bullous eruptions (BE); and (5) rhabdomyolysis (RHABD). For each event, a clinical 
defi nition was fi rst provided in a structured event defi nition form (EDF) using medical textbooks 
and published guidelines of diagnostic criteria from scientifi c societies concerning the events of 
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interest. Th is defi nition was subsequently validated by medical specialists. Th e EDF for the event 
bullous eruptions (BE) is shown as an example in Appendix 1.

Mapping of terminologies. To overcome the diff erences in terminologies, we built a shared 
semantic foundation for the events by selecting disease concepts in the Unifi ed Medical Language 
System® (UMLS, version 2008AA),25-26 based on the medical defi nitions reported in the EDF. Since 
the four diff erent terminologies encountered in the databases are part of the UMLS, the concepts 
could easily be projected into codes for the four disease coding terminologies used in the EU-
ADR project. Examples of BE concepts are C0235818: Bullous eruption; C0014742: Erythema 
Multiforme; C0038325: Stevens-Johnson Syndrome (see Table 3 for the whole list). Th is part of the 
workfl ow has been previously described for the event upper gastrointestinal bleeding (UGIB).27

Revision of the concepts and related terms. Th e relevance of each medical concept, as well as 
the corresponding codes for each event of interest, were discussed via the EU-ADR consortium’s 
web-based forum and during conference calls led by a team of experts and database owners. As a 
fi nal result of this activity, database owners were provided with a list of concepts and corresponding 
codes and terms for each terminology, which were then used in the query for the event data 
extraction. Th e list of codes and terms provided was non-restrictive; database owners were free 
to employ additional codes or terms which they deemed pertinent in identifying a given event 
within their own database as long as these codes or terms were in line with the selected concepts. 
A few additional concepts with a lower specifi city were identifi ed; these concepts and related codes 
were used only in those databases where it was possible to refi ne the event search by taking into 
account these codes in combination with additional information (e.g., laboratory test results, free 
text specifi cations). For this reason, those concepts were marked as “only with refi nement use” 
concepts. Th e list of concepts with the corresponding codes is presented in Table 3. An average 
number of fi ve concepts were selected per event, ranging from three for ARF to nine for AMI.  

Translation of concepts and coding algorithms into search queries. Th e common database 
model (Figure 2, Table 2), the concepts projection into diff erent terminologies (Table 3) and the 
algorithms for the defi nition of the event of interest (Table 4) were used to build the queries in each 
database. Th e translation into the common algorithm language was done in the following manner: 
“search for concepts (Table 3) in the fi elds listed in Table 5 that belong to the database AND refi ne 
with the refi nement strategy if applicable.” 

Query analysis. Th e database owners were asked to construct initial queries for the 
identifi cation of events of interest, using the recommended codes and terms. All queries from 
each database for each event were analyzed in content (i.e., which codes or terms were used) and 
structure (i.e., which record(s) and corresponding fi eld(s) from the database). Th en each code, 
term and/or laboratory test result was mapped into the common database model. Th ese queries 
were subsequently compared across the diff erent databases. Th e query analysis was aimed at 
assessing the consistency across diff erent databases with respect to the use of similar information 
(i.e., codes, free text, laboratory test results, query refi nements) and to the search within the same 
type of data (e.g., primary and/or secondary hospital discharge diagnoses in claims databases). 
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If major diff erences in the query analysis were identifi ed, a consensus was reached among the 
respective database holders to adopt similar strategies for the event detection.

Figure 2 | Workfl ow of the harmonization of event queries across the diff erent databases.

Evaluation of event data extraction. For each event, an internal evaluation within the database 
network was fi rst performed through the evaluation of standardized and age-specifi c incidence 
rates (IRs) as estimated in diff erent databases. Th e diff erences in IRs across databases can either 
be due to diff erent strategies being used to extract the event or to diff erences in the source of 
information (e.g., GPs’ electronic medical records vs. hospitalization records) and the underlying 
population (i.e., Italian vs. Dutch vs. Danish vs. British population; only pediatric population in 
Pedianet). To account for diff erences in age, IRs were standardized using the WHO World Standard 
Population as a reference.28
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Table 4 | Summary of coding algorithms for event data extraction for AMI, ARF, AS, BE and RHABD.

Event Chosen fi elds Conditions for extractions 
from LAB or GP-lab

Refi nement of concepts Other 
refi nement

AMI GP-diag
HOSP-Main
DEATH

Other acute and subacute ischemic heart 
disease NOS concept refi ned by HSD 
through free text

Case 1

ARF GP-diag;
HOSP-Main
DEATH

Anuria concept refi ned by AARHUS, HSD, 
IPCI and PHARMO through lab values: 
elevated serum creatinine within 30 days of 
date recorded diagnosis

Case 1

AS GP-diag
HOSP-Main

Case 1

BE GP-diag;
HOSP-Main

Case 2

RHABD GP-diag
GP-lab
HOSP-Main
HOSP-Sec
LAB

serum CK > 10xnormal 
value within 30 days of date 
of recorded diagnosis

Case 2

Defi nitions of fi elds are in legend of Table 2
Case 1: ARS and AARHUS discarded duplicates coming from both DEATH and HOSP. HSD and IPCI discarded through free text 
algorithms records referring to chronic events, familial cases, and prevention. PEDIANET did manual validation.
Case 2: HSD and IPCI discarded through free text algorithms records referring to chronic events, familial cases, and prevention. 
PEDIANET performed manual validation of all cases.
AMI:  Acute myocardial infarction
ARF:  Acute renal failure
AS:  Anaphylactic shock
BE:  Cutaneous bullous eruption
RHABD:  Rhabdomyolysis

Database holders ran several queries for each event: a basic query with a search in the 
primary hospital discharge diagnosis fi eld of an administrative database record or the diagnosis 
fi eld in a GP database record. Th ereaft er, queries employing other sources of data were added to 
the initial query, as applicable: 1) secondary diagnoses in hospitalization data; 2) death registry; 
and 3) laboratory results or corresponding UMLS concepts with refi nement. Th e impact of the 
additional data source on the incidence rates was then analyzed. Not all possible additional queries 
were relevant for each event (e.g., no laboratory results were available to identify the event AS). 
Th e fi nal agreement as to which query each database would adopt for each event data extraction 
was reached on the grounds of the following criteria: databases having a similar structure search 
in the same information sources but databases having broader sources of information can exploit 
them as much as possible, provided that the resulting IR is consistent with what is described in the 
literature and with the IRs obtained from the other databases. Aft er internal comparisons among 
the EU-ADR databases, a literature review was conducted for each event and the observed IRs 
were compared to the IRs estimated in previous epidemiologic studies. For the literature review, 
the specifi ed diagnosis was entered as a keyword in PubMed and articles which estimated IRs 
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were retrieved.29 We gave the priority to recent articles, describing age-specifi c IRs and whenever 
possible, concerning the same underlying population as in the EU-ADR databases.

Table 5 | Comparison of age-standardized incidence rates (per 100 000 PY) for AMI, ARF, AS based on 
basic queries and the eff ect of additional information. 

IR for basic query Additional data: IR and increment

Event DB HOSP-main GP add DEATH add concept with refi nement

AMI

AARHUS 101.4 126.5 (+25%)

 ARS  77.8 90.2 (+15%)

 HSD  58.7 59.1 (+0.5%)

 IPCI 148.4

 PHARMO  93.4

 LOMBARDY  82.5

ARF

AARHUS   6.3 7.1 (+19%) 17.9 (+150%)

 ARS  12.1 12.6 (+4%)

 HSD   3.2 3.3 (+3%)

 IPCI  48.9

 PHARMO   2.3 3.6 (+52%)

 LOMBARDY  15.4

IR for basic Query Additional data: IR and increment

Event DB HOSP-main GP add HOSP-sec add DEATH

AS

AARHUS   5.7 6.4 (+12%) 6.4 (+0%)

ARS  12.0 12.7 (+6%) 12.8 (+0%)

HSD   5.2

IPCI   7.9

PHARMO   1.9 2.4 (+26%)

LOMBARDY   2.2 2.8 (+27%)

RESULTS

Th e study population of the EU-ADR network for this analysis comprised overall 19 647 445 
individuals with 59 929690 person-years (PYs) of follow-up. Aft er discussions with all database 
holders, query recommendations were proposed to facilitate harmonization of the process of event 
data extraction. As an example in Appendix 2, the query analysis for AS (fi nalized aft er consensus 
discussion) is shown. Th e following are the age-adjusted IRs obtained using the harmonized 
queries for the fi ve events of interest across the databases: (1) AMI: 60-148/100 000 PYs; (2) ARF: 
3-49/100 000 PYs; (3) AS: 2-12/100 000 PYs; (4) BE: 2-17/100 000 PYs; and (5) RHABD: 0.1-8/100 
000 PYs. Th e age-specifi c incidence rates per database for all events are illustrated in Appendix 3.
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Review and harmonization of the event extraction processes changed the age-adjusted IRs 
across the databases to various extents. Th is is shown for three of the events of interest in Table 
5. For AMI, a considerable increase in the incidence rates (25% and 15% in Aarhus and ARS, 
respectively) resulted from the inclusion of records extracted from death registries. For ARF, this 
same inclusion also resulted in an increase in IR (19% and 4% in Aarhus and ARS, respectively), 
although introduction of a concept with refi nement had a higher impact on the IR for PHARMO 
(‘anuria’- 52% increase). For AS, the information from death registries gave no additional 
contribution to the extraction of cases in Aarhus or to ARS, while search of specifi c codes within 
secondary discharge diagnoses had additional value for ARS (6% increase) and for Lombardy 
(27% increase). 

DISCUSSION

Th is study shows how event extractions may diff er across databases and how diff erent choices 
impact on the estimated incidence of the event. We described a workfl ow that has been successful 
for combining data across databases of various origins and constructs in the context of drug safety 
signal detection. Th e UMLS was used as the common terminological system to map events across 
diff erent terminologies. Th e knowledge described in the various terminologies, which are included 
in the UMLS, was inadequate to defi ne all the clinical aspects of an event for our purposes, and 
so expert knowledge and experience from the database holders were necessary to build a more 
comprehensive defi nition of the event. Use of EHR databases requires an understanding of how 
the healthcare data are generated from the initial patient encounter all the way to completion of 
the database entry.30 

Inspection of the queries for the event data extraction revealed two main types of diff erences. 
Th e fi rst is due to deviation from proposed concepts, resulting mainly from a database holder 
fi nding additional value in using other concepts that were found to be useful based on their own 
previous studies. Databases with free text information refi ned the queries according to ad hoc 
search algorithms, while databases with information on laboratory test results used the numeric 
value associated with a diagnostic concept. As an example, ‘anuria’ was considered only if a value 
of serum creatinine was greater than 4 mg/dL and if the examination was done within 30 days 
of the date of diagnosis. Using the concept ‘anuria’ alone, without any laboratory results, would 
have decreased the specifi city of the query. Th e second type of diff erence is due to modifi cations 
in the source of information considered in the query. Some databases searched only for codes 
in the ‘primary hospital discharge diagnosis,’ fi eld while others searched for concepts in both 
‘primary hospital discharge diagnosis’ and ‘secondary hospital discharge diagnosis.’ Moreover, 
when using laboratory test fi ndings, the threshold values employed by the databases were not 
always compatible. 

Th e small diff erence in the IR for AMI observed between the two Italian regional claims 
databases is probably explained by the fact that Lombardy could not contribute AMI-related 
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deaths occurring outside of the hospital, while the lower IR observed in the Italian GP database is 
probably due to the non-routine recording of hospital deaths (including those attributed to AMI) 
by the GP. In line with this hypothesis, similar estimates were observed in another GP database, 
QRESEARCH from the UK (67.4/100 000 PYs). Despite using a search strategy similar to the one 
used by ARS, in the Danish claims database (Aarhus), a higher IR (126.5/100 000 PYs) was observed. 
Th is disparity may be due to inherent diff erences between the two underlying populations (Italian 
and Danish), as a consequence of the so-called south-north trend in cardiovascular diseases, 
largely attributable to the Mediterranean diet.31-34 Th e same trend could probably explain the 
diff erence between Lombardy and PHARMO (93.4/100 000 PYs), which used the same query but 
have diff erent populations. Th e highest IR for AMI was observed in the Dutch GP database IPCI. 
Th is is probably an overestimation since the IR observed in the Dutch administrative database 
PHARMO is much lower. Th is overestimation is most likely due to an extensive use of free text 
in the search strategy of IPCI. Case validation by manual review of medical records is currently 
ongoing to assess and quantify the eff ect of event misclassifi cation and how this would translate in 
the context of drug safety signal detection.

Th e pattern of estimates for RHABD was noted to be quite diff erent from the other events. 
Th is particular event is not captured by the administrative databases that are unable to link to a 
data source having laboratory results (i.e., the two Italian regional databases, ARS and Lombardy). 
It is also important to note that rhabdomyolysis is part of a spectrum of conditions (myopathy → 
rhabdomyolysis → renal failure) and is more of a clinical manifestation than an actual diagnosis. 
Th us, if patients are admitted to a hospital for rhabdomyolysis due to whatever cause, by the 
time they are discharged, the etiology of the rhabdomyolysis has already been found and this is 
what is recorded as the discharge diagnosis (e.g., trauma, burns, sepsis, poisoning). Finally, if the 
rhabdomyolysis progresses to acute renal failure, then the case is likely to be registered as ARF. 

Pedianet is an Italian nationwide database which contains medical information concerning 
children until 14 years of age, as recorded by family pediatrician. Hence, the IRs obtained from 
this database cannot be directly compared with those of the other databases, although the data can 
be explored to further study specifi c diff erences within the pediatric populations of each database.

Comparison with incidence rates in published literature
In the Spanish EPIC cohort study35 involving over 33 000 individuals with ~300 000 PYs of 

follow-up, age-standardized incidence rates of AMI were found to be in the range of 302-330/100 
000 PYs in men and 60-114/100 000 PYs in women. In a large US community-based population, 
the age and sex-adjusted incidence of AMI was found to be 208/100 000 PYs.36 Th ose fi gures are 
higher than those we obtained in EU-ADR (59.1 to 148.4 per 100 000 PYs) most likely because 
these studies employed broader search queries and other sources of information aside from coded 
hospital diagnoses, death registries, and free text. In the Spanish study, ICD9CM diagnostic 
codes 410-414 and ICD10 I20-I25 codes (all codes for ischemic heart disease), as well as ICD9 
procedure codes for stent placement and bypass operation (36.0 and 36.1, respectively), were used. 
Cases were also ascertained by means of self-reported questionnaires, population-based specifi c 
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AMI registries, and autopsy data. Th e US study included only individuals who were 30 years 
of age or older. Th ere are confl icting views as to whether coronary heart disease, or associated 
cardiovascular risk factors, is more prevalent in North America or in Europe.37-40 When defi ning 
the extraction strategy in EU-ADR, specifi city of the query took precedence over sensitivity so as 
to avoid having too many false positive drug safety signals. For example, in identifying the event 
AMI, we did not use the concept ‘myocardial infarction,’ but rather ‘acute myocardial infarction.’ 
In other publications, the approach is to have a much broader defi nition of an event, comprising 
the whole spectrum of the acute coronary syndrome, which includes unstable angina.41-43

Th ere are very few population-based studies on the incidence of ARF; most are focused on 
special populations such as the elderly, patients in intensive care units (ICUs), or those requiring 
renal replacement therapy.44-45 It has been suggested that ARF is nearly as common as myocardial 
infarction.46 Indeed, a population-based study in Scotland obtained an IR of 181/100 000 PYs.47 
Th is study employed only laboratory values in the identifi cation of cases (ARF defi ned as having 
baseline serum creatinine below the threshold (150 μmol/L in men or 130 μmol/L in women) 
that subsequently increased by a factor of 1.5 or more, or the glomerular fi ltration rate (GFR) was 
reduced by at least 25%). Th e lower estimates we obtained in EU-ADR (3.3-48.9/100,000 PYs) are 
probably due to the fact that laboratory data were not uniformly available in all the databases to 
supplement the coded diagnoses.

Most of the published studies on the incidence of AS are based on emergency room visits 
or hospitalizations, which makes direct comparisons diffi  cult.48-51 A Swiss study showed that the 
incidence of life-threatening anaphylaxis ranged from 7.9-9.6/100 000 PYs, which is not far off  
from the estimates we obtained in EU-ADR (1.9-12.1/100 000 PYs). 

Toxic Epidermal Necrolysis (TEN) and Stevens Johnson Syndrome (SJS), which collectively 
comprise the event BE, are rare conditions occurring worldwide and most oft en in adults, women 
more likely than men. Its incidence is estimated at 2-3 cases/million population/year in Europe 
but is up to three times higher in the HIV-infected population.52 Th e incidence rates we obtained 
in EU-ADR range from 16-178 per million PYs and are not directly comparable because these 
rates refl ect the incidence rates of both TEN and SJS as well as of other forms of bullous eruptions 
such as erythema multiforme. Diagnosis of TEN/SJS usually requires histologic confi rmation,53-54 
information that is not uniformly available in the databases in EU-ADR.

As discussed earlier, estimating the incidence of RHABD is diffi  cult because it is part of a 
spectrum of conditions that start with myopathy progressing to muscle necrosis and renal failure, 
and most studies in the literature investigate the endpoint renal failure or the entire spectrum.55-56 
Th us, use of diagnostic codes alone, without values of serum creatine phosphokinase (CPK), may 
underestimate the true incidence. At the same time, with case identifi cation algorithms that employ 
CPK values there is a need to distinguish elevations due to cardiac ischemia or infarction (usually 
detected by the CPK-MB isoenzyme) with those due to skeletal muscle injury (detected by the 
CPK-MM isoenzyme which, although predominantly found in skeletal muscle, is also the primary 
CPK isoenzyme present in heart muscle). We only employed CPK-total in the search algorithms.
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Coding changes in international disease classifi cation have posed new challenges for the 
comparability of indicators for various diseases. For example, in the worldwide MONICA Project 
which studied fatal and nonfatal coronary events through population-based registers, diff erent 
versions of the ICD were used in diff erent countries.37 Th is is in addition to the innovations 
made in the last decade with respect to technologies that have enabled diagnosis of disease at 
earlier stages (such as novel biomarkers).57-59 Healthcare systems and physician practices that vary 
between countries may also play a role in how clinical outcomes are captured in databases.60 All 
these factors need to be considered when analyzing trends in disease frequency, severity, prognosis 
and subsequent variations in medical practice. It is hoped that the harmonization process we have 
described will enable the identifi cation of outcomes across diff erently structured databases using 
compatible defi nitions and facilitate better comparison of IRs among various data sources and 
countries.

Limitations
While the aim of our study was not to estimate the most accurate IR for each event, the 

harmonization process enabled estimation and evaluation of rates of events with a common 
defi nition across databases having a similar structure. Th is work is based on currently available 
data which does not capture sources of bias and residual diff erences, including the eff ects of 
immigration and ethnic variation. Case validation using manual review of hospitalization records 
and GP records remains an indispensable part of the process. 

CONCLUSION

No single data source is likely to be suffi  cient to meet all expected drug safety analysis 
needs, hence it is valuable to assess the feasibility and utility of analyzing multiple data sources 
concurrently. We provided an external shared semantic basis in content and structure for the 
creation of queries adapted to the heterogeneous EHR databases within the EU-ADR network. 
Th e iterative harmonization process enabled a more homogeneous identifi cation of events across 
diff erently structured databases using diff erent coding schemes. Th is workfl ow can facilitate 
transparent and reproducible extraction of events using EHR databases as well as a better 
understanding of diff erences between databases.
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APPENDICES

Appendix 1 | Event defi nition form for the Bullous Eruption event

1 Defi nition
Erythema multiforme, Stevens-Johnson syndrome and toxic epidermal necrolysis are 

conditions characterized by blisters (bullous reactions; bullae are circumscribed, elevated lesions, 
containing fl uid, that are larger than 5 mm.). Erythema multiforme is not necessarily caused by 
drugs, while Stevens-Johnson syndrome and toxic epidermal necrolysis in general are adverse 
drug reactions. 

In some countries, the term erythema exudativum or erythema exudativum multiforme is 
used as a synonym of erythema multiforme. Th e term Lyell’s syndrome is considered a synonym of 
toxic epidermal necrolysis. Erythema multiforme is an acute disease characterized by symmetrically 
distributed papular lesions aff ecting mainly the extremities, oft en with mucosal erosions. Th e 
typical lesion is target-shaped: it is concentrically organized with three diff erent-colored zones, 
oft en with a blister in the centre, and it is clearly demarcated from the surrounding skin. 

Stevens-Johnson syndrome (formerly also called erythema multiforme of major type) shows 
widespread skin lesions, which may either be target-shaped or consist of erythematous macules 
with epidermal detachment, together with severe mucosal erosions. Erosions of the skin do not 
exceed 10 per cent of body surface area. Th e general symptoms are more marked than in erythema 
multiforme. 

Toxic epidermal necrolysis is characterized by widespread erythematous areas with epithelial 
necrosis and epidermal detachment (> 10 per cent body surface area), leaving bare dermis. Initially 
there are oft en also small erythematous or purpuric lesions with or without blisters. Extensive 
mucosal erosion is frequent. 

2 Inclusion criteria for research and identifi cation in databases 
2.1 Primary criteria (signs & symptoms)

Erythema multiforme, Stevens-Johnson syndrome
  skin lesions (target or iris lesions, 0.5-2 cm; the lesions predominate on the extensor surfaces 

of the extremities)
  erosive mucosal lesions may be observed in about one-third of the cases
  fever
  malaise
  myalgia
  arthralgia
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Toxic epidermal necrolysis
  skin lesions 
  high fever
  malaise
  painful skin

3 Suggested criteria to exclude false positive cases during the process from
 broad search to fi nal case identifi cation
3.1 Clinical criteria (signs & symptoms) 

Erythema multiforme, Stevens-Johnson syndrome 
  time of onset: the suggestive time sequence is 1-3 weeks after the introduction of a new drugs, 

but other timings are compatible; the course is favorable and self-limiting in 10-20 days
  target lesions are mostly atypical in a drug-induced reaction, varying in size, with an irregular 

outline and the intermediate edematous ring is often absent; more target lesions are typical, 
more they suggest an infectious etiology

Toxic epidermal necrolysis
  Prodromal period (2-3 days): fever, conjunctivitis, pharyngitis, pruritus and occasionally, 

difficulty in urination.
  Time of onset: 1-3 weeks
  In the beginning, an atypical erythema multiforme is present, spreading quickly and 

becoming confluent, whereupon the epidermis comes off in large sheets (as a burn); the 
patient is at risk of severe complications (infections)

  In severe cases other organ systems can be involved: hepatocellular damage, pneumonia, 
nephritis, myocardial damage

3.2. Complementary investigations 
Nikolski’s sign is positive 

 − Leucopenia is frequent and eosinophilia unusual
 − Physical causes, autoimmune blistering diseases and infectious diseases (herpes, Myco-

plasma pneumoniae infections) may have to be excluded; skin biopsy and clinical photo-
graphs are helpful.
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Appendix 3 | Age-specifi c incidence rates of the diff erent events across the databases 
(per 100 000 person-years) (see pages 305 and 306 for colour fi gures). 
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ABSTRACT

Purpose. In this proof-of-concept paper we describe the framework, process, and preliminary 
results of combining data from European electronic healthcare record (EHR) databases for large-
scale monitoring of drug safety. 
Methods. Aggregated demographic, clinical, and prescription data from eight databases in 
four countries (Denmark, Italy, Netherlands, the UK) were pooled using a distributed network 
approach by generation of common input data followed by local aggregation through custom-
built soft ware, Jerboa©. Comparison of incidence rates of upper gastrointestinal bleeding (UGIB) 
and nonsteroidal anti-infl ammatory drug (NSAID) utilization patterns were used to evaluate data 
harmonization and quality across databases. Th e known association of NSAIDs and UGIB was 
employed to demonstrate sensitivity of the system by comparing incidence rate ratios (IRRs) of 
UGIB during NSAID use to UGIB during all other person-time. 
Results. Th e study population for this analysis comprised 19 647 445 individuals corresponding 
to 59 929 690 person-years of follow-up. 39 967 incident cases of UGIB were identifi ed during 
the study period. Crude incidence rates varied between 38.8 and 109.5/100 000 person-years, 
depending on country and type of database, while age-standardized rates ranged from 25.1 to 
65.4/100 000 person-years. NSAID use patterns were similar for databases within the same country 
but heterogeneous among diff erent countries. A statistically signifi cant age- and sex-adjusted 
association between use of any NSAID and increased risk for UGIB was confi rmed in all databases, 
IRR from 2.0 (95%CI: 1.7-2.2) to 4.3 (95%CI: 4.1-4.5). 
Conclusions. Combining data from EHR databases of diff erent countries to identify drug-adverse 
event associations is feasible and can set the stage for changing and enlarging the scale for drug 
safety monitoring. 
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INTRODUCTION

Every year numerous drugs are introduced into the international healthcare market. In 2008 
alone, a total of 66 medicinal products received a positive opinion from the European Medicines 
Agency (EMA)1 while 99 drugs were approved by the US Food and Drug Administration (FDA).2 
Th ese new drugs oft en represent important advances that improve the care or quality of life for 
many patients worldwide. While a drug’s effi  cacy and safety must be demonstrated in randomized 
controlled clinical trials prior to approval, these trials are rarely designed or powered to detect 
uncommon or unexpected adverse events.3-6 Safety surveillance of drugs in the post-marketing phase 
has traditionally been performed by analyses of spontaneous case reports for signal generation and 
of observational healthcare databases for signal evaluation.7-9 Th e sudden worldwide withdrawal of 
rofecoxib (Vioxx) in 200410 stimulated an international review of how best to measure and monitor 
drug safety so that the balance of risks and benefi ts can be continually and rapidly evaluated.11–14 
As mandated by the FDA Amendments Act of 2007, the US is establishing the Sentinel System, 
a nationwide network of databases targeted to capture by the year 2012 data on more than 100 
million subjects for prospective drug safety surveillance.15 Th e European Commission (EC) has 
similarly issued initiatives to develop new methodologies for drug safety monitoring based on 
analysis of large databases. Under the auspices of the EC, the EU-ADR Project (‘‘Exploring and 
Understanding Adverse Drug Reactions by integrative mining of clinical records and biomedical 
knowledge’’) (http://www.euadr-project.org) was launched in 2008. EU-ADR aims to exploit 
information from various electronic healthcare record (EHR) databases in Europe to produce a 
computerized integrated system for the early detection of drug safety signals. Once detected, the 
safety signals will be substantiated by semantic mining of literature and computational analysis of 
pharmacological and biological information on drugs, molecular targets, and pathways (Figure 1).16 

Figure 1 | EU-ADR Project Schema.
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In this proof-of-concept paper, we endeavor to set the stage for large-scale drug safety 
monitoring by describing the framework, process, and preliminary results of combining data 
from a federation of eight EHR databases in four countries, a resource of unprecedented size 
for monitoring of drug safety in Europe. We further illustrate the challenges encountered in the 
amalgamation of data from diverse locations into a uniform repository and the obstacles that had 
to be overcome in terms of heterogeneity in database structure, language, coding of drugs and 
diseases, and diversity in the organization of European healthcare systems.

METHODS

Study population and data sources 
Th e EU-ADR database platform currently comprises anonymous healthcare data from 

eight established European databases located in four countries. Health Search/CSD Patient 
(HSD, Italy),17,18 Integrated Primary Care Information (IPCI, Netherlands),19,20 Pedianet21,22 
(Italy), and QRESEARCH23,24 (United Kingdom) are general practice (GP) databases, where 
both clinical information and drug prescriptions are recorded. Th e Aarhus University Hospital 
Database (Aarhus, Denmark),25,26 the PHARMO Network27,28 (Netherlands), and the regional 
Italian databases of Lombardy29,30 and Tuscany31,32 are all comprehensive record-linkage systems 
in which drug dispensing data of a well-defi ned population are linked to a registry of hospital 
discharge diagnoses and various other registries. Table 1 provides an overview of characteristics 
of each database. Most healthcare services, including pharmaceutical services, are provided for, or 
subsidized by, the state in Italy (ITA), Denmark (DK), and the United Kingdom (UK) and covered 
by obligatory health insurance in the Netherlands (NL) and turnover is low. In all of the countries 
with GP databases, GPs function as ‘‘gatekeepers’’ of the healthcare system. 

Common data framework: distributed data processing
Founded on the basic governance principle that database owners should be involved in the 

elaboration of data as they best understand the context within which the data are recorded, we 
have chosen in the EU-ADR Project a distributed network approach that requires standardization 
of input fi les from the diff erent databases (Figure 2). Th ese common input fi les (patient, drug, and 
event fi les) are created locally and are subsequently managed by purpose-built soft ware called 
Jerboa©, which has been tested against diff erent scripts. Jerboa© uses fl at text fi les as input and is 
written entirely in JavaTM to ensure that it will run in a wide variety of computational environments. 
Th e soft ware queries patient-level data in the diff erent databases, which are later aggregated, de-
identifi ed and sent in encrypted format to a central repository for evaluation and further analysis. 
Th is repository is managed by the Department of Medical Informatics at Erasmus Medical Center 
in the Netherlands, the project’s coordinating center. 
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Figure 2 | Common data framework: distributed network.

Cohort defi nition and follow-up time
To harmonize follow-up defi nitions across databases, we defi ned three dates for each patient 

fi le: (1) the eligibility period begins on the date the patient is registered in the database; (2) the 
eligibility period ends on the date the patient transfers out of the system, with the last supply of 
data, or on the patient’s death, whichever is earlier; and (3) the date of birth. From these dates and 
in combination with the drug prescription fi le, Jerboa© marks the beginning of follow-up, which is 
the start of eligibility date plus one year, or the date of birth (for subjects whose date of birth-start 
of eligibility is less than one year).

Drug exposure
Drug prescriptions and dispensings are locally coded using the national product codes, 

which diff er among countries (see Table 1). Most countries, however, link these product codes to 
the Anatomical Th erapeutic Chemical (ATC) classifi cation system. Th e ATC code is used as the 
drug code in the EU-ADR input fi les. Each database owner estimates the duration covered by each 
prescription or dispensing according to the legend duration (if dosing regimen is available), or is 
otherwise based on the defi ned daily dose (DDD).33

Event defi nition
Th e EU-ADR Project started out by defi ning a selected number of events that are subsequently 

mapped to a common terminology system. Th is process has been described in more detail in 
separate publications.16,34,35 Databases in EU-ADR use one of four nomenclature systems to describe 
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the events: the International Classifi cation of Diseases (ICD9-CM and ICD10), the International 
Classifi cation of Primary Care (ICPC), and the READ Code (RCD) classifi cation. Th ese diff erent 
terminologies are mapped using the Unifi ed Medical Language System1 (UMLS1). Th e UMLS is 
a biomedical terminology integration system handling more than 150 terminologies including 
the four used in the EU-ADR project.36 Ascertainment of the event of interest from the databases 
follows an iterative process with seven stages: (1) event defi nition using clinical criteria established 
from literature; (2) identifi cation of UMLS concepts corresponding to the event; (3) revision and 
validation of medical concepts by database owners and pharmacovigilance experts; (4) translation 
of the medical concepts into each database terminology; (5) extraction of data and computation 
of event rates; (6) comparison of query structure – to detect and harmonize eventually any major 
disagreement across databases; and (7) creation of event input fi les for Jerboa©. 

Statistical analyses 
Incidence rates. We calculated age- and sex-specifi c incidence rates of the event of interest 

within each database as a means to compare and benchmark the data extraction. We performed 
direct standardization using the WHO World Standard Population as reference to account for age 
diff erences when comparing the overall rates.37 Jerboa© manages and aggregates the data over all 
patients locally, producing as output the amount of person-time of follow-up and the number of 
events per sex and age group. To calculate the incidence rates, we only considered the fi rst recorded 
occurrence of the event of interest aft er a one year run-in period.

Associations. Drug prescription and/or dispensing data were used to estimate drug utilization 
and event rates during drug exposure. Overlapping treatment episodes with the same drug (same 
ATC code) are combined into a single episode of drug use that starts when the fi rst prescription 
begins and stops when the last prescription ends. When a patient uses more than one drug at a 
time, the corresponding person-time is labeled accordingly. Using individual data on start date 
and end date of prescription or dispensing, Jerboa© determines and marks as unexposed those 
periods during which an individual is included in the study but is not using any drug. Events are 
then assigned to the episodes (drug use/non-use) in which they occurred.

Th e validity of the methodology previously described has to be evaluated in terms of the 
system’s objective of drug safety monitoring. Th e system’s ability to identify a drug-adverse event 
pair for which the association is established (i.e., true positive signal) will provide an indication 
of its sensitivity. We illustrate this methodology on actual data, fi rst focusing on the known 
association between use of NSAIDs and increased risk of upper gastrointestinal bleeding (UGIB). 
For the initial estimation of the association between event and drug use, we summarized exposure 
to each drug in tables, stratifi ed by age, sex, and calendar year. We performed the analyses at three 
diff erent ATC levels: pharmacological subgroup (i.e., M01A); chemical subgroup (i.e., M01AB, 
M01AC, etc.); and chemical substance (i.e., M01AC01, etc.). Using the Mantel–Haenszel method, 
we calculated age- and sex-adjusted rate ratios, with all remaining person-time (i.e., non-use and 
use of all other drugs) as reference.
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RESULTS

Study population
Th e total study population comprised 19 647 445 individuals corresponding to 59 929 690 

person-years (PYs) of follow-up. Th e databases contributed varying follow-up time to the study 
period which covered the years 1996–2007. Comparison of follow-up time across databases 
revealed similar age and sex distributions, except for Pedianet which, by design, only includes 
patients aged less than 14 years and HSD which covers only patients older than 14 years old (see 
Figure 3).

Incidence rates of upper gastrointestinal bleeding
We identifi ed a total of 39 967 incident cases of UGIB in the study population. Analysis of 

crude overall incidence rates demonstrated heterogeneity with non-standardized rates of UGIB 
ranging from 38.8 (PHARMO) to 61.1 (IPCI) per 100 000 PYs in the Netherlands to 87.7 (Aarhus) 
and 109.5 (HSD) per 100 000 PYs in Denmark and Italy, respectively (Table 2). Incidence rates 
for the UK database QRESEARCH (84.3) and the regional Italian databases of Tuscany (70.7) and 
Lombardy (52.5) were somewhere in between. Direct age standardization attenuated the variation 
in overall incidence rates between databases. Table 2 also shows the incidence rates of UGIB 
separately for children (14 years old and below) and those older than 15 years. Across all databases, 
incidence rates increased with advancing age (Figure 4), the risk for UGIB in individuals 70 years 
and older was 5.2 times greater compared to those aged 50-59 years old (95% CI: 5.1- 5.4). Th ere 
were also consistently higher incidence rates in males overall compared to females (incidence rate 
ratio (IRR) 1.24 (95% CI: 1.22-1.27)).

Table 2 | Incidence rates of UGIB (per 100 000 PYs).

Country Database No. of 
Events

Population-
time

Overall incidence 
rate

 (age-standardized)

Incidence rate in 
<15 years 

(age-standardized)

Incidence rate in 
≥15 years

(age-standardized)

ITA

Pedianet 65 407 150 16.0   (14.5) 16.0   (14.5) –

HSD 3 639 3 324 089 109.5   (65.4) – 109.7   (71.6)

Lombardy 10 127 19 282 776 52.5   (29.2) 9.8   (9.3) 59.5   (36.2)

Tuscany 7 024 9 940 626 70.7   (31.6) 13.3   (13.0) 78.5   (38.2)

NL
IPCI 1 139 1 862 932 61.1   (44.3) 7.6   (7.5) 73.2   (57.4)

PHARMO 2 944 7 591 284 38.8   (25.1) 5.0   (4.9) 46.3   (32.3)

UK QRESEARCHa 5 721 6 788 121 84.3   (60.1) 15.4   (16.0) 99.0   (75.8)

DK Aarhus 9 308 10 611 047 87.7   (54.6) 3.7   (3.8) 108.0   (72.6)

Total 39,967 59 807 984 66.8 9.1 77.4

arepresent data from 30% of database population.
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Figure 3 | Distribution of follow-up time per age group across databases.

Figure 4 | Incidence rates of UG1B across databases, age 15 years and above (see page 306 for colour fi gure).

Figure 5 | Comparison of use of specifi c NSAID classes across databases (see page 306 for colour fi gure).
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Patterns of NSAID use
Patterns of use of NSAID classes varied among diff erent countries but were similar among 

diff erent databases in the same country (Figure 5). Th e Dutch databases IPCI and PHARMO 
showed identical utilization profi les, with the acetic acid derivatives (e.g., diclofenac) representing 
about 40% of all NSAID exposure time. Th e UK database QRESEARCH had a profi le similar 
to NL, while the Danish database Aarhus showed more use of propionic acid derivatives (e.g., 
naproxen) compared to the acetic acid derivatives (47% vs. 30%). Except for the pediatric database 
Pedianet, the other three Italian databases had similar drug use patterns with relatively high 
use of the ATC M01AX class of NSAIDs (other NSAIDs). Th is group of drugs, which includes 
nimesulide, represented the lowest percentage of NSAID use in the other databases (except 
Aarhus). Heterogeneity in exposure among countries became more apparent when we explored 
the use of individual drugs (data not shown).

Association of NSAID use with upper gastrointestinal bleeding
Overall, we detected 4 934 incident cases of UGIB during NSAID use. Data from Pedianet 

were not taken into account in this analysis due to low number of events in children. Th e incidence 
rates were consistently around 3-4 per 1000 PYs of NSAID exposure, except for PHARMO which 
had lower incidence rates (1.9/1000 PYs) and Aarhus which had higher incidence rates (6.5/1000 
PYs). Th e rates of UGIB were signifi cantly increased during use of NSAIDs as compared to all 
other follow-up time in each of the individual databases (Table 3), with IRRs ranging from 2.0 
(95% CI 1.7 to 2.2) to 4.3 (95% CI 4.1 to 4.5).

Table 3 | Incidence Rate Ratios (IRRs) of UGIB during NSAID use.

Country Database No. of Events Exposurea Incidence Rateb Rate Ratioc (95%CI)

ITA

HSD 250 81 734 3.1 2.0 (1.7 to 2.2)

Lombardy 991 314 852 3.1 2.9 (2.7 to 3.1)

Tuscany 698 205 012 3.4 2.4 (2.3 to 2.6)

NL
IPCI 116 26 780 4.3 4.0 (3.3 to 4.9)

PHARMO 342 177 698 1.9 2.8 (2.5 to 3.2)

UK QRESEARCH 467 158 783 2.9 2.4 (2.2 to 2.6)

DK Aarhus 2,070 316 348 6.5 4.3 (4.1 to 4.5)

TOTAL 4,934 1 281 207 3.9

Legend:
a - in person-years (PYs)
b - per 1 000 PYs
c - adjusted for age and sex, non-NSAID use  as comparator; p value <<<0.01 
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DISCUSSION

We have developed and tested a methodology that enables combining data from EHR 
databases of various countries and origins (medical records, administrative registries, record-
linkage databases). Revisiting the known association of UGIB and nonsteroidal anti-infl ammatory 
drug (NSAID) use, we have shown that data sharing can take place within this distributed 
networking system to provide consistent incidence rates and detect a known drug-adverse event 
association. Th is network system yields other interesting side products such as age- and sex-
specifi c disease rates and drug utilization patterns across a wide variety of settings. Together this 
opens a new avenue for conducting observational research on a wider, more global perspective.

In combining the data of various databases it was crucial to take into account ethical 
issues regarding the processing of anonymized healthcare data. Th e databases involved in EU-
ADR have considerable experience in using patient data for research purposes, and have well-
developed safeguard mechanisms ensuring compliance with the European directives and national 
regulations, as well as database governance rules. Since no new data are collected, other than those 
made available by the participating databases, the cornerstone of ensuring proper ethical and legal 
conduct is set down in the rules and regulations that govern each database. Rather than imposing 
a one-size- fi ts-all approach and compel people to change their data, we leveraged on the diversity 
of the databases to use local expertise and to maximize extraction of relevant information, hence 
eff ectively dealing with all methodological, cultural, ethical, governance, and political issues of 
sharing data across borders. Databases retain ownership of their respective data, extraction being 
done locally, and only the aggregated, de-identifi ed data are shared with the rest of the network. 

A similar concept of distributed processing of healthcare data has been employed by other 
research collaborations, albeit with diff erent research objectives. Th is model has previously been 
described in bioterrorism and syndromic surveillance as well as vaccine safety surveillance.38-44 
Th e ongoing Sentinel Initiative of the FDA is also adopting a distributed data architecture for 
combining healthcare databases to improve drug safety monitoring.45-47 While the scale may be 
comparable, there are issues in combining data that are unique to Europe. Challenges stem from 
the fact that diff erent countries have distinct natural languages, aside from having diff erent drug 
and disease coding systems. Th e diversity of healthcare systems throughout Europe makes merging 
data from databases a more complex task that requires striking a balance between international 
cooperation and adequate protection of patient confi dentiality.48

Incidence rates
Standardized incidence rates were generally higher than the crude incidence rates, the 

European EU-ADR network population being older than the reference WHO World Standard 
Population. Comparison of incidence rates was used for benchmarking of the data extraction 
process and the heterogeneity in incidence rates of UGIB refl ects interesting peculiarities in the 
populations themselves, in the type of database, and in the respective healthcare systems. Th ere 
may be inter-country diff erences as to causes of bleeding, risk factors, and variations in the extent 
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of diagnostic evaluation. Diff erent sources of data are apt to capture UGIB of varying severity, the 
events identifi ed from hospitalization records likely to be more severe than the events ascertained 
from general practitioner (GP) visits. Th is may explain the lower incidence rates observed in 
administrative databases compared to general practice databases in the same country (e.g., HSD 
vs. Tuscany or IPCI vs. PHARMO).

Although there is not yet a gold standard to validate our results, the observed incidence rates 
were in line with previously published literature. Most studies on the epidemiology of UGIB are 
hospital-based studies that cite incidence varying from 48/100 000 adults in the Netherlands to 
103/100 000 adults in the UK.49-52 Other reports estimate the incidence to be 95/ 100 000 adults 
(USA) and 172 (Scotland).53,54 EUADR provides data specifi cally for children. To date, there are no 
published population-based studies that include children below 15 years of age, which underlines 
the importance of this type of information.

Th e increase in risk of UGIB with advancing age and with men compared to women, which 
we observed in all of the databases, are consistent with the literature.55 Exact comparisons between 
studies are diffi  cult because of discrepancies in event and drug exposure defi nitions, selection 
criteria of study populations, and methodologies. Th e advantage of EU-ADR is that the variations 
in event defi nition are documented in a standard way and the methodological diff erences in 
rate estimations have been eliminated which allows for easier comparison across countries and 
databases.

Sensitivity of the system
In general, the relative risk of UGIB during NSAID use is around four.56 Th is is similar to 

what we obtained in this study even if the rate ratios were adjusted only for age and sex and were 
compared to all other person-time (i.e., exposed to other drugs or unexposed). Th e consistency 
of the degree of association between NSAID use and UGIB within the databases studied reiterates 
the huge burden of drug-related disease. Its concordance with published literature increases 
the face validity of the methodology and reinforces the potential of drug safety monitoring and 
risk quantifi cation being performed on a very diff erent scale, without limitations as to the size 
or to the number of databases. Key steps for success in this process were the chosen distributed 
approach that dealt with diff erent governance issues, the defi nition of common data input fi les to 
deal with database heterogeneity, the availability of common customized soft ware that allowed for 
local elaboration of data, and terminology mapping using the Unifi ed Medical Language System. 
Improving the sensitivity of the database network system will require further development of 
scalable methods for better control of bias and confounding to allow further inferences regarding 
causality.

While the motivation for merging disparate data sources primarily comes from the need 
to investigate drug safety in larger populations, it is a well-acknowledged limitation that EHR 
databases are only able to describe exposures and outcomes of interest to the extent that they are 
documented within the database systems.57-59 Th e databases capture information on outpatient 
(pharmacy-based) drug use. Most databases do not capture all vaccinations (e.g., those provided in 
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the childhood vaccination programs) but do register, for example infl uenza, vaccination. Specifi c 
drug groups of interest, such as biologicals, are captured if provided through routine dispensing 
system. Th e type of drugs that can be captured in the system is being addressed in a separate 
paper. Furthermore, the issue of accuracy and completeness of information concerning diagnoses 
and actual drug use is common to all types of databases and some degree of misclassifi cation 
is unavoidable. Although review of every individual medical record in each database would 
incur prohibitive costs, some sensitivity analyses should be done to determine the validity of the 
extracted data.

CONCLUSION

In this proof-of-concept paper, we have demonstrated the feasibility of combining diverse 
and diff erently structured data in an eff ective way to detect comparative risks of potential adverse 
drug events and pave the way for large-scale drug safety monitoring. Th e common data framework 
described takes advantage of multiple, routinely collected, aggregated healthcare data while 
minimizing sharing of confi dential patient-level information. Although still a work-in-progress, 
this system can facilitate the planning of permanent, global-scale, EHR-based structures for the 
early detection of drug safety signals.
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Chapter 4

Facing up to the Challenge

 ‘No signal generation technique ensures identifi cation of all  adverse eff ects; 

in reality, signal generation works like a fi sh net: certain fi sh escape.’ 

– W.K. Amery, 1999
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ABSTRACT

Purpose. To provide estimates of the number and types of drugs that can be monitored for safety 
surveillance using electronic healthcare databases.
Methods. Using data from eight European databases (administrative claims, medical records) and 
in the context of a cohort study, we determined the amount of drug exposure required for signal 
detection across varying magnitudes of relative risk (RR). We provide estimates of the number 
and types of drugs that can be monitored as a function of actual use, minimal detectable RR, and 
empirically derived incidence rates for the following adverse events: (i) acute myocardial infarction; 
(ii) acute renal failure; (iii) anaphylactic shock; (iv) bullous eruptions; (v) rhabdomyolysis; and (vi) 
upper gastrointestinal bleeding. We performed data simulation to see how expansion of database 
size would infl uence the capabilities of such system.
Results. Data from 19 647 452 individuals (59 594 132 person-years follow-up) who used 2289 drugs 
in the EU-ADR network show that for a frequent event such as acute myocardial infarction, there 
are 531 drugs (23% of total) for which an association with RR= 2, if present, can be investigated. 
For a rare event such as rhabdomyolysis, there are 19 drugs (1%) for which an association of same 
magnitude can be investigated.
Conclusion. Active surveillance using healthcare data-based networks for signal detection 
is feasible, although the leverage to do so may be low for infrequently used drugs and for rare 
outcomes. Extending database network size to include data from heterogeneous populations and 
increasing follow-up time are warranted to maximize leverage of these surveillance systems.
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INTRODUCTION

Safety data of newly marketed drugs are limited because of small and selective groups of 
individuals included in clinical trials. Characterization of the full safety profi le of drugs thus relies 
on the careful observation and systematic monitoring of their eff ects in ‘real-world’ practice. Over 
the past four decades, individual case safety reports – also known as spontaneous reports – have 
been the cornerstone of drug safety surveillance post-marketing. Spontaneous reporting systems 
elicit reports from both health professionals and patients, but they derive their key strength from 
the reporting physician’s astute clinical observation and insight in assessing the likelihood of an 
adverse event being drug induced. Although pharmaceutical companies are obliged to submit 
reports of suspected severe and serious reactions to regulatory authorities, the mostly voluntary, 
and hence passive, nature of spontaneous reporting systems lends itself to various limitations. 
Th ese limitations include signifi cant underreporting, inability to provide incidence rates (IRs) due 
to lack of information on user population and patterns of drug use, double-counting of reports 
pertaining to the same incident, and bias in reporting of adverse events related to drugs that get 
media attention.1-3 

Prompted by the safety issues surrounding rofecoxib (Vioxx), there has been a shift  towards 
utilizing linked electronic healthcare databases for active drug safety surveillance.4-7 Th e Sentinel 
Initiative was established aft er the US Food and Drug Administration (FDA) Amendments Act 
mandated the creation of a new post-marketing surveillance system that, by 2012, will be using 
electronic health data from 100 million people to prospectively monitor the safety of marketed 
medical products.8,9 Th e Observational Medical Outcomes Partnership (OMOP), a public-private 
partnership among the FDA, academia, data owners, and the pharmaceutical industry, and 
administered by the Foundation for the National Institutes of Health, has been tasked with the 
development and evaluation of methods and data infrastructure to address the needs of an active 
surveillance system.10,11 Similar initiatives are ongoing in Canada12 and in Europe. Th e EU-ADR 
project (Exploring and Understanding Adverse Drug Reactions by Integrative Mining of Clinical 
Records and Biomedical Knowledge, http://www.euadr-project.org) is a collaboration of 18 public 
and private institutions representing academic research, general practice, healthcare services 
administration, and the pharmaceutical industry. Th e project, initiated in 2008, is funded by the 
European Commission.13 

Data mining on healthcare databases generates statistical associations between drug 
exposure and adverse outcomes and can augment the current passive-reactive system and facilitate 
earlier detection of potential safety issues. Although such an approach for safety surveillance is 
promising, the question arises as to what this type of surveillance can add to existing systems and 
whether these database platforms have enough power to adequately detect safety signals. In this 
paper, we estimate for how many and for which types of drugs safety signals might be detected as 
a function of actual drug use, minimal detectable relative risk (RR), and IRs of events as observed 
in the EU-ADR database network.
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METHODS

Data sources
Th e EU-ADR platform currently comprises data from eight electronic healthcare databases 

in four European countries.14 Health Search/CSD LPD (HSD, Italy), Integrated Primary Care 
Information (IPCI, Th e Netherlands), Pedianet (Italy), and QRESEARCH (UK) are population-
based general practice databases, in which clinical information and medication prescriptions are 
recorded. Aarhus University Hospital Database (Aarhus, Denmark), PHARMO Network (Th e 
Netherlands), and the regional Italian databases of Lombardy and Tuscany are all comprehensive 
record-linkage systems, in which drug dispensing data of regional/national catchment area are 
linked to a registry of hospital discharge diagnoses and other registries. Th e majority of healthcare 
services, including pharmaceutical services, are provided for, or subsidized by, the state in Italy, 
Denmark, and the UK and covered by obligatory health insurance in the Netherlands. In all of 
these countries, general practitioners function as ‘gatekeepers’ of the healthcare system. Data from 
the diff erent databases were pooled using a distributed network approach, in which data holders 
maintain control over their protected data, and only aggregated data are shared with the rest of the 
network. Th is was carried out through generation of the data into a common format followed by 
local aggregation using custom-built soft ware, Jerboa©.14

Drug exposure
We categorized drug use using the World Health Organization’s (WHO) Anatomical 

Th erapeutic Chemical (ATC) classifi cation system15 and measured exposure in terms of person-
years (PYs). We further analyzed drug use by anatomic groups (ATC fi rst level), by therapeutic 
category (ATC second level), and by distinct chemical entities (ATC fi ft h level).

Events
We have chosen in EU-ADR an event-based approach to active drug safety surveillance, 

focusing only on the most serious and relevant events. Th ese events were chosen from a ranked 
list of 23 adverse events judged as important in pharmacovigilance on the basis of the following 
criteria: (i) ‘trigger for drug withdrawal’; (ii) ‘trigger for black box warning’; (iii) ‘leading to 
emergency department visit or hospital admission’; (iv) ‘probability of event to be drug related’; 
and (v) ‘likelihood of death’.16 For this paper, we considered the following top-ranked six events 
because they vary in occurrence from frequent to rare and thereby represent a broad range of 
events: (i) acute myocardial infarction; (ii) upper gastrointestinal bleeding; (iii) acute renal failure; 
(iv) anaphylactic shock; (v) bullous eruptions; and (vi) rhabdomyolysis.

We identifi ed the events of interest in the databases using an iterative process that included 
defi nition of events based on clinical criteria established from literature, using diagnosis codes 
and free text as well as laboratory fi ndings when available. Databases in EU-ADR use one of four 
nomenclature systems to code the events.14 To extract the same events across databases, these 
diff erent terminologies were mapped using the Unifi ed Medical Language System1, a biomedical 
terminology integration system handling more than 150 terminologies.17 Th e mapping ensured 
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that all events were described using a common language. We inspected diff erences in event 
ascertainment by comparing data queries and age-specifi c and standardized IR of the events (direct 
standardization was carried out using the WHO World Standard Population).18 Th e processes of 
terminology mapping, harmonization, and benchmarking of event extractions from the various 
databases have been described in more detail in other publications.13,16,19

Required amount of drug exposure to detect safety signals
Given the pooled population-based IR of six events that were estimated directly within 

EU-ADR, we calculated the total amount of PYs of exposure that would be required to detect an 
association between a particular drug and a particular event over varying magnitudes of RR of 2, 4, 
and 6 using one-sided signifi cance level α= 0.05 and a power of 80% (β= 0.2). To estimate what the 
required amount of exposure would be for specifi c strengths of signals to be detected, we used the 
formula as described in the Appendix.20-22 We subsequently determined the number and types of 
drugs for which there would be suffi  cient data for safety monitoring. We likewise investigated how 
correction for multiple comparisons would infl uence the number of drugs that can be monitored 
by applying the Bonferroni correction.23

Figure 1 | Overview of exposure to all drugs (grouped according to ATC fi rst level) by age categories (see 

page 307 for colour fi gure). 
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Simulation: how much power would be gained with an increase in the size of the 
database network?

Following on the premise that an increase in the size of the database network would translate 
to an increase in the power to detect safety signals, we performed a simulation to determine 
how the percentage of drugs that can be monitored would change if more data become available. 
We calculated the maximum percentage of drugs that could be investigated for ‘strong’ (i.e., 
RR= 6), ‘moderate’ (i.e., RR= 4), and ‘weak’ (i.e., RR= 2) associations if the EU-ADR platform were 
expanded to 10 times its current size, assuming the same patterns of use.

RESULTS

Th e current population of the EU-ADR network considered for this analysis comprised 
19 647 452 individuals with 59 594 132 PYs of follow-up (from 1996 to 2008). A total of 2289 drugs 
(i.e., distinct chemical entities, ATC fi ft h level) were used across the network within the study 
period. An overview of exposure to all drugs, at the anatomical level of the ATC classifi cation and 
across diff erent age categories, is illustrated in Figure 1. Cardiovascular medications accounted for 
the largest exposure time (14 110 725 PYs, 38% of exposure time to all drugs), followed by drugs 
acting on the alimentary tract/metabolism (4 104 330 PYs, 11%), and nervous systems (4 070 445 
PYs, 11%). More than half of the exposure time to all drugs came from the elderly population (65 
years old and above): 19 564 584 PYs (53%). Children made up 20% of the population but only 
contributed 3% of total drug exposure time (1 278 639 PYs). 

Figure 2 | Relationship between background incidence rate and amount of drug exposure required to 
identify a potential safety signal (see page 307 for colour fi gure).
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Required amount of exposure for signal detection
Th e amount of drug exposure necessary to enable detection of ‘weak’ (RR= 2), ‘moderate’ 

(RR= 4), or ‘strong’ (RR= 6) associations for each of the six events of interest is given in Table 1. 
As expected, a greater amount of exposure is required to detect an association for events with very 
low background IR (Figure 2). In the case of rhabdomyolysis (IR= 2.5/100 000 PYs), 323 897 PYs 
of exposure to a particular drug would be necessary to detect a ‘weak’ association, whereas 49 593 
PYs and 22 143 PYs would be needed to detect ‘moderate’ and ‘strong’ associations, respectively. 
Exposure requirements for the similarly rare events anaphylactic shock (IR= 5.7/100 000 PYs) and 
bullous eruptions (IR=5.9/100 000 PYs) are also given in Table 1. Th e amount of drug exposure 
data required to detect associations of certain risk would be correspondingly lower for relatively 
more frequent events. At least 4706 PYs of drug exposure would be required to identify a safety 
signal for acute myocardial infarction (IR= 171/100 000 PYs), whereas at least 12 028 PYs would 
be required for upper gastrointestinal bleeding (IR= 66.8/100 000 PYs), both at RR of 2. For acute 
renal failure (IR= 26.4/100 000 PYs), the requisite exposure would be 30 397 PYs to detect a ‘weak’ 
association.

Table 1 also shows the number (count) of drugs that can be investigated to detect ‘weak,’ 
‘moderate,’ and ‘strong’ associations for the six events, on the basis of the current size of the 
network. It shows that the number of drugs for which signals can be detected with enough power 
increases if the minimal RR that we want to detect increases, which is expected from the power 
calculations. In acute myocardial infarction, for example, the current EU-ADR network would 
allow for detection of RR estimates of 2 and above for 531 drugs (23% of total). For 939 drugs, an 
association with RR of 4 can be detected with enough power and for 1107 drugs, an association 
with RR of 6 or more can be detected. For the least frequent event rhabdomyolysis, these numbers 
are 19, 170, and 270 drugs for ‘weak,’ ‘moderate,’ and ‘strong’ associations, respectively. Table 2 
shows the exposure requirements and the corresponding number of drugs that can be investigated 
when multiple comparisons are taken into account using Bonferroni correction (total number 
of potential signals = 4990). For acute myocardial infarction, the number of drugs for which RR 
estimates of 2 and above would be detected decreases to 306 (13% of total). For 702 drugs, an 
association with RR of 4 can be detected with enough power; for 883 drugs an association with RR 
of 6 or more can be detected. For the least frequent event rhabdomyolysis, these numbers are 1, 63, 
and 151 drugs for ‘weak,’ ‘moderate,’ and ‘strong’ associations, respectively.

Table 3 shows the total exposure time and number of drugs (distinct ATC fi ft h level codes, 
chemical substance) within each main anatomical group in the network. For most of the anatomical 
main groups, the percentage of drugs for which we would have 5000 PYs of exposure (which would 
allow for detection of a ‘weak’ association for a frequent event such as acute myocardial infarction) 
or 50 000 PYs of exposure (this amount would allow for detection of a ‘moderate’ association for a 
rare event such as rhabdomyolysis) is far below 50% of the total number of drugs in the network. 
It is also evident from Table 3 that only for the most frequently used classes of drugs is there power 
to detect safety signals within this range. Furthermore, that percentage is less than 15% for some 
important drug classes such as antineoplastic and anti-infective agents.
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What size is needed?
Data simulation showed that if the EU-ADR platform were to be expanded to 10 times its 

current size, assuming the same patterns of use, the maximum percentage of drugs that can be 
investigated for acute myocardial infarction with adequate power is 44% (1018 drugs) at an RR of 
2, 54% (1237 drugs) for upper gastrointestinal bleeding at RR of 4, and 9% (214 drugs) for 
rhabdomyolysis at RR of 2. For strong associations (RR of 6) with acute renal failure, 1201 drugs 
(52%) would be investigated, whereas less than 40% of all drugs in the database network would 
be investigated for both anaphylactic shock and bullous eruptions (Table 1). With Bonferroni 
correction, the maximum percentage of drugs that can be investigated for acute myocardial 
infarction with adequate power becomes 33% (765 drugs) at an RR of 2, 42% (972 drugs) for upper 
gastrointestinal bleeding at RR of 4, and 4% (83 drugs) for rhabdomyolysis at RR of 2. For strong 
associations (RR of 6) with acute renal failure, 965 drugs (42%) would be investigated, whereas less 
than 30% of all drugs in the database network would be investigated for both anaphylactic shock 
and bullous eruptions (Table 2).

Table 3 | Total exposure time in person-years (PYs) and number of drugs (distinct ATC 5th level codes, 
chemical substance) within each main anatomical group in the current EU-ADR database network.

Anatomical class
(ATC I level)

Total exposure 
in PYs

Total number 
of drugs†

% of drugs with
5 000 PYs exposure‡

% of drugs with
50 000 PYs exposure§

Cardiovascular (C) 14 110 725 271 39 23
Alimentary tract and 
metabolism (A) 4 104 330 307 21 6

Nervous (N) 4 070 445 320 28 6
Blood (B) 3 262 772 120 21 8

Respiratory (R) 2 968 902 172 24 12
Genitourinary (G) 2 579 467 147 31 9
Musculoskeletal (M) 1 833 924 108 25 12
Anti-infectives (J) 1 067 271 268 14 1

Sensory (S) 860 164 152 14 3
Dermatologicals (D) 845 916 180 18 4
Antineoplastics (L) 285 206 114 10 1
Antiparasitic (P) 86 411 39 8 0

Various (V) 9 721 45 0 0
TOTAL 36 085 254 2 243 253 85

† Total number (count) of drugs within each class recorded with adequate exposure in EU-ADR to detect at least one of the events 
of interest.
‡ Exposure of 5 000 person-years corresponds to the exposure which would allow for detection of a ‘weak’ association (i.e., relative 
risk of 2) with a frequent event such as acute myocardial infarction. 
§ Exposure of 50 000 person-years corresponds to the exposure which would allow for detection of a ‘moderate’ association (i.e., 
relative risk of 4) with a rare event such as rhabdomyolysis.
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Adjusting level of signifi cance in view of exploratory nature of signal detection
As a post hoc analysis, we re-calculated the exposure requirements with a more lenient 

signifi cance level (i.e., α= 0.10). Th e person-time of drug exposure required to detect a signal was 
predictably lower for all the events, and the increase in number of drugs that may be investigated 
ranged from 1% to 3% across all magnitudes of RR (Figure 3). Th is was true for the current 
database network as well as for the simulated expanded platform (Supplementary Table 1A). With 
correction for multiple comparisons taken into account, the maximum gain in the number of 
drugs that may be investigated was 1% (Supplementary Table 2A).

Figure 3 | Change in the number of drugs that may be investigated for signal detection when the acceptable 
probability of error is increased from α= 0.05 to α= 0.10 (see page 308 for colour fi gure).

DISCUSSION

In the new era of active drug safety surveillance using linked electronic healthcare databases, 
we need to know how big a database network or system must be to have the power to detect signals 
of potential safety issues. Database size (variously measured as total population, total follow-up 
time, or total exposure time to drugs) is important in understanding its capability for meaningful 
signal detection. Th e overall size of a database is not the determinant of the statistical power to 
detect safety signals but rather the drug exposure data.24 Hence, it is not suffi  cient to know the total 
number of individuals contributing to the database; we specifi cally want to determine whether 
drug exposure in the database is ‘big enough’ that an adverse eff ect of such magnitude as to be 
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scientifi cally signifi cant will also be statistically signifi cant. Our fi ndings show that (i) linking of 
healthcare databases for active drug safety surveillance is feasible in Europe, although the leverage 
to do so may be too low for very rare events and for drugs that are infrequently used, or captured, 
in the databases; and (ii) such a system has more power to detect signals with lower strength 
of association for the relatively frequent events such as acute myocardial infarction and upper 
gastrointestinal bleeding. Th e number (i.e., count) of drugs that can be investigated to detect 
associations with adverse events at varying magnitudes of RR gives a more quantitative picture 
of the capability of such a system for safety surveillance: as the strength of the association to be 
detected goes up, the number of drugs that can be investigated also increases.

We used the classifi cations ‘weak,’ ‘moderate,’ and ‘strong’ for associations having RR of 2, 
4, and 6, respectively, which is arbitrary as we have no defi ned rules for this in epidemiology. To 
date, there is nothing in the literature that categorically defi nes which magnitude of risk would 
be considered strong, weak, or moderate, although, conventionally, epidemiologists consider an 
association with RR of less than 2.0 a weak association.25 

Although relatively frequent in the general population, acute myocardial infarction is an 
event that is weakly associated with drug use (RR for rofecoxib is 1.43, 95% confi dence interval 
[CI]: 1.16 to 1.76).26 Population-based healthcare data from EU-ADR, however, can still provide 
risk information for acute myocardial infarction on a considerable number of drugs. A larger 
amount of exposure is required to detect signals for events having very low IRs such as anaphylactic 
shock, bullous eruptions, and rhabdomyolysis. Th is may be less of a problem when such event also 
happens to be strongly associated with drug use, as is the case for anaphylactic shock and bullous 
eruptions (i.e., Stevens-Johnson syndrome and toxic epidermal necrolysis). Th e RR of anaphylactic 
shock with use of penicillins in hospitalized patients, for example, has been estimated to range 
from 7.5 (95%CI: 2.9 to 19.6) to 10.7 (95%CI: 3.5 to 32.5),27 whereas the RR of bullous eruptions 
associated with use of trimethoprim–sulfamethoxazole and other sulfonamide antibiotics has 
been estimated to range from 21 (95%CI: 2.3 to 172) to 172 (95%CI: 75 to 396).28,29 On the other 
hand, rhabdomyolysis (despite its known association with statins) is not an event that is usually 
attributed to use of medications, traumatic injuries, and recreational drug use being more likely 
etiologies.30 Moreover, rhabdomyolysis itself belongs to a spectrum of conditions ranging from 
clinically benign myalgia to overt renal failure, and distinguishing among these conditions may 
not always be easy when mining healthcare databases. Th e estimated RR for rhabdomyolysis with 
use of statins is 1.4 (95%CI: 0.45 to 4.4).31,32 

It is also clear that use of electronic healthcare databases for safety surveillance will be most 
powerful for more frequently used classes of drugs. Very few or only very ‘strong’ signals may be 
detected for drugs that are seldom used or whose use is incompletely captured in the databases, 
either because they are utilized only in-hospital or in specialized institutions not covered by the 
databases, or because they are not reimbursed.

It is worthwhile to note that although ‘weak’ adverse event associations (e.g., increased 
cardiovascular risk with pain medications) may not be signifi cant on the individual level, they may 
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have a large public health impact if a huge proportion of the population is exposed. Non-steroidal 
anti-infl ammatory drugs (NSAIDs), for example, are among the most widely used drugs. 

How big should the network be?
Timely detection of safety signals requires a large population that is representative of the entire 

spectrum of medication users as well as an extensive observation period, particularly for events 
that are rare or have a long latency.25,33 Intuitively, it makes sense to expect that a single database 
may not have suffi  cient data to allow for adequate and timely signal detection; there is strength in 
numbers. Indeed, it has been pointed out that reliance on a single database could reduce statistical 
power and data diversity.24 One of the presumed benefi ts of combining international healthcare 
databases for safety surveillance is the ability to assess exposures to a larger variety of drugs and 
to characterize use of drugs within a wider range of the population. In a previous publication, we 
showed that patterns of use varied among diff erent countries but were similar among diff erent 
databases in the same country.14 Extending the database network, in terms of both follow-up time 
and additional databases, is desirable and is becoming more feasible with the establishment of the 
European Network of Centres for Pharmacoepidemiology and Pharmacovigilance.34 If the EU-
ADR network would be expanded to 10 times its current size, assuming the same patterns of use, 
the maximum percentage of drugs that can be investigated for acute myocardial infarction is 44% 
at an RR of 2, 54% for upper gastrointestinal bleeding at an RR of 4 (RR of upper gastrointestinal 
bleeding during use of NSAIDs is around 4)35, and 23% for rhabdomyolysis at an RR of 4. Even for 
events strongly associated with drug use, the maximum percentage would still be less than 50% of 
the total number of drugs in the network. Th us, it is likely not feasible to monitor the safety of all 
drugs in the databases, regardless of whether the associated adverse events are rare or frequent.

Statistical signifi cance and the exploratory nature of signal detection
A 5% signifi cance level is generally deemed desirable for the purpose of minimizing the 

probability of observing false positive associations. Th is value is fairly arbitrary, however. Although 
this signifi cance level is customarily employed in most epidemiologic studies seeking to confi rm 
drug-event associations, this requirement may not be appropriate in the context of exploratory 
signal detection. As a post hoc analysis, we re-calculated the exposure requirements when the 
acceptable probability of error is lower (i.e., α= 0.10). Th e exposure requirements were predictably 
reduced for all events, although the increase in the number of drugs that may be investigated 
was marginal, ranging from 1% to 3% across all magnitudes of RR. Th is was true for the current 
database network and for the simulated expanded database platform. With multiple testing already 
factored in the exposure calculations, there is a very small gain in number of drugs that may 
be investigated (at most 1% across all events), which indicates that maintaining α= 0.05 may be 
suitable, even for signal detection.
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How reliable are the data from the network?
All of the databases in EU-ADR have been widely used for pharmacoepidemiologic research, 

have well-developed safeguard mechanisms ensuring patient data protection, and have been 
validated for a variety of drug exposures and clinical outcomes.36-45 Because data from medical 
records databases are derived from physician offi  ce records, they capture information of a diff erent 
nature from that of administrative databases, which are derived from claims for hospitalization and 
other healthcare services. In an earlier publication, we reported that IRs of upper gastrointestinal 
bleeding observed in EU-ADR were in line with previously published literature.14 Th e databases 
capture information on outpatient (pharmacy-based) drug use. Drugs utilized in-hospital or in 
specialized institutions are not registered by the databases, and specifi c drug groups of interest, 
such as biologicals (including cancer chemotherapeutic agents and vaccines), are captured only if 
provided through the routine dispensing system.

Implications for safety surveillance and clinical practice
Th e driving force behind exploring electronic healthcare databases for active surveillance is 

the earlier detection, and hence earlier management, of potential safety issues. However, new drugs 
that may slowly penetrate the market will require a large amount of patient data to comprise a 
signifi cant user population within a reasonable period.46,47 Although it took fi ve years for rofecoxib 
to be withdrawn from the market, it has been posited that if the medical records of 100 million 
patients would have been available for safety monitoring, the adverse cardiovascular eff ect would 
have been discovered in just three months, given the drug utilization patterns in the US.48 On the 
basis of utilization patterns in Europe, the EUADR network would have had enough exposure 
data to detect an association between rofecoxib and acute myocardial infarction within two years 
aft er being marketed. It is evident that if one aims to create a comprehensive platform that would 
allow for monitoring the largest number of drugs possible, the greatest benefi t would be achieved 
by linking databases from diff erent countries with diverse utilization patterns. A good way to start 
would be to foster collaboration with existing initiatives such as EU-ADR, FDA Sentinel, and 
OMOP. 

Although we have raised the issue of statistical power as being important in safety signal 
detection, this is not to say that the usefulness of a database network is measured only by how 
much data it can provide. It can be argued that especially in the case of longitudinal EHR, there is 
even greater value in what kind of data such networks can provide in terms of estimating incidence 
of adverse events during drug use and across various population subgroups. Th ese data are, by 
themselves, important for pharmacovigilance and public health regardless of whether there is 
suffi  cient statistical power to demonstrate a diff erence with non-use of a drug. Particularly for 
adverse events that are rare or inadequately described in other data sources, if it can be shown that 
the upper bound of the confi dence interval of the incidence estimate is within the limits of what 
is considered acceptable from a public health perspective, this may be suffi  cient to downgrade, or 
exclude, a substantial safety problem.
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CONCLUSION

 In this paper, we have demonstrated that electronic healthcare data may allow for safety 
signal detection of a large number of drugs, although the leverage to do so may be low for very rare 
events and for drugs that are infrequently used, or captured, in the databases. Extending the size 
of the database network, in terms of both follow-up time and additional databases, may ameliorate 
this problem. 
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APPENDIX 

Sample size calculations were carried out within the context of a cohort study using a 
hypothesis testing approach. Th e approximate power formula assumes that the observed number 
of adverse events resulting from exposure to the drug of interest follows a Poisson distribution with 
mean RE, where E is the expected number of events based on background population rates and R 
is the relative risk.20-22 It follows that for large values of RE, the square root of the observed events 
is approximately normally distributed with mean √RE and variance ¼. Now if a random quantity 
has a normal distribution with mean μ and variance σ2, the power (1-β) of a test to reject the null 
hypothesis μ = μ0, given that the alternative is true, at the α level of signifi cance is given by 

Z1 - β = Zα – { (μ - μ0) (1/ σ) }

Substitution of μ = √RE, μ0 = √E, and σ = 1/2 into this expression yields the following:
 Z1 - β = Zα – 2(√R – 1) (√E).
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ABSTRACT

Background. Traditional pharmacovigilance activities do not focus specifi cally on children and 
medicines in children are frequently being prescribed off -label based on extrapolating experience 
in adults to children. In Europe, the EU-ADR Project (Exploring and Understanding Adverse 
Drug Reactions by Integrative Mining of Clinical Records and Biomedical Knowledge) aims to use 
information from various electronic healthcare record (EHR) databases to produce a computerized 
integrated system for the early detection of drug safety signals. Th is might also prove to be a useful 
tool in pediatric pharmacovigilance. 
Objectives. To provide estimates on the number of drugs and incidence rates (IRs) of adverse 
events that can be monitored in children and adolescents in the EU-ADR database network. 
Methods. Demographic, clinical events, and outpatient drug prescription/dispensing data were 
obtained for children and adolescents (0 to 18 years) from seven population-based EHR databases 
of the EU-ADR network from Denmark, Italy, and the Netherlands. Data were analyzed for the 
period January 1st 1996 through December 31st 2008. We estimated the number and types of drugs 
for which specifi c adverse events can be monitored as a function of actual drug use, minimally 
detectable relative risk (RR), and empirically-derived incidence rates for 10 events deemed to be 
important in pharmacovigilance. Th e same was done for adverse events frequently reported in 
children, using age-dependent IRs described in literature. 
Results. Th e pediatric population (0-18 years) of the EU-ADR network comprised 4 838 146 
individuals contributing 25 575 132 person years (PYs) of follow-up during the study period. 
Within this population, a total of 2 170 drugs (i.e., distinct chemical substances) were prescribed 
during the study period with a total drug exposure of 1 610 631 PYs. Eighteen of the 2 170 drugs 
(0.8%) comprised half of the total drug exposure while 90% of the total drug exposure in PYs was 
represented by 158 drugs (7.3%). For a relatively frequent event such as upper gastrointestinal 
bleeding (IR= 14.4/100 000 PYs), there were 39 drugs (comprising 66% of total exposure in PY) 
for which an association with a RR≥4, if present, can be investigated. For rare events such as 
anaphylactic shock and bullous eruptions, there were 8 drugs (comprising 35% of total exposure) 
and 9 drugs (comprising 37% of total exposure) respectively, for which an association of same 
magnitude can be investigated. Based on literature-derived IR, there is a higher number of drugs 
that can be monitored for the events febrile convulsions, suicide attempt, and epilepsy at the same 
magnitudes of risk. 
Conclusion. Drug use in children is rare and shows little variation; only 18 out of the total 2 170 
prescribed drugs make up half of the total exposure time to drugs in the pediatric population. 
Th e number of drugs with enough exposure to detect safety signals for rare events in children and 
adolescents using EHRs is limited. Mining within EHR databases seems especially promising for 
events that have a high background incidence in the pediatric population and for drugs with a large 
amount of exposure. Inter-continental collaboration will be necessary to gain overall adequate 
statistical power for pediatric drug safety signal detection.
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INTRODUCTION

Medicines in children are frequently being prescribed off -label as little information is 
available from clinical trials and data is extrapolated from adults to children.1 Th e number of 
clinical trials is expected to increase with the introduction of new legislation with respect to 
the approval of drugs used in children in the United States (US) (2002) and in Europe (2007).2-4 
However, clinical trials are primarily designed to assess therapeutic effi  cacy and have well known 
limitations for the assessment of risks since the number of included children is oft en too limited 
to draw fi rm conclusions with respect to safety. Th ese limitations underline the importance of 
monitoring potential safety signals of drugs with a pediatric indication during the post-marketing 
phase. Currently, spontaneously reported adverse drug reactions (ADRs) and post-marketing 
safety studies are the most important sources for identifying such safety signals both in children 
and adults.5-6

Although there is a fair amount of experience with using spontaneous reporting systems 
(SRS) to study vaccine safety in children,7-12 the usefulness of such systems for routine safety 
surveillance of non-vaccine medicines in children is limited. Studies on ADR reporting primarily 
focus on the number of ADR-related hospital admissions or are descriptive in nature.13-16 Little 
is known on the capability for signal detection in the pediatric population. And although safety 
signal detection in SRS have proven their value, mainly as a hypothesis-generating tool in adults, 
there are well-recognized limitations and biases such as selective underreporting, stimulated 
reporting and the lack of exposure data.17-19

To complement SRS and other traditional pharmacovigilance systems, several initiatives, 
both in the US and in Europe, have set up population-based surveillance systems that make use of 
longitudinal healthcare data.20-22 In Europe, the EU-ADR Project (Exploring and Understanding 
Adverse Drug Reactions by Integrative Mining of Clinical Records and Biomedical Knowledge) 
was initiated in 2008 and is funded by the European Commission. Th e EU-ADR project is a 
collaboration of 18 public and private institutions representing academic research, general 
practice, healthcare services administration, and the pharmaceutical industry. EU-ADR aims 
to exploit information from various electronic healthcare records (EHR) and other biomedical 
databases in Europe to produce a computerized integrated system for the early detection of drug 
safety signals. 20 In a previous study using data from the EU-ADR project, Coloma et al.,23 provided 
estimates of the number and types of drugs that can be monitored for safety surveillance in the 
general population using EHR databases. It was concluded that signal detection within these data 
was possible, but that the statistical power might be low for infrequently used drugs or for rare 
outcomes. Although this study included pediatric data, no specifi c analyses were performed on 
the pediatric sub-population. As disease prevalence, pharmacokinetics and pharmacodynamics, as 
well as drug exposure are diff erent for children compared to adults,24-26 pediatric ADR data should 
be analyzed separately. Many EHR databases contain data on large numbers of children, which 
make such databases a good source for safety monitoring.



130 | Chapter 4.2

In this study, we fi rst aimed to provide estimates of the number of drugs that have enough 
exposure to be monitored in children and adolescents based on actual drug use, minimally 
detectable relative risk (RR), and empirically-derived incidence rates (IRs) for 10 adverse events 
currently being investigated within the EU-ADR project. Second, the same estimation of the 
number of drugs to be monitored was done for adverse events reported as frequently occurring in 
children, using age-dependent IRs described in literature. Th ird, we aimed to provide information 
on the range of IRs that can be monitored in children and adolescents based on the actual drug-
exposure in the pediatric cohort and the minimal detectable RR.

METHODS

Data sources and setting
We used data from the EU-ADR network, of which a detailed description has been published 

earlier.20, 27 In summary, the EU-ADR platform currently comprises data from eight EHR databases 
in four European countries. For the current study we used pediatric data from seven of the databases 
(from three European countries: Denmark; Italy; and the Netherlands). Health Search/CSD LPD 
(HSD, Italy), Integrated Primary Care Information (IPCI, the Netherlands) and Pedianet (Italy) 
are population-based general practice databases, in which clinical information and medication 
prescriptions are recorded. Aarhus University Hospital Database (Aarhus, Denmark), PHARMO 
Network (Netherlands), and the regional Italian databases of Lombardy and Tuscany (ARS) are 
all comprehensive record-linkage systems in which drug dispensing data of regional/national 
catchment area are linked to a registry of hospital discharge diagnoses and other registries. Th e 
majority of healthcare services, including pharmaceutical services, are provided for, or subsidized 
by, the state in Italy and Denmark and covered by obligatory health insurance in the Netherlands. 
In all of these countries general practitioners function as gatekeepers of the healthcare system. 
Children aged 0 to 18 years included in these databases were included in the current study.

Th e study period ran from January 1st 1996 to December 31st 2008. Follow up started aft er a 
run-in period of 365 days. Th is run-in period was required to determine if an event was incident. 
Th e run-in period was omitted for children younger than one year at the start of observation; 
these children started to contribute follow-up person time from the date of birth or the date of 
registration on, whichever came fi rst.

Data from the diff erent databases were pooled using a distributed network approach, in 
which data holders maintain control over their original data and only aggregated data are shared 
with the rest of the network. Th is was done through generation of the data into a common format 
followed by local aggregation using custom-built soft ware, Jerboa©.20
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Drug exposure
Drug use was categorized using the World Health Organization’s (WHO) Anatomical 

Th erapeutic Chemical (ATC) classifi cation system.28 Drug exposure was measured in terms of 
person-years (PYs). We further analyzed drug use by anatomical main groups (ATC 1st level) 
and by chemical substances (ATC 5th level). Drug exposure was stratifi ed according to one year 
age-categories.

Drugs were subsequently categorized based on the total amount of drug exposure in PYs as 
follows: <10 PYs; >10 - ≤50 PYs; >50 - ≤100 PYs; >100 - ≤500 PYs; >500 - ≤1 000 PYs; >1 000 - 
≤5 000 PYs; >5 000 - ≤10 000 PYs; and >10,000 PYs. Furthermore, the number of drugs (distinct 
chemical substances) that accounted for 50% and 90% of the total drug exposure in the population 
were calculated.

Events
Th e identifi cation of the events of interest in EU-ADR has been described in detail in 

an earlier publication.20 Only those events considered to be most serious and most relevant 
(generally within the context of pharmacovigilance in adults) were included. In summary, events 
of interest were identifi ed in the databases using an iterative process that included defi nition of 
events based on clinical criteria established from literature, using diagnosis codes and free text 
as well as laboratory fi ndings when available. Since the databases included in EU-ADR use four 
nomenclature systems to code the events, these diff erent terminologies were fi rst mapped using 
the Unifi ed Medical Language System1 (UMLS1), a biomedical terminology integration system 
handling more than 150 terminologies.29 Th e processes of terminology mapping, harmonization, 
and benchmarking of event extractions from the various databases have been described in more 
detail in other publications.27, 30-31 

Th e following events have been mapped and harmonized in the EU-ADR platform: (1) acute 
liver injury; (2) acute myocardial infarction; (3) acute renal failure; (4) anaphylactic shock; (5) 
bullous eruptions; (6) cardiac valve fi brosis; (7) hip fractures; (8) neutropenia; (9) acute pancreatitis; 
(10) pancytopenia; (11) progressive multifocal leukoencephalopathy; (12) rhabdomyolysis; 
and (13) upper gastrointestinal bleeding. Not all events selected within the EU-ADR platform 
were considered relevant to study in children and adolescents. Th erefore, only events occurring 
in children with an annual incidence rate of >1/100 000 PYs were included. For children and 
adolescents the following 10 events were considered relevant and were included in this study: (1) 
acute liver injury, (2) acute renal failure (3) anaphylactic shock; (4) bullous eruptions; (5) cardiac 
valve fi brosis; (6) hip fractures; (7) neutropenia; (8) acute pancreatitis; (9) pancytopenia; and (10) 
upper gastrointestinal bleeding.

Th e events as currently monitored in the EU-ADR project are not pediatric-specifi c and 
therefore the analyses were extended to include events that are recognized as posing risk in 
children and adolescents. Th e following serious events were chosen based on studies on ADR-
related hospital admissions in children and reviews of spontaneous reported adverse events in 
children:13, 32-33 (1) completed suicide; (2) suicide attempt; (3) febrile convulsions; and (4) epilepsy.
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Statistical analysis
Required amount of drug exposure to detect safety signals

Given the pooled population-based IR of the 10 events that were evaluated directly within 
EU-ADR, we calculated the total amount of PYs of exposure that would be required to detect 
an association between a particular drug and a particular event over varying magnitudes of RR 
of 2 (weak signal), 4 (moderate signal), and 6 (strong signal) using one-sided signifi cance level 
α = 0.05 and a power of 80% (β= 0.2). To estimate what the required amount of exposure would 
be for specifi c strengths of signals to be detected we used the formula as described and discussed 
previously by Coloma et al.23 We subsequently determined the number of drugs for which there 
would be suffi  cient data for safety monitoring. Th e number of drugs was expressed as the number 
of unique chemical substances (i.e., ATC 5th level). For the drugs with enough exposure to detect 
the RR of interest, the proportion of the PYs of exposure to these drugs, compared to the total PYs 
of exposure for all drugs, was calculated.

Based on the actual exposure and hypothetical incidences of adverse events it was also 
calculated for how many drugs within the anatomical main groups (ATC 1st level) was there 
enough exposure to detect associations with varying magnitudes. Th e following (hypothetical) 
incidences were considered: 1/100 000 PYs; 10/100 000 PYs; 50/100 000 PYs; 100/100 000 PYs; 
and 500/100 000 PYs.

Age-specifi c incidence rates for the following additional events were obtained from the 
literature: (1) completed suicide; (2) suicide attempt; (3) febrile convulsions; and (4) seizures and 
convulsions (see Appendix). 

Required incidence based on the actual drug exposure to detect safety signals
Analogous to the analysis described under the heading ‘Required amount of drug exposure 

to detect safety signals,’ we calculated the range of IRs of events that can be monitored to detect 
weak (RR= 2), moderate (RR= 4) or strong (RR= 6) associations based on the actual drug exposure 
within the cohort. Th ese results were stratifi ed within categories of drug exposure (as specifi ed 
under ‘drug exposure’) and by age. 

Stratifi cation by age
Results were stratifi ed in one-year age categories and according to four age categories based 

on the guidelines of the International Conference of Harmonization (ICH): 0-<2 years, 2-≤5 years; 
6-≤11 years and 12-<18 years.34 

RESULTS

Th e pediatric population of the EU-ADR network comprised 4 838 146 children and 
adolescents (0 to 18 years) contributing 25 575 132 PYs of follow-up between 1996 and 2008. Of 
these PYs of follow-up, 12.8% were for children aged 0 to<2years, 22.2% for children aged 2 to ≤5 
years, 32.7% for children aged 6 to ≤11 years and 32.3% for adolescents aged 12 to <18 years. 
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A total of 2 170 drugs (i.e., distinct chemical substances) were prescribed or dispensed to 
this population during the study period with a total exposure of 1 610 631 PYs. An overview of 
drug exposure, at the anatomical level of the ATC classifi cation across diff erent age categories 
is illustrated in Figure 1. Up to 12 years of age, the drug classes with the highest exposure are 
respiratory drugs (6.5-9.3 PYs of exposure/100 000 PYs of follow up) and anti-infective drugs 
(2.1-5.2 PYs of exposure/100 000 PYs of follow up). Likewise, from 12 years on the genitourinary 
drugs were increasingly prescribed up to 10.2 PYs of exposure/100 000 PYs of follow up. 

Figure 1 | Drug exposure in person-years/ 100 000 person-years by age (see page 308 for colour fi gure).
NOTE: Drug exposure is aggregated on the 1st ATC level (anatomical main group). ‘Other’ represents all groups with an exposure 
of < 1.0 / 100 000 PYs.

Required exposure for monitoring of pre-defi ned events within EU-ADR and for events 
frequently occurring in children

Th e number of drugs on a chemical substance level (5th ATC level) that have enough 
exposure to detect weak (RR= 2), moderate (RR= 4) or strong (RR= 6) associations for the 10 
EU-ADR events are presented in Table 1. Since the numbers are low, these results were not further 
stratifi ed by age. Th e stronger the association to be studied, the higher is the number of drugs 
that can be studied, which is expected from the power calculations. Conversely, the higher the 
IR of the event the higher the number of drugs that can be studied. Considering the IR of upper 
gastrointestinal bleeding (UGIB) within our pediatric population of 14.4/100 000 PYs, which was 
relatively high compared to the other events included in the study, a minimal exposure of 55 725 
PYs was required to detect a weak association (RR≥2). Within our population fi ve drugs fulfi lled 
this criterion. Th ese fi ve drugs made up 26.2% of the total drug exposure in PYs. To detect a 
moderate association (RR≥4) with UGIB, a minimal exposure of 8 532 PYs was required; 39 drugs, 
covering 66.3% of the total drug exposure had this minimal exposure. Finally, to assess a strong
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association (RR≥6), a total of 79 drugs (79.9% of the total exposure) had enough exposure. Th e 
IR of pancreatitis was low, 1.6/100 000 PYs. Since the IR was low, none of the drugs had enough 
exposure to detect a weak signal (RR≥2), 3 drugs (17.9% of the total exposure) had enough 
exposure to detect a moderate signal (RR≥4), and 9 drugs (37.3% of the total exposure) had 
enough exposure to detect a strong signal (RR≥6).

Th e number of drugs, stratifi ed at the anatomical level of the ATC classifi cation, with enough 
exposure to study hypothetical IRs to detect weak, moderate or strong associations is given in 
Table 2. For drugs rarely prescribed in the study population (such as antineoplastic, antiparasitic, 
and cardiovascular drugs), no drug had enough exposure to monitor an association with RR≥2 for 
any of the hypothetical incidences ranging from 1 to 500/100 000 PYs. Respiratory drugs and anti-
infectives were, however, included in those drugs having enough exposure to monitor associations 
of RR≥2, RR≥4 and RR≥6 for events having a (hypothetical) incidence of 10/100 000 PYs and 
higher. 

As illustrated in Figure 2, only a small number of the drugs have a high exposure in the 
pediatric population, 53% of the drugs have a total exposure of less than 10 PYs. Th is is most 
pronounced in the youngest children, for which 75% of the drugs have a total exposure of less 
than 10 PYs. In the table accompanying Figure 2, the minimal detectable IRs for the exposure-
categories for each RR is given: for drugs with an exposure of less than 10 PYs, IRs of maximal 
765/1 000 PY can be detected for RR≥2, maximal 12/1 000 PY for RR≥4 and maximal 5.2/1 000 PY 
for RR≥6. Th e proportion of the drugs with an exposure of more than 1 000 PYs is less than 5% for 
all age categories, and is only 8.4% for the total pediatric population. An exposure of more than 1 
000 PYs is necessary to detect IRs of more than 1.6/1 000 PYs with a RR≥2.

We estimated the power of the EU-ADR system to detect events frequently occurring in 
children based on the literature-derived IRs for ‘completed suicide’, ‘suicide attempt’, febrile 
seizures’, and ‘seizures and convulsions’ (see Appendix). For events with a high incidence rates 
like febrile convulsion, a large number of drugs have enough exposure to detect a potential safety 
signal. However, for very rare events such as Reye’s syndrome, only one drug has enough exposure 
to detect a strong association (RR=6) in children aged 2-≤ 5 years.

Range of incidence rates of events that can be monitored within the network
Eighteen of the 2 170 drugs (0.8%) made up 50% of the total drug-exposure (Table 3). For 0 

to <2 years, 2 to ≤5 years; 6 to ≤11 years and 12 to <18 years there were 8 (0.6%), 8 (0.5%), 14 (0.9%) 
and 20 (1.0%) drugs prescribed/dispensed. Th ese drugs have corresponding exposures of ≥7,024 
PY (0 to <2 years), ≥10 951 PYs (2 to ≤5 years), ≥6 822 PYs (6 to ≤11 years) and ≥7 227 PYs (12 
to <18 years). Based on these exposure data, for the age 0 to <2 years, events with IR>114/100 000 
PYs (at RR≥2), IR>18/100 000 PYs (at RR≥4) and IR>7.8/100 000 PYs (at RR≥6) can be detected. 
For the age 2 to ≤5 years, events with IR>73/100 000 PYs (atRR≥2), IR>11/100 000 PYs (at RR≥4) 
and IR>5.4/100 000 PYs (at RR≥6) can be detected. For the age range 6 to ≤11 years, events with 
IR>118/100 000 PYs (at RR≥2), IR>18/100 000 PYs (at RR≥4) and IR>8.1/100 000 PYs (at RR≥6) 
can be detected. Finally for the age 12 to <18 years, events with IR of >111/100 000 PYs (at RR≥2), 
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Figure 2 | Distribution of exposure in PY by age-groups (5th ATC level, chemical subgroup) (see page 309 
for colour fi gure).
Th e range in PY is given with the corresponding incidence rates of events that can be monitored. PY=person-years; incid=incidence
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IR>17/100 000 PYs (at RR≥4) and IR>7.6/100 000 PYs (at RR≥6) can be detected (data not shown). 
Data from 90% of the total drug exposure (represented by 158 drugs) will allow detection of events 
with IR>387/100 000 PYs (at RR≥2 and RR≥4) and IR>173/100000 PYs (at RR≥6) for 0 to <2 
years; IR>281/100 000 PYs (at RR≥2 and RR≥4) and IR>125/100 000 PYs (at RR≥6) for 2 to ≤5 
years; IR>313/100 000 PYs (at RR≥2 and RR≥4) and IR>140/100 000 PYs (at RR≥6) for 6 to ≤11 
years; and IR>258/100 000 PYs (at RR≥2 and RR≥4) and IR>115/100 000 PYs (at RR≥6) for the 
age 12 to <18 years (data not shown).
Table 3 | Drugs that cover 50% of the total drug exposure in person years by age-categories.

Age 0 to < 2 years * Age 2 to ≤ 5 years* Age 6 to ≤ 11 years* Age 12 to < 18 years* Total *

Beclometasone 
[R03BA01] (13.1)

Beclometasone 
[R03BA01] (12.5)

Salbutamol 
[R03AC02] (6.8)

Levonorgestrel and 
estrogen 
[G03AA07] (11.9)

Beclometasone 
[R03BA01] (6.8)

Salbutamol 
[R03AC02] (10.5)

Salbutamol 
[R03AC02] (9.1)

Beclametasone 
[R03BA01] (6.4)

Sodium fl uoride 
[A01AA01] (3.9)

Salbutamol 
[R03AC02] (6.2)

Amoxicillin 
[J01CA04] (6.5)

Amoxicillin / 
Clavulanic acid 
[J01CR02] (7.9)

Amoxicillin / 
Clavulanic acid 
[J01CR02] (5.2)

Amoxicillin / 
Clavulanic acid 
[J01CR02] (3.4)

Amoxicillin/
Clavulanic acid
[J01CR02] (4.9)

Amoxicillin /
Clavulanic acid 
[J01CR02] (4.9)

Amoxicillin 
[J01CA04] (5.0)

Fluticasone 
[R03BA05] (4.8)

Salbutamol 
[R03AC02] (3.2)

Levonorgestrel and 
estrogen 
[G03AA07] (4.6)

Phytomenadione 
(vitamin K) 
[B02BA01] (4.4)

Fluticasone 
[R03BA05] (5.0)

Cetirizine 
[R06AE07] (4.1)

Cyproterone and 
estrogen 
[G03HB01] (3.2)

Amoxicillin 
[J01CA04] (3.6)

Fluticasone 
[R03BA05] (3.8)

Budesonide 
[R03BA02] (4.3)

Budesonide 
[R03BA02] (3.5)

Cetirizine 
[R06AE07] (2.5)

Fluticasone 
[R03BA05] (3.4)

Budesonide 
[R03BA02] (3.6)

Clarithromycin 
[J01FA09] (3.8)

Amoxicillin 
[J01CA04] (3.4)

Beclametasone 
[R03BA01] (2.4)

Budesonide 
[R03BA02] (2.9)

Flunisolide 
[R03BA03] (3.6)

Flunisolide 
[R03BA03] (3.1)

Methylphenidate 
[N06BA04] (3.2)

Amoxicillin 
[J01CA04] (2.3)

Cetirizine 
[R06AE07] (2.6)

Salmeterol and other 
drugs for obstructive 
airway diseases 
[R03AK06] (2.7)

Ferrous sulfate 
[B03AA07] (2.1)

Clarithromycin 
[J01FA09] (2.2)

Clarithromycin 
[J01FA09] (2.7)

Methylphenidate 
[N06BA04] (1.8)

Sodium fl uoride
 [A01AA01] (1.9)

Desmopressin 
[H01BA02] (2.3)

Salmeterol and other 
drugs for obstructive 
airway diseases 
[R03AK06] (1.7)

Fluisolide 
[R03BA03] (1.7)

Montelukast 
[R03DC03] (1.7)

Desloratadine 
[R06AX27] (1.6)

Methylphenidate 
[N06BA04] (1.6)

Fluticasone (nasal) 
[R01AD08] (1.7)

Budesonide 
[R03BA02] (1.6)

Salmeterol and other 
drugs for obstructive 
airway diseases 
[R03AK06] (1.6)
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Age 0 to < 2 years * Age 2 to ≤ 5 years* Age 6 to ≤ 11 years* Age 12 to < 18 years* Total *

Terbutaline 
[R03AC03] (1.6)

Fluticasone 
[R03BA05] (1.6)

Terbutaline 
[R03AC03] (1.5)

Levocetirizine 
[R06AE09] (1.4)

Cyproterone and 
estrogen 
[G03HB01] (1.2)

Gestodene and 
estrogen 
[G03AA10] (1.4)

Fluticasone 
[R01AD08] (1.1)

Clarithromycin 
[J01FA09] (1.3)

Montelukast 
[R03DC03] (1.1)

Fluticasone (nasal) 
[R01AD08] (1.3)

Salbutamol and other 
drugs for obstructive 
airway diseases
[R03AK04] (1.1)

Terbutaline 
[R03AC03] (1.2)

Mometasone 
[R01AD09] (1.1)

DISCUSSION

Th ere is a growing number of initiatives evaluating the use of EHR databases as a source for 
safety signal detection.21-22, 35-36 Some of these include data on children and adolescents; however, 
we are not aware of any specifi c analyses that have been carried out regarding the pediatric 
population. To our knowledge, this is the fi rst study that explores the feasibility of using EHR 
databases as a source for safety signal detection in children and adolescents. 

Despite the large number of children and adolescents included in the EU-ADR system, the 
number of drugs that have enough exposure to study weak, moderate or strong associations with 
the events currently monitored in EU-ADR network is limited. For a rare event like anaphylactic 
shock (incidence rate=3.2/100 000 PY) there were no drugs with enough exposure to study a weak 
association (RR≥2); there were 8 drugs to study a moderate association (RR≥4), and 20 drugs to 
study a strong association (RR≥6). Th ese numbers are low compared to the total of 2 170 diff erent 
drugs prescribed in the pediatric population. It is mainly for drugs that are known to be chronically 
used in children25 (e.g., anti-infective drugs, respiratory drugs and hormones) that there is enough 
exposure to monitor a wide range of IRs for varying magnitudes of risks. An important group 
of drugs for which safety alerts concerning the use in children and adolescents have been issued 
in recent years are central nervous system (CNS)-drugs: ADHD (attention defi cit-hyperactivity 
disorder)-drugs, anti-epileptics, antidepressants analgesic drugs.33 Methylphenidate was the only 
neurological drug within the group of drugs that covered half of the total drug exposure in PYs.

Th is study showed that within the pediatric population of the EU-ADR database network, 
drug exposure is low and that a limited number of drugs cover the majority of the prescriptions. 
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Th e 1.6 million PYs of exposure were distributed over 2 170 individual drugs, compared to 2 289 
for the overall population (all ages) in EU-ADR (95%). Of these 2 170 drugs, only 18 represent 
50% of the entire exposure time while 158 drugs cover 90% of the total drug exposure time. Th is 
knowledge places the number of drugs having enough exposure to detect weak, moderate or strong 
associations in another context. In view of the total exposure time in PYs of all drugs, the number 
of drugs that have enough exposure to study anaphylactic shock is therefore relatively high. Th e 
20 drugs that have enough exposure to study a strong association with anaphylactic shock (at 
RR≥6) represent 52.1% of the total drug exposure. As illustrated in the current study, moderate 
associations can be studied for half of the total drug exposure, for events having incidence of 
10/100 000 and up (29 drugs, covering 60% of the total exposure), while for events having an 
incidence of 50/100 000 and up weak associations can also be studied (20 drugs, covering 52% 
of the total exposure). It should be noted that these results have not been corrected for multiple 
testing.

Th e study was also limited by the low IRs of the 10 adverse events as directly derived from 
the EU-ADR data within the pediatric population. Th e low IRs are expected since the events were 
chosen based on safety issues which were more relevant in adults. Furthermore, the mechanisms 
of action of certain adverse events diff er between children and adults. For example, hip fractures, 
which have the highest IR within this population (15.3/ 100 000 PYs), is caused by a high-energy 
trauma in 85-90% of the cases in children and are likely unrelated to drug use,37-38 while in adults 
the main causes are falls and osteoporosis, which may be associated with use of certain drugs. Th e 
causal pathway for this particular event makes it less important to study in children. Also, since the 
symptoms of the same condition can diff er between children and adults, there is a higher chance of 
misclassifi cation if this is not accounted for in the selection of cases. In future initiatives to set up 
drug surveillance systems for the pediatric population using EHRs, it is very important to choose 
age-appropriate events with age-appropriate symptoms because as we have demonstrated, events 
with a higher incidence in children (such as febrile convulsions) require less PYs of exposure to 
study associations. 

As emphasized in the recently published CIOMS VIII report, an important unaddressed 
question is whether the positive predictive value of mining longitudinal healthcare database as a 
source for signal detection will be higher than data mining in spontaneous reporting systems.18 
Trifi rò and colleagues have tried to address this issue in a study where potential signals derived from 
the EU-ADR network were compared with signals derived from spontaneous reporting systems 
(SRSs).39 Th e SRSs were more likely to detect potential signals for events with a low incidence 
in the general population and commonly regarded as drug-induced like bullous eruptions and 
anaphylactic shock. At the same time, it was noted that systems like EU-ADR may complement 
traditional SRS in the detection of adverse events that are frequent in the general population 
and are not commonly regarded to be drug-induced. Th is is in line with the results we obtained 
specifi cally for the pediatric population. For events with a low incidence and a high probability 
to be drug-induced only a small number of drugs had enough exposure to detect potential safety 
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signals. For events with a high incidence, a larger number of drugs could be studied. It is also 
important to note that although the number of drugs that can be studied for rare events is low, the 
drugs that can be studied have a relatively large exposure within the population and, hence, EHR 
databases appear to be able to detect associations for drugs that are frequently used. It is known 
that ADRs have the highest chance to be detected (and reported) at the beginning of drug therapy 
since at this time both the treating physician and the patients are most aware of potential adverse 
eff ects. Because of the longitudinal nature of the data collection in EHR databases, signals may also 
be detected aft er long-term use of drugs, possibly even for rare diseases, and may thereby further 
complement SRSs.

Limitations and future directions
Our study illustrates that the capacity of EHR databases as a source for safety signal detection 

in children and adolescents is not only limited by the size of the population, but is mainly hampered 
by the fact that the majority of the drugs are prescribed very rarely in this population and the 
variation is small; 53% of the drugs had an exposure of less than 10 PY and 88% of the drugs had an 
exposure of less than 500 PY. We emphasize that the results should be interpreted within the context 
of the data sources which gave rise to these results. Since the databases are primary care-based, 
specialist prescriptions (e.g., for antineoplastic drugs) are only captured in the system if continued 
by the general practitioner. Expansion of the database network to include other populations would 
be necessary to capture all drugs prescribed in the population, not only to increase the size of the 
studied population, but also to increase the variation in prescribing patterns. 

Other possible sources of pediatric data include the Mini-Sentinel and OMOP.22, 35 Th e 
pediatric population within Mini-Sentinel comprises ~27 million children and adolescents up to 19 
years (21.6% of total)40 OMOP comprises ~39.5 children and adolescents up to 18 years (personal 
communication). If it would be possible to combine these data sources altogether, the current study 
population will be enlarged with a factor 14.7. Assuming similar patterns of follow-up and patterns 
of exposure to drugs in all databases, this (hypothetical) population will have a total drug exposure 
of ~23.7 million PYs. Consequently, for anaphylactic shock the number of drugs with enough 
exposure to study a moderate association (RR≥4) will increase from 8 to 100 and for a more 
frequent event like upper gastrointestinal bleeding 242, instead of 39, drugs could be investigated 
to study a moderate association. Global collaboration will be necessary for further development 
of pediatric drug safety monitoring systems using EHRs, although such collaborations may still be 
incapable of studying the majority, if not all, drugs used in children and adolescents. 
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CONCLUSION

Drug use in children is rare and shows little variation; only 18 out of the total 2 170 prescribed 
drugs make up half of the total exposure to drugs in the pediatric population in EU-ADR. Th e 
number of drugs with enough exposure to detect safety signals using EHR databases for rare events 
in children and adolescents is limited. Mining within EHR databases seems especially promising 
for events with a high background incidence in the pediatric population and for drugs with a large 
amount of exposure. Inter-continental collaboration will be necessary to gain enough statistical 
power for pediatric safety signal detection.
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APPENDIX

Incidence rates of important events in terms of drug safety in children and adolescents and 
number of drugs at 5th ATC (chemical substance level) that have enough PY of exposure to study 
a potential signal.

Event Estimated incidence based on 
literature

RR≥2 RR≥4 RR≥6

Suicide

6-≤11 years 2 / 100 000 PY 0 0 1

12-<18 years 10 / 100 000 PY 0 9 25

Suicide attempt

6-≤11 years 150 / 100 000 PY 15 80 129

12-<18 years 750 / 100 000 PY 188 288 423

Febrile convulsions

0-<2 years 1 400 / 100 000 PY 50 132 188

2-≤5 years 1 400 / 100 000 PY 70 206 294

Epilepsy

0-<2 years 75 / 100 000 PY 3 24 44

2-≤5 years 75 / 100 000 PY 8 33 59

6-≤11 years 75 / 100 000 PY 10 50 83

12-<18 years 75 / 100 000 PY 10 73 121
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ABSTRACT

Background. Th e growing interest in using electronic healthcare record (EHR) databases for 
drug safety surveillance has spurred the development of new methodologies for signal detection. 
Although several drugs have been withdrawn post-marketing by regulatory authorities aft er 
scientifi c evaluation of harms and benefi ts, there is no defi nitive list of confi rmed signals (i.e., list 
of all known adverse reactions and which drugs can cause them). As there is no true gold standard, 
prospective evaluation of signal detection methods remains a challenge. 
Objective. Within the context of methods development and evaluation in the EU-ADR Project, 
we propose a surrogate reference standard of drug-adverse event associations based on existing 
scientifi c literature and expert opinion.
Methods. Th e reference standard was constructed for 10 top-ranked events judged as important 
in pharmacovigilance. A stepwise approach was employed to identify which among a list of drug-
event associations are well-recognized (known positive associations) or highly unlikely (‘negative 
controls’) based on MEDLINE-indexed publications, drug product labels, spontaneous reports 
made to the World Health Organization’s pharmacovigilance database, and expert opinion. Only 
drugs with adequate exposure in the EU-ADR database network (comprising ≈60 million person-
years of healthcare data) to allow detection of an association were considered. Manual verifi cation 
of positive associations and negative controls was independently performed by two experts 
profi cient in clinical medicine, pharmacoepidemiology, and pharmacovigilance. A third expert 
adjudicated equivocal cases and arbitrated any disagreement between evaluators.
Results. 94 drug-event associations comprised the reference standard, which included 44 positive 
associations and 50 negative controls for the 10 events of interest: bullous eruptions; acute renal 
failure; anaphylactic shock; acute myocardial infarction; rhabdomyolysis; aplastic anemia/
pancytopenia; neutropenia/agranulocytosis; cardiac valve fi brosis; acute liver injury; and upper 
gastrointestinal bleeding. For cardiac valve fi brosis, there was no drug with adequate exposure in 
the database network that satisfi ed the criteria for a positive association.
Conclusion. A strategy for the construction of a reference standard to evaluate signal detection 
methods that use EHR has been proposed. Th e resulting reference standard is by no means 
defi nitive, however, and should be seen as dynamic. As knowledge on drug safety evolves over 
time and new issues in drug safety arise, this reference standard can be re-evaluated.
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INTRODUCTION

Th e growing interest in the utility of electronic healthcare records (EHR) for drug safety 
surveillance has spurred the development of new methodologies for quantitative and automated 
signal detection. Timely detection of safety signals remains a challenge because no single technique 
ensures identifi cation of all drug-related adverse events, whether signal detection is done using 
spontaneous reports1 or using healthcare records.2 Generation of false alarms similarly constitutes 
a public health hazard, not only overwhelming regulatory agencies and diverting already scarce 
resources, but also triggering unwarranted warnings or even drug market withdrawals.3 Th us, 
proper evaluation of signal detection methodologies calls for the creation of a reference standard, 
the purpose of which is to better defi ne the predictive value of these new techniques, as well as 
their added value to the current pharmacovigilance armamentarium. 

Signal detection in the context of pharmacovigilance
Th e World Health Organization (WHO) has defi ned ‘signal’ as ‘reported information 

on a possible causal relationship between an adverse event and a drug, the relationship being 
unknown or incompletely documented.’4 An updated and more encompassing defi nition has 
been proposed recently based on a systematic review of how the term is being applied in current 
pharmacovigilance: a signal represents information that arises from one or multiple sources which 
suggests a new potentially causal association, or a new aspect of a known association, between an 
intervention and an event or set of related events, either adverse or benefi cial, and is judged to be 
of suffi  cient likelihood to justify verifi catory and remedial actions.5 Although a ’gold standard’ of 
confi rmed signals, i.e., causal drug-adverse event associations, does not exist, a reference standard 
of recognized associations based on existing published scientifi c literature, regulatory actions (e.g., 
labeling changes or withdrawal of marketing authorization), as well as expert opinion may serve 
as suitable surrogate. In this paper we describe a reference standard that was put together in the 
context of methods development within the EU-ADR Project (‘Exploring and Understanding 
Adverse Drug Reactions by integrative mining of clinical records and biomedical knowledge,’ 
http://www.euadr-project.org), which aims to exploit information from various EHR databases in 
Europe to produce a computerized integrated system for the early detection of drug safety signals.6 
Th is reference standard was developed for the primary purpose of evaluating performance of 
methods for signal detection using EHR.

 

METHODOLOGY

Th e EU-ADR network currently comprises anonymous healthcare data from eight 
established European databases located in four countries (Denmark, Italy, the Netherlands, and 
United Kingdom).7 Clinical and drug dispensing/prescription data used for this paper represent 
data from 19 647 445 individuals with 59 929 690 person-years (PYs) of follow-up.
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Adverse Events
In the EU-ADR Project we have chosen an event-based approach to active drug safety 

surveillance, focusing on events considered to be important from a pharmacovigilance and public 
health perspective. For the construction of this reference standard, we considered the following 
top 10 events which have been selected from a list of 23 events ranked on the basis of importance 
in pharmacovigilance using predefi ned criteria: (1) bullous eruptions; (2) acute renal failure; 
(3) anaphylactic shock; (4) acute myocardial infarction; (5) rhabdomyolysis; (6) aplastic anemia/
pancytopenia; (7) neutropenia/agranulocytosis; (8) cardiac valve fi brosis; (9) acute liver injury; 
and (10) upper gastrointestinal bleeding.8

Drug selection
Th e procedure employed in the construction of the reference standard is outlined in Figure 

1. It was fi rst necessary to ensure that the drug-event associations to be included in the reference 
standard are identifi able in clinical practice and could be investigated in the EU-ADR network. 
Th at is, there should be adequate exposure to the drugs to permit detection of an association 
with the adverse event of interest, if present. In another publication we described the sample size 
calculations used to derive the total amount of PYs of drug exposure required to detect an association 
between a drug and a particular event over varying magnitudes of relative risk (RR), using one-
sided signifi cance level α= 0.05 and power of 80%, given pooled population-based incidence rates 
(IR) estimated directly within the EU-ADR network.2 For this reference standard we employed in 
the calculations RR of at least 2 for all events except for rhabdomyolysis, bullous eruptions, and 
anaphylactic shock, where we used RR of at least 4. Th e latter was done to account for the very low 
background incidence rates of these events in the population (2.5/100 000 PYs for rhabdomyolysis, 
5.7/100 000 PYs for anaphylactic shock, and 5.9/100 000 PYs for bullous eruptions). A series of 
steps was subsequently employed to select the positive drug-event associations and ‘negative 
controls’ among those potentially eligible (i.e., drugs with adequate amount of exposure to detect 
the association of interest) (see Figure 1). 

Information retrieval from published literature
To streamline the scientifi c literature search, we utilized a tool developed within the EU-

ADR Project that automatically searches MEDLINE-indexed publications concerning adverse 
drug reaction (ADRs).9 A subset of MEDLINE was downloaded (via PubMed) and imported in a 
database including all the citations from December 1952 to February 2010 with the ‘adverse eff ects’ 
MeSH subheading. For each citation the PubMed identifi cation (PMID), MeSH descriptors, 
major/minor subheadings, substances, date of creation of the citation, as well as publication type, 
were obtained. Co-occurrence of the drug (from ‘substances’ OR ‘MeSH heading’ fi elds) and 
the event (under the subheading ‘adverse eff ects’) in a citation were noted. Drug codes in WHO 
Anatomical Th erapeutic Chemical (ATC) classifi cation were fi rst mapped to MeSH headings or 
supplementary concept records using standardized concept unique identifi ers from the Unifi ed 
Medical Language System (UMLS).10 Drugs from the ‘substances’ fi eld were taken into account 
only if their pharmacological action was qualifi ed by the subheading ‘adverse eff ects.’ Taking the 
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pharmacological action as an additional element for consideration was an attempt to establish a 
link between the adverse event of interest and the drug in the context of drug safety and not just a 
co-occurrence in a MEDLINE citation. Th is becomes particularly important when more than one 
drug is mentioned in the citation.10

Figure 1 | Flowchart showing the process of the construction of the reference standard.

Selection of known positive drug-event associations
Th e drug-event associations were ranked according to the number of MEDLINE citations 

with co-occurrence of the drug and the adverse event of interest. For the pool of positive drug-
event associations, we considered those with the highest number of citations. Th is meant that 
more published evidence was available on these associations. Citations may refer to case reports, 
observational studies, clinical trials, reviews, or meta-analyses. Th e type of publication was taken 
into account in the evaluation of the evidence regarding each drug-adverse event association, as 
subsequently described. Supplementary information was obtained from the Summary of Product 
Characteristics (SPCs) or product labels.11-16 Th e aim was to select fi ve drugs which are positively 
associated with each event of interest. Whenever possible, drugs belonging to diff erent classes were 
included in the pool. However, the need for minimizing ambiguity (i.e., by selecting strong and 
well-substantiated drug-adverse event associations) took precedence over the need for diversity 
in terms of drug class. Except for fi xed-dose combinations, drug preparations with more than one 
active substance were excluded from the pool.
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Selection of ‘negative controls’
A drug-event association was considered for the pool of ‘negative controls’ if there were no 

MEDLINE citations with co-occurrence of the drug and the event of interest and if there was no 
explicit mention of such adverse event in the drug product label. Th e pool of ‘negative controls’ 
was further evaluated using the WHO spontaneous reporting database (VigiBase) to exclude 
associations fl agged as potential signal using standard data mining methodology. Th e list of 
potential signals from VigiBase (including data up to the fourth quarter of 2010) was generated 
using Oracle Health Sciences EmpiricaTM Signal tool (courtesy of Astellas Pharmaceuticals). 
Bayesian disproportionality analysis was performed using preferred terms (PTs) mapped to the 
events of interest.17 A value greater than 2 for the lower bound of the 90% confi dence interval of 
the Empirical Bayes Geometric Mean (EB05) and the presence of at least one report were used as 
the criteria for fl agging a signal.18 Th e aim was to likewise obtain fi ve drug-event associations as 
‘negative controls’ per event of interest. 

Evaluation of the evidence from literature
Table 1 shows the scheme that was used as guide to evaluate evidence from the literature. 

Manual verifi cation of the positive associations and ‘negative controls’ was conducted by two 
physicians with profi ciency in clinical medicine, epidemiology, and pharmacovigilance. A third 
expert arbitrated any disagreement between evaluators. Th e following indices of agreement 
between evaluators were assessed: (1) proportion of overall agreement; (2) proportion of specifi c 
agreement; and (3) kappa statistic, κ for chance-corrected agreement. Th e earliest date of MEDLINE 
citation was also noted for each drug-event association. 

 
Table 1 | Levels of evidence used in the evaluation of drug safety information from the literature.

Level of Evidence Description

Level I Evidence from at least one (properly designed) randomized controlled trial or meta-analysis.

Level II
Evidence from at least one observational study (e.g., cohort/case–control/case-cross over/self-
controlled case series) OR from at least three published case reports from diff erent sources 
and concerning diff erent patients

Level III Evidence from not more than two published case reports OR from unpublished reports in 
pharmacovigilance databases and no further substantiation in the literature

Level IV Included in drug label (Summary of Product Characteristics, SPC) but no case reports or 
published studies

Level V No evidence from published literature or from WHO spontaneous reporting database and 
not mentioned in SPC

Recommendations:
  Levels I and II → positive association 
  Levels III and IV   → cannot be determined → disregard as doubtful
  Level V    → ‘negative control’
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RESULTS

Th e amount of drug exposure required to detect a potential signal in the EU-ADR database 
network for each of the events of interest is shown in Table 2. Overall, there were 893 drugs (i.e., 
unique ATC codes, 5th level – chemical substance) with enough exposure to permit detection of 
an association with at least one of the 10 events of interest. Out of the 893 drugs, the following 
are the number (i.e., count) of drugs for which there were at least three MEDLINE citations with 
co-occurrence of the drug and the corresponding event: acute liver injury, 21; acute myocardial 
infarction, 52; acute renal failure, 51; anaphylactic shock, 26; bullous eruptions, 47; cardiac valve 
fi brosis, 2; neutropenia/agranulocytosis, 30; aplastic anemia/pancytopenia, 21; rhabdomyolysis, 
8; upper gastrointestinal bleeding, 54. Close to 1 200 abstracts and, when necessary, also the full-
text journal articles pertaining to all 10 events were reviewed to arrive at a shortlist of potential 
positive associations and ‘negative controls.’ Specifi c citations in drug product labels concerning 
‘undesirable eff ects,’ ‘warnings,’ and ‘adverse reactions’ were used to further restrict the shortlist 
of associations. Table 3 shows how the manual evaluation of a positive association for acute liver 
injury with valproic acid and for upper gastrointestinal bleeding with indometacin were done. Th e 
complete evaluation for all the positive drug-adverse event associations of interest can be found 
in the Appendix.

Table 2 | Amount of drug exposure required to detect a potential signal in the EU-ADR database network 
for the events of interest.

Event Required exposure
(person-years)

No. of drugs with suffi  cient exposure to detect 
association and with ≥3 MEDLINE citations

Acute liver injury 32 769 21

Acute myocardial infarction  4 706 52

Acute renal failure 30 397 51

Anaphylactic shock 21 733 26

Bullous Eruptions 20 823 47

Cardiac valve fi brosis 13 604  2

Neutropenia/agranulocytosis 82 697 30

Aplastic anemia/pancytopenia 77 192 21

Rhabdomyolysis 49 593  8

Upper gastrointestinal bleeding 12 028 54

Th e fi nal reference standard consisted of 94 drug-event associations, which included 44 positive 
associations and 50 ‘negative controls’ related to the 10 events of interest. Table 4 lists the positive 
associations, including the corresponding level of evidence. Majority of the positive associations 
were based on Level II evidence. Th e associations for which there was Level I evidence include that 
of nonsteroidal anti-infl ammatory drugs (NSAIDs) and of heparin with upper gastrointestinal 
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bleeding, the association of the statins with rhabdomyolysis, and the association of coxibs and of 
rosiglitazone with acute myocardial infarction. All ‘negative controls,’ by defi nition, have Level V 
evidence and are listed in Table 5. Both positive and ‘negative control’ associations comprised 68 
unique drugs (i.e., ATC 5th level) belonging to 42 diff erent pharmacological subgroups (i.e., ATC 
3rd level). Only four drugs having suffi  cient exposure in the database network satisfi ed the criteria 
for a positive association with rhabdomyolysis, all of them being HMG-CoA reductase inhibitors 
(statins). Fibrates, as a class (ATC 4th level, chemical subgroup), comprised enough exposure to 
detect an association with rhabdomyolysis, but the individual drugs did not. For cardiac valve 
fi brosis, no drug with adequate exposure met the criteria for a positive association aft er review of 
the literature. 

Table 3 | Example summary of manual evaluation of positive drug-event associations for Indometacin and 
Valproic acid.

ATC Drug Name Event type No. of MEDLINE notices Labeled as AE in SPC?YES/NO
[Source and Label Section]

N03AG01 Valproic acid Acute liver 
injury 

Total no. of citations = 31
YES

DailyMed [Boxed warning, 
  Adverse reactions]
eMC [Special warnings and 
  precautions for use, 
  Undesirable eff ects]
Micromedex [Adverse Reactions]

Review† = 1

Clinical trial = 1 [RCT]

Epidemiologic study = 1 [cohort 
study]

Case reports‡ = 28
[1 citation involving 3 cases, 1 
citation involving 5 cases, 1 citation 
reviewing 31 cases, 2 other citations 
with literature review]

M01AB01 Indometacin Upper 
gastrointestinal 
bleeding

Total no. of citations = 45  
YES

eMC [Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 13

Clinical trial = 16 [9 RCTs]

Epidemiologic study = 5
[1 case control and 4 cohort 
studies]

Case reports = 11

NOTE:  † Review refers to both systematic and narrative reviews

 ‡ Case reports involve only one case pertinent to the drug of interest, unless specifi ed

Legend:  SPC: Summary of Product Characteristics

Inter-evaluator agreement
Th e indices for agreement were computed across all drug-event pairs evaluated (179 drug-

event pairs), including those which eventually did not get included in the fi nal reference standard. 
Th e proportion of overall agreement (the proportion of cases for which both evaluators agreed across 
all evaluation categories) was 0.93 (95% confi dence interval (CI) 0.89 to 0.97). Th e proportions of
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Table 4 | Positive associations.

Event ATC Name Level of Evidence
Acute Liver Injury N03AF01 Carbamazepine II

N03AG01 Valproic acid II
M01AX17 Nimesulide II
J01CR02 Amoxicillin and clavulanic acid II
A07EC01 Sulfasalazine II

Acute Myocardial Infarction M01AH02 Rofecoxib I
A10BG02 Rosiglitazone I
G03AA07 Levonorgestrel and estrogen II
N02CC01 Sumatriptan II
M01AH03 Valdecoxib I

Acute Renal Failure C09AA01 Captopril II
M01AE01 Ibuprofen II
N02BE01 Paracetamol II
J01MA02 Ciprofl oxacin II
N05AN01 Lithium II

Anaphylactic Shock B01AC06 Acetylsalicylic acid II
N02BE01 Paracetamol II
J01CA04 Amoxicillin II
J01MA02 Ciprofl oxacin II
M01AB05 Diclofenac II

Bullous Eruptions N03AF01 Carbamazepine II
J01EE01 Sulfamethoxazole and trimethoprim II
N03AX09 Lamotrigine II
M04AA01 Allopurinol II
C03CA01 Furosemide II

Cardiac Valve Fibrosis No drug with suffi  cient exposure that satisfi es criteria for True Positive
Neutropenia/ agranulocytosis H03BB02 Th iamazole II

B01AC05 Ticlopidine II
C09AA01 Captopril II
N03AF01 Carbamazepine II
N03AG01 Valproic acid II

Aplastic anemia/ Pancytopenia B01AC05 Ticlopidine II
N03AF01 Carbamazepine II
H03BB02 Th iamazole II
M04AA01 Allopurinol II
C09AA01 Captopril II

Rhabdomyolysis
C10AA07 Rosuvastatin I
C10AA05 Atorvastatin I
C10AA03 Pravastatin I
C10AA01 Simvastatin I

Upper Gastrointestinal Bleeding N02BA01/
B01AC06

Acetylsalicylic acid I

M01AB01 Indometacin I
B01AB01 Heparin I
H02AB06 Prednisolone II
M01AE01 Ibuprofen I
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Table 5 | ‘Negative control’ associations*

Event ATC Name
Acute Liver Injury R03AC13 Formoterol

S01ED05 Carteolol
G04CA03 Terazosin
N04BA02 Levodopa and decarboxylase inhibitor
C01DA02 Glyceryl trinitrate

Acute Myocardial Infarction A10AD01 Insulin (human)
B03AA07 Ferrous sulfate
J01CR02 Amoxicillin and clavulanic acid
J05AB11 Valaciclovir
C10AB04 Gemfi brozil

Acute Renal Failure R01AD09 Mometasone
H03AA01 Levothyroxine sodium
R06AX26 Fexofenadine
N04BA02 Levodopa and decarboxylase inhibitor
B03AA07 Ferrous sulfate

Anaphylactic Shock N06AX11 Mirtazapine
H03AA01 Levothyroxine sodium
C02AC01 Clonidine
C02CA04 Doxazosin
N05BA04 Oxazepam

Bullous Eruptions C01BC03 Propafenone
C07AB03 Atenolol
R03BB01 Ipratropium bromide
R03BB04 Tiotropium bromide
C08CA02 Felodipine

Cardiac Valve Fibrosis N06AB08 Fluvoxamine
L04AX03 Methotrexate
C09CA04 Irbesartan
C03CA01 Furosemide
G03CA03 Estradiol

Neutropenia/Agranulocytosis C07AA07 Sotalol
H03AA01 Levothyroxine sodium
C10AA05 Atorvastatin
C01DA14 Isosorbide mononitrate
G04CA02 Tamsulosin

Aplastic anemia/ Pancytopenia C09CA04 Irbesartan
C10AA04 Fluvastatin
S01EE01 Latanoprost
S01ED01 Timolol
R06AX27 Desloratadine

Rhabdomyolysis G03CA03 Estradiol
C02CA04 Doxazosin
A10BB12 Glimepiride
S01ED01 Timolol
C01DA02 Glyceryl trinitrate

Upper Gastrointestinal Bleeding R06AX26 Fexofenadine
C10AA01 Simvastatin
S01EC03 Dorzolamide
L02AE03 Goserelin
N05CF01 Zopiclone

* All negative control associations have Level V evidence
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specifi c agreement were as follows: (1) ‘positive’ agreement 0.96 (95% CI 0.93 to 0.98); (2) ‘negative’ 
agreement 0.90 (95% CI 0.89 to 0.90). Th ere were three instances where one evaluator considered 
a drug-event association ‘undetermined’ while the other considered it a positive association 
(paracetamol-anaphylactic shock, bromocriptine-acute myocardial infarction, and acetylsalicylic 
acid-bullous eruptions). Of these three instances only one was eventually included in the reference 
standard aft er arbitration (paracetamol-anaphylactic shock). Th ere was a single case where one 
evaluator marked the association ‘undetermined’ while the other marked it as ‘negative control’ 
(prednisone-neutropenia/agranulocytosis). Arbitration was done by a third expert. Th ere was no 
disagreement between evaluators in the fi nal list of ‘negative control’ associations. Th e chance-
corrected agreement kappa coeffi  cient, κ, was 0.83 (unweighted, 95% CI 0.74 to 0.92).

DISCUSSION

In this paper we present a novel approach to identify a surrogate ‘gold standard’ for drug 
safety signal detection using a systematic and rigorous methodology, applied across various data 
sources and which could be extended to examine other drug-event associations. We put together a 
list of drug-adverse event associations known to be true and drug-event associations considered to 
be unlikely based on current published scientifi c literature, drug product labels, spontaneous ADR 
reports, and expert opinion. Although the rationale for creating this reference standard is to have 
one single index against which signal detection methods (as applied to EHR data) can be tested, 
this reference standard can be re-evaluated and adapted to diff erent settings as needed.

In evaluating the evidence from the literature we only considered associations that were 
reported with use of the drug in therapeutic doses, which is consistent with the defi nition of 
an adverse drug reaction.19 For acetylsalicylic acid, citations referring to both cardiovascular 
prophylactic (low-dose) and analgesic doses were considered. We considered, aside from case 
reports that described the clinical characteristics leading to suspicion of an ADR, publications 
that proposed (or elucidated) biologic mechanisms for the associations. Such publications came 
in the form of both narrative reviews and systematic reviews. We likewise considered associations 
that were described in the context of drug-drug interactions (e.g., aplastic anemia resulting from 
the synergistic interaction between azathioprine and allopurinol).20 For the event acute renal 
failure, we disregarded associations which arose from rhabdomyolysis leading to renal failure, 
but considered the reverse situation (i.e., associations for rhabdomyolysis which resulted in renal 
failure). While randomized controlled trials (RCTs) and meta-analyses are considered supreme 
with respect to level of evidence, this is more true for evidence regarding effi  cacy, not so much 
for safety, of interventions.21-24 Th is is apparent in Table 5, where most of the evidence pertaining 
to the positive associations came from observational studies and case reports (or reviews). Th e 
associations with Level I evidence are those that are well-known (e.g., association of the NSAIDs 
and of heparin with upper gastrointestinal bleeding), or well-investigated – either because of 
controversy or public health impact (e.g., the association of the statins with rhabdomyolysis, and 
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the association of coxibs and of rosiglitazone with acute myocardial infarction). Interestingly, 
but perhaps not surprisingly, the most widely-investigated association was that between aspirin 
and upper gastrointestinal bleeding (259 MEDLINE citations overall, see Appendix). Most of the 
publications related to this association, including clinical trials, described the drug as a comparator 
to other drugs that are presumed (and proven) to confer a lower risk of the event. 

Th ere have been previous attempts to develop a reference standard with which data mining 
methods for safety signal detection can be evaluated, ‘rules of evidence’ being devised ad hoc.25-27 In 
the creation of this reference standard we employed a systematic approach incorporating various 
sources of drug safety information, the process designed to be transparent and reproducible, thus 
also making it easier to update. Diff erent sources have varying comprehensiveness and accuracy 
with regards to documenting drug-adverse event associations. Because RCTs may be restricted to 
specifi c populations and lack statistical power to detect rare events, they must be supplemented 
by non-experimental studies and other types of evidence, including case reports.21-24 Rare or 
idiosyncratic events (e.g., bullous eruption-Stevens Johnson syndrome) and events occurring aft er 
chronic exposure (e.g., cardiac valvulopathy) are unlikely to be identifi ed in clinical trials, but 
rather in case reports or observational studies. 

Th ere was only one disagreement between evaluators in the fi nal list of positive associations 
(‘undetermined’ vs. ‘positive’ for the association paracetamol-anaphylactic shock; arbitration 
resulted in positive association). Th ere was no disagreement between evaluators in the fi nal list of 
‘negative control’ associations. Although this high overall agreement between evaluators indicates 
that the resulting reference standard fulfi lls the pre-determined criteria, as the defi nitions of 
positive associations and ‘negative controls’ are based on existing knowledge at the time of this 
review, these associations (especially the ‘negative controls’) may be refuted as new data come 
along.28 Hence, this reference standard should be considered dynamic and will need periodic 
re-evaluation. Adoption of this reference standard for use by other investigators can validate its 
applicability in other settings and will facilitate its further improvement. 

While a reference standard, however rigorously constructed, may be able to permit 
evaluation and comparison of methods for signal detection, a method shown to successfully detect 
known drug-adverse events associations is not a guarantee that such method will also be able to 
detect signals, i.e., new, currently unknown, drug-event associations (problem of contemporary 
comparison).29 

Limitations
Since the selection of drugs for the reference standard was dependent on the presence of 

adequate exposure to detect an association within the EU-ADR network (i.e., drugs that are more 
frequently used in the population were more likely to be chosen), this reference standard may not 
be as useful for evaluation in situations where the drug use patterns are expected to be diff erent. 
In particular, the EU-ADR database network is unable to capture information on drugs which 
are primarily used in hospitals or specialist centers (e.g., anti-cancer drugs) and for this reason 
such drugs have not been included in the reference standard. Th is criterion also precluded the 
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inclusion of known associations with drugs which have been withdrawn from the market for a 
long time before the accrual of healthcare data in the databases. Because of this, there was no 
drug that could be used as a positive reference for the event cardiac valve fi brosis; the use of the 
appetite suppressants fenfl uramine and phentermine, as well as the dopamine agonists pergolide 
and cabergoline, were inadequately documented or no longer captured in the databases because of 
the decline in use (or eradication in practice) of these drugs.30 Th e choice as to which drug-event 
pairs can be considered for the positive associations was primarily established on the basis of the 
number of publications (i.e., number of MEDLINE citations with co-occurrence of the drug and 
the event of interest). Th is meant that drugs that have been on the market longer – or were involved 
in high-profi le or controversial issues – had a higher chance of being included in the reference 
standard. 

Finally, the availability of a surrogate ‘gold standard’ is only one component of the 
evaluation process for signal detection methodologies.3,31 Other issues that need to be considered 
in performance evaluation of these methods include standardization of event defi nitions, 
establishment of reliable and consistent criteria for adjudicating causality and expectedness of 
adverse events, as well as understanding variations in database content and quality. 

 

CONCLUSION

A unique strategy for the construction of a reference standard to evaluate drug safety 
signal detection methodologies using EHR has been proposed. Th is reference standard should 
be considered dynamic and as knowledge on drug safety evolves over time and new issues in 
drug safety arise, this reference standard can be periodically re-evaluated. Our proposed strategy 
represents a novel contribution to pharmacovigilance, with opportunities for adaptation to 
evaluate harms and benefi ts for other suspected ADRs. 
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APPENDIX

Summary of manual evaluation of positive associations for 9 adverse events of interest*

Event type ATC Drug Name No. of MEDLINE citations Labeled as AE in SPC? YES/NO
[Source and Label Section]

Acute Liver Injury N03AF01 Carbamazepine Total no. of citations = 55 YES

DailyMed [Adverse reactions]
eMC [Undesirable eff ects]
Micromedex [Adverse reactions]

Review† = 4

Clinical trial = 1 [RCT]

Case reports‡ = 50
[5 citations involving 2 cases, 
1 citation involving 3 cases,
1 other citation involving 
2 cases with literature review, 
1 other citation with literature 
review]

Acute Liver Injury N03AG01 Valproic acid Total no. of citations = 31 YES

DailyMed [Boxed warning, 
 Adverse reactions]
eMC [Special warnings and 
 precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 1

Clinical trial = 1 [RCT]

Epidemiologic study = 1 
[cohort study]

Case reports = 28
[1 citation involving 3 cases, 
1 citation involving 5 cases, 
1 citation reviewing 31 cases, 
2 other citations with 
literature review]

Acute Liver Injury M01AX17 Nimesulide Total no. of citations = 38 YES

Micromedex [Adverse reactions]
Review = 2

Epidemiologic study = 5
[1 cohort, 1 case control, 
2 case/non-case studies, 
1 case series]

Case reports = 31
[3 citations involving 3 cases, 
2 citations involving 6 cases, 
2 other citations with 
literature review]
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Event type ATC Drug Name No. of MEDLINE citations Labeled as AE in SPC? YES/NO
[Source and Label Section]

Acute Liver Injury J01CR02 Amoxicillin and 
clavulanic acid

Total no. of citations = 37 YES

DailyMed [Warnings, Adverse 
 reactions]
eMC [Special warnings and 
 precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 2

Epidemiologic study = 4 
[2 case series, 2 cohort 
studies]

Case reports = 31
[2 citations involving 2 cases, 
1 citation involving 15 cases,
1 citation involving 9 cases, 
1 citation involving 8 cases, 
1 citation involving 5 cases, 
4 other citations with review 
of literature]

Acute Liver Injury A07EC01 Sulfasalazine Total no. of citations = 39 YES

DailyMed [Warnings, Adverse 
 reactions]

eMC [Special warnings and 
 precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 1

Epidemiologic study = 1 
[case series]

Case reports = 37
[4 citations involving 2 cases, 
1 other citation involving 
2 cases with review of the 
literature, 3 other citations 
with review of the literature]

Acute Myocardial 
Infarction

M01AH02 Rofecoxib Total no. of citations = 46
Withdrawn from the marketMeta-analysis = 4

Review = 11

Clinical trial = 3 [all RCTs]

Epidemiologic study = 27
[16 cohort and 11 case control 
studies]

Case report = 1

Acute Myocardial 
Infarction

A10BG02 Rosiglitazone Total no. of citations = 14 YES

Suspended by EMA because 
benefi t does not outweigh risk
 [increased risk of 
 cardiovascular disorders 
 including heart attacks, heart 
 failure and stroke]
DailyMed [FDA Boxed warning, 
 Adverse Reactions] 
eMC [Contraindications, Special 
 warnings and precautions for 
 use, Undesirable eff ects]
Micromedex [Adverse Reactions]

Meta-analysis = 3

Review = 5

Epidemiologic study = 6
[3 cohort and 3 case control 
studies]
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Event type ATC Drug Name No. of MEDLINE citations Labeled as AE in SPC? YES/NO
[Source and Label Section]

Acute Myocardial 
Infarction

G03AB03 Levonorgestrel 
and estrogen 

Total no. of citations = 44 YES

DailyMed [Warnings, Adverse 
 reactions]
eMC [Contraindications, Special 
 warnings and precautions 
 for use]
Micromedex [Adverse 
 reactions]

Review = 33

Epidemiologic study = 8
[3 cohort and 5 case control 
studies]

Case report = 3

Acute Myocardial 
Infarction

N02CC01 Sumatriptan Total no. of citations = 17 YES

DailyMed [Adverse reactions]
eMC [Contraindications, 
 Undesirable Eff ects]
Micromedex [Adverse reactions]

Epidemiologic study = 1 
[cohort study]

Case report = 16 
[1 citation involving 4 cases 
with literature review, 
2 other citations with 
literature review]

Acute Myocardial 
Infarction

M01AH03 Valdecoxib Total no. of citations = 11 YES

DailyMed [Warnings, Adverse 
 reactions]
eMC [Undesirable Eff ects, under 
 Parecoxib]
Micromedex [Adverse reactions]

Meta-analysis = 2

Review = 5

Epidemiologic study = 4 
[2 cohort and 2 case control 
studies]

Acute Renal Failure C09AA01 Captopril Total no. of citations = 61 YES

DailyMed [Warnings, Adverse 
 reactions] 
eMC [Special warnings and 
precautions for use,
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 5

Clinical trial = 2

Epidemiologic study = 2 
[both cohort studies]

Case reports = 52 
[4 citations involving 2 cases, 
2 citations involving 6 cases, 
1 citation involving 7 cases, 
1 citation involving 5 cases,1 
citation with literature review]

Acute Renal Failure M01AE01 Ibuprofen Total no. of citations = 35 YES

eMC [Special warnings and 
 precautions for use, 
  Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 1

Epidemiologic study = 2
[1 cohort, 1 case control 
study]

Case reports = 32
[4 citations involving 4 cases 
and with literature review, 
1 citation involving 3 cases, 
4 other citations with 
literature review]
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Event type ATC Drug Name No. of MEDLINE citations Labeled as AE in SPC? YES/NO
[Source and Label Section]

Acute Renal Failure N02BE01 Paracetamol Total no. of citations = 16 YES

eMC [Special warnings and 
 precautions for use, Overdose]
Micromedex [Adverse reactions]

Case reports = 16
[4 citations involving 2 cases, 
1 citation involving 4 cases, 
1 other citation with literature 
review]

Acute Renal Failure J01MA02 Ciprofl oxacin Total no. of citations = 29 YES

DailyMed [Warnings, Adverse 
 reactions]
eMC [Undesirable eff ects]
Micromedex [Adverse reactions]

Case reports = 29
[2 citations involving 2 cases, 
1 citation involving 
3 cases, 1 citation involving 
2 cases with literature review, 
1 citation involving 3 cases 
with literature review, 
1 citation involving 5 cases 
with literature review, 
5 other citations with 
literature review] 

Acute Renal Failure N05AN01 Lithium Total no. of citations = 16 YES
 
DailyMed [Warnings]
eMC [Special warnings and 
 precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 5

Epidemiologic study = 1 
[cohort study]

Case reports = 10
[2 citations involving 2 cases, 
1 other citation with literature 
review]

Anaphylactic shock B01AC06/
N02BA01

Acetylsalicylic 
acid 

Total no. of citations = 27 YES

DailyMed [Warnings]
eMC [Contraindications, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 16

Epidemiologic study = 1
 [cohort study]

 Case reports = 10
[1 citation involving 2 cases]

Anaphylactic shock N02BE01 Paracetamol Total no. of citations = 16 YES

Micromedex [Adverse reactions]
Review = 2

Epidemiologic study = 1
 [cohort study]

Case reports = 13
[1 citation involving 3 cases, 
1 other citation involving 
4 cases]
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Event type ATC Drug Name No. of MEDLINE citations Labeled as AE in SPC? YES/NO
[Source and Label Section]

Anaphylactic shock J01CA04 Amoxicillin Total no. of citations = 12 YES

DailyMed [Warnings, Adverse 
 reactions]
eMC [Special Warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Clinical trial = 1

Case reports = 11
[1 citation involving 3 cases, 
1 citation involving 8 cases 
with literature review, 
2 other citations with 
literature review]

Anaphylactic shock J01MA02 Ciprofl oxacin Total no. of citations = 17 YES

DailyMed [Warnings, Adverse 
 reactions]
eMC [Special Warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Case reports = 17
[1 citation involving 3 cases, 
2 other citations with review 
of the literature]

Anaphylactic shock M01AB05 Diclofenac Total no. of citations = 16 YES

DailyMed [Warnings, 
 Contraindications, Adverse 
 Reactions]
eMC [Special Warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 2

Case reports = 14
[1 citation with literature 
review]

Bullous Eruptions N03AF01 Carbamazepine Total no. of citations = 34 YES
 
DailyMed [Warnings, Adverse 
 Reactions]
eMC [Special Warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 3

Epidemiologic study = 10 
[5 case-control, 4 case series, 
and 1 cohort study]

Case reports = 21
[1 citation involving 4 cases, 1 
other citation with literature 
review]

Bullous Eruptions J01EE01 Sulfame-
thoxazole and 
trimethoprim 

Total no. of citations = 19 YES
 
DailyMed [Warnings, Adverse 
reactions]
eMC [Special Warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review =2

Epidemiologic study = 9 
[5 cohort, 2 case control, and 
2 case series]

Case reports = 8 
[1 citation involving 8 cases]
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Event type ATC Drug Name No. of MEDLINE citations Labeled as AE in SPC? YES/NO
[Source and Label Section]

Bullous Eruptions N03AX09 Lamotrigine Total no. of citations = 18 YES

DailyMed [FDA Boxed warning,
  Adverse reactions]
eMC [Special warnings and 
 precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 2

Epidemiologic study = 7
[4 case control, 3 cohort 
study]

Case reports = 9

Bullous Eruptions M04AA01 Allopurinol Total no. of citations = 22 YES

DailyMed [Warnings, Adverse 
 reactions]
eMC [Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 2

Epidemiologic study = 3 
[all case control studies]

Case reports = 17
[1 citation involving 3 cases]

Bullous Eruptions C03CA01 Furosemide Total no. of citations = 7 YES

DailyMed [Adverse reactions]
eMC [Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 3

Case reports = 4

Neutropenia/
Agranulocytosis

H03BB02 Th iamazole Total no. of citations = 56 YES

DailyMed [Adverse reactions]
Micromedex [Adverse reactions]

Review = 4

Epidemiologic study = 11
[5 cohort, 3 case series, and 
3 case control studies]

Case reports = 41
[1 citation involving 7 cases, 
1 citation involving 4 cases, 1 
citation involving 3 cases, 1 
citation involving 2 cases, 
1 citation involving 7 cases 
with literature review, 
1 citation involving 2 cases 
with literature review, 
2 other citations with 
literature review]

Neutropenia/
Agranulocytosis

B01AC05 Ticlopidine Total no. of citations = 34 YES

DailyMed [FDA Boxed warning, 
 Adverse reactions]
Micromedex [Adverse reactions]

Review = 5

Clinical trial = 3 [all RCTs]

Epidemiologic study = 1 
[cohort study]

Case reports = 25
[1 citation involving 2 cases 
with literature review]
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Event type ATC Drug Name No. of MEDLINE citations Labeled as AE in SPC? YES/NO
[Source and Label Section]

Neutropenia/
Agranulocytosis

C09AA01 Captopril Total no. of citations = 33 YES
 
DailyMed [Warnings, Adverse 
 reactions]
eMC [Special warnings and 
 precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 7

Case reports = 26 
[2 citations involving 2 cases, 
1 other citation involving 
3 cases]

Neutropenia/
Agranulocytosis

N03AF01 Carbamazepine Total no. of citations = 18 YES
 
DailyMed [Warnings, Adverse 
 reactions]
eMC [Special warnings and
 precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 4

Clinical trial = 1 [RCT]

Epidemiologic study = 4
[1 case series and 3 cohort 
studies]

Case reports = 9
[2 citations involving 2 cases, 
1 other citation with literature 
review]

Neutropenia/
Agranulocytosis

N03AG01 Valproic acid Total no. of citations = 15 YES

DailyMed [Adverse Reactions]
eMC [Precautions/Interaction 
 with other medicinal products,
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 1

Epidemiologic study =3 
[all cohort studies]

Case reports = 11
[1 citation with literature 
review]

Aplastic anemia/
Pancytopenia

B01AC05 Ticlopidine Total no. of citations = 29 YES

DailyMed [Warnings, Adverse 
 reactions]
Micromedex [Adverse reactions]

Review = 2

Clinical trial = 1 [RCT]

Case reports = 26
[1 citation involving 2 cases, 
1 citation involving 3 cases 
with literature review, 
3 other citations with 
literature review]

Aplastic anemia/
Pancytopenia

N03AF01 Carbamazepine Total no. of citations = 28 YES

DailyMed [Adverse reactions]
eMC [Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 11

Epidemiologic study = 5
[3 cohort and 2 case control 
studies]

Case reports = 12
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Event type ATC Drug Name No. of MEDLINE citations Labeled as AE in SPC? YES/NO
[Source and Label Section]

Aplastic anemia/
Pancytopenia

H03BB02 Th iamazole Total no. of citations = 16 YES

DailyMed [Adverse reactions]
Micromedex [Adverse reactions]

Review = 1

Epidemiologic study = 1 
[case series]

Case reports = 14 [1 citation 
with literature review]

Aplastic anemia/
Pancytopenia

M04AA01 Allopurinol Total no. of citations = 15 YES

DailyMed [Adverse reactions]
eMC [Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 1

Epidemiologic study = 1 
[cohort study]

Case reports = 13

Aplastic anemia/
Pancytopenia

C09AA01 Captopril Total no. of citations = 8 YES

DailyMed [Adverse reactions]
eMC [Undesirable eff ects]
Micromedex [Adverse reactions]

Review =1

Case reports = 7

Rhabdomyolysis C10AA07 Rosuvastatin Total no. of citations = 19 YES

DailyMed [Warnings, Adverse 
reactions]
eMC [Special warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Meta-analysis = 1

Review =7

Epidemiologic study = 4 [all 
cohort studies]

Case reports = 7
[1 citation involving 8 cases, 
1 other citation with literature 
review]

Rhabdomyolysis C10AA05 Atorvastatin Total no. of citations = 24 YES

DailyMed [Warnings, Adverse 
 reactions]
eMC [Special warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Meta-analysis = 2

Review = 4

Epidemiologic study = 2
[1 case series and 1 cohort 
study]

Case reports = 16

Rhabdomyolysis C10AA03 Pravastatin Total no. of citations = 18 YES

DailyMed [Warnings, Adverse 
 reactions]
eMC [Special warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Meta-analysis = 1

Review = 7

Case reports = 10
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Event type ATC Drug Name No. of MEDLINE citations Labeled as AE in SPC? YES/NO
[Source and Label Section]

Rhabdomyolysis C10AA01 Simvastatin Total no. of citations = 86 YES

DailyMed [Warnings, Adverse 
 reactions]
eMC [Special warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 11

Epidemiologic study = 1 
[case series]

Case reports = 75
[4 citations involving 4 
cases, 3 other citations with 
literature review]

Upper 
Gastrointestinal 
Bleeding

N02BA01/
B01AC06

Acetylsalicylic 
acid

Total no. of citations = 259 YES

eMC [Special warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Meta-analysis = 3

Review = 96

Clinical trial = 53 [24 RCTs]

Epidemiologic study = 56
[3 case series, 21 case control, 
and 32 cohort studies]

Case reports = 51
 [1 citation involving 4 cases]

Upper 
Gastrointestinal 
Bleeding

M01AB01 Indometacin Total no. of citations = 45 YES

eMC [Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 13

Clinical trial = 16 [9 RCTs]

Epidemiologic study = 5
[1 case control and 4 cohort 
studies]

Case reports = 11

Upper 
Gastrointestinal 
Bleeding

B01AB01 Heparin Total no. of citations = 25 YES

DailyMed [Warnings, Adverse 
 reactions]
eMC [Special warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 11

Clinical trial = 2 [1 RCT]

Epidemiologic study = 8 
[all cohort studies]

Case reports = 4

Upper 
Gastrointestinal 
Bleeding

H02AB06 Prednisolone Total no. of citations = 13 YES

DailyMed [Adverse reactions]
eMC [Undesirable eff ects]
Micromedex [Adverse reactions]

Review = 3

Epidemiologic study = 2
 [1 case series, 1 cohort study]

Case reports = 8
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Event type ATC Drug Name No. of MEDLINE citations Labeled as AE in SPC? YES/NO
[Source and Label Section]

Upper 
Gastrointestinal 
Bleeding

M01AE01 Ibuprofen Total no. of citations = 43 YES

DailyMed [Warnings]
eMC [Special warnings and 
 Precautions for use, 
 Undesirable eff ects]
Micromedex [Adverse reactions]

Meta-analysis = 2

Review = 7

Clinical trial = 16 [10 RCTs]

Epidemiologic study = 10 
[5 case control and 5 cohort 
studies]

Case reports = 8
[1 citation involving 4 cases]

NOTE: *Th ere was no drug with adequate exposure in the database network that satisfi ed the criteria for a positive association with 
the event cardiac valve fi brosis. 
  † Review refers to both systematic and narrative reviews
  ‡ Case reports involve only one case pertinent to the drug of interest, unless specifi ed

Legend:  SPC:  Summary of Product Characteristics
RCT:  Randomized Controlled Trial
DailyMed:  website for drugs currently marketed and approved by the United States Food and Drug Administration, 
 URL: http://dailymed.nlm.nih.gov/
eMC:  electronic Medicines Compendium, for drugs licensed in the United Kingdom, 
 URL: http://www.medicines.org.uk
Micromedex:  family of international databases providing full-text drug and substance information, 
 URL: http://www.thomsonhc.com/micromedex2/
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ABSTRACT

Background and Objective. Safety monitoring of drugs post-marketing relies primarily on 
spontaneous reporting, but mining of electronic healthcare records (EHR) off ers a possible 
complement in the detection of safety signals. In this paper we evaluate the relative performance 
of diff erent statistical methods in the detection of potentially drug-induced adverse events from 
EHR data. 
Research Design. Data from seven EHR databases across three countries in Europe comprising 
over 20 million subjects were used to compute relative risk estimates for drug-event pairs using 
10 diff erent methods, including those developed for spontaneous reporting systems, cohort 
methods such as the Longitudinal Gamma Poisson Shrinker (LGPS), and case-based methods like 
case control. Th e newly developed method ‘Longitudinal Evaluation of Observational Profi les of 
Adverse events Related to Drugs’ (LEOPARD) was used to remove associations likely to be due to 
protopathic bias. Data from the diff erent databases were combined by simple data pooling and by 
meta-analysis for random eff ects. Method performance was evaluated using a surrogate reference 
standard of known positive drug-event associations and ‘negative controls.’ 
Measures. Area under the receiver operator characteristic curve (AUC) was calculated for each 
method, both with and without LEOPARD fi ltering.
Results. Th e highest AUC (0.83) was achieved by the combination of either LGPS or case-control 
with LEOPARD fi ltering, although the diff erence in performance between methods was marginal. 
LEOPARD increased overall performance for all methods, but fl agged several known drug-event 
associations as due to protopathic bias.
Conclusions. Combinations of methods demonstrate good performance in distinguishing known 
associations from ‘negative controls.’ Th ese methods can be further explored to detect new, 
previously unknown, drug safety signals.
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INTRODUCTION

Modern drug legislation on post-marketing drug safety monitoring was prompted over 40 
years ago as a result of the devastating teratogenic eff ects of thalidomide.1 Since then, the mainstay 
of drug safety surveillance has been the collection of spontaneous reports of suspected adverse 
drug reactions (ADRs).2,3 However, a number of recent high-impact issues (e.g., cardiovascular 
risk with rofecoxib and rosiglitazone) require re-thinking of the way safety monitoring is 
conducted.4 Spontaneous Reporting Systems (SRS) have inherent limitations that hamper safety 
signal detection5 such as under-reporting and biases due to selective reporting.6 Th e percentage of 
ADRs being reported by health professionals varies between 1 and 10% of those actually occurring 
in clinical practice7-13, and this problem occurs both in the primary care and hospital settings.14,15 
A recent study in Spain showed that less than two-thirds of ADRs recorded in electronic medical 
records were actually reported to the Spanish Pharmacovigilance System.14 As a consequence, SRS 
may not always guarantee timely signal detection16 and additional data sources have to be explored.

One possible complementary approach is mining of electronic healthcare record (EHR) 
databases for drug safety signal detection. Th ese databases, which include both electronic medical 
record and administrative claims databases, have been most commonly used to confi rm or refute 
potential signals fl agged by spontaneous reporting or other surveillance systems. However, 
appropriate use of these databases has enormous potential for earlier detection of drug safety signals 
because of the availability of large amounts of routinely collected, time-stamped data from actual 
clinical practice.17,18 Several international initiatives have recently embarked on developing such 
post-marketing surveillance systems: in the US the Sentinel Initiative was established with the Mini-
Sentinel (http://mini-sentinel.org) and Observational Medical Outcomes Partnership (OMOP, 
http://omop.fnih.org) as pilot initiatives, and in Europe the PROTECT (Pharmacoepidemiological 
Research on Outcomes of Th erapeutics by a European Consortium, http://imi-protect.eu) and EU-
ADR (Exploring and Understanding Adverse Drug Reactions. http://euadr-project.org) projects 
were launched. 

Th e EU-ADR project aims to develop a safety surveillance system using EHR databases within 
a distributed database architecture.19 In this paper we apply a wide range of statistical methods to 
the EHR data in EU-ADR and compare their relative performances on the task of distinguishing 
drug-adverse event associations that are well-recognized from those which are highly unlikely 
(‘negative controls’).

METHODS

Data sources
Data used in this analysis come from seven EHR databases in three European countries: 

Health Search/CSD LPD (HSD, Italy), Integrated Primary Care Information (IPCI, Netherlands), 
and Pedianet (Italy) are population-based general practice databases, in which clinical information 
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and medication prescriptions are recorded; Aarhus University Hospital Database (Aarhus, 
Denmark), PHARMO Network (Netherlands), and the regional Italian databases of Lombardy and 
Tuscany are all comprehensive record-linkage systems, in which drug dispensing data of regional/
national catchment area are linked to a registry of hospital discharge diagnoses and other registries. 
Th e majority of healthcare services, including pharmacy services, are provided for, or subsidized 
by, the state in Italy, Denmark, and the UK and covered by obligatory health insurance in the 
Netherlands. Th e databases in EU-ADR and their characteristics are listed in Table 1. Th e database 
network has been described in more detail in an earlier publication.19 All databases used the World 
Health Organization’s (WHO) Anatomical Th erapeutic Chemical (ATC) classifi cation system for 
coding the drugs. Events of interest were extracted using a variety of structured disease coding 
algorithms and free text queries.19 Although all statistical analyses were performed at a central 
site, data aggregation was performed locally in the databases using a Java-based tool developed 
in the EU-ADR project, called Jerboa®, before combining data across databases. Th is ensured that 
patient-level data remain protected within the confi nes of the individual databases. 

Table 1 | Participating databases and their characteristics.

  Pedianet Health Search Lombardy ARS IPCI PHARMO Aarhus

(Italy) (Italy) (Italy)  (Italy) (Netherlands) (Netherlands) (Denmark)

Subjects 140 000 
children

1 000 000 10 000 000 4 000 000 750 000 1 280 000 2 000 000

Type of 
database

General 
Practice 
pediatric 
database

General 
Practice 
database 

Record 
linkage 
system with:

Record 
linkage 
system with:

General 
Practice 
database

Record 
linkage 
system with:

National 
health registry 
with:

1) Registry 
inhabitants

1) Registry 
inhabitants

1) Registry 
inhabitants

1) Registry 
inhabitants

2) Regional 
Drug 
dispensation 
records

2) Regional 
Drug 
dispensation 
records

2) Regional 
Drug 
dispensation 
records

2) Regional 
Drug 
dispensation 
records

3) Hospital 
claims 
database

3) Hospital 
claims 
database

3)  Hospital 
claims 
database

3) Hospital 
claims 
database

  4) Death 
registry

4) Lab values 4) Lab values

    5) Death 
registry
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Statistical methods

Table 2 | Overview of the methods evaluated here. 

SRS methods Bayesian Ranking criteria for AUC

Proportional Reporting Ratio (PPR)   PRR
Reporting Odds Ratio (ROR)   ROR
Gamma Poisson Shrinker (GPS) Yes Point estimate of the RR
Bayesian Confi dence Propagation Neural Network (BCPNN) Yes Information Component (IC)

Cohort methods

Incidence Rate Ratio (IRR)   IRR

Longitudinal GPS (LGPS) Yes Point estimate of the IRR

Bayesian Hierarchical Model (BHM) Yes Point estimate of the IRR
Case-based methods    

Matched case-control (CC)   Beta (odds ratio estimate)
Self-Controlled Case Series (SCCS)   Beta (relative risk estimate)

Elimination of protopathic bias    
LEOPARD   Eliminate if p< 0.5

Spontaneous Reporting System methods

Signal detection methods originally developed for SRS can also be used on EHR data by 
transforming the data to a format suitable for these methods. For this transformation we assume 
that whenever one of the events of interest occurs during a period associated with the exposure to 
a drug, that this will lead to a ‘report’ describing a potential ADR involving the drug and event. Th e 
number of reports for a particular drug-event pair can then be used as if it is a report count from 
an SRS database, as shown in Table 3. In this table, w00 is the number of events A that occurred 
during exposure to drug X, w01 is the number of events of a diff erent type than A that occurred 
during exposure to X, w10 is the number of events A that occurred during exposure to drugs other 
than X, and w11 is the number of events of a diff erent type than A, that occurred during exposure 
to drugs other than X.

Table 3 | Overview of report counts generated for event A and drug X.

Event A Not Event A

Drug X w00 w01

Not drug X w10 w11

Based on this table, the diff erent metrics described below can be calculated. Th e major 
disadvantage of these disproportionality methods is that they do not use all the information 



178 | Chapter 4.4

available in the longitudinal healthcare records but focus only on the cases. In addition, it is 
diffi  cult to adjust for many confounding factors with these methods. Th ey can be regarded as easy 
screening methods and can be scaled easily to large EHR databases as they are not computationally 
intensive. Th e following disproportionality methods were included in the evaluation: 

 – Proportional Reporting Ratio (PRR) is the ratio of the proportion of all reported cases 
of the event of interest among people exposed to a particular drug compared with the 
corresponding proportion among people exposed to all drugs.23

 – Reporting Odds Ratio (ROR) is the reformulation of the PRR as an odds ratio.24

 – Gamma Poisson Shrinker (GPS) also determines the disproportionality of reports for a 
particular drug compared to all exposure, but uses a Bayesian model to shrink relative risk 
estimates when less data is available.25 Th e prior distribution is established empirically using 
data of all drug-event pairs.

 – Bayesian Confi dence Propagation Neural Network (BCPNN) works similarly to GPS, 
in that it also uses a Bayesian model to shrink estimates of risk. Typically, the output of a 
BCPNN is expressed as the Information Component (IC); the logarithm of the ratio between 
observed and expected number of reports for a particular drug-event pair.26

Cohort methods
One of the limitations of data from SRS (and consequently, methods developed for SRS) is 

that only numerator data is available, i.e., the number of people who are exposed to drugs and 
have the event of interest. What is missing is the denominator data: the number of people that are 
exposed to the drugs. In EHR databases this information is readily available, as well as the duration 
of drug exposure. It is this information which is used in the cohort methods.

 – Incidence Rate Ratio (IRR) is the ratio between the incidence rate during exposure to the 
drug and a background incidence rate. A Mantel-Haenszel test is used to test the diff erences 
between the incidence rates, correcting for age and sex. 

 – Longitudinal GPS (LGPS) is an adaptation of the GPS to longitudinal data, and applies 
Bayesian shrinkage to the IRR. It was developed in the EU-ADR project.27

 – Bayesian Hierarchical Model (BHM) uses a full Bayesian approach to perform shrinkage 
of risk estimates, but instead of using a single prior distribution for all drugs, priors are also 
created for classes and super classes of drugs. Th e BHM combines statistical models for the 
observations given the parameters (likelihood) and the parameters themselves (priors). In 
the application reported here, the incidence rate is modeled using a Poisson process, and the 
priors as a hierarchy (using guidance from Gelman28). Th e groupings forming the hierarchy 
are decided a priori based on criteria of similarity between drugs; in this case we have used 
ATC coding levels based on organ/systems and therapeutic or chemical characteristics. 
Berry and Berry29 used a similar hierarchical approach, with a hierarchy based on related 
outcomes rather than drugs. Th e BHM shrinks the original estimates to give an updated 
posterior distribution of each individual drug to the group mean and reduces its variance. 
Th is is because the posterior considers both the data provided by the drug and by the other 
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drugs in the same group. Shrinkage is stronger for drugs with an initial large variance (less 
information) and larger eff ects. Th ese novel methods can off er key advantages by reducing 
the likelihood of false positive or false negative results obtained from the data. Although 
the BHM is grouped here with the cohort methods, it can also be applied to other types of 
relative risk estimates.

Case based methods
Several analytical epidemiological methods start with persons with the disease or event of 

interest (cases) and compare these with a sample of the population that gives rise to the cases (i.e., 
the controls) to evaluate diff erences in exposure status. Since the case-based methods are more 
effi  cient in terms of data needs (exposure assessed only at one point in time), they allow for easier 
adjustments for confounding factors.

 – Matched Case Control (CC) starts with all cases and fi nds for every case a predefi ned number 
of controls (in our experiments two controls per case), where controls have the same age 
and sex as the case. For both cases and controls, the exposure to drugs is determined at the 
calendar time of the event (also known as the index date). A logistic regression, conditioned 
on the case sets, is performed to determine the eff ect size (odds ratio) of exposure to a drug. 
To adjust for comorbidity and overall patient health status we included the variable drug 
count30 in the regression, which we defi ned as the number of diff erent drugs (distinct ATC 
codes) the subject was exposed to in one year prior to the event date until one month prior 
to the event date. 

 – Self-Controlled Case Series (SCCS) investigates the association between acute outcomes 
and transient exposures, whereby cases are used as their own controls. In essence, the SCCS 
is a Poisson regression conditioned on the patient.31 Only information of cases is used in this 
analysis, all other persons are ignored.

Other types of methods
One other method not categorized elsewhere remains:

 – Longitudinal Evaluation of Observational Profi les of Adverse events Related to Drugs 
(LEOPARD)27 attempts to detect protopathic bias. Protopathic bias occurs when a drug is 
prescribed for an early manifestation of a disease that has not yet been diagnosed. For every 
drug-event combination, the number of prescriptions initiated in the 25 days prior to the 
event is compared to the number or prescriptions starting in the 25 days aft er the event. 
An increase in the number of prescriptions aft er the event date, relative to the number of 
prescriptions before the event date, is taken to be an indication that the drug is used to treat 
the event or a precursor of the event, rather than cause it. Th is is assessed using a binomial 
test. Appendix I shows as an example the association between the proton pump inhibitor 
Omeprazole and upper gastrointestinal bleeding. A signal is considered to be caused by 
protopathic bias if the p-value is below 0.5.
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Settings common to all methods
For all methods, these specifi cations were used to defi ne exposures and outcomes:

 – Incident events. Only the fi rst occurrence of an event was considered; patient time aft er an 
event was censored. 

 – Run-in period of 365 days. In order to determine that an event is incident, some patient time 
has to be available before the event occurred. Hence, during the fi rst year of observation 
subjects were not considered for events or exposure counts, but events during this so-called 
run-in period were used to determine whether later events were truly incident events. Th is 
run-in period was omitted for children younger than one year at the start of observation.

 – Exposure window defi nition. Exposure to a drug was defi ned as the estimated length of the drug 
prescription in days, excluding the fi rst day of the prescription. Th e duration was calculated 
based on the prescribed daily dosage in some databases (IPCI, PHARMO, Pedianet), and on 
the defi ned daily dose and the quantity prescribed in other databases (Lombardy, Aarhus, 
Health Search, ARS). If two prescriptions of the same drug overlapped in time, the exposure 
was assumed to start the day aft er the fi rst day of the fi rst prescription, and end on the last 
day of the last prescription. Exposure carry-over and prescription gaps were not considered 
in these analyses. 

 – Age stratifi cation. Whenever appropriate, age was stratifi ed in 5-year age intervals.
 – Independence of drug risks. Currently, every drug-event pair is evaluated separately; co-

medication is not taken into account.
LEOPARD was considered to be potentially complementary to all methods, and was therefore 

applied as a fi lter to the results derived from each method. LEOPARD can be applied at the level of 
the individual drug, but it can also be applied at the drug class level. LEOPARD appears to be better 
at detecting protopathic bias when drugs are grouped within the same pharmacological subgroup 
(i.e., ATC 3rd level, which usually means the same indication) (unpublished results). Signals that 
are fl agged by LEOPARD, either at individual or at group level, were ranked lower in the list of 
signals than signals that were not fl agged when calculating the AUC.

Combination of databases
Th e information from the diff erent databases was combined to generate a single score per 

drug-event pair per method. In principle there are two approaches: pooling of the data as if the 
databases together form one large database, or computing the score per database and using meta-
analytic techniques to combine the scores. We have tested both data pooling and meta-analysis for 
risk estimates assuming random eff ects. Meta-analysis used weighting by inverse variance (both 
within and between database variance).

Performance metrics
Typically, the output of a signal detection method is turned into a binary decision (positive 

or negative) by employing a threshold, for instance that the relative risk be greater than 2. By 
comparing the binary outcomes of the method to the reference standard, sensitivity and specifi city 
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can be computed. However, sensitivity and specifi city can be traded off  by varying the threshold, 
and comparing individual values of sensitivity and specifi city is therefore not informative. Typically 
for method comparison, the Receiver Operator Characteristics (ROC) curve is plotted, showing all 
values of sensitivity and specifi city. (Note that this implies varying the threshold from the smallest 
relative risk to the largest relative risk found for the associations in the reference standard.) Such a 
curve can subsequently be summarized into one statistic: the area under the ROC Curve (AUC). 
Th e AUC indicates the overall performance of a method, independent of any threshold. An AUC 
of 0.5 indicates random performance; an AUC of 1.0 indicates a perfect performance. Th e measure 
used to calculate the AUC for each method is specifi ed in Table 2.

RESULTS

A total of 146 830 906 patient-years of follow-up data concerning 20 042 652 subjects from 
three European countries from 1997 until 2010 were included in the study.

Overall performance of methods
Figure 1 shows the performance of the diff erent methods on the reference standard, using 

meta-analysis for random eff ects and data pooling. 
All methods performed better than random baseline and LEOPARD fi ltering for protopathic 

bias always improved overall performance, but less so for methods that are already performing 
well. Th e diff erences in the performance of the methods were marginal. In general, LGPS and the 
case-control method (adjusting for drug count) slightly outperformed the other methods and the 
SRS-based methods have lower performance, although this was not statistically signifi cant.

Signal detection using LGPS and LEOPARD
Figure 2 shows that most of the known positive drug-event associations have an estimated 

IRR greater than 1. Unfortunately, this is also the case for a large number of the negative controls, 
but many of these are fl agged by LEOPARD as protopathic bias. Th is reduction in false positives 
comes at a price: several of the known positive associations are also fl agged as protopathic bias. 
Notably, Ciprofl oxacin and ARF, which is a known association, has an estimated IRR of 13.98, but 
because there are more prescriptions starting in the 25 days following ARF than in the 25 days 
before (631 and 574 prescriptions, respectively) this signal is rejected by LEOPARD. Th e strongest 
false positive not discarded by LEOPARD is Fexofenadine and ARF. Figure 3 shows that most 
other methods indicate a low relative risk instead.
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Figure 1 | Area Under the ROC Curve (AUC) for all methods, with and without LEOPARD fi ltering. 
Combination across databases was performed using meta-analysis for random eff ects (left  panel) and 
pooling (right panel). Error bars indicate the 95% confi dence interval. See Appendix for area under ROC 
curves (see page 310 for colour fi gure). 

Legend: PRR = Proportional Reporting Ratio ROR = Reporting Odds Ratio
 GPS = Gamma Poisson Shrinker BCPNN = Bayesian Confi dence Propagation Neural Network 
 IRR = Incidence Rate Ratio LGPS = Longitudinal GPS
 SCCS = Self-Controlled Case Series
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Figure 2 | Estimates of the risk estimates for all drug-outcome combinations in the reference set using LGPS 
(Longitudinal Gamma Poisson Shrinker) and using meta-analysis for random eff ects to combine estimates 
across databases. Error bars indicate the 95% confi dence interval. Gray markers and dashed lines indicate 
a drug-event pair has been fl agged as protopathic bias by LEOPARD.

Legend:  AMI = acute myocardial infarction  ALI = acute liver injury ARF = acute renal failure
 AS = anaphylactic shock BE = bullous eruption CARDFIB = cardiac valve fi brosis 
 NEUTROP = neutropenia PANCYTOP = pancytopenia/aplastic anemia
 RHABD = rhabdomyolysis  UGIB = upper gastrointestinal bleeding
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Figure 3 | Estimates and 95% confi dence intervals of the risk estimates as calculated using the diff erent 
methods for four drug-event combinations, using meta-analysis for random eff ects. Th iamazole and 
neutropenia is the known positive association with the highest overall LGPS estimate (true positive). 
Fexofenadine and ARF is the negative control with the highest overall LGPS estimate (false positive). 
Sumatriptan and AMI is the known ADR with the lowest LGPS estimate (false negative), and Fluvastatin 
and pancytopenia is the negative control with the lowest LGPS estimate (true negative).

If we were to use a threshold value of IRR > 1.5, and were to remove signals fl agged by 
LEOPARD, LGPS using meta-analysis for random eff ects would achieve a sensitivity of 0.73, and 
a specifi city of 0.88.

DISCUSSION

In general the methods showed good performance, with the best performing method 
achieving an area under the ROC curve of 0.83. When using a default threshold of IRR >1.5, a 
sensitivity and specifi city of 0.73 and 0.88 respectively, are achieved. On the one hand this is not 
surprising, since the reference standard was limited to drugs with a large amount of exposure. Th is 
probably explains why the Bayesian methods did not perform much better than the non-Bayesian 
(‘frequentist’) methods, as these methods are designed to deal with sparse data. On the other hand, 
the overall good performance is surprising given the fact that most of these methods are very 
simple: the best performing methods do not take any potential confounding factors into account 
other than age and sex. It is expected that by including potential confounders in the analysis, 
method performance could be improved further, but the data needed for this is not uniformly 
available across databases. For example: diabetes is a risk factor for myocardial infarction and 
diabetics will tend to be exposed to anti-diabetic drugs; diabetes is therefore a confounder between 
myocardial infarction and anti-diabetics, and should ideally be included in the analysis. However, 
diabetes will be coded diff erently in the diff erent databases in EU-ADR and harmonization of 
database queries to identify diabetes (as well as other diseases that can be potential confounders) 
would be needed to extract this data in a uniform way. Since for every drug-event combination 
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there can be diff erent potential confounders, many such variables would need to be extracted, 
which is currently not feasible. One possible solution could be the development of techniques for 
adjusting for confounding without the use of harmonized covariates, for instance by using summary 
statistics such as propensity scores instead.32 Another simplifi cation is that the methods currently 
consider each drug independently, which could lead to other drugs being implicated because of 
frequent co-prescribing with drugs that do cause an ADR (so called ‘innocent bystander’). Since 
data on most drug prescriptions is available, this problem could potentially be solved by adapting 
the methods to include all drugs in one analysis.

Filtering signals for protopathic bias using LEOPARD has a positive eff ect on overall 
performance, but some of the known positive associations are incorrectly fl agged as protopathic 
bias. For example, Ciprofl oxacin is known to be associated with ARF,33-35 and we indeed fi nd that 
Ciprofl oxacin users have an increased risk of ARF. However, the data also shows that subjects are 
more likely to receive a prescription aft er ARF when compared to the period preceding the event, 
which indicates potential protopathic bias. One possible explanation for this is that patients with 
ARF are at risk of developing various infections and may therefore be treated with Ciprofl oxacin, 
which is a broad-spectrum antibiotic. In fact, for patients with ARF that require dialysis, 
Ciprofl oxacin is used in the treatment of dialysis-associated peritonitis.36 It seems that the results 
derived using LEOPARD cannot be used to rule out drug safety signals, but only as indication 
that protopathic bias might be present. Th e strongest false positive for LGPS not eliminated by 
LEOPARD is Fexofenadine and ARF, but interestingly this signal is not detected by the majority of 
other methods. It appears that methods need to be tailored to certain types of drugs or events to 
achieve better results; this is something that needs to be explored in future investigations.

We also identifi ed some positive drug-event associations that are not picked up by the 
methods, even before LEOPARD fi ltering. For example Sumatriptan is known to be associated 
with AMI37 but none of the methods fi nd an increased risk for this drug. Sumatriptan is used 
for the treatment of migraine headaches and may be taken by patients only intermittently and 
as needed, which can be a long time aft er the drug is prescribed. Since our current defi nition of 
the exposure window assumes exposure starts on the day of prescribing, this could explain why 
this association was not detected. In general, we expect that signal detection using EHRs will not 
capture well the associations involving drugs that are taken as needed because of uncertainty about 
the drug exposure window.

Th ese results are based on data from seven diff erent databases, but we did not investigate 
the method performance per database because none of the databases by itself has enough data to 
detect all drug-event pairs in the reference standard. Th e need for suffi  cient data on drug exposure 
is one important consideration when using EHR for drug safety surveillance,38 and combining 
databases can overcome this problem to some extent. We investigated two methods of combining 
data: pooling and meta-analysis, and the diff erences in performance were negligible.
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CONCLUSION

Th e results from this study indicate that there are several combinations of statistical methods 
that show good performance in distinguishing known drug-adverse event associations from 
‘negative controls.’ Th ese methods can be further explored to detect new, previously unknown, 
drug safety signals or to re-appraise signals previously identifi ed in SRS. Th e methods and the 
approach described here may contribute to, and further improve, current methodologies in post-
marketing drug safety surveillance. 
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APPENDIX I. LEOPARD and protopathic bias

For every suspect drug-event combination, the number of prescriptions starting in a 51-day 
window around the event date is counted, as shown in the fi gure below for the drugs Omeprazole 
and Naproxen for the event upper gastrointestinal bleeding (data from the IPCI database). Th e 
number of prescriptions in the 25 days prior to the event is compared to the number or prescriptions 
starting in the 25 days aft er the event. An increase in the number of prescriptions aft er the event 
date, relative to the number of prescriptions before the event date, is taken to be an indication that 
the drug is used to treat the event or a precursor of the event, rather than cause it. Th is is tested 
using a binomial test. Th e increased risk with Omeprazole (IRR= 3.9) is likely due to protopathic 
bias. 978 prescriptions of Omeprazole were initiated in the 25 days before the event while 3 459 
prescriptions were initiated in the 25 days aft er. For Omeprazole, p< 0.001, indicating the signal 
is probably caused by protopathic bias, while Naproxen has p = 1.00, indicating that the signal is 
probably not caused by protopathic bias. A signal is considered to be caused by protopathic bias if 
the p-value is below 0.5. 

Figure A1 | Empirical cumulative distribution functions of prescription starts in a window around upper 
gastrointestinal bleeding occurrences for Omeprazole and Naproxen (see page 310 for colour fi gure).
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APPENDIX II. Receiver Operator Characteristic (ROC) Curves
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ABSTRACT

Purpose. Validation of outcome events is warranted when using electronic healthcare records 
(EHR) for drug safety surveillance. We evaluated and compared the accuracy of various coding 
algorithms to identify patients with upper gastrointestinal bleeding (UGIB) from four European 
health care databases (DBs). 
Methods. We conducted a validation study in the following EHR databases: 1) IPCI (Netherlands); 
2) HSD (Italy); 3) ARS Regional DB (Italy); and 4) Aarhus (Denmark). Th e fi rst two are medical 
record databases from primary care while the latter two are administrative/claims DBs. Th ree 
diagnosis coding systems were used in the identifi cation of patients with UGIB: 1) International 
Classifi cation of Diseases (ICD-) 9th revision (HSD and ARS); 2) ICD-10th revision (Aarhus); and 
3) International Classifi cation of Primary Care (ICPC) (IPCI). Additionally, free text search was 
conducted in IPCI and HSD. We identifi ed patients using UGIB-specifi c codes (ICD-10: K25-29, 
K92.0, K92.1, K92.2; ICD-9: 531-535, 578; ICPC: D14, D15, D85, D86) or key words as identifi ed 
by UMLS mapping. A random sample of 200 cases from all identifi ed UGIB cases were selected 
from each DB (400 for IPCI) and reviewed manually by medically trained assessors. Positive 
predictive values (PPV) were calculated for each coding algorithm in each database.
Results. For IPCI, 70% of cases were identifi ed via free text search using keywords. Upon review 
of the medical charts, 84 patients were confi rmed as UGIB cases, resulting in a PPV of 24% (95% 
CI: 20%-29%). PPV was 23% (95% CI: 17%-30%) and 25% (95% CI: 19%-31%) for free text and 
ICPC codes respectively. For HSD, 70% of cases were identifi ed via ICD9 codes. Th e overall PPV 
was 78% (95% CI: 72%-84%); the PPV was 90% (95% CI: 85%-95%) for codes and 50% (95% 
CI: 37%-63%) for free text only. Th e overall PPV for the ICD9-based algorithm in ARS was 77% 
(95% CI: 71%-83%). Th e estimated PPV was 66% for the ICD10-based coding algorithm (95% CI: 
59%-73%).
Conclusions. EHR databases present a potentially good source of identifying patients with UGIB. 
However, there are diff erences in the accuracy of automated case identifi cation using various 
databases (hospitalization claims vs. medical records) that stem from diff erences in both the 
coding systems used and in the type of data collected. Database-specifi c factors need to be factored 
in when evaluating events identifi ed using disparate databases.
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INTRODUCTION

Electronic healthcare record (EHR) databases are frequently used data sources when 
conducting pharmacoepidemiological studies.1 Th e advantages of using EHR databases rely on the 
fact that real-world data are captured on a large scale, allowing for cost-effi  ciency and fl exibility 
in study design to study the risk of adverse drug events with multiple drugs. Both medical record 
databases and administrative/claims databases have been used to characterize healthcare utilization 
patterns as well as monitor patient outcomes.2-3 Th e use of such databases for proactive drug safety 
surveillance is gaining worldwide interest.4-6 

One of the important drug-induced adverse events that need to be monitored is upper 
gastrointestinal bleeding (UGIB), largely associated with use of non-steroidal anti-infl ammatory 
drugs (NSAIDs) and a reason for many adverse drug reaction (ADR)-related hospitalizations. Th e 
accuracy of the diagnosis codes for the identifi cation of UGIB has been previously assessed in 
several studies,7-12 but only for two disease coding terminologies: International Classifi cation of 
Diseases (ICD) 9th revision and READ codes. To our knowledge, no validation studies have been 
conducted so far to evaluate the accuracy of International Classifi cation of Primary Care (ICPC) 
and ICD-10 codes for ascertainment of UGIB in EHR. 

Th is study was conducted within the context of the EU-ADR Project (Exploring and 
Understanding Adverse Drug Reactions by integrative mining of clinical records and biomedical 
knowledge; http://www.euadr-project.org), a computerized integrated system of European EHR 
databases and biomedical databases geared towards the early detection of drug safety signals.6 UGIB 
is one of the events considered in EU-ADR to be of particular interest from a pharmacovigilance 
and public health perspective.13 Using the Unifi ed Medical Language System (UMLS)6 as guide, 
harmonization of event defi nitions was carried out in EU-ADR to adapt clinically sound criteria to 
the specifi c database terminologies.14 To assess the accuracy of the harmonized coding algorithms, 
we determined the positive predictive value (PPV) of ICD-9, ICD-10, and ICPC coding-based 
algorithms for the identifi cation of patients with UGIB in EHR databases. We also estimated the 
PPV of free text search algorithms employed by databases with large amounts of narrative data. 

METHODS

Data sources
Th e EU-ADR platform comprises anonymized healthcare data from eight European databases. 

Four databases agreed to participate in this validation study by performing hospitalization chart/
electronic medical records review. Th e four databases are located in three European countries: two 
general practice (GP) databases (Health Search/CSD Patient DB (HSD, Italy);15 Integrated Primary 
Care Information (IPCI, Netherlands);16 and two administrative databases (Aarhus University 
Hospital Database (Aarhus, Denmark),17 and ARS Tuscany (Italy)),18 which are comprehensive 
record-linkage systems in which drug dispensing data of a well-defined population are linked to a 
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registry of hospital discharge diagnoses and various other registries. In these countries, all citizens 
are registered with a primary care practice, which maintains computerized records of all relevant 
medical information and drug prescriptions. Th e Italian databases (HSD and ARS) recorded 
medical events using the ICD- 9th Revision, Clinical Modifi cation (ICD-9-CM), the Aarhus DB 
used the ICD-10th revision,19 and IPCI, the International Classifi cation for Primary Care (ICPC).20 
HSD and IPCI are primary care databases that also register clinical notes from general practitioners 
as narratives which may be used for the identifi cation of medical events. Th ese four databases 
cover overall a population of 8 million European inhabitants with a follow-up ranging from 1995 
to 2010 (2003-2009 for HSD, 2002-2008 for ARS, 1995-2011 for IPCI, and 1999-2008 for Aarhus). 
All databases have been extensively used for pharmacoepidemiological research.6 

UGIB case identifi cation
Potential case patients with UGIB were identifi ed through automated retrieval using diagnosis 

codes and free text which are listed in Tables 1 and 2. Only HSD and IPCI performed the free text 
searches. Th e process of mapping and harmonization of event data extraction from diff erent EHR 
databases in the EU-ADR project has been described in more detail in previous publications.6, 14 

UGIB case validation
For each DB a random (unweighted) sample of 200 potential UGIB cases were selected. Since 

the use of free text search was extensive in IPCI, an additional 200 potential cases were drawn from 
those identifi ed via free text.

To estimate the overall and code/free text-specifi c positive predictive value (PPV), all the 
medical records in primary care DBs (IPCI and HSD) and the medical charts in claims DBs (ARS 
and Aarhus) of the randomly selected UGIB cases were retrieved and abstracted to perform the 
case validation. To ensure uniformity in the process of data abstraction for UGIB case validation 
across the four DBs, a custom-built electronic data entry soft ware Chameleon© was provided and 
locally installed in each DB. A standardized questionnaire containing all relevant questions eliciting 
medical information was implemented in Chameleon©. Medically trained assessors provided the 
required data for the validation of each of these potential cases according to the questionnaire. In 
particular, clinically relevant information was captured regarding signs/symptoms (hematemesis, 
melena, peptic ulcer disease), bleeding site (as documented by endoscopy, surgery, or autopsy), 
cause of death, endoscopy fi ndings, and potential alternative explanations, such as black stools 
due to ingestion of iron/ferrous-containing medications. Th e etiology of UGIB, if known, was 
likewise noted: peptic ulcer bleeding, Mallory-Weiss (MW) syndrome, angiodysplasia, Dieulafoy 
lesion, iatrogenic UGI bleeding caused by procedure with endoscopy (i.e. endoscopic retrograde 
cholangiopancreatography; papillotomy), variceal bleeding, or bleeding caused by a gastrointestinal 
malignancy.
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Table 2 | Free text search strings employed in the identifi cation of cases of upper gastrointestinal bleeding 
in general practitioner (GP) databases (search done both for complaints/symptoms and diagnoses).

IPCI (Dutch) HSD (Italian)

(bloed AND maag) OR (bloed AND mela) OR (loed 
AND braken)OR (bloed AND overgev) OR (zwart 
AND ontlast) OR haematcemesis OR melaena OR 
hematemesis OR melena OR heamatemesis OR meleana) 

‘Emorragia gastr’ OR ‘Emorragia tratto gastr’ OR ‘Emorragia 
intest’ OR ‘Vomito Sangue’ OR ‘Ematemesi’ OR ‘Melena’ 
OR ‘feci nere’ OR ‘feci scure’ OR ‘feci color pece’ OR ‘feci 
picee’ OR ‘Sanguinamento gastr’ OR ‘Sanguinamento tratto 
gastr’ OR ‘Sanguinamento intest’ OR ‘Sanguinamento esof ’ 
OR ‘Sanguinamento du’ OR ‘Sanguinamento digiu’ OR 
‘Sanguinamento prepi’ OR ‘Sanguinamento pil’ OR ‘Ulcera 
con emo’ OR ‘Ulcera sang’ OR ‘Esofagite con emo’ OR 
‘Gastrite con emo’ OR ‘Duodenite con emo’ OR ‘Antrite con 
emo’ OR ‘Esofagite emo’ OR ‘Gastrite emo’ OR ‘Duodenite 
emo’ OR ‘Antrite emo’ OR ‘Perforazione con sanguinamento’ 
OR ‘Perforazione con emo’

Refi nement done: Discarded records identifi ed by code 
D86 unless a specifi city procedure involving free text and 
diagnostic procedures (gastroscopy or duodenoscopy) 
within 30 days is successful. Discarded records which 
contain the string ‘geen’ (‘no/none’). Discarded records 
with reference to chronic UGIB, UGIB in father/mother/ 
sister/brother, prior history of UGIB

Refi nement done: Discarded records that contain the string 
‘rettor’.

Additionally, the exact date of onset of bleeding (i.e. date of fi rst symptom/occurrence 
of UGIB), if documented, was retrieved (‘reviewed date’) to compare it with the date that was 
automatically detected using the coding algorithm (‘coded date’). For GP databases (IPCI and 
HSD) it was indicated also whether the UGIB diagnosis was made by a GP or medical specialist. 

Two types of validation were performed: assessor judgement and algorithm based on 
structured feature extraction. Based on the information collected in the questionnaire, the 
potential UGIB cases were classifi ed as: (1) defi nite case; (2) non-case; or (3) non-assessable 
case, if the available information was judged as not suffi  cient to perform the case validation (i.e., 
a diagnosis of gastrointestinal bleeding from unspecifi ed location without further clinical or 
endoscopic information). A patient with UGIB was defi ned as a confi rmed case if: (1) melena or 
hematemesis was described and bleeding site was located in esophagus/stomach/duodenum; or 
(2) gastrointestinal bleeding was mentioned in the records as being consistent with peptic ulcer 
disease, gastric erosions or gastritis and no source of bleeding outside the UGI tract. Drug safety 
surveillance being the primary concern in the EU-ADR project, we were interested in potentially 
drug-induced UGIB and therefore in one of the two algorithms for case validation applied, we have 
excluded the following conditions as case: Mallory Weiss syndrome, angiodysplasia, Dieulafoy 
lesion, iatrogenic UGI bleeding, variceal bleeding, or bleeding caused by a gastrointestinal 
malignancy (‘algorithm narrow’). As primary outcome of the study, we used the PPV derived via 
the algorithm for UGIB defi nition in general (‘algorithm broad’) to ensure uniformity across DBs 
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in the case defi nition. Th e validation questionnaire implemented in the data extraction soft ware 
Chameleon© is given in Appendix 1.

Statistical Analysis
For the primary analysis, we calculated the overall and code/free text-specifi c PPVs, based 

on both automatic (‘broad’ and ‘narrow’) and assessor-based validation. Th e overall PPV was 
calculated as the probability of the number of UGIB confi rmed cases and the total number of 
randomly selected potential cases, together with 95% confi dence intervals (95% CIs). PPV was 
likewise calculated for every code and free text search used. Non-assessable cases were not included 
in either the numerator or the denominator for the PPV calculation. 

Secondly, we calculated the diff erence in days between the UGIB date of the registration in 
the DB (‘coded date’) and the true date of onset of UGIB (‘reviewed date’). Th is was done for the 
confi rmed UGIB cases only. 

RESULTS

Overall, the four databases covered a population of 8 044 637 European inhabitants with 
41 086 273 person-years of follow-up in the period 1995-2011. Within this population, a total of 
39 870 potential cases of UGIB were identifi ed. Th e medical/hospitalization charts for 985 of the 
1 000 randomly selected potential cases were retrieved for validation: ARS: 185; HSD: 200; Aarhus: 
200; IPCI: 400, subdivided in 200 records for text and 200 records for codes. Case validation in 
IPCI via review of electronic medical records maintained by general practitioners (GPs), while 
for ARS and Aarhus, validation was done using chart review from hospitals in the corresponding 
catchment area. In all databases but IPCI, there were more male patients with potential UGIB than 
females (male sex: ARS 55%; HSD 53%; Aarhus: 59%; IPCI: 43%). Mean age ranged between 52.5 
and 69.3 years old. Melena was more frequently reported than hematemesis as sign of UGIB. Four 
fatal cases of UGIB were identifi ed in Aarhus and one in IPCI; there were no fatal cases of UGIB 
documented in the other two databases. Peptic ulcer bleeding (PUB) was reported for 24% to 
59% of confi rmed cases, followed by esophagitis/gastritis (3% to 15%) and erosive gastrointestinal 
disease (0% to 8%). Th e diagnosis was made by a specialist in two thirds of the confi rmed cases in 
IPCI while only 3 out of 156 confi rmed cases were diagnosed by a specialist in HSD (the rest were 
diagnosed by the GP, see Table 3).

Of the 979 potential UGIB cases which were eventually reviewed for validation, 514 (ARS: 
142; HSD: 156; ARS: 132; IPCI: 84) were confi rmed cases. Th e positive predictive value (PPV) for 
the coding algorithms used in ARS and Aarhus was high, with PPVs of 77% (95% CI: 71%-83%) 
and 66% (95% CI: 59%-73%), respectively. For IPCI, the PPV (both ICPC coding and text) was 
24% (95% CI: 20%-29%) and for HSD (ICD-9 coding and text) it was 78% (95% CI: 72%-84%). 
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Table 3 | Characteristics of random sample of potential UGIB case patients

ARS HSD Aarhus IPCI

Total 
N:185
 (%)

Confi rmed 
cases 

N: 142 (%)

Total 
N: 200 

(%)

Confi rmed 
cases 

N: 156 (%)

Total 
N: 200 

(%)

Confi rmed 
cases 

N: 132 (%)

Total 
N: 400 

(%)

Confi rmed 
cases 

N: 84 (%)

Male sex 101 (55) 84 (59) 105 (53) 83 (53) 117 (59) 80 (61) 172 (43) 44 (52)

Female sex 84 (45) 58 (41) 95 (48) 73 (47) 83 (42) 52 (40) 228 (57) 40 (48)

Mean age (years) 67.4 69.3 65.0 64.9 69.3 70.4 52.5 57.4

Age categories:

0 - 20 years 14 (8) 8 (6) 2 (1) 2 (1) 2 (1) 1 (1) 48 (12) 8 (10)

20 - 40 years 8 (4) 7 (5) 21 (11) 18 (9) 13 (7) 6 (5) 69 (17) 8 (10)

40 - 60 years 26 (14) 18 (10) 50 (25) 37 (24) 39 (20) 26 (20) 120 (30) 24 (29)

60 - 80 years 82 (44) 61 (33) 85 (43) 66 (42) 87 (44) 55 (42) 101 (25) 28 (33)

> 80 years 55 (30) 48 (34) 42 (21) 33 (21) 59 (30) 44 (33)  62 (16) 16 (19)

Sign of UGIB:*

melena 98 (53) 93 (65) 95 (48) 87 (56) 94 (47) 92 (70) 83 (21) 40 (48)

hematemesis 42 (23) 38 (27) 25 (13) 25 (16) 78 (39) 76 (58) 60 (15) 42 (50)

Etiology of UGIB: 

Mallory-Weiss 
syndrome

1 (1) 1 (1) 0 (0) 0 (0) 1 (1) 1 (1) 11 (3) 6 (7)

Angiodysplasia 3 (2) 3 (2) 0 (0) 0 (0) 0 (0) 0 (0) 1 (0) 1 (1)

Dieulafoy 1 (1) 1 (1) 0 (0) 0 (0) 5 (3) 5 (4) 0 (0) 0 (0)

Iatrogenic 2 (1) 1 (1) 0 (0) 0 (0) 1 (1) 1 (1) 1 (0) 1 (1)

Varices 3 (2) 3 (2) 3 (2) 1 (0.6) 2 (1) 2 (2) 2 (1) 2 (2)

Cancer 10 (5) 7 (5) 1 (1) 1 (0.6) 6 (3) 6 (4) 12 (3) 4 (5)

Peptic ulcer 83 (45) 72 (51) 47 (24) 41 (26.3) 78 (39) 78 (59) 24 (6) 20 (24)

Erosion 14 (8) 12 (8) 0 (0) 0 (0) 6 (3) 6 (4) 4 (1) 4 (5)

Esophagitis/ Gastritis 16 (9) 13 (9) 5 (3) 4 (2.6) 13 (7) 12 (9) 16 (4) 13 (15)

Undocumented 52 (28) 29 (20) 144 (72) 109 (70) 88 (44) 20 (15) 329 (82) 33 (39)

Diagnosis made by:**

GP NA NA 197 (99) 153 (98) NA NA 75 (19) 27 (32)

Specialist 100% 100% 3 (2) 3 (2) 100% 100% 79 (20) 55 (65)

* Can sum up to more than 100%
** Only for GP databases of relevance (HSD and IPCI)

For ARS, 142 patients were defi ned as confi rmed UGIB case. Among the 18 ICD-9 codes used 
for UGIB identifi cation code 532.00 (22%) was the most frequently used code, followed by 578.9 
(19%) and 531.00 (16%) with respective PPVs equal to 95%, 67%, and 83%. For HSD a similar list 
of ICD-9 codes was retrieved and seven codes were available in the random sample, besides free 
text. In particular, UGIB cases were more frequently identifi ed using 578.1 code (melena) (39%) 
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and free text (30%). Apart from code 531.10 (n= 3) and code 533.00 (n= 3), the PPVs for all codes 
were above 85%, while the PPV for free text was much lower: 50% (95% CI: 37%-63%). 

As for the extraction of UGIB events in Aarhus, the following codes had the greatest 
contribution: K26.0 (25%), K25.0 (21%), and K92.0 (18%), with corresponding PPVs of 82%, 85%, 
and 72%. Only in Aarhus was the code for hematemesis more frequently reported than the code for 
melena (36 vs. 19 case patients). When comparing the PPVs for the ICD-9 based algorithms with 
the ICD10-based algorithm, code 578.9 for ICD-9 (unspecifi ed hemorrhage of gastrointestinal 
tract) had a higher PPV for Italian DBs (ARS: 67%; HSD: 100%) compared to the PPV for its 
corresponding code for ICD-10 in Aarhus (K92.2; 43%). 

Th e overall PPV for the algorithms used in IPCI was 24% (95% CI: 20%-29%). When 
stratifi ed according to free text or ICPC codes, the PPV was 23% (95% CI: 16%-29%) and 25% 
(95% CI: 19%-32%), respectively. All four codes based on the harmonized ICPC list in Table 1 
were retrieved in the random sample of 200 patients, with the code for melena being the most 
frequent and the code for hematemesis being the least frequent. 

Table 4 shows the PPV for each of the codes used in the search algorithm for each database. 
Of the codes referring to physical sign of UGIB, hematemesis had a higher PPV than melena for 
UGIB identifi cation. Th e PPVs calculated according to the case validation as manually performed 
by the assessor were not diff erent from those obtained automatically by the algorithm, except for 
the ICPC code D14 for IPCI (algorithm: PPV 71% versus assessor: 33%). 

Table 4 | Positive predictive value of diagnostic codes for upper gastrointestinal bleeding, stratifi ed by 

coding system and database.

Codes Charts 
reviewed 

N (%)

PPV
Broad algorithm

(95% CI)

PPV
Assessor
(95% CI)

PPV
Narrow algorithm

(95% CI)

ICD-9 ARS: 185 (100) 76.8 (70.7 - 82.8) 72.3 (65.8 - 78.8) 71.9 (65.4 - 78.4)

530.82 Esophageal hemorrhage 1 (1) 100 (100 - 100) 100 (100 - 100) 100 (100 - 100)

531.00 Gastric ulcer, Acute with hemorrhage 29 (16) 82.8 (69 - 96.5) 79.3 (64.6 - 94.1) 79.3 (64.6 - 94.1)

531.01 Gastric ulcer, Acute with hemorrhage, 
with obstruction 1 (1) 100 (100 - 100) 100 (100 - 100) 0 (0 - 0)

531.10 Gastric ulcer, Acute with perforation 1 (1) 0 (0 - 0) 0 (0 - 0) 0 (0 - 0)

532.00 Duodenal ulcer, Acute with hemorrhage 40 (22) 95 (88.2 - 101.8) 92.5 (84.3 - 100.7) 95 (88.2 - 101.8)

532.01 Duodenal ulcer, Acute with hemorrhage, 
with obstruction 2 (1) 100 (100 - 100) 100 (100 - 100) 100 (100 - 100)

532.10 Duodenal ulcer, Acute with perforation 9 (5) 44.4 (12 - 76.9) 50 (15.4 - 84.6) 44.4 (12 - 76.9)

533.00 Peptic ulcer, site unspecifi ed, Acute with 
hemorrhage 5 (3) 100 (100 - 100) 100 (100 - 100) 80 (44.9 - 115.1)

533.20 Peptic ulcer, site unspecifi ed, Acute with 
hemorrhage and perforation 1 (1) 100 (100 - 100) 100 (100 - 100) 100 (100 - 100)

534.00 Gastrojejunal ulcer, Acute with 
hemorrhage 4 (2) 100 (100 - 100) 100 (100 - 100) 100 (100 - 100)
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Codes Charts 
reviewed 

N (%)

PPV
Broad algorithm

(95% CI)

PPV
Assessor
(95% CI)

PPV
Narrow algorithm

(95% CI)

534.01 Gastrojejunal ulcer, Acute with 
hemorrhage, with obstruction 1 (1) 100 (100 - 100) 100 (100 - 100) 100 (100 - 100)

534.21 Gastrojejunal ulcer, Acute with 
hemorrhage and perforation 1 (1) 100 (100 - 100) 100 (100 - 100) 100 (100 - 100)

535.01 Acute gastritis with hemorrhage 17 (9) 64.7 (42 - 87.4) 64.7 (42 - 87.4) 64.7 (42 - 87.4)

535.11 Atrophic gastritis with hemorrhage 1 (1) 0 (0 - 0) 0 (0 - 0) 0 (0 - 0)

535.41 Other specifi ed gastritis with 
hemorrhage 3 (2) 33.3 (-20 - 86.7) 33.3 (-20 - 86.7) 33.3 (-20 - 86.7)

578.0 Hematemesis 12 (6) 83.3 (62.2 - 104.4) 83.3 (62.2 - 104.4) 66.7 (40 - 93.3)

578.1 Melena 21 (11) 66.7 (46.5 - 86.8) 57.1 (36 - 78.3) 61.9 (41.1 - 82.7)

578.9 Hemorrhage of gastrointestinal tract, 
unspecifi ed 36 (19) 66.7 (51.3 - 82.1) 52.8 (36.5 - 69.1) 58.3 (42.2 - 74.4)

ICD-9 HSD: 200 (100) 78 (72.3 - 83.7) 80.7 (74.7 - 86.8) 75.5 (69.5 - 81.5)

All codes: 140 (70) 90 (85 - 95) 89.1 (83.5 - 94.7) 87.9 (82.4 - 93.3)

531.10 Gastric ulcer, Acute with perforation 3 (2) 0 (0 - 0) 0 (0 - 0) 0 (0 - 0)

531.00 Gastric ulcer, Acute with hemorrhage 19 (10) 100 (100 - 100) 94.7 (84.7 - 104.8) 100 (100 - 100)

532.00 Duodenal ulcer, Acute with hemorrhage 4 (2) 100 (100 - 100) 100 (100 - 100) 100 (100 - 100)

533.00 Peptic ulcer, site unspecifi ed, Acute with 
hemorrhage 3 (2) 0 (0 - 0)

0 (0 - 0)
0 (0 - 0)

578.0 Hematemesis 17 (9) 100 (100 - 100) 94.1 (82.9 - 105.3) 94.1 (82.9 - 105.3)

578.1 Melena 78 (39) 89.7 (83 - 96.5) 85.7 (77.9 - 93.5) 88.5 (81.4 - 95.6)

578.9 Hemorrhage of gastrointestinal tract, 
unspecifi ed 16 (8) 100 (100 - 100) 100 (100 - 100) 93.8 (81.9 - 105.6)

Text 60 (30) 50 (37.3 - 62.7) 57.1 (42.2 - 72.1) 46.7 (34 - 59.3)

ICD-10 Aarhus: 200 (100) 66 (59.4 - 72.6) 72.9 (65.9 - 79.9) 60.5 (53.7 - 67.3)

K25.0 Gastric ulcer, Acute with hemorrhage 41 (21) 85.4 (74.5 - 96.2) 84.2 (72.6 - 95.8) 78 (65.4 - 90.7)

K25.1 Gastric ulcer, Acute with perforation 10 (5) 10 (-8.6 - 28.6) 0 (0 - 0) 10 (-8.6 - 28.6)

K25.2 Gastric ulcer, Acute with both 
hemorrhage and perforation 2 (1) 100 (100 - 100) 100 (100 - 100) 100 (100 - 100)

K26.0 Duodenal ulcer, Acute with hemorrhage 50 (25) 82 (71.4 - 92.6) 92.9 (85.1 - 100.6) 82 (71.4 - 92.6)

K26.1 Duodenal ulcer, Acute with perforation 7 (4) 0 (0 - 0) 0 (0 - 0) 0 (0 - 0)

K26.2 Duodenal ulcer, Acute with both 
hemorrhage and perforation 2 (1) 100 (100 - 100) 100 (100 - 100) 100 (100 - 100)

K27.0 Peptic ulcer, site unspecifi ed, Acute with 
hemorrhage 2 (1) 50 (-19.3 - 119.3) 100 (100 - 100) 50 (-19.3 - 119.3)

K28.0 Gastrojejunal ulcer, Acute with 
hemorrhage 2 (1) 50 (-19.3 - 119.3) 50 (-19.3 - 119.3) 50 (-19.3 - 119.3)

K29.0 Acute hemorrhagic gastritis 8 (4) 62.5 (29 - 96) 80 (44.9 - 115.1) 62.5 (29 - 96)

K92.0 Hematemesis 36 (18) 72.2 (57.6 - 86.9) 70.4 (53.1 - 87.6) 58.3 (42.2 - 74.4)

K92.1 Melena 19 (10) 47.4 (24.9 - 69.8) 58.3 (30.4 - 86.2) 42.1 (19.9 - 64.3)

K92.2 Gastrointestinal hemorrhage, unspecifi ed 21 (11) 42.9 (21.7 - 64) 42.9 (16.9 - 68.8) 33.3 (13.2 - 53.5)
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Codes Charts 
reviewed 

N (%)

PPV
Broad algorithm

(95% CI)

PPV
Assessor
(95% CI)

PPV
Narrow algorithm

(95% CI)

ICPC IPCI: 400 (100) 24.1 (19.6 - 28.6) 16.3 (12.7 - 19.9) 21.5 (17.2 - 25.8)

All codes: 200 (50) 24.9 (18.5 - 31.2) 15.6 (10.5 - 20.6) 21.5 (15.4 - 27.5)

 D14 Hematemesis/ vomiting blood 40 (10) 71 (55 - 86.9) 32.5 (18 - 47) 58.1 (40.7 - 75.4)

 D15 Melena 62 (16) 38.8 (25.1 - 52.4) 24.6 (13.8 - 35.4) 34.7 (21.4 - 48)

 D85 Duodenal ulcer 49 (12) 2.1 (-2 - 6.1) 2 (-1.9 - 6) 2.1 (-2 - 6.1)

 D86 Peptic ulcer other 49 (12) 4.1 (-1.5 - 9.6) 4.1 (-1.5 - 9.6) 4.1 (-1.5 - 9.6)

Free text 200 (50) 22.5 (16.2 - 28.8) 17 (11.8 - 22.2) 21.5 (15.4 - 27.7)

Validation of date of Upper Gastrointestinal Bleeding occurrence
For ARS, 39 out of 142 (27%) confi rmed cases had a diff erent actual date of onset (‘reviewed 

date’) than the automatically determined UGIB date (‘coded date’). For the majority (82%) the date 
of onset upon review was earlier than the recorded diagnosis date (range -29 day to +19 day). For 
Aarhus, 21% of confi rmed cases had a diff erent reviewed date of event as recorded; for 79% the 
reviewed date was one or two days earlier than the coded date (range -2 days to +2922 days). For 
IPCI, of the 82 confi rmed cases, 25 had a reviewed date earlier than the coded event date and one 
had a reviewed date later than coded date (range -1200 days to + 1096 days) (Figure 1). For HSD, 
the coded date for all confi rmed cases corresponded to the reviewed date

Figure 1 | Distribution of diff erence in days between coded date and reviewed date of event in confi rmed 
UGIB cases only (see page 311 for colour fi gure). 
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DISCUSSION

In this validation study we determined the positive predictive value (PPV) of search 
algorithms employing diagnostic codes and free text for identifi cation of patients with UGIB in 
diff erent European EHR databases. We analyzed the accuracy of three well-described disease 
coding systems (ICD-9th and 10th revision and ICPC), free text versus code search, databases 
originating from three diff erent countries (Denmark, Italy, and the Netherlands), and within the 
same country (Italy). In addition, we explored the diff erence in PPV for the same codes between a 
primary care (HSD) versus hospital setting (ARS), while using the same coding scheme (ICD-9). 
Th is is a strength and novelty of our study. 

In general the PPV of the more extensive coding system of ICD-9 and ICD-10 outperformed 
the less granular coding system of ICPC. Th is is explainable by the fact that none of the four 
available ICPC codes refers specifi cally to UGIB, but rather to uncomplicated peptic ulcers or 
signs of UGIB only. Moreover, UGIB case misclassifi cation in primary care databases such as IPCI 
capturing the less severe events may be more likely than hospital discharge databases containing 
the more severe hospitalized cases. For two databases we had the opportunity to explore the PPV 
of free text search which used the label of the selected codes as key words for the identifi cation of 
UGIB events. For HSD, 30% of cases were identifi ed via free text with a PPV of 50%, indicating 
that the PPV for free text search was signifi cantly lower than for diagnosis codes. In IPCI, up 
to 70% of the cases were identifi ed by free text search alone. Th e PPV for free text was very low 
(23%) but surprisingly, was equal to PPV for codes alone (25%). Th is shows that for complete 
information regarding the cases, the free text search is of importance, but it should not be used in 
an automatic search without manual validation so as not to increase the false positive rate. In the 
IPCI database manual review is always conducted, and currently advanced text mining activities 
are implemented to reduce the burden of manual inspection.21 

Our fi ndings of the PPVs originating from the ICD-9 diagnoses codes (ARS, HSD) can be 
compared with other studies. One study, also originating from Italy, studied UGIB (including 
perforation) and the PPVs are in line with the PPVs we obtained.8 Th e PPV for hematemesis (ICD-
9: 578.0) we reported was lower (59% versus ARS 83% and HSD 100%), but our results on the 
PPV concerning code 578 were similar to the study by Raiford et al.10 Two other studies with ulcer 
disease and UGIB as endpoint had lower PPVs (around 60%) as reported in the current study,7, 

11 especially the PPV for unspecifi c codes (578) was reported low (9% only) in a study with eight 
Health Maintenance Organizations.7 We are unaware of studies reporting the PPV for UGIB codes 
for ICPC or ICD-10. However, one study is available reporting a PPV of 98% for ulcer disease in 
general for ICD-10 codes in Aarhus.22

Th ere are several limitations to our study. First, despite a standardized event defi nition for 
UGIB provided and a common tool (Chameleon©) with which to enter the available information in 
a structured manner, the UGIB case ascertainment process relied, to some degree, on the assessor’s 
judgement. Th erefore, apart from the judgement of the assessor, an automated algorithm was 
developed to allocate UGIB cases to avoid subjectivity in the case defi nition across EHRs. Th is 
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automated algorithm, however, was dependent on the completeness of the available data and thus 
had limited value. Th e PPVs derived from the automated algorithm and from the assessor were 
similar, except for hematemesis in IPCI, which might be explained by a conservative validation 
approach by the medical assessor in IPCI. Moreover, in this study we have limited the event 
defi nition to UGIB only and to potentially drug-induced UGIB, whereas other studies included 
perforation or uncomplicated ulcer disease in general, leading to conservative estimates. Th e reason 
that the PPVs for the narrow concept of UGIB were not much lower than the PPVs for the broad 
concept of UGIB is understandable as peptic ulcer bleeding and erosive disease are responsible for 
the great majority of UGIB cases as reported in literature,23 and similar to our results. 

In conclusion, EHR databases present a potentially good source of identifying patients with 
UGIB. However, there are diff erences in the accuracy of automated case identifi cation using various 
coding-based algorithms in databases that stem from diff erences in both the coding systems used 
and in the type of data collected (hospitalization claims vs. medical records) which are, in turn, 
a consequence of the primary purpose for which the data are being collected in the fi rst place. 
Database-specifi c factors need to be factored in when evaluating events identifi ed using disparate 
databases.
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APPENDIX 1. Upper Gastro-Intestinal Bleeding (UGIB) 

Questionnaire for Case Validation

1. Questionnaire for assessors
Based on the information reported in the medical defi nition, assessors should fi ll in the 

following questionnaire to be able to apply subsequently a validation algorithm:

Database: ___________________________
ID Patient: __________________________
Gender: M/F
Birth date: dd/mm/yy
Date of event as reported in Jerboa output: dd/mm/yy
Age:______years (calculated automatically with reference to the date of event)

Note: a specifi c timeframe is not indicated for the search of the information, as reported in the 
following questionnaire. Th e assessors should consider all the information that is reasonably time-
related to the occurrence of the event

A) Information on characteristics and detection of UGIB
1. Was there any mention of gastrointestinal bleeding? Yes/No/Not assessable (NA)

2. Was there any specifi c mention of upper gastrointestinal bleeding (UGIB)? Yes/No/
Not assessable (NA)

3. Was there any mention/evidence of melena/black stools/tarry stools? Yes/No

4. Was there any mention/evidence of hematemesis/blood vomiting? Yes/No

5. If the patient died: is there an explicit mention of UGIB as a cause of death? Yes/No/NA

6. If an endoscopy was performed, was bleeding detected? Yes/No/NA

7. Was it possible to identify the exact bleeding location? Yes/No

8. If yes, please specify:
1. oral cavity
2. esophagus
3. stomach
4. duodenum
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5. jejunum
6. ileum
7. cecum
8. colon
9. rectum
10. anus
11. nasopharyngeal
12. pulmonary
13. pancreatico-biliary tract

9. Was there any endoscopic/clinical evidence of any the following gastrointestinal 
diseases potentially associated with UGIB? Yes/No/NA
If yes, please mark the correct one(s):

  Dyspepsia
  Gastro-Esophageal Refl ux Disease (GERD)
  Peptic ulcer
  Esophageal/Gastric/Duodenal ulcer
  Esophageal/Gastric/Duodenal erosion
  Acute gastritis/duodenitis/esophagitis

10. FOR GP DATABASES: Indicate if the UGIB diagnosis was made by:
  General Practitioner
  Specialist/Hospital discharge diagnosis

B) Information about potential alternative explanations for Upper GI bleeding

1. Was there any mention/evidence of any of the following diseases? Yes/No/NA;

If yes, please mark the correct one(s):
  black stools due to ingestion of iron/ferrous-containing medications
  Mallory-Weiss Syndrome or gastro-esophageal laceration syndrome
  Osler-Weber-Rendu Syndrome
  Angiodysplasia of the upper Gastrointestinal tract
  Dieulafoy lesion
  Iatrogenic Upper GI bleeding caused by procedure with endoscopy 
  Varices bleeding 
  Gastrointestinal cancer (esophageal, gastric, intestinal)

C) In addition to this specifi c episode, was there any mention of a previous episode of UGIB? 
Yes/No/NA
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D) ONLY FOR GP DATABASES: Was there suffi  cient information available for validation? 
Yes/No

E) Only for hospital databases

Based on the available information, when did the bleeding (including melena or blood 
vomiting) start?

  During the hospital stay
  On the exact day of hospital admission
  Within the 7 days preceding the hospital admission
  Within one month preceding the hospital admission
  More than one month preceding the hospital admission
  Based on the available information, it is not possible to establish the exact date of the 

start of the bleeding (including melena or blood vomiting)

For both hospital and GP databases

F) If it was clearly reported, please indicate the exact date of the start of bleeding (including 
melena or blood vomiting): DD/MM/YY

Other comments: 
_____________________________________________________________________________
_____________________________________________________________________________
_____________________________________________________________________________
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ABSTRACT

Background and Objective. Accuracy of event ascertainment is crucial to ensure validity when 
mining multiple electronic healthcare record (EHR) databases for drug safety signal detection. In 
this paper we aimed to evaluate and compare the accuracy of various coding algorithms used to 
identify cases of acute myocardial infarction (AMI) in three European EHR databases. 
Methods. We conducted a validation study in three databases (DBs) of the EU-ADR network: (1) 
IPCI (general practitioner (GP) DB, Netherlands); (2) HSD (GP DB, Italy): and 3) Aarhus (claims 
DB, Denmark). We identifi ed cases of AMI from GP medical records, primary hospital discharge 
diagnoses, and death registries using coding algorithms which included three diff erent disease 
terminology schemes: (1) International Classifi cation of Primary Care (ICPC); (2) International 
Classifi cation of Diseases-9th revision-clinical modifi cation (ICD9-CM); (3) ICD-10th revision. We 
also employed free text using key words consistent with AMI. A random sample of 200 cases per 
DB was obtained from all potential cases identifi ed. Additional 200 potential cases identifi ed by 
free text search were obtained in IPCI. Manual review of medical records and hospitalization charts 
was performed using a standardized questionnaire implemented as computerized data entry using 
custom-built soft ware Chameleon,© locally installed in each database. Positive predictive values 
(PPV) were calculated overall and for each code and free text query.
Results. Th e study population for this analysis comprised healthcare data from 4 034 232 
individuals with 22 428 883 person-years (PYs) of follow-up during the period 1995-2010. 
Within this population, a total of 42 774 potential cases of AMI were identifi ed. From the random 
sample of 800 potential cases of AMI selected for validation, 748 records were retrieved (93.5%) 
and reviewed. All ICD-10 codes used (I21.0, I21.1, I21.2, I21.3, I21.4, and I21.9) had 100% PPV. 
Overall the ICD9-CM codes had very good PPV, with 410.9/410.90, the most frequently occurring 
code having a PPV of 96.5% (95%CI 93.5-100.4). Th e ICPC code K75 had a PPV of 75% (67.4-
82.6). Use of free text had a lower PPV: 60% (95% CI 17.1-102.9) in HSD and 19.7% (95%CI 12.9 
-26.5) in IPCI.
Conclusion. Th e results obtained in this study are consistent with the PPV estimates for ICD-9CM 
and ICD-10 cited in the literature. Strategies are necessary to further optimize the value of free text 
search in the identifi cation of AMI in EHR databases.
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INTRODUCTION 

Clinical and drug use information derived from electronic healthcare record (EHR) 
databases are increasingly being used for pro-active drug safety surveillance.1-3 Drug-induced 
acute myocardial infarction (AMI) is an important safety consideration, as shown by the rofecoxib 
and rosiglitazone stories.4-7 AMI may be identifi ed using population-based EHR databases, which 
provide data on how drugs are being used in real-world settings. As in any association study, 
however, accurate case defi nitions for AMI are essential to the proper evaluation of increased 
risk for such an event in association with use of certain drugs.8 Innovations in recent years 
have brought about discovery, and subsequent clinical use, of novel cardiac biomarkers that 
allow earlier recognition of disease as well as therapeutic interventions that reduce the extent of 
myocardial injury and mortality. Such developments have led to revisions in the defi nition of AMI 
and consequently, changes in the diagnosis and prognosis.9-11 Studies that estimate AMI incidence 
from EHR data must also then consider the implications of new diagnostic criteria on disease 
coding practices in EHR databases.12-14 

Th e accuracy of AMI identifi cation in EHR using specifi c disease coding schemes has been 
evaluated in several studies. Most of these studies have been performed in administrative claims 
databases and have calculated the positive predictive value (PPV) of International Classifi cation 
of Diseases – 9th revision – Clinical Modifi cations (ICD-9-CM) codes as well as diagnosis- related 
groups (DRG) codes.15-18 A recent study evaluated the PPV of ICD-10th revision diagnostic codes 
used to assess Charlson comorbidity index conditions, including myocardial infarction, in the 
population-based Danish National Registry of Patients.19 To date there is no study that evaluates 
the validity of International Classifi cation of Primary Care (ICPC) codes and free text search, or 
the combination of diagnosis codes and free text search, in the identifi cation of AMI in EHR data. 

Within the context of the EU-ADR project, we conducted a validation study to evaluate 
and compare the accuracy of coding-based search algorithms from three diff erent terminologies 
(International Classifi cation of Primary Care (ICPC), ICD-9CM, and ICD-10) used to identify 
cases of AMI in population-based EHR databases from Denmark, Italy, and the Netherlands. We 
further assessed the accuracy of free text search using key words in the identifi cation of AMI.

METHODS

Data sources
Th e EU-ADR network currently comprises anonymized clinical and drug prescription/

dispensing information of about 20 million individuals from eight population-based electronic 
healthcare databases in four European countries. Th e data are pooled using a distributed network 
approach that allows data holders to maintain control over their protected data. Validation of AMI 
identifi cation was performed in three of these databases: (1) Integrated Primary Care Information 
(IPCI, Netherlands); (2) Health Search/CSD Patient DB (HSD, Italy); and (3) Aarhus University 
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Hospital Database (Aarhus, Denmark). IPCI and HSD are both general practice (GP) databases 
documenting patient consults, including referrals for hospitalization or specialist care as well as 
prescriptions for medications. Aarhus is a comprehensive record-linkage database system in which 
drug dispensing data are linked to a registry of hospital discharge diagnoses and various other 
registries. A more detailed description of the characteristics of the databases has been previously 
published.3,20 Th e three databases employ diff erent disease coding terminologies: IPCI uses the 
International Classifi cation for Primary Care (ICPC); HSD uses the International Classifi cation of 
Diseases, 9th Revision, Clinical Modifi cation (ICD-9-CM); and Aarhus uses the ICD 10th revision 
(ICD10). Clinical notes from GP records in both HSD and IPCI also use free text narratives which 
can be used to identify medical events. All databases have considerable experience in using patient 
data for research purposes.21-24 

Identifi cation of acute myocardial infarction
Potential cases of AMI were identifi ed using harmonized and database-specifi c coding 

algorithms which included the ICPC code K75 (IPCI), ICD9-CM codes 410/410.x/ 410.x0 (HSD), 
and the ICD-10 codes I21.x (Aarhus). IPCI and HSD also performed free text search using specifi c 
key words. Th e free text search strings employed in IPCI and HSD are given in Appendix 1. Th e 
process of mapping and the harmonization of event data extraction from diff erent EHR databases 
in the EU-ADR project is based on medical concepts derived from the Unifi ed Medical Language 
System (UMLS).25-26

Case validation
A random sample of 200 potential AMI cases was selected in each of the three databases. 

Additional 200 potential cases identifi ed by free text search were obtained in IPCI. Manual 
review of GP records and hospitalization charts was performed by medically trained assessors 
using a standardized questionnaire that was pilot-tested in the databases and reviewed by a panel 
of experts. Diagnostic criteria for AMI as prescribed in current guidelines8-9 were incorporated 
in the questionnaire, as well as information regarding cardiovascular risk factors and potential 
alternative diagnoses that could explain fi ndings suggestive of AMI. For GP databases (IPCI and 
HSD) it was also determined whether the AMI diagnosis was made by a GP or medical specialist. 
Th e standardized questionnaire was then implemented as computerized data entry algorithm 
using custom-built soft ware Chameleon©. Th e soft ware was installed locally in each database, 
allowing the data holders to keep patient-level data within their protected environment. Th e data 
entry algorithm is shown in Figure 1 and the questionnaire shown in Appendix 2. Based on the 
information collected in the questionnaire, the potential AMI cases were classifi ed as: (1) defi nite 
case; (2) non-case; or (3) non-assessable case, if the available information was deemed insuffi  cient 
to validate the case.
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Figure 1 | Data entry algorithm implemented based on a standardized questionnaire.

(Continued on next page)
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(Continued from previous page)

Consistency of index date
We determined how the coded date of the event (which is detected automatically, but may 

diff er among databases) was related to the actual date of diagnosis of AMI as well as to the date of 
onset of fi rst symptoms. In addition, for the claims database Aarhus we evaluated the coded date 
with respect to the day of hospital admission. 

Statistical analysis
Positive predictive values (PPV) and corresponding 95% confi dence intervals (95%CI) were 

calculated overall in each database and for each code or free text query, using the medical charts as 
gold standard. Potential cases judged as non-assessable were not included in the PPV calculation.
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RESULTS

Th e three EU-ADR databases considered for this analysis comprised healthcare data from 
4 034 232 individuals with 22 428 883 person-years (PYs) of follow-up during the period 1995-
2010. Within this population, a total of 42 774 potential cases of AMI were identifi ed. From the 
random sample of 800 potential cases of AMI (200 cases per database plus additional 200 cases for 
free text-identifi ed cases in IPCI) selected for validation, 748 records were retrieved (93.5%) and 
reviewed. Th e hospital medical charts of 52 potential cases in Aarhus could not be accessed. Th e 
demographic and clinical characteristics of the potential cases from the random sample are shown 
in Table 1. Th e mean age was 67 years across all the databases and the patients were predominantly 
male (62-70% overall). Chest pain at rest or with exertion was the most frequently reported 
symptom of AMI cases across all the databases (more than 50% of confi rmed cases in both IPCI 
and Aarhus and 11% in HSD). Diabetes, hypertension, and dyslipidemia were the most frequently 
recorded cardiovascular risk factors.

All 148 potential cases of AMI identifi ed in Aarhus were confi rmed by manual chart review. 
93 (46.5%) out of the total 200 potential ICPC-coded cases were confi rmed in IPCI, 31(15.5%) 
were judged as non-cases, and 76 (38%) judged as non-assessable. From the 200 potential cases 
identifi ed by free text search, 26 (13%) cases were confi rmed and 68 (34%) considered non-
assessable from the data available, while the remaining (106, 53%) were non-cases. For HSD, 
115 (57.5%) cases were confi rmed and 79 (39.5%) declared non-assessable. Table 2 shows the 
overall PPV for the coding algorithms used for AMI identifi cation in each database. In Table 3, 
the percentage distribution and PPV for the specifi c diagnosis codes from each terminology and 
free text search are given. All of the ICD-10 codes used in Aarhus had 100% PPV. Overall the 
ICD9-CM codes had very good PPV, with 410.9/410.90, the most frequently reported code, having 
a PPV of 96.5 (95%CI: 93.5 to 100.0). Th e PPV of free text search alone in HSD was 60% (95%CI 
17.1-100.0). In the IPCI database, the ICPC code K75 had a PPV of 75 (95%CI 67.4 - 82.6), while 
free text search alone had a PPV of 19.7 (95%CI 12.9-26.5). All validated cases of AMI in IPCI and 
HSD were supported with diagnosis of a medical specialist. 

Th e relationship between the coded date and the date of onset of symptoms across the three 
databases is shown in Figure 2. Th ere was not enough information to enable inference on such 
relationship for 25 of the cases in Aarhus (16.9%). Th e date of symptom onset ranged from 1 day 
before to more than 60 days before the automatically detected event date. Th e coded date for the 
majority of cases coincided with the onset of symptoms in all database: Aarhus=72 cases (48.6%); 
HSD=110 cases (95.6%); and IPCI= 67 cases (56.3%). In Aarhus there were three instances where 
the coded date for AMI actually preceded the onset of symptoms by two days and there was one 
case each in Aarhus and IPCI where the coded date preceded symptoms by one day.

For the claims database Aarhus, the characterization of the coded index date with respect 
to hospitalization is as follows: (1) date of hospital admission= 100 cases (67.6%); (2) during 
hospital stay= 9 cases (6.1%); (3) ≥7 days preceding hospitalization= 23 (15.5%); (4) not possible 
to establish= 16 (10.8%).
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Table 1 | Characteristics of patients in the random sample of potential AMI cases.

  IPCI HSD Aarhus

Total N:
400 (%)

Confi rmed 
cases 

N:93 (%)

Total N:
200(%)

Confi rmed 
cases

N:115 (%)

Total N:
148 (%)

Confi rmed 
cases

N:148 (%)

Male sex (%) 246 (61.5) 87 (93.5) 132 (66.0) 80 (69.6) 103 (69.6) 82 (55.4)

Mean age (years) 66 65 68 67 67 67

Cardiovascular risk factors

Family history of coronary 
heart disease 

86 (21.5) 14 (15.1) 11 (5.5) 8 (7.0) 19 (12.8) 19 (12.8)

Dyslipidemia 73 (18.2) 19 (20.4) 98 (49.0) 58 (50.4) 19 (12.8) 19 (12.8)

Diabetes mellitus 62 (15.5) 13 (14.0) 66 (33.0) 42 (36.5) 17 (11.4) 17 (11.4)

Hypertension 126 (31.5) 36 (38.7) 113 (56.5) 76 (66.0) 44 (29.7) 44 (29.7)

Obesity 79 (19.8) 23 (24.7) 21 (10.5) 16 (13.9) 7 (4.7) 7 (4.7)

Cigarette smoking 111 (27.8) 36 (38.7) 39 (19.5) 22 (19.1) 50 (33.8) 50 (33.8)

Clinical manifestations 

chest, jaw or upper extremity 
pain at rest or with exertion

102 (25.5) 52 (55.9) 23 (11.5) 13 (11.3) 118 (79.7) 118 (79.7)

diffi  culty breathing 
(dyspnea)

38 (9.5) 15 (20.4) 10 (5.0) 6 (5.2) 22 (14.8) 22 (14.8)

excessive sweating 
(diaphoresis)

30 (7.5) 19 (20.4) 2 (1.0) 0 (0) 5 (3.4) 5 (3.4)

fatigue/weakness 7 (1.8) 0 (0) 2 (1.0) 1 (0.9) 5 (3.4) 5 (3.4)

Diagnostic workup done

Coronary angiography 48 (12.0) 39 (41.9) 39 (19.5) 38 (33.0) 117 (79.1) 117 (79.1)

Electrocardiography 

ST-segment elevation 27 (6.7) 25 (30.1) 7 (3.5) 5 (4.4) 59 (39.9) 59 (39.9)

new Q waves 7 (1.8) 4 (4.3) 1 (0.50) 1 (0.9) 9 (6.1) 9 (6.1)

new left  bundle branch 
block (LBBB)

3 (0.8) 0 (0) 0 (0) 0 (0) 2 (1.4) 2 (1.4)

T wave inversion 17 (4.2) 9 (9.7) 8 (4.0) 6 (5.2) 19 (12.8) 19 (12.8)

Other (ST segment 
depression, etc.)

19 (7.2) 19 (20.4) 7 (3.5) 7 (6.1) 9 (6.1) 9 (6.1)

Cardiac enzymes 

Elevated cardiac troponin I 5 (1.2) 41 (44.1) 2 (1.0) 2 (1.7) 0 (0) 0 (0)

Elevated cardiac troponin T 6 (1.5) 6 (9.7) 0 (0) 0 (0) 123 (83.1) 123 (83.1)

Elevated creatine 
phosphokinase (MB 
isoenzyme)

23 (5.8) 23 (24.7) 5 (2.5) 5 (4.4) 86 (58.1) 86 (58.1)

Other 8 (2.0) 5 (5.4) 3 (1.5) 3 (2.6) 5 (3.4) 5 (3.4)

Interventions done

Coronary artery bypass 
graft  (CABG)

15 (3.8) 10 (10.8) 17 (8.5) 17 (14.8) 7 (4.7) 7 (4.7)

Percutaneous coronary 
intervention (PCI)

78 (19.5) 67 (72.0) 41 (20.5) 41 (35.6) 93 (62.8) 93 (62.8)
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  IPCI HSD Aarhus

Total N:
400 (%)

Confi rmed 
cases 

N:93 (%)

Total N:
200(%)

Confi rmed 
cases

N:115 (%)

Total N:
148 (%)

Confi rmed 
cases

N:148 (%)

Th rombolysis (rTPA/
streptokinase, others)

6 (1.5) 5 (5.4) 4 (2.0) 4 (3.5) 9 (6.1) 9 (6.1)

Initiation of long-term 
pharmacotherapy

116 (29.0) 93 (100) 121 (60.5) 90 (77.6) 81 (56.8) 81 (56.8)

Deaths 7 (1.8) 7 (7.5) 2 (1.0) 2 (1.7) 2 (1.4) 2 (1.4)

Diagnosis confi rmed by medical 
specialist**

113 (28.2) 113 (100) 1 (0.5) 1 (0.9) NA NA

* Can add up to more than 100% ** Only relevant for GP databases (HSD and IPCI)

Table 2 | PPV of EHR-based defi nitions for acute myocardial infarction (AMI) in three databases from four 
countries. 

Source Coding system No. of 
cases 

sampled 

No of 
cases 

retrieved

No. of 
cases 

confi rmed

No. of cases 
considered 

non-
assessable

Overall PPV
(95%CI)

General practitioner 
(GP)/specialist diagnoses 
(IPCI, Netherlands)

ICPC, free text 400 400 119 144 46.5 (40.4 -52.6)

GP/specialist diagnoses 
(HSD, Italy)

ICD9-CM, free 
text

200 200 115  79 95 (91.2 - 98.9)

Primary hospital 
discharge diagnoses
(Aarhus, Denmark)

ICD-10 200 148 148   0 100 (100 - 100)

DISCUSSION

Proactive surveillance of potentially drug-induced outcomes using multi-country EHR 
databases is a promising avenue to overcome some of the limitations of traditional spontaneous 
reporting systems. Th e validity of such surveillance activities depends, however, on the accuracy of 
the defi nitions of the adverse events being investigated. Th erefore, it is important to validate cases 
identifi ed from hospital discharge diagnoses in claims databases as well as GP-recorded diagnoses. 

We examined the positive predictive value (PPV) of primary hospital discharge diagnosis 
codes and GP-recorded diagnoses for AMI in three European EHR databases (Denmark, Italy, and 
the Netherlands). Th e overall PPV for the coding scheme-based diagnoses was good, ranging from 
75% (IPCI, ICPC coding) to 95% (HSD, ICD9-CM) to 100% (Aarhus, ICD10). Th e use of free text  
search was more extensive in IPCI compared to HSD, largely due to the lesser granularity of the 
ICPC coding system. Th e use of free text alone had a low accuracy, ranging from 19.7% in IPCI to 
60% in HSD.
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Figure 2 | Diff erences in the coded event date and date of onset of symptoms across the three databases (see 
page 311 for color fi gure).

Th e results we obtained in this study are consistent with the PPV estimates for ICD-10 and for 
ICD-9CM cited in the literature. Th e ICD10 codes I21, I22, and I23 were found to have 98% PPV 
in a Danish study evaluating the accuracy of ICD10-coded myocardial infarction as a component 
of the Charlson comorbidity index.19 Previous studies evaluating earlier versions of ICD have 
also demonstrated the accurate coding practices in Danish administrative registries, including 
the Danish MONICA (Monitoring Trends and Determinants in Cardiovascular Disease) study 
where 93.5% of the patients in the Danish National Patient Register were found to have defi nite 
or possible AMI.27 Th e PPV of the ICD9-CM code 410 to identify cases of AMI among records 
with a prior primary hospital discharge code in the Saskatchewan Hospital Automated Database 
was 97%.16 In another study using Medicare claims, the PPV of several ICD9-CM codes (410.01, 
410.11, 410.21, 410.31, 410.41, 410.51, 410.61, 410.71, 410.81, or 410.91) for identifying AMI in 
either primary or secondary hospital discharge diagnoses was 94.1%.

While ICPC codes are oft en used to estimate incidence or prevalence of various clinical 
outcomes,28-30 we are not aware of any published studies that have assessed the accuracy of ICPC 
codes in the identifi cation of AMI in EHR data. A study in the Netherlands evaluated ICPC-coded 
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diagnoses in GP records in the context of cardiovascular risk factor assessment aft er pre-eclampsia, 
but only the validity of ICPC-coded pre-eclampsia diagnosis was determined.31 

Th e available knowledge regarding the value of free-text mining in identifying outcomes 
from EHR data is still limited, but this is an area of research that is gaining a lot of interest.32-33 Our 
fi ndings show that there is potential for the use of free text search in identifi cation of AMI from 
EHR databases, but that appropriate combination of key words needs to be further evaluated and 
optimized.

Th e use of a standardized questionnaire implemented in an automated data entry validation 
algorithm facilitated harmonized data collection and analysis across the diff erent databases 
without compromising data protection. Th e procedure also enabled us to document recorded 
database information on cardiovascular risk factors such as family history of coronary artery 
disease, hypertension, diabetes, dyslipidemia, smoking, and obesity. Such information may be 
useful in evaluating the potential confounder eff ects when performing signal detection activities. 
Our evaluation of the automatically detected index date shows that most of the time the coded 
event date coincided with the date of onset of fi rst symptoms (and with date of hospital admission 
for claims database) although there can be a wide range between these two dates. Th e possible 
implications of this fi nding on the exposure defi nitions used in the estimation of risk for AMI 
during drug use needs to be further investigated. 

CONCLUSION 

We have shown that multi-country EHR databases with diff erent disease coding schemes can 
accurately identify patients with acute myocardial infarction. Th e results obtained in this study are 
consistent with the PPV estimates for ICD-9CM and ICD-10 cited in the literature. Strategies are 
necessary to optimize the use of free text search in the identifi cation of AMI in EHR databases.
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APPENDIX 1 | Free text search strings employed in the identifi cation 
of cases of acute myocardial infarction in General Practitioner (GP) 
Databases

IPCI (Dutch) HSD (Italian)
“ (myocard AND infarct) OR
(hart AND infar) OR
(latera AND infar) OR
(posterior AND infar) OR
(anterior AND infar) OR
(septal AND infar) OR 
(hart AND aanval) OR 
(Q- AND wave) OR
 (‘ ST’ AND verhog) OR
 (wand AND infar) OR 
(parde AND wave) OR 
‘VWI’ OR ‘AMI’”

“infarto miocardico acuto OR infarto%miocard%acut OR 
necrosi%miocard%acut OR infarto%lateral OR infarto%infer% 
OR %infarto%transmur OR infarto%anter OR infarto%poster OR 
infarto%subendocard”
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APPENDIX 2 | Standardized questionnaire for the validation of potential 
cases of acute myocardial infarction identifi ed from EHR databases

Questionnaire for assessors

Based on the information reported in the medical defi nition, assessors should answer the 
following questions to be able to apply subsequently a validation algorithm:

Database: __________________________
ID Patient: __________________________
Sex: M/F
Birthdate: dd/mm/yyyy
Date of event as reported in the automated search: dd/mm/yyyy
Age:______years (calculated automatically with reference to the date of event)

Is there a medical record available for this patient? Yes/No

A) Information on characteristics and detection of AMI

1. Was there any mention of the presence of ‘acute myocardial infarction’ in the records 
reviewed? Yes/No

2. If (Answer to 1 is) YES, was the myocardial infarction referred to as ‘old myocardial 
infarction’ or ‘history of myocardial infarction’? Yes/No

3. Was there an explicit mention of ‘acute myocardial infarction’ as a cause of death? 
Yes/No 

For Questions 4-6, evaluate within 30 days of presumed index date [i.e., date of diagnosis]

4. Were any of the following interventions done? Multiple answers are possible:
  Coronary artery bypass graft  (CABG)
  Percutaneous coronary intervention (PCI)
  Th rombolysis (rTPA/streptokinase, others)
  Initiation of long-term pharmacotherapy 
  None of the above
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5. Were any of the following examinations done to confi rm a suspicion of acute myocardial 
infarction? Multiple answers are possible: 

  Coronary angiography (specify fi ndings if possible) 
  coronary occlusion
  coronary obstruction
  vessel narrowing
  ruptured plaque
  other, please specify _____________________

  Electrocardiography (ECG) (specify fi ndings if possible)
  ST-segment elevation>1mm in 2 anatomically contiguous leads 
  new Q waves 
  new left  bundle branch block (LBBB)
  T wave inversion
  Other, please specify _________________

  Cardiac enzymes (specify values and units, if given) 
  Elevated levels of Troponin I_______________
  Elevated levels of Troponin T_______________
  Elevated levels of creatine phosphokinase-MB 
  isoenzyme (CPK-MB) ____________________
  Other, specify if possible__________________

  None of the above

6. Were any of these signs or symptoms of myocardial ischemia recorded shortly on or 
before the date of diagnosis? Multiple answers are possible:

  chest, jaw or upper extremity pain at rest or with exertion
  diffi  culty breathing (dyspnea)
  excessive sweating (diaphoresis)
  fatigue/weakness
  epigastric pain
  none of the above
  other, please specify _______________________
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B) Information about cardiovascular risk factors

1. Was there mention/evidence in the records of any of the following risk factors for acute 
myocardial infarction? Multiple answers are possible.

  Family history of myocardial infarction/cardiovascular disease
  Dyslipidemia 
  Diabetes mellitus
  Hypertension
  Obesity
  Cigarette smoking
  None of the above

C) Information about potential alternative explanations for the signs/symptoms/ laboratory 
fi ndings

1. Was there mention/evidence in the records of any of the following diseases at the time 
of/before the diagnosis? Multiple answers are possible.

  Pericarditis and/or Cardiac Tamponade ________________
  Myocarditis ___________________________________
  Aortic dissection _______________________________
  Cardiac contusion ______________________________
  Pneumothorax _________________________________
  Pulmonary embolism ______________________________
  Stable angina ____________________________________
  Unstable angina __________________________________
  Gastroesophageal refl ux disease (GERD) ______________
  None of the above

Only for GP databases: Indicate if there was a confi rmation of the diagnosis of acute 
myocardial infarction by: 

  Specialist
  Hospital discharge records

Was there suffi  cient information available for validation? Yes/No
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D) Date of the event:

For both hospital and GP databases: If it was clearly reported, indicate the date when the 
symptoms of AMI started (index date)

 __________________________________________

Only for hospital databases: 
Based on the available information, when did the AMI start?

  During the hospital stay
  On the exact day of hospital admission
  Within the 7 days preceding the hospital admission
  Within one month preceding the hospital admission
  More than one month preceding the hospital admission
  Based on the available information, it is not possible to establish the exact date of 

the start of the AMI

E) In your opinion, was this a:
  CASE?
  NON-CASE?
  NON-ASSESSABLE CASE?

Other comments 
_____________________________________________________________________________
_____________________________________________________________________________
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ABSTRACT

Background. Progressive multifocal leukoencephalopathy (PML) is a rare central nervous system 
demyelinating disease resulting from reactivation of the JC virus. PML occurs almost exclusively 
in immunosuppressed individuals, including patients with HIV/AIDS, leukemia, tumors, or 
those receiving immunosuppressive therapy such as patients undergoing organ transplants. Th e 
disease has recently generated widespread concern aft er reports of PML allegedly developing aft er 
treatment with several new biologic agents. Because of its rarity, few data are available regarding 
incidence of PML in non-immunocompromised populations.
Objective. To provide estimates of the incidence of PML in the general population using electronic 
healthcare data from three countries in Europe.
Methods. Demographic and clinical data were obtained from six population-based electronic 
healthcare record (EHR) databases of three European countries within the EU-ADR network 
(Denmark, Italy, and the Netherlands). Data were analyzed for the years 1995–2011. Cases 
of PML were identifi ed from primary and secondary hospital discharge diagnoses and death 
registries (claims databases) and from general practitioner or specialist diagnoses (medical records 
databases) using diagnostic codes and free text. Case validation by medical chart/records review 
was performed in a subset of cases.
Results. A total of 1 150 cases of PML were identifi ed in the database network representing 
21 171 291 individuals with 154 474 063 person-years (PYs) of follow-up. About half of the cases 
were males (603, 52.4%). Th e largest proportion of male cases were in the age group 30-50 years 
old (267 cases, 23.2% of total), while the largest proportion of female cases came from those 70 
years and older (330 cases, 28.7% of total). Th e age-standardized rate across the databases ranged 
from 0.03 – 2.29 per 100 000 PYs. Th e overall incidence rate (IR) was 0.75 per 100 000 PYs.
Conclusion. PML is a rare disease among the general European population and its incidence is 
largely associated with HIV disease, malignancy, and rheumatologic conditions. An observed 
increase in the incidence of PML in the elderly requires further investigation. Electronic healthcare 
data from multiple countries may be able to provide estimates of background rates of diseases such 
as PML in the general population. 
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INTRODUCTION

Progressive multifocal leukoencephalopathy (PML) is a rare central nervous system 
demyelinating disease resulting from reactivation of the JC virus. Healthy individuals may harbor 
the virus and seroprevalence increases with age, although acquisition of the virus per se is not 
associated with a clinical syndrome.1-2 Studies indicate that 50-90% of adults have been exposed 
to the JC virus, with 19-27% of these people shedding the virus in their urine.3-4 A diagnosis of 
PML is usually made on the basis of neurological features at presentation, characteristic brain 
imaging changes and the presence of JC virus DNA in cerebrospinal fl uid.5 Th e understanding of 
the epidemiology of PML has evolved and paralleled key developments in medicine: the Human 
Immunodefi ciency Virus/Acquired Immune Defi ciency Syndrome (HIV/AIDS) epidemic; 
the introduction of highly active antiretroviral therapy (HAART); and the advancement in 
novel biologic therapies. Before the emergence of HIV, PML developed mostly in patients with 
lymphoma, other malignancies, and rare forms of immunosuppression. Now, majority of PML 
cases are reported in patients with HIV and PML is considered an AIDS-defi ning illness, aff ecting 
about 5% of HIV-infected patients.6-8 Th ere is no specifi c treatment for PML and although HIV-
positive patients with PML are now living longer, the disease still has a grave prognosis. In the pre-
AIDS era the mean survival was approximately 6 months and mortality was 80% within 9 months 
of disease onset; with the advent of combination antiretroviral therapy, the one-year survival rate 
has increased to 50%.5,9 Th e disease has recently generated widespread concern aft er reports of 
PML allegedly developing aft er treatment with some biologic agents. Th ese agents include the 
monoclonal antibodies natalizumab (used in the treatment of multiple sclerosis and Crohn’s 
disease), efalizumab (used in the treatment of severe forms of plaque psoriasis), and rituximab 
(used for hematologic malignancies and rheumatoid arthritis).10-18 

Th e growing concern that PML may be a devastating adverse eff ect of drug therapy prompted 
drug regulatory authorities as well as physicians and other healthcare practitioners to obtain more 
information on this disease, including its background frequency in the general population. Because 
of its rarity and the complexity of the diagnosis, very few population-based data are available 
regarding incidence of PML in patients without HIV, malignancies, or rheumatologic conditions. 
In response to a request made by the Dutch Medicines Evaluation Board, we provide in this paper 
estimates of the incidence of PML in the general population using multiple electronic healthcare 
data from three countries in Europe (Denmark, Italy, and the Netherlands). 

METHODS

Data sources
Demographic and clinical data were obtained from six population-based electronic 

healthcare records (EHR) databases of the EU-ADR network:19 (1) Health Search/CSD LPD 
(HSD, Italy); (2) Interdisciplinary Processing of Clinical Information (IPCI, formerly known as 
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Integrated Primary Care Information, the Netherlands);20 (3) PHARMO Network (PHARMO, 
the Netherlands);21 (4) Aarhus University Hospital Database (Aarhus, Denmark); (5) Lombardy 
regional database (Lombardy, Italy); and (6) Tuscany regional database (Tuscany, Italy).19 Th e fi rst 
two (HSD and IPCI) are population-based general practice (GP) databases containing patients’ 
clinical information as well as prescriptions for medications; the last four databases are all 
comprehensive record-linkage systems of a regional/national catchment area wherein registries of 
claims for hospitalization and other healthcare services are linked to drug dispensing data. All of 
the databases in EU-ADR have been widely used for pharmacoepidemiologic research, have well-
developed safeguard mechanisms ensuring patient data protection, and have been validated for a 
variety of drug exposures and clinical outcomes. A more detailed description of the databases can 
be found in earlier publications.19, 22-23 Data in EU-ADR are combined using a distributed network 
approach: standardized input fi les are created locally by each database; the fi les are then processed 
using custom-built soft ware (Jerboa©), which aggregates, de-identifi es and sends the results in 
encrypted format to a central repository for evaluation and further analysis.

Outcome identifi cation and validation
PML was identifi ed in the EHR databases through a multi-step process consisting of: 

a) Event defi nition based on clinical criteria established from literature; 
b) Development of harmonized database-specifi c coding algorithms, using diagnosis codes 

and free text,21 which refl ected the event defi nition. Because each database uses one of three 
nomenclature systems to code the events, the diff erent terminologies were fi rst mapped 
using the Unifi ed Medical Language System1 (UMLS1) to ensure that events are identifi ed 
using a common language.25 Cases of PML were identifi ed from primary and secondary 
hospital discharge diagnoses as well as death registries (claims databases) and from general 
practitioner or specialist diagnoses (medical records databases) using diagnosis codes and 
free text (see Table 1). 

c) Search in EHR databases using the database-specifi c coding algorithm;
d) Case validation. Potential cases identifi ed via broad search were subsequently manually 

validated through review of medical records and hospitalization charts in those databases 
where validation was possible (HSD and IPCI). 

Statistical analysis
Custom-built soft ware Jerboa© manages and aggregates the data over all patients locally, 

producing as output the amount of person-time of follow-up and the number of events per sex 
and age group. We only considered the fi rst recorded occurrence of the event of interest aft er a one 
year run-in period. We calculated age- and sex-specifi c incidence rates (IRs) within each database 
and performed direct standardization using the WHO World Standard Population as reference to 
account for age diff erences when comparing the overall rates.24 Incidence rates were expressed as 
number of cases per 100 000 person-years (PYs) together with 95% Confi dence Interval (95%CI). 
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Table 1 | Codes and free text used in the database queries to identify PML cases. 

UMLS 
Concept

Concept Description ICD 10 ICD 9CM ICPC Free text

C0023524 Leukoencephalopathy, 
Progressive Multifocal

A81.2 046.3 MTHU044827 
MTHU050534

 − Leukoencephalopathy, Progressive 
Multifocal 

 − Multifocal leukoencephalopathy, 
NOS

 − Multifocal leucoencephalopathy
 − PMLE ‒ Progressive multifocal 
leukoencephalopathy

 − PML ‒ Progressive multifocal 
leucoencephalopathy

 − Progressive multifocal 
leukoencephalopathy (disorder) 

 − progressieve multifocale 
leukoencefalopathie (Dutch) 

 − Leucoencefalopatia multifocale 
progressive (Italian)

C0022369 JC Virus – – –  − JC Virus
 − JC polyomavirus
 − polyomavirus JC
 − Human polyomavirus type JC
 − Human polyomavirus JCV
 − polyoma virus JC JCV
 − JC virus (organism)
 − JC polyomavirus JCV

Legend: ICPC – International Classifi cation of Primary Care

RESULTS

A total of 1 150 cases of PML were identifi ed from demographic and clinical data in three 
European countries representing 21 171 291 individuals with 154 474 063 person-years (PYs) of 
follow-up. Th e overall incidence rate (IR) was 0.75 per 100 000 PYs. Figure 1 shows the IRs (pooled 
from all the databases) stratifi ed by sex and the diff erent age groups. About half of the PML cases 
were males (603 cases, 52.4%). Th e largest proportion of male cases were in the age group 30-50 
years old (267 cases, 23.2% of total), while the largest proportion of female cases came from those 
70 years and older (330 cases, 28.7% of total). Th e majority of cases overall were also in the age 
group of 70 years and older (46.7%). Th e increased IR in the elderly, as seen in Figure 2, was due 
primarily to the cases in HSD and ARS. Table 2 shows the number of PML cases identifi ed in each 
of the six databases and the corresponding IRs. Th e actual codes and search criteria that identifi ed 
the cases are given in Table 3. Th e highest IRs were observed in the Italian databases, with the GP 
database HSD having a crude IR of 4.97/100 000 PYs (standardized 2.29/100 000 PYs), followed 
by the regional administrative databases of ARS and Lombardy at 1.96/100 000 PYs (standardized 
0.73/100 000 PYs) and 0.49/100 000 PYs (standardized 0.39/100 000 PYs), respectively. Th e IRs 
for the databases in the Netherlands and in Denmark were quite similar, the standardized rates 
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ranging from 0.03/100 000 PYs (PHARMO) to 0.04/100 000 PYs (Aarhus) and 0.09/100 000 PYs 
(IPCI).

A subset analysis of the identifi ed cases in ARS, done post-hoc, showed that human immune 
defi ciency virus (HIV) disease was the most common co-morbid condition, being the most 
frequently reported primary hospital discharge diagnosis in those with a secondary diagnosis of 
PML. An overview of the most frequently reported primary hospital discharge diagnoses associated 
with a secondary hospital discharge diagnosis of PML is shown in Table 4. 

 

Figure 1 | Incidence rates of PML across age groups and sex (all databases) (see page 313 for colour fi gure). 

Figure 2 | Age-specifi c incidence rates of PML across the six databases from four countries (see page 312 
for colour fi gure).
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Table 2 | Incidence Rates of PML across six databases in three countries

Database
(type, country of origin)

No. of cases 
identifi ed

Person-time 
observed

(person-years, PYs)

Incidence rate 
(95%CI)

(per 100 000 PYs)

Standardized 
Incidence rate*

(per 100 000 PYs)

ARS
(claims, Italy) 362 18 493 714 1.96 (1.76, 2.17) 0.73

Lombardy
(claims, Italy) 484 98 905 832 0.49 (0.45, 0.53) 0.39

HSD/Th ales
(GP records, Italy) 289 5 814 074 4.97 (4.42, 5.57) 2.29

IPCI
(GP records, Netherlands) 3 2 862 113 0.10 (0.03, 0.28) 0.09

PHARMO
(claims, Netherlands) 4 13 951 825 0.03 (0.01, 0.07) 0.03

Aarhus
(claims, Denmark) 8 13 914 643 0.06 (0.03, 0.11) 0.04

Total 1 150 153 942 201 0.75 (0.70, 0.79)

*age-standardized to the World Health Organization’s Standard Population

Table 3 | Distribution of cases according to the database-specifi c coding scheme.

Database Code/Criteria Source Number of cases 
(% total in database)

Aarhus ICD10 : A812 Primary or secondary hospital discharge diagnoses 6 (75)

Death registry 2 (25)

ARS ICD9CM: 046.3 Primary hospital discharge diagnosis 149 (41)

Secondary hospital discharge diagnosis 209 (58)

Death registry 4 (1)

Lombardy ICD9CM: 046.3 Primary or secondary hospital discharge diagnoses 484 (100)

HSD ICD9CM: 046.3 
and free text

GP or specialist diagnosis 289 (100)

PHARMO ICD9CM: 046.3 Primary or secondary hospital discharge diagnoses 4 (100)

IPCI Free text GP or specialist diagnosis 3 (100)
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Table 4 | Most frequently reported primary hospital discharge diagnoses in patients with secondary 

discharge diagnosis of PML in the Italian database ARS.

ICD9 Code Description No. of times 
reported

042 Human immunodefi ciency virus (HIV) disease 20

435.9 Unspecifi ed transient cerebral ischemia 12

507.0 Pneumonitis due to inhalation of food or vomitus 11

518.81 Acute respiratory failure 10

427.5 Cardiac arrest 7

345.1 Generalized convulsive epilepsy 5

434.01 Cerebral thrombosis with infarct 5

276.5 Volume depletion 4

290.41 Vascular dementia with delirium 3

571.5 Cirrhosis of liver without mention of alcohol 3

414.0 Coronary atherosclerosis of unspecifi ed type of vessel, native or graft 3

038.4 Gram-negative septicemia not specifi ed 3

293.0 Delirium due to conditions classifi ed elsewhere 3

485 Bronchopneumonia, organism unspecifi ed 3

585 Chronic kidney disease (CKD) 3

584.9 Acute renal failure, unspecifi ed 3

854 Intracranial injury of other and unspecifi ed nature 2

431 Intracerebral hemorrhage 1

162.2 Malignant neoplasm of the main bronchus 1

V10.06 History of malignant neoplasm of the rectum, rectosigmoid junction, and anus 1

185 Malignant neoplasm of the prostate 1

197 Secondary malignant neoplasm of the respiratory and digestive systems 1

203.00 Multiple myeloma, without mention of remission 1

203.8 Other immunoproliferative neoplasm 1

710.1 Systemic sclerosis 1

714 Rheumatoid arthritis and other infl ammatory polyarthropathies 1

438 Late eff ects of cerebrovascular disease 1

DISCUSSION 

Th e advent of promising biologic therapies has raised hopes for long-suff ering patients, but 
has also raised concerns for PML as a devastating possible consequence of drug treatment.25 A lot 
of uncertainty remains about this disease, but what is clear is that physicians hitherto unaware 
or unfamiliar with the disease must now consider PML in their diff erential diagnoses and 
marketing authorization holders and drug regulators alike must ensure that the possible risk of 
PML is addressed in the risk management plan, and carefully monitored aft er drug approval, of 
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certain drugs. In this paper we have attempted to address some of the uncertainty by providing an 
overview of the epidemiology of PML in the general population of three European countries using 
electronic healthcare record databases. It has been suggested that non-immunosuppressed, healthy 
individuals account for <1% of all cases of PML.7 A study using health insurance claims in the US 
estimated the prevalence of PML in the general population at 4.4 cases per 100 000 individuals.26 
To date, there is no study describing the epidemiology of PML in the general European population 
against which we can compare our results, but our fi ndings are compatible with this US estimate, 
albeit slightly higher (1 150 PML cases out of the database network population of 21 171 291 
individuals translates to 5.5 cases per 100 000 individuals). An increased awareness about the 
disease in the last six years since the publication of this US study may account for this discrepancy. 

Th e incidence rates of PML observed in all three Italian databases were higher than those 
observed in both Denmark and the Netherlands, which were comparable with one another. 
We investigated whether this would be explained by a higher prevalence of HIV/AIDS in Italy 
compared to the other two countries. However, latest estimates from the Joint United Nations 
Programme on HIV/AIDS (UNAIDS) show that in 2009 the prevalence among adults aged 15-49 
was the same in the three countries: 0.3% for Italy and 0.2% for both Denmark and the Netherlands 
(140 000 people living with HIV/AIDS in Italy compared to 22 000 in the Netherlands and 5 300 
in Denmark).27 It might be possible that there is a higher incidence of HIV/AIDS among those 50 
years and older in Italy.28-32 Another possible explanation is that while incidence and prevalence 
of HIV/AIDS may be the same in all three countries, access to healthcare resources (including 
antiretroviral therapy) may be diff erent. Th e ICD9-CM code 046.3 is a very specifi c code for 
PML and it seems unlikely to be recorded unless there is a high index of suspicion. Review of the 
medical records of the PML cases identifi ed in HSD showed that PML was mostly diagnosed in 
patients with cerebrovascular ischemia (transient ischemic attack, stroke), dementia of various 
etiologies, autoimmune diseases (multiple sclerosis and rheumatoid arthritis), and cancer. Th is is 
probably due to the fact that these conditions share the same initial clinical manifestations as those 
of PML. Records also showed that about 50% of the cases underwent neuroimaging studies (MRI, 
CT scan) although the actual results were not always available. While the majority of these GP-
recorded diagnoses (both for HSD and IPCI) were confi rmed by a neurologist or other specialist, 
the possibility of misclassifi cation or misdiagnosis cannot be disregarded. With respect to claims 
reimbursements, PML does not translate to higher incentive according to the Drug-Related 
Groups (DRG) coding system and would not explain an eagerness for recording the diagnosis.

Because of the widespread nature of JCV infection and the association of PML with immune 
suppression, it is generally believed that viral reactivation from sites of latency triggers the initiating 
event that results in the development of PML.18 Th e observed peak of the IR in middle age most 
likely parallels the peak in HIV/AIDS incidence, especially in homosexual males. Th e increasing 
incidence of PML observed from age 50 years onwards could be a sign that the prevalence of 
HIV/AIDS in the elderly is underestimated, age being an important predictor of progression in 
HIV infections.33-34 Early symptoms of HIV, including fatigue and physical and neurocognitive 
deterioration, could be mistaken for other conditions frequently seen in the elderly such as 
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Parkinson’s disease and Alzheimer’s, or even attributed to ‘normal aging.’35 Such scenarios can 
lead to a delay in seeking medical care and delayed diagnosis. Another, perhaps more probable, 
explanation is that the increasing incidence of PML in the elderly refl ects the decline in the 
functioning of the immune system that comes with age and a greater risk for developing various 
malignancies, organ failure requiring transplant, as well as complications of autoimmune diseases. 

Aside from HIV/AIDS, other conditions that have been described in the literature to occur 
with, or predispose to, PML include systemic lupus erythematosus (SLE), infl ammatory myositis, 
dermatomyositis-polymyositis, rheumatoid arthritis, other autoimmune vasculitis, the leukemias, 
lymphomas, and bone marrow or solid organ transplants.8 Our fi ndings reveal some of these 
conditions as well as others which have not previously been described in the literature such as 
reticulosarcoma and malignant neoplasms of the lung, prostate, and bone and multiple myeloma. 
Our fi ndings also show that patients with PML have multiple co-morbidities including cardiac and 
cerebrovascular disease, which may mask the symptoms of PML and delay diagnosis, as well as 
advanced liver and kidney disease which may predispose to immune suppression. 

   
Limitations

Despite the wide population coverage of our study, there are some limitations. Th e EU-
ADR database network was primarily designed for drug safety surveillance and although 
incidence rates of various diseases are useful side products of the system, there remain caveats 
in the interpretation of such results. We only used diagnosis codes in identifying the cases of 
PML. Although corroborating evidence from neuroimaging, JCV DNA studies, or brain biopsy 
were sought during case validation, such data were not uniformly available in all the databases. 
Administrative databases may provide information on whether – and how many -such procedures 
were performed, but the nature of claims databases is such that the actual results are not routinely 
documented. While a patient with PML may have his or her fi rst clinical encounter with a GP, 
subsequent work-up requiring specialist care may not always be documented in the GP records. 
It was not feasible to conduct case validation by medical chart review in all the databases and this 
was done only in a subset of the cases. 

CONCLUSION

We have described the epidemiology of progressive multifocal leukoencephalopathy among 
the general population in three European countries and we have confi rmed that PML is a rare 
disease that is not only associated with HIV, but also with malignancy and autoimmune conditions. 
An observed increase in the incidence of PML in the elderly requires further investigation. With 
proper case validation, EHR databases may provide estimates of background incidence rates in the 
general population for rare events such as PML. 
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Chapter 5

Separating the Big Fish 
from the Small Fry

‘The world is richer in associations than meanings, and it is part of wisdom to 

diff erentiate the two.’ 

– John Barth, American novelist
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ABSTRACT

Background. Th ere is huge potential for mining electronic healthcare record (EHR) databases to 
augment current systems in pharmacovigilance. Like any signal detection system, there is a need 
to establish ‘rules’ how to trigger an alert, when to consider a signal likely enough to be true to 
warrant follow-up or even to require immediate health policy intervention. 
Objectives. To describe the process of prioritization of drug-adverse event associations derived 
from signal detection using EHR databases in the EU-ADR Project.
Methods. Association measures between drug use and acute myocardial infarction (AMI) were 
generated by fi rst applying various statistical methods on healthcare data from seven databases of 
the EU-ADR network. Association estimates were ranked based on the best performing method 
(Longitudinal Gamma Poisson Shrinker). Matched case-control and self-controlled case series 
methods were additionally conducted to deal with temporality and confounding eff ects, while 
the LEOPARD method was applied to specifi cally detect protopathic bias. Consistency of the 
association among drugs of the same class and the number of excess cases attributable to the drug 
exposure were further assessed to prioritize the list of potential signals. Finally, signal fi ltering and 
signal substantiation were done using diff erent bioinformatics workfl ows to determine the novelty 
and plausibility of the identifi ed signals.
Results. Demographic, clinical and prescription/dispensing data from seven databases in three 
European countries were obtained, representing 21 171 291 individuals with 154 474 063 
person-years of follow-up in the period 1995-2011. Overall, 163 potential signals for AMI were 
identifi ed based on preliminary screening for statistical associations. Of these, 72 signals were 
fl agged by LEOPARD as likely due to protopathic bias. Further signal refi nement to reduce 
possible confounding decreased the number of signals to 39. Th e following nine signals remained 
aft er applying the criteria for novelty and plausibility: (1) metoclopramide; (2) cisapride; (3) 
domperidone; (4) betamethasone; (5) erythromycin; (6) roxythromycin; (7) azithromycin; (8) 
fl uconazole; and (9) megestrol. 
Conclusion. We propose a prioritization strategy for drug safety signal detection using EHR by 
taking into account, in addition to statistical associations, also public health relevance, novelty, 
and plausibility. Th is strategy needs to be further tested using other EHR data sources and other 
adverse events. 
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INTRODUCTION

Th e scale-up and automation of drug safety surveillance eff orts has become both a science1 
and a crusade and has brought to the fore the huge potential for mining electronic healthcare 
record (EHR) databases to augment current systems in pharmacovigilance. While the advantages 
of automated surveillance and quantitative signal detection are obvious, there are growing concerns 
that such data mining may generate more signals than can be followed up eff ectively with currently 
available resources. Th is concern is not entirely unfounded, considering that the annual volume 
of reports received in spontaneous reporting systems (SRS), database systems primarily designed 
for signal detection, has become enormous and unmanageable.2-3 Th e problem is likely to be worse 
with the use of EHR data which have been intended for other purposes and which can be mined 
for associations without routine human evaluation of potential alternative explanations. 

Signal detection is only the initial step in the long and complex process of post-marketing 
safety surveillance. Th e evaluation of a signal may take years, from the earliest suspicion of 
a potential risk to an established mechanism of causation and fully understood phenomenon.4 
While signals derived from EHR data may give a good snapshot of how drugs are being used 
in real-world settings, there remains the need to establish guidelines as to when - and how - to 
consider a signal likely to be substantial enough to warrant verifi cation and follow-up. Various 
strategies for signal prioritization have been proposed in many publications, although most of 
these refer to signals derived from SRS.4-8 Th ese strategies focus consistently on signals with 
serious adverse eff ect, strong supporting evidence, and greatest public health impact. With the new 
pharmacovigilance legislation adopted by the European Parliament and European Council9-10 and 
strengthened legal basis for additional post-authorization monitoring (consequently increasing 
the work and accountability of both drug manufacturers and regulators), there is an even more 
pressing need to streamline the process of surveillance.

In this paper we describe the process of triage and evaluation of drug-event associations 
derived from signal detection using EHR databases based on preliminary results from the EU-
ADR Project. Taking the event acute myocardial infarction (AMI) as an example, we propose a 
strategy for combining evidence from diff erent data sources and modalities to prioritize signals 
that may represent genuine risk and, hence, necessitate further investigation through traditional 
hypothesis testing studies or action from regulatory agencies.

METHODS

Data sources
Th e EU-ADR network currently comprises anonymized demographic, clinical and drug 

prescription/dispensing information from eight population-based electronic healthcare records 
(EHR) databases in four European countries. Signal detection was performed in the following seven 
databases for the period 1995-2011: (1) Health Search/CSD LPD (HSD, Italy); (2) Interdisciplinary 
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Processing of Clinical Information (IPCI, formerly known as Integrated Primary Care Information, 
the Netherlands); (3) Pedianet (Italy); (4) PHARMO Network (PHARMO, the Netherlands); 
(5) Aarhus University Hospital Database (Aarhus, Denmark); (6) Lombardy regional database 
(Lombardy, Italy); and (7) Tuscany regional database (Tuscany, Italy). HSD, IPCI, and Pedianet 
are general practice (GP) databases, where both clinical information and drug prescriptions 
are recorded. Aarhus, PHARMO, Lombardy, and Tuscany are all comprehensive record-linkage 
systems in which drug dispensing data of a well-defi ned population are linked to a registry of 
hospital discharge diagnoses and various other registries. All of the databases in EU-ADR have 
been widely used for pharmacoepidemiologic research, have well-developed safeguard mechanisms 
ensuring patient data protection, and have been validated for a variety of drug exposures and 
clinical outcomes.11-24 Most healthcare services, including pharmaceutical services, are provided 
for, or subsidized by, the state in Italy and Denmark and covered by obligatory health insurance 
in the Netherlands and turnover is low. In all of the countries with GP databases, GPs function as 
‘gatekeepers’ of the healthcare system. A more detailed description of the database network can 
be found in earlier publications.25-27 Data in EU-ADR are combined using a distributed network 
approach: standardized input fi les are created locally by each database; the fi les are then processed 
using custom-built soft ware (Jerboa©), which aggregates, de-identifi es and sends the results in 
encrypted format to a central repository for evaluation and further analysis. 

Identifi cation and validation of cases of acute myocardial infarction
Potential cases of acute myocardial infarction (AMI) in the database network were identifi ed 

using harmonized and database-specifi c coding algorithms that utilize three disease coding 
terminologies: (1) International Classifi cation of Primary Care (ICPC) for IPCI; (2) International 
Classifi cation of Diseases 9th revision-Clinical Modifi cation (ICD-9CM) for ARS, HSD, Lombardy, 
and PHARMO; and (3) ICD 10th revision for Aarhus. IPCI, HSD, and Pedianet also performed free 
text search using specifi c key words. Th e process of mapping and the harmonization of event data 
extraction from diff erent EHR databases in the EU-ADR project was based on medical concepts 
derived from the Unifi ed Medical Language System (UMLS)28 and has been described in other 
publications.29-31 Case validation using manual review of hospitalization records and GP records 
was done in a subset of the cases. Details of the search algorithms used as well as the case validation 
performed are described in another paper.32 

Drug exposure
Drug prescription and/or dispensing data were used to estimate event rates during drug 

exposure. Drug prescriptions and dispensings in EU-ADR are locally coded using the national 
product codes, which diff er among countries but these product codes are linked to the Anatomical 
Th erapeutic Chemical (ATC) classifi cation system of the World Health Organization (WHO) 
system.33 Th e ATC code is used as the drug code in the EU-ADR input fi les. Each database 
holder estimates the duration covered by each prescription or dispensing according to the legend 
duration (if dosing regimen is available), or is otherwise based on the defi ned daily dose (DDD).34 
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Overlapping treatment episodes with the same drug (same ATC code) are combined into a 
single episode of drug use that starts when the fi rst prescription begins and stops when the last 
prescription ends. When a patient uses more than one drug at a time, the corresponding person-
time is labeled accordingly. Using individual data on start date and end date of prescription or 
dispensing, Jerboa© determines and marks as unexposed those periods during which an individual 
is included in the study but is not using any drug. Events are then assigned to the episodes (drug 
use/non-use) in which they occurred.

Signal Detection 
Th e EU-ADR system comprises three automated steps that generate a list of potential safety 

signals. For signal triage we describe additional measures that could be used for fi nal prioritization 
if the interest would be to create a list of signals that requires further follow-up. 

EU-ADR Step 1: Data mining techniques for signal detection
In a previous paper we described in detail the various statistical methods currently employed 

for signal detection in EU-ADR.35 Th e following statistical methods were applied to data 
pooled from seven databases representing three countries in the EU-ADR network (Denmark, 
Italy, and the Netherlands): (1) SRS-based methods, including the proportional reporting ratio 
(PRR), reporting odds ratio (ROR), Gamma Poisson Shrinker (GPS), and Bayesian Confi dence 
Propagation Neural Network (BCPNN); (2) cohort-based methods, including estimation of the 
incidence rate ratio (IRR), longitudinal GPS, and Bayesian hierarchical modeling; and (3) case-
based methods, including case-control and self-controlled case series (SCCS). Another method, 
LEOPARD (Longitudinal Evaluation of Observational Profi les of Adverse events Related to Drugs), 
developed in EU-ADR, attempts to single out signals which may occur because the drug is used to 
treat the event, or a precursor of the event, rather than cause it. For every suspect drug-event pair, 
LEOPARD compares the rates of prescription starts within a fi xed window (±25 days) prior to and 
aft er the occurrence of the event. An increase in the number of prescriptions aft er an event relative 
to the number of prescriptions prior to the event is taken to be an indication of protopathic bias.36 
Th is is assessed using a binomial test.

EU-ADR Step 2: Automated signal fi ltering 
Th e drug-adverse event associations from Step 1 were further evaluated to discriminate 

among potentially relevant new signals and already known signals. Th is process of signal fi ltering 
was carried out by mining of published literature (via MEDLINE) as well as publicly available 
pharmacological databases and repositories.37-38 

EU-ADR Step 3: Automated signal substantiation 
Th e process of signal substantiation requires that the signal be placed in the context of current 

knowledge of pharmacological mechanisms that might explain it.37, 39 To substantiate the likelihood 
of certain signals based on biological plausibility, automatic linkage of biomedical entities (drugs, 
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proteins and their genetic variants, biological pathways and clinical events) via customized 
bioinformatics methods was done to fi nd supporting biological evidence for the potential signals. 
All signals were processed by a computational framework that identifi es pair-wise relationships 
between the drug and the event based on in silico prediction of drug targets, analysis of drug 
metabolites and gene-disease associations.39, 40 Figure 1 shows a schematic representation of the 
substantiation set-up. Both signal fi ltering and signal substantiation workfl ows were developed as 
discrete web services and are currently implemented in a web-based platform that allows automatic 
processing of the signals.41-42 

Figure 1 | Schematic representation of the substantiation workfl ows that can guide causal inference for a 
signal.

Triage of signals for further follow up
Prioritization of signals for further follow-up was done based on a sequence of additional 

methods that mimic the usual steps in the triage of signals generated from SRS and based on the 
Bradford-Hill criteria for causality. 

Strength of statistical association. Th e Longitudinal Gamma Poisson Shrinker (LGPS) 
method was identifi ed as the best-performing among the methods currently being used in EU-
ADR, i.e., it had the highest area under the receiver operator characteristic curve (AUC) when 
tested against a reference standard of known positive drug-event associations and ‘negative 
controls.’35, 43-44 We used the risk estimate obtained by this method (relative risk, RRLGPS) to initially 
rank the list of potential signals from Step 1. A value of RRLGPS≥2.0 and a lower 95% CI of RRLGPS>1 
were used as threshold values for further processing. 
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Figure 2 | Framework for the triage of signals identifi ed from EHR data..

Alternative explanation: protopathic bias and confounding. All potential signals fl agged by 
LEOPARD as likely due to protopathic bias were eliminated from the list. To account for possible 
confounding, we further sorted out the list and considered only those signals which had signifi cant 
increased risk estimates based on the case-control method (lower 95% CI of exposure odds ratio 
(OR)>1) or the SCCS (lower 95% CI of incidence rate ratio (IRRSCCS)>1). In the case control 
method, each case was matched to two controls of the same age, sex, and index date (date of 
event). To adjust for comorbidity and global patient health status we used as proxy the number 
of diff erent drugs (i.e., distinct Anatomical Th erapeutic Chemical Classifi cation (ATC) codes)45 
an individual was exposed to within the period included between one year and one month prior 
to the index date.46 Th e SCCS method controls for time-fi xed confounders such as genetic factors, 
socio-economic status, individual frailty, and severity of underlying disease.47

Consistency of association among drugs of the same class. While it may not always be the 
case, drugs belonging to the same class usually have a similar pharmacological mechanism of 
therapeutic action and safety profi le.48-50 Based on this assumption, signals that involve drugs 
belonging to the same class may require more thorough investigation.

Public health importance. To quantify the public health impact of a potential signal, we used 
as a surrogate the number of excess cases of patients exposed to the drug relative to the background 
unexposed population (observed – expected). At the outset, we already focused our signal 
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detection eff orts in EU-ADR on events that are considered important from a pharmacovigilance 
and public health perspective.51 

Novelty. Th e very nature of a signal requires it to be a phenomenon describing a ‘new 
potentially causal association, or a new aspect of a known association.’52 We incorporate the 
criterion for novelty in the triage framework by making use of the signal fi ltering workfl ows 
described in Step 2. A drug-adverse event association that is fl agged as known, or previously 
reported, in more than one of three biomedical databases (MEDLINE: URL http://www.nlm.nih.
gov/bsd/pmresources.html; DrugBank: URL http://www.drugbank.ca/; or DailyMed: URL http://
dailymed.nlm.nih.gov/dailymed/) is taken off  the signals list.

Plausibility. To identify meaningful signals, signal detection must go beyond statistical 
association to demonstration of a possible mechanism for the drug-adverse event association via 
pathophysiologic pathways and metabolic targets. Th is process of signal substantiation can steer 
the signal triage process into more sound decisions as to which signals are worth following up. As 
a fi nal assessment procedure, we retained in the signal list only those associations for which the 
substantiation workfl ow could fi nd a possible biologic mechanism.

Using the substantiation qualifi cation may preclude fi nding those associations which cannot 
be predicted from the drug’s pharmacological action. Th ere are, however, many known ADRs 
the mechanisms of which remain unclear or have yet to be elucidated, including the so-called 
idiosyncratic reactions.53,54-55 To account for this type of ADRs, we determined how many and 
which signals would remain if we keep those signals for which the substantiation workfl ow did 
not fi nd anything, but passed the novelty requirement. A manual search of the literature was 
performed to determine whether there could be some explanation for these additional signals.

RESULTS

Th e results described below are based on healthcare data from 21 171 291 individuals with 
154 474 063 person-years (PYs) of follow-up within the period 1995-2011. A total of 235 283 
cases of AMI were identifi ed in the entire database network, with pooled background incidence 
rate=153.7/100 000 PYs (no AMI cases were identifi ed in Pedianet). Th ere were 163 potential 
signals (i.e., drug-event associations) identifi ed for AMI through mining of EHR using LGPS as a 
screening method. Of these, 72 signals were fl agged and discarded by LEOPARD as likely due to 
protopathic bias. Table 1 shows the therapeutic classifi cation of drugs comprising the remaining 
91 signals. Further refi nement of the signals to reduce possible confounding by means of the case 
control and SCCS methods reduced the number of signals to 39. Th e classes of drugs associated 
with more than one signal are shown in Table 2. 

Th e number of excess cases attributable to drug exposure ranged from 18 for the systemic 
antibacterial rokitamycin to 2 445 for fi xed-dose combinations containing metformin. Aft er 
applying the criteria for novelty and plausibility, only 9 signals remained. Th ese potential signals 
are listed in Table 3. To consider the possibility of idiosyncratic reactions or associations which 
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cannot be explained by the drug pharmacology, signals not substantiated by the workfl ows were 
included back in the list. Th is increased the number of potential signals to 27.

Table 1 | Th erapeutic classifi cation of drugs comprising potential signals for acute myocardial infarction*. 

Th erapeutic class No. of drugs

Systemic antibacterials 22

Opioid analgesics 10

Antiemetic/gastric prokinetic agents 9

Antineoplastics or immune modulators 9

Systemic corticosteroids 5

Antihypertensives 4

Oral hypoglycemic agents 4

Antiretrovirals 4

β-adrenergic agonists 4

Antihemorrhagic and anti-anemic preparations 3

Systemic antifungals 2

Antipsychotics 2

Cough and cold preparations 2

Antacids 2

Nonsteroidal anti-infl ammatory drugs 2

Disease-modifying antirheumatic drugs 1

Muscle relaxants 1

Antidepressants 1

Hormonal contraceptives 1

Antimycobacterials 1

Antidote/ion-exchange resins 1

Phosphate binders 1

Total 91

* based on RRLGPS≥2, lower 95% CI of RRLGPS>1, and unlikely due to protopathic bias
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Table 3 | Drugs comprising potential signals for increased risk of acute myocardial infarction which passed 

the signal fi ltering (novelty criterion) and signal substantiation (plausibility criterion) procedures.

Drugs that satisfi ed both novelty and plausibility 
criteria

Drugs that satisfi ed only novelty criterion

Metoclopramide Combinations of aluminium, magnesium, and calcium salts

Cisapride Magaldrate

Domperidone Butylscopolamine

Betamethasone Gliquidone

Erythromycin Metformin combinations with sulfonamides

Roxithromycin Methylprednisolone

Azithromycin Pivampicillin

Fluconazole Phenoxymethylpenicillin

Megestrol Dicloxacillin

Ceft riaxone

Cefi xime

Ceft ibuten

Rokitamycin

Azathioprine

Ketobemidone and antispasmodics

Fenoterol (inhaled)

Salbutamol (inhaled)

Polystyrene sulfonate

DISCUSSION

We have described a strategy for prioritizing potential safety signals identifi ed from EHR 
data. We attempted to simulate, using this strategy, how a physician or a regulator would go 
about evaluating suspected drug-induced adverse events. Th is is the fi rst signal triage strategy 
developed for use – and tested – in electronic healthcare data. In this strategy, we take into account 
public health relevance, novelty, and plausibility in addition to statistical association. In a concept 
paper sent for public consultation regarding the implementation of the new pharmacovigilance 
legislation, the EC proposed to determine the evidence contained in a signal using a common 
methodology that takes into account the ‘quantitative strength of the association, consistency of 
the data, exposure response relationship, biological plausibility, experimental fi ndings, possible 
analogies and the nature and quality of the data.56 Similar attributes have been deemed important 
in evaluating associations, both within and outside pharmacovigilance.57-58

Stepwise exclusion of alternative causes for the potential signal is part of an etiology-based 
approach for the assessment of ADRs and while this is usually inherent in physician-reported 
ADRs this is not the case with associations obtained from EHR data (particularly with claims 
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data), which are inferred outside the actual physician-patient encounter. We have tried to simulate 
this process by assessing how protopathic bias and confounding (due to time-invariant factors 
as well as comorbidity and overall health status) could explain the signals identifi ed. Although 
the mechanisms behind most ADRs are still not completely understood, accumulating evidence 
over the years indicate the interplay of various factors and an increasing role of inter-individual 
genetic variants, most notably single nucleotide polymorphisms (SNPs), in genes encoding drug 
metabolizing enzymes and drug target genes.17 Th e triage strategy we developed takes into account 
these various pathways which can lead to a plausible explanation of the identifi ed drug-adverse 
event associations. 

Potential signals identifi ed by the triage strategy
Systemic antibacterials and AMI. Several studies have shown that β-lactam antibiotics may 

cause allergic reactions and initiate acute coronary syndrome (ACS) in hypersensitive individuals. 
ACS refers to a spectrum of clinical presentations that include ST-segment elevation myocardial 
infarction (STEMI), non–ST-segment elevation myocardial infarction (NSTEMI), and unstable 
angina. Th e coincidental occurrence of chest pain and allergic-anaphylactic reaction accompanied 
by clinical and laboratory fi ndings of classical angina pectoris, caused by infl ammatory mediators 
released during an allergic insult, constitutes the so-called Kounis syndrome.59-60 Th is allergic 
angina can progress to AMI, also referred to as ‘allergic myocardial infarction.’ Th e clinical 
manifestations of Kounis syndrome, including electrocardiographic fi ndings, are similar to AMI. 
Th e proposed mechanism behind the Kounis syndrome is via the action of cardiac mast cells found 
in the coronary artery intimal layer and atherosclerotic plaques. It has been demonstrated that the 
density of mast cells in the culprit atheroma of patients who died from AMI was 200 times higher 
than the density in normal coronary vessels from the same patients.61 Th ese mast cells become 
activated during the allergic reaction and release endogenous mediators, including histamine, 
leukotrienes, thromboxane, platelet activation factor (PAF), tryptase, chymase, and rennin – all of 
which aff ect diff erent receptors on the coronary vessel wall that may result in AMI.62 Histamine, 
the main amine released during allergic reactions, increases the movement of calcium ions into 
the myocardial cells and accelerates phase 4 spontaneous depolarization of the ventricular action 
potential. Th e eff ects of histamine on cardiac function, including increased cardiac contractility 
and heart rate as well as coronary vasospasm, are mediated via H1- and H2- receptors situated on 
the four cardiac chambers and coronary arteries. Activation of H1 receptors on endothelial cells 
stimulates the release of prostaglandins, interleukin 6, and interleukin 8 into the circulation which 
causes infl ammation. Histamine also induces tissue factor expression and contributes to thrombus 
formation.63 In addition to direct coronary vasoconstriction and thrombus generating eff ects, 
histamine also potentiates the platelet aggregating response to adrenaline. Kounis syndrome has 
been described with use of penicillin, ampicillin, amoxicillin, cefuroxime, cefoperazone, and 
cefoxitin.62 To date, there have been no reports in the literature associating macrolide antibiotics 
(which include erythromycin, roxithromycin, and azithromycin) with the Kounis syndrome. It 
is, however, possible that the macrolides produce coronary vasopasm via the same mechanism 
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as that of the β-lactam antibiotics; aft er all, macrolides also induce hypersensitivity reactions, 
although much less frequently than the β-lactams.64-65 Both immediate-type hypersensitivity (i.e., 
anaphylaxis) non-immediate reactions like fi xed drug eruptions, toxic epidermal necrolysis and 
leukocytoclastic vasculitis have been reported with the use of macrolide antibiotics.64, 66 Another 
possible, perhaps more likely explanation, is related to channeling: macrolide antibiotics are 
used preferentially in those patients who may be at higher risk for developing hypersensitivity to 
β-lactam antibiotics, and consequently at risk for developing Kounis syndrome.

Recreational drug use with cocaine and oral contraceptive use in women are the main 
culprits usually implicated when AMI occurs in a young patient with no clinically evident coronary 
disease or other known cardiovascular risk factors.67-68 Th e foregoing results suggest that systemic 
antibiotics may have an increasing, or previously unrecognized, role in drug-induced AMI; further 
studies are needed to explore this. 

Gastric prokinetic agents and AMI. Among the gastric prokinetic agents, cisapride has the 
most well-characterized cardiac adverse eff ect profi le, which includes ventricular arrhythmia, QT 
prolongation and torsades de pointes.69-71 However, both metoclopramide and domperidone have 
also been reported to have arrythmogenic potential.72 Th eir eff ects on the cardiovascular system 
are related to their action on dopaminergic and 5-HT receptors; this could be the same mechanism 
that predisposes to myocardial ischemia or infarction, although how this may happen is unclear.73 
Most of the literature associating gastric prokinetic agents with AMI are related to the use of these 
agents in those patients who already have AMI. Th ese anti-emetics are also given to patients as pre-
anesthesia medication in procedures such as coronary angiography in patients who are at risk for, 
or may already have, AMI.74 In addition, prokinetic agents may be co-administered with morphine 
in patients presenting with chest pain and suspected AMI.75 Th ese two scenarios present possible 
explanations for detecting the association with AMI, although if this were the case this signal 
would have been likely to be fl agged by LEOPARD as being caused by protopathic bias.

Systemic antifungals and AMI. Fluconazole has been associated with cardiac adverse 
eff ects including QT prolongation and torsades de pointes,76-77 but not with myocardial ischemia 
or infarction (at least not directly). Another drug belonging to the same class (itraconazole), has 
been described as causing a negative inotropic eff ect resulting in congestive heart failure, with the 
characteristic triad of hypertension, hypokalemia, and edema.78-79 Th e product label of itraconazole 
has been changed to include a warning to avoid administration to patients with evidence, or 
history, of heart failure.80 Itraconazole was fi ltered out in the initial signal screening, because it 
had an RRLGPS for AMI of 1.5 (95% CI 1.2, 1.9). Th ere were 17 excess AMI cases attributable to 
Itraconazole exposure and although it was not fl agged by LEOPARD for protopathic bias, the risk 
estimates obtained using case-control (OR 1.1 with 95% CI 0.8, 1.6) and SCCS (IRR 1.6 with 95%CI 
0.9, 3.1) were not considered signifi cant. Th is, however, does not discount the possibility that the 
azole antifungals may trigger AMI in those already at risk by modifying lipid profi le, an important 
determinant of cardiovascular risk. Th e product label of fl uconazole indicates that there have been 
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post-marketing reports of both hypercholesterolemia and hypertriglyceridemia with fl uconazole 
use.81 Th ere have been no published assessment or validation of such reports,82 however, and it 
seems worthwhile to investigate this association further and explore the possible mechanisms 
for the dyslipidemia. Drug-drug interactions may also play a role in the development of AMI, 
especially in high-risk patients who are taking multiple cardiac drugs. Because of their mechanism 
of action, all the azole antifungals inhibit CYP450 enzymes to some degree and may predispose to 
adverse cardiac complications, including rhythm problems and ischemia or infarction.83-84 

Systemic corticosteroids and AMI. Lipodystrophy, weight gain, and hypertension are known 
corticosteroid-induced adverse eff ects.85 Hyperlipidemia is usually associated with long-term 
corticosteroid use. Cases of AMI with use of systemic corticosteroids have also been reported.86 In 
a Danish study of 12 089 patients with an out-of-hospital cardiac arrest (OHCA), pharmacotherapy 
with systemic corticosteroids, bronchodilators, and antipsychotics were found to have the strongest 
association up to 30 days before OHCA.87 Similar results were found for associations up to one year 
before OHCA. Th e association of AMI with systemic corticosteroid use may also be a refl ection 
of the underlying population of corticosteroid users rather than a direct adverse eff ect of the drug 
itself. Systemic corticosteroids are used in patients with systemic lupus erythemaytosus (SLE) 
and other rheumatologic diseases. Accelerated atherosclerosis and premature coronary artery 
disease (CAD) are recognized complications of SLE, psoriasis, and other rheumatologic disorders, 
although the exact etiology remains unclear and is likely to be multifactorial.88-89 In a UK-wide 
study involving 53 patients with either AMI or angina pectoris, SLE patients with clinical CAD 
were more likely to have been treated with corticosteroids (OR 2.46; 95% CI 1.03, 5.88).90 Patients 
on corticosteroids are also likely to have associated chronic kidney disease (CKD), which may 
further predispose them to develop dyslipidemia.91 

Progesterone derivatives and AMI. Megestrol (marketed as megestrol acetate) is a 
progesterone derivative that is used for hot fl ushes, for palliative treatment of some hormone-
dependent malignant neoplasms such as advanced carcinoma of the breast, endometrium, and 
prostate, as well as treatment of anorexia and cachexia in patients with AIDS or cancer. Th ere is 
not much data in the literature regarding cardiovascular risk of progestogens, except within the 
context of combination with estrogens in hormonal replacement therapy,92-95 although some data 
suggest that progestogens having higher androgenic potency may attenuate the benefi cial eff ects 
of estrogen on lipid profi le and vasomotor response of the coronary arteries.96-101 Megestrol may 
predispose to AMI via its eff ects on known cardiovascular risk factors. Weight gain, hypertension, 
and hyperglycemia or diabetes mellitus may occur with use of megestrol via glucocorticoid action-
mediated increased peripheral insulin resistance (especially with long-term use).102-105
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New associations but unsubstantiated by automatic procedures
We looked at the signals that were new (i.e., not previously described in the literature) but 

were not automatically substantiated to recover associations which may not be explained by the 
drug’s pharmacology.106-108 Doing away with the substantiation requirement, however, yielded 
drugs that are similar to those described above. Butylscopolamine is another prokinetic agent, 
methylprednisolone is another corticosteroid, while pivampicillin, phenoxymethylpenicillin, 
dicloxacillin, ceft riaxone, cefi xime, ceft ibuten, and rokitamycin are all systemic antibacterials (and 
all β-lactams except for the last one which is a macrolide). In the same UK study that looked at CAD 
in SLE patients, azathioprine exposure was more likely in patients who developed CAD compared 
to those who did not have CAD (OR 2.33; 95% CI 1.16, 4.67).90 Th e bronchodilators Fenoterol and 
Salbutamol may trigger AMI via their action on β- receptors, primarily increased heart rate and 
cardiac contractility, resulting in increased myocardial oxygen demand and consequent ischemia 
and infarction. Some newer antidiabetic drugs have been found to increase the risk for AMI, but 
it seems more likely that the association with gliquidone and metformin refl ect the underlying 
condition in such patients, diabetes being a major risk factor in the development of CAD and 
AMI (confounding by indication). No plausible mechanisms could be found for the associations 
involving the antacids, the opioid ketobemidone, and the phosphate binder polysterene sulfonate.

Limitations and next steps
Although we tried to incorporate into this signal triage strategy most of the criteria 

considered pertinent and relevant, there is still room for some improvement. Refi nement of signal 
detection methods, including optimization of parameter settings to determine which method (or 
methods) can be best suited for particular types of adverse events, is currently ongoing.11 Although 
we tried to take into account global health status and co-morbidities, residual confounding cannot 
be ruled out. Dose-response relationships, exposure duration and carryover eff ects, and the eff ect 
of concomitant use of other drugs (including drug-drug interactions) were not considered in this 
triage strategy. Such factors are diffi  cult, but not impossible, to assess in aggregated healthcare data 
when all drugs are being studied (as how it is in signal detection). Having a ‘priority list’ of signals 
should make this problem of multidimensionality more manageable. Continuous update of the 
knowledge/biomedical databases is necessary; many new molecular entities are introduced into 
the market every year and databases that catalog the pharmacology and toxicology of these drugs 
(including information on molecular targets and gene associations) have not been able to keep up. 
Furthermore, although information on these drugs may be available, many of these bioinformatics 
databases may not be publicly available. We used the ATC drug coding system to harmonize the 
identifi cation of drugs in the EHR databases within EU-ADR (which have their own drug coding 
systems). However, there are some drugs, particularly new drugs, which could not be found in 
the bioinformatics databases using the ATC-based algorithms developed. Th is issue of attribution 
is also a problem when looking at fi xed drug combinations, because drug information is usually 
catalogued per individual active drug ingredient. While the automated signal fi ltering and signal 
substantiation streamlined the triage and greatly reduced manual work, full automation of the 
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signal prioritization process is still not possible at this time. Manual verifi cation of the output 
produced by these workfl ows, in terms of both accuracy and completeness, remains a crucial step. 

Finally, signal detection is, by defi nition, a hypothesis-generating exercise. Formal 
pharmacoepidemiologic studies to investigate the associations identifi ed by the triage algorithm 
as necessitating follow-up are obvious and necessary next steps. It is not surprising that the results 
we obtained in this study led to more questions rather than answers. Some questions appear to 
deserve further attention, such as the issue of Kounis syndrome occurring in other drugs that elicit 
hypersensitivity reactions.

CONCLUSION

We have proposed a signal triage strategy for use in signal detection using EHR that goes 
beyond statistical association to demonstration of public health relevance, novelty, and plausibility. 
Th is strategy needs to be further tested using other EHR data sources and other adverse events. 
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Chapter 6

Summary Discussion and Perspectives

 The ultimate test for pharmacovigilance systems is the demonstration of 

public health benefi t and it is this test which signal detection methodologies 

need to meet if expectations of all stakeholders are to be fulfi lled. 

– CIOMS Working Group VIII





General Discussion
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Th e concept of a signal, from a drug surveillance point of view has evolved from its defi nition 
by the World Health Organization (WHO) in 20021 to a more synthesized and comprehensive 
defi nition proposed by Hauben and Aronson:2 (1) It is based on information from one or more 
sources (including observations and experiments), suggesting an association (either adverse or 
benefi cial) between a drug or intervention and an event or set of related events (e.g., a syndrome); 
(2) It represents an association that is new and important, or a new aspect of a known association, 
and has not been previously investigated and refuted; and (3) It demands investigation, being 
judged to be of suffi  cient likelihood to justify verifi catory and, when necessary, remedial actions. 
It is thus evident that a signal in pharmacovigilance may – and will – arise from various data 
sources. It has been posited that electronic healthcare record (EHR) databases represent an 
important resource for safety signal detection and active surveillance and can augment existing 
pharmacovigilance systems.3 Various public-private initiatives worldwide have been launched, and 
great investments have been made, to explore the secondary use of EHR for this purpose. In this 
thesis, we have drawn from the experience of the EU-ADR network (Exploring and Understanding 
Adverse Drug Reactions by Integrative Mining of Clinical Records and Biomedical Knowledge, 
http://www.euadr-project.org/), a federation of eight EHR databases in four countries in Europe, 
to demonstrate the feasibility of combining diverse and diff erently structured data and pave the 
way for pro-active signal detection. Th is database network represents a resource of unprecedented 
size for monitoring of drug safety in Europe, containing healthcare data from more than 21 million 
individuals with over 154 million person-years (PYs) of follow-up. In the following discussion 
we give a summary of the opportunities and challenges that come with heterogeneity in database 
structure, with diff erences in language and coding of both drugs and diseases, and with the 
diversity in the organization of European healthcare systems.

MAIN FINDINGS

In our review of existing pharmacovigilance systems we reiterated the important contribution 
of spontaneous reporting systems (SRS) and prescription event monitoring systems (PEM) to 
post-marketing surveillance. Despite their well-described limitations, spontaneous reports have 
unquestionably played a major role in highlighting potential safety signals post-marketing and 
have provided supporting evidence for various regulatory actions. SRS gather real-life data on 
marketed drugs and, when review of individual case reports or case-series analysis is possible, may 
permit the identifi cation of potential safety concerns. Th ere are numerous examples of signals that 
have been generated or reinforced through SRS.4-9 PEM has, likewise, identifi ed some important 
signals.10-11 Active ascertainment with PEM supplements SRS by providing prescription follow-
up information that can serve as a denominator for calculating event rates, but important gaps 
remain. One of the principal objectives of exploring EHR databases for safety surveillance is to be 
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able to fi ll some of these gaps. EHR-based signal detection systems are not subject to many of the 
limitations of SRS, including the lack of ’denominator,‘ underreporting, variable and incomplete 
reporting, or lack of information regarding overall health status prior to and aft er a suspected 
ADR. Potential risk associated with drug use should be measured both in terms of risk to the 
individual and the population frequency, which requires knowledge of the level and duration of 
exposure. Time-stamped, population-based healthcare data enables calculation of background 
incidence rates and allows comparison of event rates before and aft er drug exposure – information 
which spontaneous reports are not able to provide. With the use of proper methodologies, the 
longitudinal nature of the data may allow identifi cation of adverse events that have a long delay 
between exposure and clinical manifestations (e.g., cardiac valvulopathy or cancer), especially in 
databases with long patient follow-up and low turnover. While most spontaneous reports usually 
involve newly marketed drugs, EHR data can highlight new risks associated with old drugs (as a 
consequence of new indications of use or new generation of users), as well as adverse events that 
have high background incidence rates (such as acute myocardial infarction) and events which are 
less likely to be suspected as drug-induced, thus less likely to be reported. Furthermore, data from 
EHR provide greater detail regarding patient demographics, drug use, and utilization of healthcare 
services which permit evaluation of the benefi t-risk profi le of drugs, hence putting safety issues in 
a broader perspective and fostering sound regulatory decisions.

Th ere have been many eff orts to evaluate the usefulness of EHR databases for drug safety 
signal detection, including the adaptation of signal detection algorithms developed in SRS for use 
in EHR and the development of novel signal detection methods that can be employed specifi cally 
within the context of EHR.12-15 Within the last fi ve years international collaborations have been 
forged to put together multiple EHR databases and develop EHR-based drug safety signal detection 
systems.16-17 

Where and how to focus eff orts in safety surveillance using electronic healthcare 
data

Active safety surveillance using EHR databases being an emerging science still in its infancy, 
there are important issues that are being encountered for the fi rst time. When using data mining 
to detect signals in EHR databases, a decision needs to be made about the type of approach, which 
can be drug-based or event-based. In a drug-based approach, a set of specifi c drugs are monitored 
for their association with all possible events. In an event-based approach, a set of specifi c events 
are evaluated for their association with all possible drugs. In the EU-ADR project, we adopted 
an event-based approach because the defi nition of drugs across databases in various countries 
can more easily be harmonized compared to the defi nition of events. Moreover, the event-based 
approach allows us to focus on those events that are considered important from a public health 
perspective irrespective of the drug associated with the event. Th ere is, however, no literature to 
date which prescribes what would be the primary events of interest for intensive monitoring in 
pharmacovigilance when applying data mining techniques. We laid the groundwork in a study 
where we created such a list of events ranked by importance. Peer-reviewed publications, medical 
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textbooks, and websites of regulatory agencies were reviewed to create a preliminary list of events 
that are deemed important in pharmacovigilance. Two teams of pharmacovigilance experts 
independently rated each event on fi ve criteria: ‘trigger for drug withdrawal’; ‘trigger for black box 
warning’; ‘leading to emergency department visit or hospital admission’; ‘probability of event to be 
drug-related’; and ‘likelihood of death’. An initial list comprising 23 adverse events was identifi ed 
and a ranked list was subsequently established. Th e fi ve top-ranked events were: (1) bullous 
eruptions (collectively consisting of Stevens Johnson syndrome, toxic epidermal necrolysis, 
and erythema multiforme); (2) acute renal failure; (3) anaphylactic shock; (4) acute myocardial 
infarction; and (5) rhabdomyolysis. Th is shortlist of events served as the initial focus of signal 
detection in the EU-ADR project. Although the prioritization of adverse events for drug safety 
monitoring done in this study was based on thorough evaluation of evidence from various sources 
of information by pharmacovigilance experts, this list of events and their ranking is by no means 
defi nitive and will need to be updated as new data comes along.

Data from EHR can be used to monitor drug safety, but in order to compare and pool data 
from various databases of diff erent countries and constructs, the extraction of potential adverse 
events must be harmonized. Each of the eight databases participating in EU-ADR has unique 
characteristics depending on its primary objective and local function (i.e., administrative/claims, 
medical records) and contains medical information coded according to diff erent languages and 
terminologies. For these reasons, queries for data extraction concerning potential adverse events 
had to be created based on local expertise. Due to structural, syntactic and semantic heterogeneity 
of the databases, it was not possible to construct a single query for data extraction that could be 
used as such in all databases. In the context of large-scale drug safety monitoring using EHRs, 
the event data extraction from diff erent databases required harmonization, i.e., a process geared 
towards reaching a common defi nition of events which is both clinically sound and agreeable to 
all stakeholders. Such a process would also facilitate transparency in the extraction of the events 
of interest and understanding of diff erences between databases. We described in another study 
the iterative harmonization process for the data extraction concerning the fi ve top-ranked events 
mentioned above. We used the Unifi ed Medical Language System (UMLS) to identify concepts and 
corresponding codes in each terminology. We utilized a common database model, implemented 
via custom-built soft ware Jerboa©, to share and pool data and to verify the semantic basis of the 
event identifi cation queries. Feedback interaction with the database owners was employed at 
various stages to refi ne the extraction queries. We used age-adjusted incidence rates to support 
harmonization of data extraction processes across the databases. We obtained the following age- 
and sex-adjusted incidence rates for the fi ve events of interest across databases: (1) acute myocardial 
infarction 60-148/100 000 PYs; (2) acute renal failure 3-49/100 000 PYs; (3) anaphylactic shock 
2-12/100 000 PYs; (4) bullous eruptions 2-17/100 000 PYs; and (5) rhabdomyolysis 0.1-8/100 
000 PYs. Th is study showed how event extractions may diff er across databases and how diff erent 
choices impact on the estimated incidence of the events. Th e knowledge described in the various 
terminologies, which are included in the UMLS, was inadequate to defi ne all the clinical aspects 
of an event for our purposes, and so expert knowledge and experience from the database holders 
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were necessary to build a more comprehensive defi nition of the event. Th is study further reiterated 
that use of EHR databases requires an understanding of how the healthcare data are generated 
from the initial patient encounter all the way to completion of the database entry.

In a proof-of-concept study we described the framework and process of combining data from 
eight European EHR databases of diff erent countries and origins (medical records, administrative 
registries, record-linkage databases) to scale up safety signal detection. In combining the data of 
the various databases it was crucial to take into account ethical issues regarding the processing 
of anonymized healthcare data. Th e databases in EU-ADR have well-developed safeguard 
mechanisms ensuring compliance with the European directives and national regulations as well 
as database governance rules. Since no new data are collected, other than those made available 
by the participating databases, the cornerstone of ensuring proper ethical and legal conduct is 
set down in the rules and regulations that govern each database. Rather than imposing a one-
size-fi ts-all approach and compel people to change their data, we leveraged on the diversity of 
the databases to use local expertise and maximize extraction of relevant information. Within this 
distributed network system, databases retain ownership of their respective data, extraction being 
done locally, and only the aggregated, non-identifi able data are shared with the rest of the network. 
Revisiting the known association of upper gastrointestinal bleeding (UGIB) and nonsteroidal 
anti-infl ammatory drug (NSAID) use, we have shown that data sharing can take place within a 
distributed networking system to provide consistent incidence rates and detect a known drug-
adverse event association. Crude incidence rates of UGIB varied between 38.8 and 109.5/100 000 
person-years (PYs), depending on country and type of database, while age-standardized rates 
ranged from 25.1 to 65.4/100 000 person-years. A statistically signifi cant age- and sex-adjusted 
association between use of any NSAID and increased risk for UGIB was confi rmed in all databases, 
incidence rate ratio (IRR) from 2.0 to 4.3, which is consistent with what has been described in the 
literature.18

Is there enough leverage?
Data mining on healthcare databases generates statistical associations between drug exposure 

and adverse outcomes and may be able to augment the current passive–reactive system and facilitate 
earlier detection of potential safety issues. We have shown in the proof-of-concept study that such 
an approach for safety surveillance is promising; now the question arises as to what this type of 
surveillance can add to existing systems and whether these database platforms have enough power 
to adequately detect safety signals. Database size (variously measured as total population, total 
follow-up time, or total exposure time to drugs) is important in understanding its capability for 
meaningful signal detection. Th e overall size of a database is not the determinant of the statistical 
power to detect safety signals but rather the drug exposure data.19 Hence, it is not suffi  cient to know 
the total number of individuals contributing to the database; we specifi cally want to determine 
whether drug exposure in the database is ‘big enough’ that an adverse eff ect of such magnitude as 
to be scientifi cally signifi cant will also be statistically signifi cant. We then estimated for how many 
and for which types of drugs safety signals might be detected as a function of actual drug use, 
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minimal detectable relative risk (RR), and incidence rates of events as observed in EU-ADR. Data 
from almost 20 million individuals with 60 million PYs of follow-up who used 2 289 drugs in the 
EU-ADR network showed that for a frequent event such as acute myocardial infarction, there are 
531 drugs (23% of total) for which an association with RR≥2, if present, can be investigated. For 
a rare event such as rhabdomyolysis, there are 19 drugs (1% of total) for which an association of 
same magnitude can be investigated. Our fi ndings showed that (1) linking of healthcare databases 
for active drug safety surveillance is feasible in Europe, although the leverage to do so may be too 
low for very rare events and for drugs that are infrequently used, or captured, in the databases; 
and (2) such a system has more power to detect signals with lower strength of association for 
relatively frequent events such as acute myocardial infarction and upper gastrointestinal bleeding. 
Following on the premise that an increase in the size of the database network would translate to 
an increase in the power to detect safety signals, we performed a simulation to determine how 
the percentage of drugs that can be monitored would change if more data become available. Data 
simulation showed that if the EU-ADR platform were to be expanded to 10 times its current size, 
assuming the same patterns of use, the maximum percentage of drugs that can be investigated 
for acute myocardial infarction with adequate power is about 50% for relatively frequent events 
such as acute myocardial infarction and upper gastrointestinal bleeding and less than 10% for rare 
events such as rhabdomyolysis. Th us, it is likely not feasible to monitor the safety of all drugs in the 
databases, regardless of whether the associated adverse events are rare or frequent.

Because the prevalence and nature of many diseases are not the same in children as in adults 
and because of age-related variation in drug pharmacology and drug utilization,20-24 we performed 
a separate study to determine the capabilities of the system for pediatric drug safety signal 
detection. Our fi ndings reveal that drug use in children is rare, <1% of the total drugs prescribed 
or dispensed make up 50% of the total exposure time to drugs in the pediatric population. For a 
more frequent event such as upper gastrointestinal bleeding (IR= 14.4/100 000 PYs), there were 
39 drugs (66% of total exposure in PYs) for which an association with RR≥ 4, if present, can be 
investigated. For rare events such as anaphylactic shock and bullous eruptions, there were 8 drugs 
(35% of total exposure) and 9 drugs (37% of total exposure) respectively, for which an association 
of same magnitude can be investigated. Based on literature-derived incidence rates, there is a 
higher number of drugs that can be monitored at the same magnitudes of risk for the following 
events known to be more frequently occurring in children: febrile convulsions; suicide attempt; 
and epilepsy. 

How do we know the system works?
Although several drugs have been withdrawn post-marketing by regulatory authorities aft er 

scientifi c evaluation of harms and benefi ts, there is no defi nitive list of confi rmed signals (i.e., 
list of all known adverse reactions and which drugs can cause them). As there is no true gold 
standard, prospective evaluation of signal detection methods remains a challenge. Within the 
context of methods development and evaluation in the EU-ADR Project, we proposed a surrogate 
reference standard of drug-adverse event associations based on existing scientifi c literature and 
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expert opinion. Th e reference standard was constructed for 10 top-ranked events judged as 
important in pharmacovigilance. A stepwise approach was employed to identify which among a 
list of drug-event associations are well-recognized (known positive associations) or highly unlikely 
(‘negative controls’) based on MEDLINE-indexed publications, drug product labels, spontaneous 
reports made to the World Health Organization’s pharmacovigilance database, and expert opinion. 
Only drugs with adequate exposure in the EU-ADR database network to allow detection of an 
association were considered. Manual verifi cation of positive associations and negative controls was 
independently performed by two experts profi cient in clinical medicine, pharmacoepidemiology, 
and pharmacovigilance. A third expert adjudicated equivocal cases and arbitrated any disagreement 
between evaluators. 94 drug-event associations comprised the reference standard, which included 
44 positive associations and 50 negative controls for the 10 events of interest: (1) bullous eruptions; 
(2) acute renal failure; (3) anaphylactic shock; (4) acute myocardial infarction; (5) rhabdomyolysis; 
(6) aplastic anemia/pancytopenia; (7) neutropenia/agranulocytosis; (8) cardiac valve fi brosis; 
(9) acute liver injury; and (10) upper gastrointestinal bleeding. For cardiac valve fi brosis, there was 
no drug with adequate exposure in the database network that satisfi ed the criteria for a positive 
association. We emphasize that this reference standard should be considered dynamic and as 
knowledge on drug safety evolves over time and new issues in drug safety arise, this reference 
standard must be re-assessed periodically. 

To evaluate the relative performance of diff erent statistical methods for detecting drug-adverse 
event associations in EHR data, we computed relative risk (RR) estimates for drug-event pairs 
using 10 diff erent methods, including those developed for spontaneous reporting systems, cohort 
methods such as the Longitudinal Gamma Poisson Shrinker (LGPS), and case-based methods 
like case control. Th e method ‘Longitudinal Evaluation of Observational Profi les of Adverse 
events Related to Drugs’ (LEOPARD), developed in EU-ADR,13 was used to remove associations 
likely due to protopathic bias. Data from the diff erent databases was combined by pooling of data 
and by meta-analysis for random eff ects. We used the previously mentioned surrogate reference 
standard of known positive associations and ‘negative controls’ to evaluate method performance. 
We calculated the area under the receiver operating characteristic (AUC) curve (which is equal 
to the probability that a classifi er will rank a randomly chosen positive instance higher than a 
randomly chosen negative one) for each method, both with and without LEOPARD fi ltering. 
Th e highest AUC (0.83) was achieved by the combination of either LGPS or case-control method 
with LEOPARD fi ltering, but the diff erences in performance among the diff erent methods were 
marginal. LEOPARD increased overall performance, but fl agged several known ADRs as caused 
by protopathic bias. Based on this preliminary evaluation, we concluded that combinations of 
methods demonstrate good performance in distinguishing known ADRs from negative controls, 
and that these methods could also be used to detect new drug safety signals.

Accuracy of outcome assessment is crucial to ensure validity when mining multiple EHR 
databases for drug safety signal detection. In twin studies, we evaluated the accuracy of various 
coding-based algorithms used to identify cases of upper gastrointestinal bleeding (UGIB) and 
acute myocardial infarction (AMI) in the databases in EU-ADR. We conducted two separate 
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validation studies in four databases of the EU-ADR network (only the fi rst three were used for AMI 
validation): (1) IPCI (general practitioner (GP) records, Netherlands); (2) HSD (GP records, Italy); 
3) Aarhus (administrative claims, Denmark); and (4) ARS (administrative claims, Tuscany region 
in Italy). We identifi ed cases from GP and medical specialist diagnoses and from primary hospital 
discharge diagnoses and death registries using pre-defi ned coding algorithms in three disease 
terminology systems: (1) International Classifi cation of Primary care (ICPC); (2) International 
Classifi cation of Diseases-9th revision-clinical modifi cation (ICD9-CM); and (3) ICD 10th revision. 
We also employed free text using key words consistent with the UMLS concepts for both AMI 
and UGIB. A random sample of 200 cases per database was obtained from all potential cases 
identifi ed. Since free text search was known to be extensively used in IPCI, additional 200 potential 
cases identifi ed by free text search was obtained in IPCI. Manual review of medical records 
and hospitalization charts was performed using a standardized questionnaire implemented as 
computerized data entry algorithm using custom-built soft ware Chameleon,© locally installed in 
each database. Positive predictive values (PPV) were calculated overall and for each code and free 
text query. Overall case retrieval was good: 93.5% for AMI and 98.5% for UGIB. For UGIB, there 
were considerable diff erences in the PPV of the diff erent algorithms, with ICD9-CM-based coding 
showing the highest PPV (77-90%), followed by ICD10 (66%). Th ere was no diff erence in the PPV 
for UGIB between ICPC and free text search in IPCI (25% and 23%, respectively). For HSD, free 
text search had a 50% PPV for UGIB. For AMI, all ICD-10 codes used had 100% PPV. Overall the 
ICD9-CM codes had very good PPV, with the most frequently occurring code having a PPV of 
96.5%. Th e ICPC coding-based algorithm had a PPV for AMI of 75%, while use of free text had a 
lower PPV: 60% in HSD and 19.7% in IPCI. No data regarding PPV of ICPC codes was available 
from the literature to compare our fi ndings with, but the PPV estimates for ICD-9CM and ICD-10 
for both AMI and UGIB were compatible with what has been cited in the literature. Th ese two 
studies showed that EHR databases present a potentially good source of identifying patients with 
AMI and UGIB and that further studies are needed to optimize the value of free text search in the 
identifi cation of events in EHR databases.

To further explore how EHR databases can augment safety surveillance, we responded to 
a request from the Dutch Medicines Evaluation Board to study the background epidemiology 
of progressive multifocal leukoencephalopathy (PML). PML is a rare central nervous system 
demyelinating disease caused by reactivation of the JC virus and occurs almost exclusively in 
immunosuppressed individuals such as patients with HIV/AIDS, leukemia, tumors, or those 
undergoing organ transplants. Th e disease has recently generated widespread concern aft er reports 
of PML allegedly developing aft er treatment with several new biologic agents. Because of its rarity, 
few data are available regarding incidence of PML in non-immunocompromised populations. 
Using demographic and clinical data from six databases in three countries within EU-ADR, we 
provided estimates of the incidence of PML in the general population. Cases of PML were identifi ed 
from primary and secondary hospital discharge diagnoses as well as death registries (claims 
databases) and from general practitioner or specialist diagnoses (medical records databases) using 
diagnostic codes and free text. Case validation by medical chart/records review was performed in a 
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subset of cases. We identifi ed a total of 1 150 cases of PML from data representing over 21 million 
individuals with 154 million PYs of follow-up. We concluded that PML is a rare disease among the 
general European population (overall incidence rate was 0.75 per 100 000 PYs, age-standardized 
rate across the databases ranged from 0.03 –2.29 per 100 000 PYs) and its incidence is largely 
associated with HIV disease, malignancy, and autoimmune conditions. 

How to make sense of it all?
Like any signal detection system, there is a need to establish ‘rules’ how to trigger an alert, 

when to consider a signal likely enough to be true to warrant follow-up or even to require immediate 
health policy intervention. In the fi nal paper of this thesis, we described the triage of drug-adverse 
event associations (i.e., potential signals) derived from EHR databases. Taking the event acute 
myocardial infarction (AMI) as an example, we proposed a strategy for combining evidence 
from diff erent data sources in EU-ADR to prioritize signals that may represent genuine risk and, 
hence, necessitate further investigation and formal pharmacoepidemiologic studies. Association 
measures between drug use and AMI were generated by fi rst applying various statistical methods 
on healthcare data from seven databases of the EU-ADR network. Association estimates were 
ranked based on the best performing method (Longitudinal Gamma Poisson Shrinker). Matched 
case-control and self-controlled case series methods were additionally employed to deal with 
temporality and confounding eff ects, while the LEOPARD method was applied to specifi cally 
detect protopathic bias. Consistency of the association among drugs of the same class and the 
number of excess cases attributable to the drug exposure were further assessed to prioritize the 
list of potential signals. Finally, signal fi ltering and signal substantiation were done using diff erent 
bioinformatics workfl ows to determine the novelty and plausibility of the identifi ed signals. 
Overall, 163 potential signals for AMI were identifi ed based on statistical association. Of these, 
69 signals were fl agged by LEOPARD as likely due to protopathic bias. Further signal refi nement 
to reduce possible confounding decreased the number of signals to 41. Th e following nine signals 
remained aft er applying the criteria for novelty and plausibility: (1) metoclopramide; (2) cisapride; 
(3) domperidone; (4) betamethasone; (5) erythromycin; (6) roxythromycin; (7) azithromycin; 
(8) fl uconazole; and (9) megestrol. We further discussed the likelihood of these identifi ed signals in 
the light of current evidence, including the possibility of an increasing, or previously unrecognized, 
role of Kounis syndrome (so-called ‘allergic myocardial infarction’) in drug-induced AMI. Because 
this is the fi rst signal triage strategy developed for use – and tested – in electronic healthcare data, 
this strategy needs to be further tested using other EHR data sources and other adverse events. 
While the automated signal fi ltering and signal substantiation streamlined the triage and greatly 
reduced manual work, full automation of the signal prioritization process is still not possible at this 
time. Manual verifi cation of the output produced by these workfl ows, in terms of both accuracy 
and completeness, remains a crucial step. 
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METHODOLOGICAL CONSIDERATIONS

While the motivation for merging disparate data sources primarily comes from the need 
to investigate drug safety in larger populations (there is strength in numbers), the enormity and 
multi-dimensionality of the data present various challenges both in the methodology and in the 
interpretation of results.

Ensuring patient confi dentiality and data protection
Th e common data framework, implemented via the custom-built soft ware Jerboa©, and the 

choice of a distributed data network were crucial steps in the development of the EU-ADR system. 
Th is distributed network takes advantage of multiple, routinely collected, aggregated healthcare 
data while minimizing sharing of confi dential patient-level information. A similar concept of 
distributed processing of healthcare data has been employed by other research collaborations, albeit 
with diff erent research objectives. Th is model has previously been described in bioterrorism and 
syndromic surveillance as well as vaccine safety surveillance.25-27 Th e ongoing Sentinel Initiative 
of the FDA is also adopting a distributed data architecture for combining healthcare databases to 
improve drug safety monitoring. While the scale may be comparable, there are issues in combining 
data that are unique to Europe. Challenges stem from the fact that diff erent countries have distinct 
natural languages, aside from having diff erent drug and disease coding systems. Th e diversity of 
healthcare systems throughout Europe makes merging data from databases a more complex task 
that requires striking a balance between international cooperation and adequate protection of 
patient confi dentiality.28

The problem of multidimensionality
One of the presumed benefi ts of combining international healthcare databases for safety 

surveillance is the ability to assess exposures to a larger variety of drugs and to characterize use of 
drugs within a wider range of the population. It is, however, a monumental task to undertake safety 
monitoring of all drugs for all possible events (in EU-ADR, we have already limited the number 
of events) in all members of the population (including children and the elderly) under all actual 
circumstances of medical care. Signal detection in multiple EHR data requires striking a balance 
between customization of methodologies for particular outcomes (immediate reactions such as 
anaphylaxis vs. more insidious events such as upper gastrointestinal bleeding or aplastic anemia) 
and increasing applicability. Optimization of methods for signal detection, taking into account 
variations in exposure and outcome assessment, among others, is an ongoing work in EU-ADR, in 
collaboration with other international initiatives. 

The perennial threat of false alarms
Th e advantages of automated surveillance and quantitative signal detection are obvious, but 

there is a legitimate concern that such data mining on a grand scale may generate more signals 
than can be followed up eff ectively with currently available resources. Th e unpleasant implications 
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of spurious and unsubstantiated signals for public health, as well as for regulatory agencies and 
the pharmaceutical industry, cannot be underestimated and is an important consideration.29-32 
We have tried to set some limits to unconstrained data mining by initially monitoring only the 
events considered to be most relevant from a public health and pharmacovigilance perspective. 
We employed signal detection methods that allow shrinkage of the risk estimates so that those 
supported by large data are given more weight compared to those supported by sparse data. In the 
estimation of how much drug exposure data would be necessary for signal detection, we employed 
a 5% signifi cance level, which is generally deemed desirable for the purpose of minimizing the 
probability of observing false positive associations. Th is value is fairly arbitrary, however. Although 
this signifi cance level is customarily employed in most epidemiologic studies seeking to confi rm 
drug–event associations, such requirement may not be appropriate in the context of exploratory 
signal detection. We investigated how correction for multiple comparisons would infl uence the 
number of drugs that can be monitored by applying the Bonferroni correction and we re-calculated 
the exposure requirements when the acceptable probability of error is lower (i.e., α = 0.10). Th e 
exposure requirements were predictably reduced for all events in both instances. However, with 
multiple testing already factored in the exposure calculations, there is a very small gain (with the 
use of 10% signifi cance level) in the number of drugs that may be investigated (at most 1% across 
all events), which indicates that maintaining α = 0.05 may be suitable, even for signal detection. 
Th is was true for the current database network as well as for the simulated expanded database 
platform.

Caveat
Secondary use of data for purposes other than they have originally been intended for brings 

with it many opportunities as well as challenges. Th e literature is replete with discussions on 
the merits and challenges of recycling routinely-collected EHR data, including how the type of 
database infl uences the structure and content of the data.33-35 Potential associations are inferred 
outside the actual patient-physician encounter that leads to suspicion of an ADR – something that 
is inherent in SRS. Data in medical records databases, recorded in the course of routine clinical 
care, provide a diff erent perspective from data in databases that document claims for utilization of 
healthcare services. We have shown that with use of multiple databases from diff erent countries and 
diff erent healthcare systems, the issue of accuracy of information vis-à-vis heterogeneity is even 
more formidable. Th ere are limitations with respect to validity of coding systems and potential 
misclassifi cation of both drug exposure and outcome and, like any other observational data, control 
for bias and confounding may not always be easy and is oft en inadequate. EHR data derived from 
reimbursement claims, for example, are aff ected by a lack of incentive to record suffi  cient data to 
allow proper case classifi cation. Drug utilization patterns derived from population-based EHR 
data refl ect ‘real-world’ conditions, but are thereby also infl uenced by changes in clinical practice, 
including changes brought about by preferential prescribing and disease management guidelines, 
and may lead to underestimation of risks. 
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FUTURE PERSPECTIVES

Th e driving force behind exploring electronic healthcare databases for active surveillance 
is the earlier detection, and hence earlier management, of potential safety issues. However, new 
drugs that may slowly penetrate the market will require a large amount of patient data to comprise 
a signifi cant user population within a reasonable period.35 Although it took fi ve years for rofecoxib 
to be withdrawn from the market, it has been posited that if the medical records of 100 million 
patients would have been available for safety monitoring, the adverse cardiovascular eff ect would 
have been discovered in just three months, given the drug utilization patterns in the US.36 On the 
basis of utilization patterns in Europe, the EU-ADR network would have had enough exposure data 
to detect an association between rofecoxib and acute myocardial infarction within two years aft er 
being marketed. We have shown in simulated analyses that even with expansion of the EU-ADR 
network to 10 times its current size of over 21 million individuals and ~154 million person-years 
of follow-up, there would still be unmet needs in signal detection and that further collaboration 
is in order. It is evident that if one aims to create a comprehensive platform that would allow 
for monitoring the largest number of drugs possible, the greatest benefi t would be achieved by 
linking databases from diff erent countries with diverse utilization patterns. Extending the EU-
ADR database network, in terms of both follow-up time and additional databases, is desirable 
and is becoming more feasible with the establishment of the European Network of Centres for 
Pharmacoepidemiology and Pharmacovigilance.37 Further collaboration with other ongoing safety 
surveillance initiatives across the continent such as FDA Sentinel and OMOP is essential, and is 
already underway. 

An EHR-based signal detection system, like any other surveillance system, provides no 
defi nitive answers. Th ere are still a lot of spots to cover before rational decisions can be made, 
including weighing the implications of potential risks against the benefi ts of therapy, as well as 
risk communication and its many complexities. Th ere are further opportunities to evaluate 
comparative eff ectiveness and risk management activities in EHR databases and such opportunities 
are worthwhile to explore.

Finally, the dynamic nature of medicine, health care, and drug development renders drug 
safety a moving target. Th ere is the overriding need not only to streamline the process of signal 
detection, evaluation, and confi rmation, but also to continually update existing data and explore 
other sources of safety information. 
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The Imperative of Change

Neither randomized clinical trials, considered the gold standard in the evaluation of 
therapeutic interventions, nor the drug approval process of the most powerful drug regulatory 
agencies in the world, can guarantee safety of all drugs that enter the market. A life-cycle approach 
to drug safety monitoring has been advocated because once drugs are marketed, they are used in 
a more diverse group of people, oft en for much longer periods, and sometimes with a wider range 
of therapeutic indications. Th ere has been a growing clamor for improving the current passive-
reactive paradigm of drug safety monitoring so that the thalidomide tragedy and the rofecoxib and 
practolol disasters do not have to happen again.

Our overview of traditional pharmacovigilance systems (spontaneous reporting systems and 
prescription event monitoring) and ongoing initiatives exploring EHR data (Chapter 2) showed that 
the surveillance of drugs post-licensure has become both a science and a crusade. Th e search goes 
on for viable strategies and data sources in pharmacovigilance that can facilitate the systematic and 
timely detection, assessment, and understanding of potential safety signals. Electronic healthcare 
record (EHR) databases have been heralded as an important resource for active surveillance that 
can augment existing pharmacovigilance systems. Th e aim of this thesis was to demonstrate 
whether mining of multiple EHR databases can give a comprehensive and comprehensible view 
of the many complex interdependent factors that play a role in the development of drug-related 
adverse events in a real-world setting.

Finding Opportunity in Diversity 
We have developed and tested a series of methodologies that enable combining data from 

EHR databases of diff erent countries and origins (medical records, administrative registries, 
record-linkage databases) to scale up safety signal detection. We fi rst determined what events 
would be considered important to monitor from a pharmacovigilance and public health 
perspective (Chapter 3.1). Th e databases in the EU-ADR network have well-developed safeguard 
mechanisms ensuring compliance with the European directives and national regulations as well as 
database governance rules. Since no new data are collected, other than those made available by the 
participating databases, the cornerstone of ensuring proper ethical and legal conduct is set down 
in the rules and regulations that govern each database. Rather than imposing a one-size-fi ts-all 
approach and compel people to change their data, we leveraged on the diversity of the databases 
to use local expertise and maximize extraction of relevant information (Chapter 3.2). Within this 
distributed network system, databases retain ownership of their respective data, extraction being 
done locally, and only the aggregated, non-identifi able data are shared with the rest of the network 
(Chapter 3.3).

Challenge of Surveillance
Secondary use of data for purposes other than they have originally been intended for brings 

with it many opportunities as well as challenges. Data in medical records databases, recorded 
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in the course of routine clinical care, provide a diff erent perspective from data in databases that 
document claims for utilization of healthcare services. We have shown that with use of multiple 
databases from diff erent countries with diff erent healthcare systems, the issue of accuracy of 
information vis-à-vis heterogeneity is even more formidable (Chapter 3.2, Chapter 4). Th ere are 
limitations with respect to validity of coding systems and potential misclassifi cation of both drug 
exposure and outcome and, like any other observational data, control for bias and confounding 
may not always be easy and is oft en inadequate. 

While the motivation for merging disparate data sources primarily comes from the need 
to investigate drug safety in larger populations (there is strength in numbers), the enormity and 
multi-dimensionality of the data present various challenges both in the methodology and in the 
interpretation of results. In Chapter 4, we gave ourselves a sanity check on what these healthcare 
data-based surveillance systems can do. We demonstrated how much leverage EHR databases can 
provide for monitoring the safety of medicines in both adults and children (Chapters 4.1 and 
4.2). We provided estimates of the number and types of drugs that can be monitored in these 
systems as a function of actual drug use, minimal detectable relative risk, and incidence rates of 
outcomes of interest. Use of EHR databases for safety surveillance will be most powerful for more 
frequently used classes of drugs and for outcomes with a high background incidence in the general 
population. Simulated analyses showed that even with expansion of the EU-ADR network to 10 
times its current size of over 21 million individuals and ~154 million person-years of follow-up, 
there would still be unmet needs in signal detection and that further collaboration with other 
initiatives (such as the OMOP and FDA Sentinel) is in order. Signal detection in multiple EHR data 
also involves striking a balance between customization of methodologies for particular outcomes 
and increasing applicability. Optimization of methods for signal detection, taking into account 
variations in exposure and outcome assessment, among others, is an ongoing work in EU-ADR, 
also in collaboration with other international initiatives. 

Th e lack of a true ‘gold standard’ (i.e., list of all known adverse reactions and which drugs 
can cause them) hinders methods development for signal detection. We have proposed a strategy 
for the construction of a surrogate reference standard to evaluate drug safety signal detection 
methodologies using EHR (Chapter 4.3). Th is reference standard should be considered dynamic 
and as knowledge on drug safety evolves over time and new issues in drug safety arise, this reference 
standard should be periodically re-assessed. 

Th e advantages of automated surveillance and quantitative signal detection are obvious, but 
there is a legitimate concern that such data mining on a grand scale may generate more signals 
than can be followed up eff ectively with currently available resources (Chapter 5). Th e unpleasant 
implications of spurious and unsubstantiated signals for public health, as well as for regulatory 
agencies and the pharmaceutical industry cannot be underestimated and is an important 
consideration. 
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From Statistics to Decision-Making 
Although we have raised the issue of statistical power as being important in safety signal 

detection, this is not to say that the usefulness of a database network is measured only by how 
much data it can provide. It can be argued that especially in the case of longitudinal EHR, there is 
even greater value in what kind of data such networks can provide in terms of estimating incidence 
of adverse events during drug use and across various population subgroups. Th ese data are, by 
themselves, important for pharmacovigilance and public health regardless of whether there is 
suffi  cient statistical power to demonstrate a diff erence with non-use of a drug. 

As had been emphasized in the introductory chapter of this thesis, there is no drug – or 
any intervention for that matter – that is without risk. Even placebo has been incriminated for 
causing various adverse eff ects. Nevertheless, there is no excuse for putting patients’ lives in 
unnecessary danger by inappropriate prescribing and irrational drug use. Especially in this era of 
greater longevity, chronic diseases and polypharmacy, rational drug therapy plays an even more 
vital role in pharmacovigilance. We have shown that EHR data may provide a snapshot of how 
drugs are actually being prescribed and being used (pharmacy dispensings as proxy) in ‘real-world’ 
circumstances and that there are diff erences among databases, countries, and sub-groups of the 
population. We have demonstrated the feasibility of studying various outcomes and events within 
multiple EHR databases - outcomes that span a wide range of incidence and aff ected populations 
(Chapters 4.5, 4.6, 4.7). We have also shown that, using a variety of statistical methods, mining of 
multiple EHR databases can corroborate drug-adverse event associations previously described in 
the literature and can identify associations that signal potential increased risk (Chapter 4.4). 

Despite the limitations and caveats, there is no denying the important contribution of 
multi-country EHR databases, not only with respect to augmenting drug safety surveillance but 
also to a better understanding of the role of healthcare systems in disease. Th e work described 
in this thesis was an attempt to provide a glimpse of what can be done so that medicines can 
continue to be valuable, comforting, and life-saving to patients. Th e signal triage strategy that 
we have described (Chapter 5) is an open-ended question that demands further scrutiny and 
testing by various stakeholders such as regulators, drug manufacturers, pharmacoepidemiologists 
and pharmacovigilance experts, public health practitioners, and physician prescribers. An EHR-
based signal detection system, like any other surveillance system, provides no defi nitive answers. 
Th ere are still a lot of spots to cover before rational decisions can be made, including weighing the 
implications of potential risks against the benefi ts of therapy, as well as risk communication and 
its many complexities. Th ere are further opportunities to evaluate comparative eff ectiveness and 
risk management activities in EHR databases and such opportunities are worthwhile to explore.

Finally, the dynamic nature of medicine, health care, and drug development renders drug 
safety a moving target. Th ere is the overriding need not only to streamline the process of signal 
detection, evaluation, and confi rmation, but also to continually update existing data and explore 
other sources of safety information. 
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De noodzaak van verandering

Gerandomiseerde klinische studies worden gezien als de gouden standaard voor het beoordelen 
van therapieen, echter noch deze studies noch het registratieproces van nieuwe geneesmiddelen 
door de regulatoire agentschappen in de wereld kunnen garanderen dat alle geneesmiddelen die 
worden toegelaten veilig zijn. Na toelating op de markt worden geneesmiddelen vaak gebruikt 
door groepen mensen die meer divers zijn dan in de registratiestudies, vaak voor langere periodes 
en soms ook voor een grotere verscheidenheid aan indicaties. Daarom wordt er gepleit voor een 
“life-cycle” benadering voor geneesmiddelenbewaking. Meer en meer wordt aangedrongen om 
het huidige passief-reactieve model voor het bewaken van de risico’s van geneesmiddelgebruik te 
verbeteren om zo te voorkomen dat een tragedie als thalidomide of de catastrofes met rofecoxib en 
practolol nogmaals kunnen optreden.

Toezicht op geneesmiddelen na registratie is zowel een wetenschap als een kruistocht 
geworden. We hebben dit laten zien met het overzicht van de klassieke farmacovigilantie 
systemen (spontane meldingen systemen en ‘prescription event monitoring’) en lopende 
initiatieven die data uit “Electronic healthcare record” (EHR) databanken, oft ewel elektronische 
gezondheidszorgdossiers databanken verkennen (Hoofdstuk 2). Binnen de farmacovigilantie 
gaat de zoektocht naar haalbare strategieën en data bronnen die stelselmatige en tijdige detectie, 
beoordeling en begrip van potentiële veiligheidssignalen kunnen faciliteren door. EHR databanken 
worden beschouwd als een belangrijk bron voor proactieve geneesmiddelenbewaking in aanvulling 
op bestaande farmacovigilantie systemen. Het doel van dit proefschrift  was om te onderzoeken of 
het samenbrengen van meerdere EHR databanken, met als doel bijwerkingen te onderzoeken, kan 
bijdragen aan het verkrijgen van een volledig en begrijpelijk beeld van de vele complexe en van 
elkaar afh ankelijke factoren die een rol kunnen spelen in de ontwikkeling van bijwerkingen van 
geneesmiddelen onder levensechte omstandigheden.

Verscheidenheid biedt kansen
Wij hebben een reeks aan werkwijzen ontwikkeld en getest die ons de gelegenheid hebben 

gegeven om gegevens uit meerdere EHR databanken uit verschillende landen en van verschillende 
oorsprong (patiëntendossiers, verzekeringsclaims en databanken met verschillende registraties) 
te combineren om zo de schaal van het detecteren van veiligheidssignalen van geneesmiddelen 
(signaaldetectie) te vergroten. Ten eerste hebben we bepaald voor welke bijwerkingen prospectieve 
geneesmiddelenbewaking van belang is uit het oogpunt van zowel farmacovigilantie en 
volksgezondheid (Hoofdstuk 3.1). De EHR databanken die onderdeel van het EU-ADR netwerk 
uitmaken, hebben voorzorgsmaatregelen ontwikkeld om naleving van de Europese en nationale 
wetgeving, en van de toezichthouders op de databanken te waarborgen. Binnen de studies werd 
geen nieuwe data verzameld, maar werd er slechts gebruik gemaakt van gegevens die reeds in 
de databanken binnen het netwerk aanwezig waren. Het ethisch gebruik van de data binnen de 
bestaande wetgeving wordt gewaarborgd door regels en maatregelen die zijn vastgelegd door 
iedere databank. In plaats van databankhouders te vragen om hun gegevens op eenzelfde manier 



Ch
ap

te
r 6

289Summary/Samenvatting | 

aan te leveren, waardoor wellicht wijzigingen van de data noodzakelijk zijn, hebben we juist 
gebruik gemaakt van de diversiteit binnen de verschillende databanken. Dit door met behulp van 
de locale expertise de relevante data te extraheren (Hoofdstuk 3.2). Binnen het gedistribueerde 
systeem van netwerken wordt de data lokaal geëxtraheerd en wordt alleen de geaggregeerde, niet 
identifi ceerbare data gedeeld met de rest van het netwerk (Hoofdstuk 3.3).

Bewaking is een uitdaging
Het gebruik van gegevens die oorspronkelijk voor een ander doel zijn verzameld biedt 

veel mogelijkheden, maar kent ook uitdagingen. Gegevens die zijn verzameld tijdens dagelijkse 
klinische zorg in patiëntendossiers bieden een ander perspectief dan gegevens verzameld op 
basis van verzekeringsaanspraken. We hebben laten zien dat bij het gebruik van meerdere 
databanken uit verschillende landen met elk eigen gezondheidszorgsystemen het afwegen van 
de betrouwbaarheid van de informatie ten opzichte van de verscheidenheid van de informatie 
van groot belang is. (Hoofdstuk 3.2, Hoofdstuk 4). Er zijn tekortkomingen op het gebied van 
validiteit van coderingssystemen en potentiële misclassifi catie van zowel blootstellingen aan 
geneesmiddelen als de gevolgen hiervan. Zoals bij alle observationele gegevens is het corrigeren 
voor bias en confounding niet altijd gemakkelijk en vaak onvoldoende. 

Het belangrijkste motief voor het samenvoegen van verschillende bronnen is de behoeft e om 
risico’s van geneesmiddelengebruik te bestuderen in grote populaties (de kracht van grote getallen). 
Echter de omvang en veelzijdigheid van de gegevens brengt verschillende uitdagingen met zich mee, 
zowel in de methodologie als in de interpretatie van de resultaten. In Hoofdstuk 4 zijn we nagegaan 
wat mogelijk is met monitorsystemen op basis van EHR databanken. We hebben gedemonstreerd 
hoeveel EHR databanken kunnen bijdragen aan de geneesmiddelenbewaking van zowel 
volwassenen als kinderen (Hoofdstuk 4.1 en 4.2). Op basis van het werkelijk geneesmiddelgebruik, 
een minimaal detecteerbaar relatief risico en incidentiecijfers van uitkomsten hebben we geschat 
hoeveel geneesmiddelen bewaakt kunnen worden. De kracht van het gebruik van EHR databanken 
voor geneesmiddelenbewaking ligt in bewaking van geneesmiddelen die frequent gebruikt worden 
en aandoeningen met een hoge incidentie in de algemene populatie. Middels een simulatie hebben 
we aangetoond dat zelfs bij een tienvoudige uitbreiding van het EU-ADR netwerk, dat nu 21 
miljoen personen and ~150 miljoen persoonsjaren aan follow-up omvat, er nog altijd niet aan alle 
behoeft en voor signaaldetectie voldaan kan worden en dat verdere samenwerking met bestaande 
initiatieven (zoals OMOP en FDA Sentinel) noodzakelijk lijkt. Het slaan van de balans tussen 
het aanpassen van de methoden voor specifi eke uitkomsten en toenemende toepasbaarheid is 
onderdeel van signaaldetectie in meerdere EHR databanken. Onder andere het optimaliseren van 
methoden voor signaaldetectie, rekening houdend met verschillen in de bepaling van expositie of 
uitkomst, is werk dat wordt voortgezet door EU-ADR ondermeer in samenwerking met andere 
internationale initiatieven. 

Het ontbreken van een echte “gouden standaard” (bijvoorbeeld een lijst van alle bekende 
bijwerkingen en de geneesmiddelen die deze kunnen veroorzaken) hindert het ontwikkelen van 
methoden voor signaaldetectie. Wij hebben een strategie voorgelegd voor het samenstellen van een 
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surogaat referentieset om zo methoden voor signaaldetectie binnen EHR te evalueren (Hoofdstuk 
4.3). Dit is een dynamische referentieset die, naarmate de kennis over geneesmiddelenveiligheid 
toeneemt over de tijd en naarmate zich nieuwe kwesties voordoen, van tijd tot tijd geherevalueerd 
zal moeten worden. 

De voordelen van geautomatiseerde bewaking en kwantitatieve signaal detectie zijn 
onmiskenbaar, maar de zorg dat het op grote schaal exploiteren van data meer signalen genereert 
dan dat er bevestigd kunnen worden is terecht (Hoofdstuk 5). De nadelige gevolgen van onterechte 
en ongefundeerde signalen op de volksgezondheid, voor geneesmiddelproducten en regulatoire 
agentschappen moeten niet worden onderschat en zullen altijd overwogen moeten worden.

Van statistiek tot beslisvorming 
We hebben benadrukt dat voldoende statistische capaciteit van belang is voor de detectie 

van veiligheidssginalen. Het is echter niet zo dat de capicteit van een EHR databank netwerk 
alleen uitgedrukt wordt in de hoeveelheid data die het kan genereren. Vooral voor longitudinale 
EHR databanken kan worden gesteld dat er een veel grotere waarde schuilt in de mogelijkheid 
van het schatten van de incidentie van bijwerkingen gedurende het gebruik van geneesmiddelen 
in verschillende subgroepen van de populatie. Onafh ankelijk van voldoende capaciteit om een 
statistisch signifi cant verschil aan te tonen met géén gebruik van geneesmiddelen zijn deze 
gegevens op zich zelf belangrijk voor zowel de farmacovigilanctie als de volksgezondheid.

Zoals benadrukt in het inleidende hoofdstuk van dit proefschrift  is er geen geneesmiddel of 
interventie zonder risico’s. Ook bij gebruik van placebo’s worden bijwerkingen gemeld. Het leven 
van patiënten moet niet nodeloos in gevaar gebracht worden door ongepast en irrationeel gebruik 
van geneesmiddelen. Naarmate mensen ouder worden en de prevalentie van chronische ziekten 
en polyfarmacie toeneemt, speelt rationeel gebruik van geneesmiddelen een nog belangrijkere rol 
in de farmacovigilantie. We hebben aangetoond dat EHR data een inzicht kunnen geven in hoe 
geneesmiddelen daadwerkelijk worden voorgeschreven en worden gebruikt (geschat op basis van 
apotheek uitgift en) en dat dit gebruik verschilt tussen de databanken, tussen landen en tussen 
verschillende subgroepen van de populatie. We hebben laten zien dat het mogelijk is om binnen 
meerdere EHR databanken diverse uitkomsten en bijwerkingen te bestuderen. Deze uitkomsten 
hebben een groot bereik aan incidenties en aangedane populaties (Hoofdstukken 4.5, 4.6, 4.7). 
Ook hebben we door het gebruik aan een verscheidenheid aan statistische methoden binnen 
meerdere EHR databanken, bijwerkingen die eerder zijn beschreven in de literatuur bevestigd. 
Daarnaast is het mogelijk om associaties met een mogelijk verhoogd risico aan het licht te brengen 
(Hoofdstuk 4.4).

Ongeacht de beperkingen en valkuilen van het gebruik van meerdere EHR databanken 
leveren deze een belangrijke bijdrage, niet alleen als aanvulling op de geneesmiddelenbewaking 
maar ook in het beter begrijpen van de rol van deze systemen in ziekte. Het werk zoals beschreven 
in dit proefschrift  geeft  een kijk op wat gedaan kan worden om te zorgen dat geneesmiddelen 
waardevol en levensreddend voor patiënten kunnen blijven. De strategie die we hebben 
beschreven voor triage van signalen (Hoofdstuk 5) is een vraag met een open einde die verder 
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nauwkeuriger onderzocht en getest zal moeten worden door verschillende belanghebbenden zoals 
toezichthouders, geneesmiddelproducten, farmacoepidemiologen, experts in farmacovigilantie, 
mensen werkzaam in de volksgezondheid en voorschrijvende artsen. Een signaaldetectie systeem 
gebruik makend van EHR databanken zal, zoals elk ander bewakingssysteem, geen defi nitieve 
antwoorden geven. Veel andere aspecten zullen ook moeten worden bekeken, voordat er rationele 
beslissingen gemaakt kunnen worden. Voorbeelden hiervan zijn het afwegen van de gevolgen van 
potentiële risico’s en voordelen van behandeling, maar ook het communiceren van risico’s. Er zijn 
nog verdere mogelijkheden om eff ectiviteit van middelen met elkaar te vergelijken en het risico 
management activiteiten te evalueren –verdere verkenning hiervan is sterk aan te raden. 

Ten slotte, de dynamische aard van de geneeskunde, de gezondheidszorg en ontwikkeling van 
geneesmiddelen maken geneesmiddelenbewaking een ‘moving target.’ Het is van doorslaggevend 
belang om niet alleen het proces van signaal detectie, evaluatie en bevestiging te stroomlijnen, 
maar ook om de bestaande gegevens continue up-to-date te houden en verdere bronnen van 
informative over geneesmiddelveiligheid te verkennen.
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Appendix 3 | Age-specifi c incidence rates of the diff erent events across the databases 
(per 100 000 person-years) (see page 81 and 82). 
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Appendix 3 (Continued)

Figure 3.3.4 | Incidence rates of UG1B across databases, age 15 years and above (see page 96).

Figure 3.3.5 | Comparison of use of specifi c NSAID classes across databases(see page 96).
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CHAPTER 4

Figure 4.1.1 | Overview of exposure to all drugs (grouped according to ATC fi rst level) by age categories 

(see page 111). 

Figure 4.1.2 | Relationship between background incidence rate and amount of drug exposure required to 
identify a potential safety signal (see page 112).
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Figure 4.1.3 | Change in the number of drugs that may be investigated for signal detection when the 
acceptable probability of error is increased from α= 0.05 to α= 0.10 (see page 117).

Figure 4.2.1 | Drug exposure in person-years/ 100 000 person-years by age (see page 133).
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Figure 4.2.2 | Distribution of exposure in PY by age-groups (5th ATC level, chemical subgroup) (see page 
137).
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Figure 4.4.1 | Area Under the ROC Curve (AUC) for all methods, with and without LEOPARD fi ltering. 
Combination across databases was performed using meta-analysis for random eff ects (left  panel) and 
pooling (right panel). Error bars indicate the 95% confi dence interval. See Appendix for area under ROC 
curves (see page 182). 

Figure 4.4.A1 | Empirical cumulative distribution functions of prescription starts in a window around 
upper gastrointestinal bleeding occurrences for Omeprazole and Naproxen (see page 187).
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Figure 4.5.1 | Distribution of diff erence in days between coded date and reviewed date of event in confi rmed 
UGIB cases only (see page 203). 

Figure 4.6.2 | Diff erences in the coded event date and date of onset of symptoms across the three databases 
(see page 221).
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Figure 4.7.1 | Incidence rates of PML across age groups and sex (all databases) (see page 236). 

Figure 4.7.2 | Age-specifi c incidence rates of PML across the six databases from four countries (see page 
236).
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