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Observational Studies of Drug Safety in Multi-Database Studies:
Methodological Challenges and Opportunities
Abstract

Introduction/objective: The Canadian Network for Observational Drug Effect Studies (CNODES), a
network of researchers and databases, is a collaborating center of the Drug Safety and Effectiveness Network.
CNODES’ main mandate is to conduct observational studies of drug safety based on queries developed and
submitted by Health Canada and other federal, provincial, and territorial stakeholders. Through a case study
we explore several methodological opportunities and challenges that arise in distributed
pharmacoepidemiology networks.
Case study: We use as a case study a study of proton pump inhibitors and hospitalization for communityacquired pneumonia. Challenges arise in the design and conduct of studies at individual sites, and then with
processes and methods for combining data. On the other hand, distributed networks provide opportunities,
such as the ability to detect and understand heterogeneity, in sample sizes that would typically be impossible
for a single study.
Conclusions: Networks such as CNODES provide the opportunity to detect and quantify important safety
signals from administrative data, and provide many challenges for methods research in
pharmacoepidemiology using distributed data. As networks increase in size and scope of research questions,
the need for methodological developments should continue to grow.
Acknowledgements

The Canadian Network for Observational Drug Effect Studies (CNODES), a collaborating centre of the Drug
Safety and Effectiveness Network (DSEN), is funded by the Canadian Institutes of Health Research (CIHR;
Grant Number DSE-111845). We would like to thank the CNODES investigators and collaborators for their
contribution to developing the study protocol discussed in this paper. Dr. Platt holds a Chercheur-national
(National Scholar) award from the Fonds de Recherche du Quebec - Santé. Dr. Filion holds a New
Investigator Award from the CIHR.
Keywords

Methods;Research networks;Data analysis method
Creative Commons License

This work is licensed under a Creative Commons Attribution-Noncommercial-No Derivative Works 3.0
License.

This case study is available at EDM Forum Community: http://repository.edm-forum.org/egems/vol4/iss1/9

Platt et al.: Observational Studies of Drug Safety: Methodological Challenges

eGEMs
Generating Evidence & Methods
to improve patient outcomes

Observational Studies of Drug Safety in
Multi-Database Studies: Methodological
Challenges and Opportunities
Robert W. Platt, PhD;i Colin R. Dormuth, MSc, ScD;ii Dan Chateau, PhD;iii Kristian Filion, PhD, FAHAi

ABSTRACT
Introduction/objective: The Canadian Network for Observational Drug Effect Studies (CNODES), a
network of researchers and databases, is a collaborating center of the Drug Safety and Effectiveness
Network. CNODES’ main mandate is to conduct observational studies of drug safety based on queries
developed and submitted by Health Canada and other federal, provincial, and territorial stakeholders.
Through a case study we explore several methodological opportunities and challenges that arise in
distributed pharmacoepidemiology networks.
Case study: We use as a case study a study of proton pump inhibitors and hospitalization for
community-acquired pneumonia. Challenges arise in the design and conduct of studies at individual
sites, and then with processes and methods for combining data. On the other hand, distributed
networks provide opportunities, such as the ability to detect and understand heterogeneity, in sample
sizes that would typically be impossible for a single study.
Conclusions: Networks such as CNODES provide the opportunity to detect and quantify important
safety signals from administrative data, and provide many challenges for methods research in
pharmacoepidemiology using distributed data. As networks increase in size and scope of research
questions, the need for methodological developments should continue to grow.
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Introduction
The Canadian Network for Observational Drug
Effect Studies (CNODES) conducts studies of drug
safety in a distributed network of databases from
seven Canadian provinces, the United States, and
the United Kingdom. CNODES is similar to other
networks such as the Sentinel,1 PROTECT,2 and
AsPEN3 networks. Huang et al.4 review the different
approaches and methods of the various networks.
CNODES is a collaborating center of the Drug
Safety and Effectiveness Network (DSEN), a
joint initiative of the Canadian Institutes of Health
Research (CIHR), Health Canada, and other federal
and provincial stakeholders. DSEN funds several
research teams with the objectives of providing highquality evidence on drug safety and effectiveness
to Canadian regulators, and of developing research
capacity in this area. CNODES is a distributed
network of researchers and databases across
Canada. Seven Canadian provinces contribute
administrative claims data, which is supplemented
by the United Kingdom’s Clinical Practice Research
Datalink (CPRD)5—formerly known as the General
Practice Research Database—a clinical database
containing the records of patients seen at over 680
general practitioner practices; and the Thomson
Reuters (Healthcare) Inc. 2006 to 2014 Thomson
Reuters MarketScan Commercial Claims and
Encounters Data, an insurance claims data set.
The latter two databases are included to add
sample size and, in the case of the CPRD, detail, as
it contains clinical information not typically found
in administrative databases and has finer-grained
confounding data included.
The structure of CNODES has given rise to several
methodological opportunities and challenges.
Bazelier et al.6 reviewed the literature on distributed
network data management and analyses, and noted
several methodological strengths and weaknesses of
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these networks. They stressed the need for detailed
protocols and documentation, and the need for
careful understanding of heterogeneity. In this paper,
we describe a series of methodological challenges
that arise in distributed networks and describe
some solutions for these challenges. We illustrate
these challenges and solutions through a case study
conducted by CNODES.

Case Study
The typical CNODES study follows a standardized
process.7 Once a research question is proposed
by a government stakeholder (usually by Health
Canada directly, or by another federal or provincial
stakeholder), a study team is developed that includes
expertise in pharmacoepidemiology, biostatistics,
and the relevant clinical and pharmacological areas.
This team includes a researcher and analyst from
each site participating in the study. A study protocol
and detailed technical analytic protocol are prepared
by the study team and distributed to the sites.
Site-specific studies following these protocols are
conducted at each of the study sites, and the results
are then combined using meta-analytic methods.
Filion et al.8 studied the association between
proton pump inhibitors (PPI) and hospitalization
for community-acquired pneumonia (HCAP),
in the CNODES databases. Separate cohorts of
nonsteroidal anti-inflammatory drug (NSAID) users
were created—at each participating CNODES site
(Alberta, Saskatchewan, Manitoba, Ontario, Quebec,
Nova Scotia); the United States (MarketScan); and
the United Kingdom, (General Practice Research
Database (GPRD)). The cohorts were restricted to
NSAID users for reasons outlined below. In each
cohort separately, high-dimensional propensity
scores (hdPS) were used to adjust for confounding,
and logistic regression was used to estimate
adjusted odds ratios (ORs) for the risk of HCAP
within the first six months post-NSAID prescription.
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The authors assumed “intention-to-treat”; that is,
exposure to PPIs throughout the six-month time
window was assumed to be constant based on the
initial prescription. Fixed-effects meta-analysis with
inverse-variance weighting was used to combine
the results across sites and generate a summary
estimate of the adjusted OR.

problems by determining best practices and
conducting new research as needed. The team
includes methods researchers at several of the
CNODES sites, as well as trainees dedicated to
pharmacoepidemiologic and statistical methods.

Figure 1 (from Filion et al.8) gives the forest plot
comparing PPI use to no PPI use for the six-month
cumulative incidence of HCAP. With the exception of
Nova Scotia, all individual study results are centered
around the null, and the summary OR was 1.05—95
percent confidence interval (CI): 0.89-1.25—a strong
indication of no effect.

The challenges can be grouped into three broad
categories: problems related to the conduct
of individual-site studies, problems related to
combining data across sites (meta-analytic
methods), and issues related to the logistics and
value of adding data to an existing study across
time. We outline several of these problems below,
and discuss them in the context of the PPI and
HCAP study.

Methodological Challenges

Design

The network structure of CNODES has given rise
to several methodological challenges; the CNODES
Methods Team is responsible for addressing these

Prior to the work by Filion et al.,8 results of studies
of PPIs and pneumonia have suggested an
association, with users of PPIs being at higher risk of

Figure 1. Forest Plot of Association Between Use of Proton Pump Inhibitors and the Six-Month
Cumulative Incidence of Hospitalization for Community-Acquired Pneumonia in a Restricted Cohort
of New Users of Nonsteroidal Anti-Inflammatory Drugs (NSAIDs)

Notes: Analyses were adjusted for age, sex, previous nonhospitalized pneumonia, prescription of proton pump inhibitors, histamine-2 receptor
antagonists and NSAIDs in the 7–12 months prior to cohort entry, and high-dimensional propensity score decile. General Practice Research
Database (GPRD).
Source: Filion et al.8
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pneumonia.9 It has been hypothesized that studies of
this association were affected by severe protopathic
bias—because of the prescription of PPIs due to
the symptoms of undiagnosed pneumonia rather
than gastroesophageal reflux disease (GERD); and
confounding by indication due to the GERD itself.
To avoid such biases, Filion et al.8 created restricted
cohorts of new users of NSAIDs, in which some
patients were prescribed PPIs prophylactically,
and the treatment-outcome association was thus
relatively unconfounded. Their primary result is
at odds with prior findings; however, analysis of
an unrestricted cohort of PPI users using a similar
approach to that used in prior studies at one
CNODES site that showed an increased risk due to
PPIs (aOR=1.24, 95 percent CI 0.96-1.59). This result
was consistent with the results of the previous metaanalysis by Eom et al. (adjusted OR 1.27, 95 percent
CI 1.11–1.46). Chateau et al. found the highest risk
close to initiation of treatment, also suggestive of
protopathic bias.10 The consistency of these results
with those of previous studies that used similar
methods suggests that the confounding adjustment
by restriction was effective.
This case study illustrates the need for careful
design choices in distributed network analyses,
and the need for substantial sample sizes that
networks can provide. Cohort restriction to reduce
confounding significantly affects sample size; the
ability to combine data across sites in a network
mitigates this concern so that good design choices
can be implemented. On the other hand, increased
sample size can exaggerate problems due to poor
design choices. The re-analysis of the PPI study
using designs similar to past studies supports this.
Biases in single studies may become more apparent
in network analyses because the increased precision
from the use of data from several sites and their
corresponding meta-analyses leads to reduced
variance (it is reasonable to assume that with other
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sites included, the CI around the 1.24 would be
significantly narrower).

Estimation in a Single Site
In a CNODES study, each site conducts a study
based on the standardized protocol using
established pharmacoepidemiologic methods.
However, the standardized protocol must take into
account a variety of differences between sites.
Data structures differ across sites; the CPRD5 is an
electronic health record (EHR) database, while the
Canadian provincial data sets are insurance claims
data. Claims data may contain less information than
EHR data, because the reason for collecting the
data is financial and administrative rather than being
related to care. Statistical control for confounding
could therefore be less complete with claims data
than with EHR data. In addition, data coding differs
across sites—for example, the CPRD uses Read
codes for outpatient diagnoses and International
Classification of Diseases 10 (ICD 10) codes for
hospitalization data; drug coding varies widely, as do
the periods of data availability. Finally, the provincial
coverage plans can differ substantially, both in terms
of who is covered (for example, in some provinces
medications are covered for only those over 65, while
in others all ages receive coverage), and in terms of
what is covered (substantial differences can exist
in coverage of drugs for specific conditions due to
differences in provincial formularies; for example,
coverage for PPIs differs between provinces).
CNODES does not use a common data model. Each
site keeps data in the original format and keeps all
available data, rather than restricting to variables
that can be compiled in a common unified data set.
This may have an impact on efficiency, but it does
allow maximum flexibility to incorporate all available
information and reflect heterogeneity. However, the
protocol must be flexible enough to take into account
these differences in data structure and availability.
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Further, in a typical, single-site,
pharmacoepidemiologic study, a single (or very few)
data analyst would work in close proximity to the
principal investigator and the lead methodologist.
However, in a CNODES study, the analysts work with
a common protocol, but are dispersed throughout
the network, and contact with the principal
investigator and lead methodologist is limited. As
such, the protocols must be designed with sufficient
clarity to ensure reproducible results in multiple
sites. This leads to an important challenge for
protocol writers. The protocol must be sufficiently
complex to capture site-specific nuances, but clear
and straightforward enough to be used by several
analysts at a distance.
In such a distributed setting, automated methods for
confounding control are ideal. The hdPS approach
proposed by Schneeweiss11 provides an efficient way
to automate confounding control, and performs
well in practice. The hdPS methods also allow
confounding control to be optimized to data available
in individual sites; while this is a strength, it could also
expose between-site heterogeneity because covariate
selection is tailored to covariates that have potential
to create bias in analyses at the sites. This could
ensure minimal bias at each site but demonstrate
heterogeneity due to population variations. However,
these are relatively novel methods, and their
properties should continue to be explored.
In the PPI study, the protocol was standardized and
the hdPS did allow accounting for different control
of confounding across sites. The divergent results in
Nova Scotia, likely due to prescribing heterogeneity,
indicate the usefulness of the hdPS in accounting for
site-specific differences.

Meta-Analysis: Choice of Method
CNODES and other related networks perform
studies that can be thought of as prospective
meta-analyses. Since the study sites are known
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in advance and not a random sample from some
potential larger set of sites, this situation does not
satisfy the assumptions of a random-effects model.
Furthermore, with an identical protocol defined a
priori, it is reasonable to consider a network study
as a fixed-effects problem.12 Of course, on the other
hand, heterogeneity may still be present due to, for
example, differences in populations or in prescription
patterns. This does not leave investigators with
an easy solution to heterogeneity. In the Filion et
al.8 study, the I2 heterogeneity statistic13 was 0 and
the random effects estimate and 95 percent CI
essentially identical to the fixed effects estimates,
indicating minimal heterogeneity and that the
fixed effects model was reasonable. However, in
other CNODES studies there has been measurable
heterogeneity.14,15 Even though heterogeneity should
be minimal by design, it should be addressed when
it is present. Methods are needed to distinguish
between genuine heterogeneity and random noise
that is due to the substantial variation in site sample
sizes. Authors of such studies need to consider
approaches to this problem. Metaregression16 may
be a useful approach; however Hansen et al.17 noted
that, in this setting, metaregression should be
treated as exploratory, and is prone to false positives.
Given the small number of sites, false positives are a
significant concern with metaregression.

Meta-Analysis: Stopping Rules
The CNODES meta-analysis is designed in advance;
that is, the meta-analysis is planned before any
site-specific study is done, and site-specific analyses
are blinded to other sites’ results. This gives the
advantage that, to the extent that it is feasible,
effect-measure heterogeneity and heterogeneity due
to confounding control can both be minimized.
However, in the CNODES network, some jurisdictions
have had difficulties accessing data in a timely
fashion due to regulatory and privacy concerns.
Site-level results are therefore produced at varying

5

eGEMs (Generating Evidence & Methods to improve patient outcomes), Vol. 4 [2016], Iss. 1, Art. 9

times. It is possible that several sites may complete
analyses prior to other sites having access to their
data. This raises the question as to whether the
data already collected and analyzed from other
jurisdictions are sufficient to form a definitive
conclusion, or whether it is necessary to wait for
the final results from all sites prior to forming a
conclusion. Langan et al.18 proposed a method to
assess the potential change in statistical significance
when a new study is added to a meta-analysis (i.e.,
the likelihood that a new study could change the
conclusions based on the p-value). In a CNODESsponsored project, Chevance et al.19 extended this
method to describe the potential changes in point
estimate and heterogeneity when a new study is
added. These authors developed a series of contour

plots that describe the state of the evidence and the
potential impact of a new study; specifically, they
showed potential changes in the summary point
estimate and the I2 statistic, as well as the p-value.
Figure 2 shows the contour plots developed by
Chevance for the PPI and HCAP study. It indicates
that an additional study would be unlikely to change
the result substantially, unless the study were both
very large and had a substantial treatment effect. For
example, a study of moderate size with a standard
error of 0.4 would have to have an OR of at least 2.0
to change the summary OR to 1.08. A study would
have to be very large (standard error < 0.2) to create
a nonnull conclusion based on the p-value, indicating
that a clinically significant change is unlikely.

Figure 2. Contour Plots for the Meta-Analysis of the Association Between Proton Pump Inhibitors
and the Six-Month Cumulative Incidence of Hospitalization for Community-Acquired Pneumonia
in a Restricted Cohort of New Users of Nonsteroidal Anti-Inflammatory Drugs (NSAIDs)

Notes: The top panel gives the meta-analytic summary estimate. The second, third, and fourth panels show contours for the point estimate,
p-value, and I2 statistic, indicating how each would change with the addition of an additional study, indexed by the size of the odds ratio (x-axis)
and the standard error (y-axis) for the new study.
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Further work should extend these methods. The
current approaches allow consideration of only a
single additional study, and are based on a fixed
effects model. Daigneault (unpublished manuscript)
developed a Bayesian method with more flexibility;
however, this has not been assessed in practice.

Conclusion
In this paper, we summarize several of the
methodological challenges that are faced in analyses
of distributed research networks, illustrated through
a case study on PPIs and HCAP.
Many of the problems that arise in distributed
networks are common to all research in
pharmacoepidemiology. The study described here
showcases the value of sophisticated design; of
access to large data sets with good measurement
of outcome, exposure, and confounders; and of
strong methods for confounding control. In the “big
data” era, it is important and well recognized that
large sample sizes alone are not sufficient to ensure
unbiased answers to research questions. Sensible
epidemiologic design and analysis are perhaps even
more important given the increased precision due
to large sample sizes.20,21 These concerns would be
equally applicable to a large, pooled data analysis;
they are not specific to networks. While a pooled
analysis does alleviate many of the problems
involved in network analyses, the fundamental
challenges of design and adjustment in order to
provide unbiased estimators remain. However, much
work is still needed in this area; newer methods such
as double robust methods22,23 and targeted learning24
are promising, but remain relatively underutilized in
large-sample pharmacoepidemiology.
What is unique to distributed networks is the need
for combining inference across various databases.
Methods for combining data from preplanned
meta-analyses, for dealing with heterogeneity, and
for managing studies when data arrive at variable
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rates are needed. Methods for understanding and
adjusting for heterogeneity, in particular, should
be developed. Methods for stopping rules and
for cumulative meta-analysis25 may be relevant to
distributed network analyses.
Considerable research is ongoing into methods for
pooling data while respecting privacy concerns,26 but
consideration should be given to the loss of detail
that arises when pooling, due to the requirements for
data harmonization. Approaches like that of Sentinel,
which uses a common data model but allows
substantial site-to-site flexibility in data structure
and availability, may provide advantages relative to
the CNODES system of separate data files or more
restrictive common data model approaches.
Networks such as CNODES provide the opportunity
to detect and quantify important safety signals from
administrative data. Large sample sizes and rapid
data access allow this research to be done quickly,
but do not eliminate the need for strong methods
and careful substantive input. As networks increase
in size and scope of research questions, the need for
methodological developments should continue to
grow.
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