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Abstract
Background: The Self-Controlled Case Series (SCCS) method has been widely used for
hypothesis testing, but there is limited evidence of its performance for safety signal detection.
Objective: To evaluate SCCS for signal detection on recently approved products.
Methods: A retrospective study covered the period after 3 recently marketed drugs were
launched through Dec 31st, 2010 using The Health Improvement Network (THIN), a UK
primary care database, and Optum, a US claim database. SCCS method was applied to examine
5 heterogenous outcomes with desvenlafaxine and escitalopram and 6 outcomes with
adalimumab for Signals of Disproportional Recording (SDRs) - lower 95% bound of incidence
rate ratio (IRR) estimate greater than 1. Multiple design choices were tested and the trend in IRR
estimates over calendar time for one drug event pair was examined.
Results: All 6 outcomes with adalimumab, 3 of 5 outcomes with desvenlafaxine, and 4 of 5
outcomes with escitalopram had SDRs. SCCS highlighted all acute events in the primary
analysis but was less successful with slower onset outcomes. Performance varied by risk period
definition. Changes in IRR estimates over quarterly intervals for adalimumab showed an SDR
within 9 months of drug launch.
Conclusion: SCCS shows promise for signal detection: It may highlight known associations for
recent marketed products and with potential for early signal identification. SCCS performance
varied by design choice and nature of both exposure and event pair. Future work is needed to
determine how effective the approach is in prospective testing and determining performance
characteristics of the approach.
Key points




SCCS is a promising approach for signal detection in real world data, highlighting known
associations for products with limited time of market penetration.
SCCS may offer potential for early signal identification of drug safety.
SCCS provides most promising performance with the design choices of “new case” as
case definition and “Exposure duration” approach for defining risk period, as well as the
applications for acute events.

1. Introduction
Secondary use of electronic healthcare records (EHR) including electronic medical records
(EMRs) and insurance claims data for hypothesis testing studies has been done for many
decades [1-4]. Signal detection activities to identify potential drug safety issues has
historically focused primarily on spontaneous reports[5], but more recently EHRs have also
been investigated for their utility [6-10].
The Self-Controlled Case Series (SCCS) method, proposed by Farrington (1995) [11], is
widely used for assessing vaccine and drug safety for formal hypothesis testing studies [1216] and there is growing interest in its potential application with EHR data for signal
detection [7, 10, 17-22]. A central challenge in signal detection method development is
testing performance[5]. Much of the testing of SCCS has been against reference sets
developed by Observational Medical Outcome Partnership (OMOP) [7, 10, 18-22]. OMOP
testing showed promising characteristics of the SCCS method, with performance assessed as
similar, or better, than other methods [19, 22]. One similarity across all reference sets is their
overwhelming focus on established medicinal products. It is not clear that findings on
established products generalize to newer molecular entities. For a newly marketed medicine,
its product uptake, the changes in the patient characteristics and drug utilization pattern over
time will be different from mature products [19], thus, it is necessary to explore how the
performance of SCCS is applied to a newer medical product.
In this study, we implemented SCCS in a signal screening framework for three relatively new
drugs to the market: Humira (Adalimumab, AbbVie Inc., Chicago, US; FDA approval in Dec
2002 and EMA approval in September 2003), Pristiq (desvenlafaxine, Pfizer Inc., New York,
US; FDA approval in Feb 2008), and Lexapro (Escitalopram oxalate, Forest Laboratories,
Inc., St. Louis, US; FDA approval in Aug 2002 and EMA approval in June 2002).

2. Method
2.1 Study design
This study is a retrospective active surveillance database study. The study covers the period
after each study drug was launched through Dec 31st, 2010. We chose to study drugs that
have been marketed for several years as this means they have a well-established safety
profile. However, we would also be able to assess the performance of safety surveillance
during the period of early marketing. Specifically, the study period is 1/1/2002- 12/31/2010
for Adalimumab; 2/1/2007 -12/31/2010 for desvenlafaxine; 8/1/2001-12/31/2010 for
escitalopram in OPTUM; and 6/1/2001 -12/31/2010 for escitalopram in THIN to allow 12
month enrolment for those patients entered in the database right after the drug approval date.

All patients having valid data in the databases during the study period were eligible for
inclusion.
2.2 Data sources
This study used The Health Improvement Network (THIN), a UK EMR database, and Optum,
a US claim database.
THIN data contains de-identified primary care EMR data provided by IMS Health [23].
THIN data covers ~6% of the population in the UK and is broadly representative. It holds
comprehensive demographic, clinical and prescribing data. The September 2011 version of
THIN data was used for this analysis, which covers ~9 million unique patients.
Optum is a longitudinal US claims database from United Healthcare (UHC) insurance plans
that represents approximately 3–4 % of the geographically diversified population in US [24].
The database contains longitudinal de-identified patient data that include registration,
pharmacy claims, medical claims, inpatient and outpatient services utilization, and
procedures, and lab results. The 2010 Q4 version was used for the analysis which covers ~44
million unique patients.
2.3 Exposure
Much signal detection testing has focused on screening relatively large numbers of drugoutcome pairs and looked at quantitative performance of characteristics compared to external
reference sets rather than extensive evaluation of the pairs [10, 18-19, 21-22]. We therefore
decided to look in depth at a small number of drug-outcome pairs with a focus on an area of
relatively recent therapeutic innovation. To help with generalizability, we initially selected
two medications in two different therapeutic areas: desvenlafaxine, an antidepressant drug,
and adalimumab, a rheumatoid arthritis (RA) drug with a focus on RA indication. At
planning stage we anticipated both drugs would be well captured in both Optum and THIN
databases. When we initiated the study we discovered that the coverage was limited to the
US Claims for desvenlafaxine. Upon further analysis it became clear that no bDMARDs
were well captured in THIN so we elected to not conduct a THIN SCCS analysis on
adalimumab. For transparency we elected to continue to study these two drugs using Optum
database but to also include some similar drugs that were captured in both databases. Thus,
escitalopram was added to the study using both THIN database and Optum database.
National Drug Code (NDC), a US drug coding system, was used for defining the exposures
in Optum data and BNF codes/ Mulitlex codes, a UK drug coding system, were used for
defining the exposures in THIN data.

2.4 Outcome

Five outcomes were selected for studying the association with desvenlafaxine and
escitalopram: Hypertension, Orthostatic hypotension, Proteinuria, Hyperlipidemia, and
Fractures (All types). Six outcomes were selected for studying the association with
adalimumab: Acute Myocardial Infarction (AMI), GI Perforation, Herpes Zoster, Interstitial
Lung Disease, Lymphoma, and Pneumonia. The rationale of selecting the outcomes includes
general importance to drug safety, inclusion of the outcomes in the product label, literature of
safety concerns in the same drug class (antidepressants - fracture), and feasibility for
studying the outcomes using Optum or THIN data. Specifically, we first selected the events
of interests for desvenlafaxine and adalimumab, two drugs initially planned to be studied.
All events for these two drugs were labelled except for fracture with desvenlafaxine which
was discussed in the literature as a safety concern in the same drug class [25-28]. As
escitalopram, an antidepressant, was added later to allow the use of both databases, we have
kept the same events of interest for this drug same as for desvenlafaxine. The outcomes were
defined using ICD-9 codes in Optum data (Table 1, Electronic Supplementary Material
(ESM) #1 and READ codes in THIN data (Table 2, ESM #1).

2.5 Analysis Methods
The SCCS model assuming events arise from a non-homogeneous Poisson process includes
individuals who have had both the exposure and outcome of interest regardless of the timing
and order of exposure and outcome [10, 15, 18-19, 22, 29]. SCCS method does not require a
reference exposure group, as each patient is both exposed and unexposed and acts as their
own reference for comparison, which implicitly controls for time-fixed covariates. Incidence
rate ratios (IRR) are calculated by comparing the rate of events in a given post-exposure
period (risk period) to the rate of events in unexposed periods absent of the exposure (all
other observed time) [15-16]. In a signal screening framework, statistical uncertainty is
examined based on the 95% confidence interval of the IRR estimates. Specifically, when the
lower 95% bound of IRR estimate is greater than 1(i.e. IRR025 >1) this is considered a
positive finding and is a Signal Of Disproportional Recording (SDR) analogous to SDRs in
spontaneous reporting which are findings of potential interest that have not undergone
clinical review to be considered signals of suspected causality [30-31]. Key assumptions for
SCCS method include conditionally independent events and events conditionally
independent of exposure. Accurate dating of outcomes is also important, and we
acknowledge some of the outcomes included here are difficult to date e.g. lymphoma and
hyperlipidemia. Nonetheless, they are included to test the resilience of the method to this
assumption, as there is a lack of evidence about the impact of violating SCCS assumptions.
The details of SCCS method has been described extensively elsewhere [15, 18-19]. We

implemented SCCS (Figure 1.) using OMOP standard SAS programming procedures as
developed by the researchers of Columbia University and published on OMOP’s website for
this study [32]. The code was further modified as needed for all analyses conducted here,
including the ‘Exposure Duration’ approach using SAS 9.2 version.

2.6 Design Choices
The selection of analytic design choices would impact the implementation of the SCCS
method testing [19, 33]. For this study, the design choices selected for the primary and
secondary analyses are summarized in Table 1.
We only looked at the 1st occurrence of each outcome of interest to capture incident event in
this study. We then focused on the events with the requirement of a 12 month event free
enrolment period (defined as “New” cases) in the primary analysis. In a secondary analysis,
we also investigated the events without the requirement of a 12 month event free enrolment
period (defined as “All cases”), recognizing that this selection means we may sometimes
include events that are not incident [34]. The “All Case” definition was included in the
OMOP SCCS package.
In a drug safety signal detection framework, appropriate risk period selection may differ from
a formal hypothesis-testing study in epidemiology. There is limited literature on the impact
of such selection on method performance for signal detection, although OMOP conducted
some initial evaluation. Two approaches to risk period selection are compared. 1). “OMOP”
approach (Figure 2.1 – 2.5): risk period is defined as exposure start plus 30 days (fixed
period), and exposure duration plus a variable subsequent period (0, 30, 60 or 90 days) thus,
5 risk periods are selected and all other time is considered baseline (varied by risk period).
The risk period “exposure duration plus 30 days within the end of exposure” was selected in
the primary analysis, allowing the risk of an outcome to be elevated at any time during
exposure as well as the 30 day initial surveillance window. 2) A modified approach “Exposure Duration” approach (Figure 3): risk period is exposure duration. Three 30 day
washout periods (1-30, 31-60, 61-90 days) after estimated end of exposure are analyzed
separately as potential exposure windows where the drug effects may still exist. Risk and
washout periods are each compared with the same baseline to obtain incidence rate ratio
(IRR) estimates. Initiation of a new medication tends to occur on the day a patient visits their
doctor. Patients will often notify their doctor of recent medical events at the same visit, and
therefore events recorded on the date a new medication is started will often predate the start
of treatment. Thus, the first day of treatment is not included in risk time, to minimize
misclassification errors.

As another secondary analysis, we also examined the change in IRR estimates over calendar
time from SCCS model using the parameters in the primary analysis through a single drug
event pair highlighted with a high IRR during the first phase of analyses to better understand
if observational data might be used for earlier signal identification.
3. Results
An overview of the demographic characteristics of the patients included in the anlysis per
drug-outcome pair is presented in Table 2. Total number of patients per drug-outcome varied
by nature of the outcome (i.e. rare or common), database, and length of drug on the market.
The most common outcomes in this analysis are hyperlipidemia and hypertension while the
least common outcomes are AMI and lymphoma. Overall, females had higher proportion of
the conditions than males except for AMI, and average age at 1st drug exposure is similar to
the average age at 1st condition.
3.1 Primary Analysis
Figure 4 shows results for all exposures and outcomes using the primary approach. All 6
outcomes of interest (i.e. AMI, GI perforation, Herpes zoster, interstitial lung disease,
lymphoma, and pneumonia) associated with adalimumab were highlighted as potential safety
concerns with IRR025 >1 or SDR. Three of the 5 outcomes of interest (i.e. Fractures,
orthostatic hypotension, and proteinuria) were found to have SDRs associated with
desvenlafaxine (i.e. IRR025 >1). Two pairs without SDRs were: Hypertension and
hyperlipidemia. For Escitalopram, except for hypertension, 4 outcomes (i.e. fractures,
hyperlipidemia, orthostatic hypotension, and proteinuria) had SDR on both THIN and Optum
data. Hypertension had no SDR in neither THIN nor Optum. The IRR and 95% CI for each
of these drug-outcome pairs are listed in Table 3.

3.2 Secondary Analysis
Choice of Case Inclusion Criteria
Figure 5 shows the comparison of the results of “All Cases” and “New Cases”. When using
criteria of “All Cases”, the SCCS method not only produced consistenly lower estimates
across all drug-outcome pairs and databases, but also fewer SDRs. For “all cases”, SCCS
highlighted 50% of outcomes of interest (3 pairs) associated with adalimumab on Optum
data, none of outcomes of interest associated with desvenlafaxine on Optum data, and 40% of
outcomes of interest (2 pairs) associated with escitalopram on both THIN and Optum data.

Choice of Risk Periods
Figure 6 indicates that SCCS method performance varied by the choice of risk periods when
using the OMOP approach. In general, a major difference was seen when defining the
exposed period as the first 30 days of drug exposure (i.e. fixed period) only: 60% or more
estimates on adalimumab, desvenlafaxine, and escitalopram in Optum data, and 40% of
estimates on escitalopram in THIN data were smaller than seen in the primary analysis.
Increasing the number of days included in the risk period post-treatment led to an increase in
IRR estimates of the majority of pairs in Optum data.
As shown in Figure 7 “Exposure Duration” approach generated often higher estimates of the
IRR in the 1st or 2nd washout period compared with those when risk period was the estimated
duration of treatment alone. For example, consistently higher estimates of the IRR during the
“first washout period” than risk period as well as other wash out periods were observed
across 6 adalimumab - outcome pairs. However, the estimate of the IRR was generally lower
in the final washout period (days 61-90) than during exposure. Wider 95% CI of the
estimates in the 3 washout periods were observed due to fewer events counted as incident
cases.
Comparing the IRR estimates between the OMOP and Exposure Duration approaches
(across figures 6 and 7 respectively) where the risk period were both set as exposure duration
only, the Exposure Duration approach generated consistently higher estimates for all 6
adalimumab - outcome pairs and highlighted one more SDR (i.e. lymphoma); the estimates
for the Exposure Duration approach were either similar to or slightly higher than those
obtained with the OMOP approach for the desvenlafaxine and escitalopram – outcome pairs.
Neither method identified escitalopram and hypertension (THIN or Optum); nor
desvenlafaxine and hypertension or desvenlafaxine and hyperlipidemia (Optum).
We observed that the Exposure Duration approach highlighted 5 pairs (i.e. Herpes Zoster,
Lymphoma, and Pneumonia with adalimumab; Orthostatic Hypotension with desvenlafaxine;
and Orthostatic Hypotension with escitalopram in Optum ) with IRR≥2 while no pair with
IRR≥2 was found using “OMOP” approach regardless the selection of the OMOP risk
periods. While direction of IRR025 was similar, in general, across the two approaches, some
discordance from these two aprroaches was observed. For example the Exposure Duration
approach identified a SDR (i.e. IRR025 >1) of hypertension with escitalopram in Optum during
the 1st and 2nd washout period while no SDR was seen with the OMOP approach.
Risk over time

Figure 8 shows results of IRR of herpes zoster in patients using adalimumab since drug
launch to end of 2010. This example allows us to see the changes of IRR over time for this
drug-outcome pair and understand if observational data may be used for earlier signal
identification. Overall, IRR025 were all greater than 1 over time. There were no cases
reported in the 1st quarter of the 1st year after the drug approval date. However, the IRR
estimates in the following three quarters since the drug launch were substantially higher
though the event numbers were low (IRR=6.15 in 2003 Q2 and IRR=4.40 in 2003 Q4). The
estimates continued the decline over next two years from IRR=3.35 in 2004 Q1 to IRR=2.01
in 2006 Q2 before they were stabilized during the period from 2006 Q2 to 2010 Q4 with an
IRR of approximate 2.0 for all estimates.
4. Discussion
Our findings suggest that SCCS may be useful for safety signal detection in EHRs; most
known adverse drug reactions associated with desvenlafaxine and escitalopram for
depression and adalimumab for RA were correctly identified in the framework we
implemented using both THIN and Optum data. It also appears that early identification of
previously unknown safety signals may be possible shortly after a new product is launched.
The IRR estimates were partly dependent on design choices with respect to defining the “at
risk” period.
The self-controlled case series can be implemented in many different ways in terms of time
at risk, control time and wash out periods (i.e. neither control nor exposed time) and as it is
also volatile to time varying confounding and other factors these design choices were
anticipated to affect signal detection capability greatly.
This study builds on previous work by OMOP by assessing drugs near their time of launch,
and by focussing on a few specific drug-event pairs, some of which we anticipated SCCS
should perform well on, and some not, we have been able to uncover more insights into the
applicability of the SCCS and its implementation for signal detection.
The vast majority of pairs were highlighted in the primary analysis. In particular, SCCS was
able to highlight all acute events in the primary analysis. We would not normally expect to
use SCCS to study chronic condition with uncertain onset date. However, our highlighting of
adalimumab- lymphoma, an event in the black box warnings for adalimumab, supports a
position that the method may sometimes be robust when the signal is very strong even
though some assumptions are violated [35-36]. Future work needs to determine how
effective the approach is for highlighting the previously unaccepted drug event pairs and
determining performance characteristics of the approach including the robustness in handling

the chronic diseases for which the assumptions for the SCCS method might be violated.
Hypertension and hyperlipidemia for desvenlafaxine were consistently not highlighted. Both
are outcomes with slow onset that can only be identified through testing, requiring a visit to
the general practitioner (GP) to have taken place. Escitalopram shares the same pattern for
hypertension and the SDR of hyperlipidemia-Escitalopram was weak. We observed similar
patterns for Escitalopram in both THIN and Optum: both of which are outcomes we
anticipated SCCS would not be suitable for.
We selected labelled outcomes for the RA drug adalimumab and antidepressant
desvenlafaxine, as well as fracture for desvenlafaxine, an outcome widely associated with
antidepressants and widely studied in secondary databases studies [25-28]. We selected the
same outcomes for escitalopram as for desvenlafaxine for comparability. Outcomes were
selected to have varying properties (acute vs. chronic etc) and with varying evidential support
for capability of accurate capture in Claims and EMRs. We note that five pairs (Herpes
Zoster, Lymphoma, and Pneumonia with Adalimumab; Orthostatic Hypotension with
desvenlafaxine; and Orthostatic Hypotension with escitalopram in Optum) were all
highlighted by the “Exposure Duration” approach with an IRR≥2. Some argue that
observational studies are more reliable when estimates greater than 2 are achieved [37-39],
and in signal detection ranking based on SDR is often used to prioritise of pairs for further
consideration [5].
In spontaneous reporting quantitative analysis it is well established that highlighted pairs
require clinical review to be considered signals of suspected causality [5]. Outputs from
quantitative signal detection in longitudinal observational databases similarly require further
investigation to be considered signals as the coarse design choices required for
implementation in a signal detection framework mean that many of the biases prevalent in
observational data will not have been adequately controlled for.
In testing case inclusion criteria we found that solely including new cases in the case
definition gave higher IRR estimates than including ‘all cases’. This is not surprising as cases
close to registration are not always incident, but reflect recording of previous events or
prevalent conditions [34]. While it is accepted that studying new cases rather than ‘all cases’
is appropriate in pharmacoepidemiological studies, we considered it worth investigating in a
signal detection context because the dilution effect of including prevalent events might have
been outweighed by the extra power of including more cases. The results however support
the idea that the flawed “all case” design leads to lower estimates due to the inclusion of
events recorded around the time of patient registration. As these events tend more often to
occur during baseline periods of observation time, they will lead to an overestimate of the
baseline event rate and hence would bias estimates of relative effects in a way that would
make exposed time appear less harmful or even beneficial. Therefore we recommend for
signal detection that ‘new cases’ should be used for SCCS signal detection.

In terms of risk period selection our results support a position that there is no uniformly
appropriate exposure time and baseline time in a signal detection framework [33]. Overall,
our results suggest that taking an “Exposure Duration” approach to defining the risk period
and separate consideration of wash out periods performs well. However the finding that
elevated IRR estimates representing SDRs were found during the wash out periods including
sometimes 60-90 days, suggests that wash out period inclusion is of importance. SCCS
studies have used wash out periods of, for example, 75 or 91 days [28,40] to include this
apparent post-treatment period which can include some ongoing exposure. Our results
suggest that the “Exposure Duration” risk period selection offers good potential for signal
detection as it optimizes the distinction between exposed (high risk) time and baseline time.
This would explain the larger effect estimates seen with the Exposure Duration approach
compared with the OMOP approach as it is less likely that a risk period will erroneously
include unexposed time, or the baseline includes time with persisting drug effect.
When examining the change in IRR estimate over quarterly intervals across the study period
for adalimumab with herpes zoster we see that the estimate is immediately positive, albeit
with wide confidence intervals, and then settles to a lower but still positive estimate. The
significantly higher IRR in the first couple years since launch might indicate volatility of
estimates newly after approval or a bias towards more recording of clinical events in people
taking newly licensed treatments. In the package insert created in September 26 2003, other
infrequent serious adverse events occurring at an incidence of less than 5% in patients treated
with adalimumab in clinical trial included herpes zoster [41]. However, the frequency of the
event in placebo group was not reported or compared and it could be interpreted that the
causal nature of the event was uncertain at this stage. The finding that all drugs in this class
are associated with an increased risk of herpes zoster was published until 2009 [42]. This
suggests the potential of the SCCS method for early signal detection and the potential value
in monitoring drug safety sequentially in longitudinal observational databases. Tracking the
date when specific adverse reactions are added in the label would be helpful to evaluate the
usefulness of SCCS for prospective, early signal detection.
A limitation of the study was that we focused our analysis on a more extensive analysis of a
small number of drug event pairs for only a handful of drugs, which limits generalizability.
We didn’t look at any negative control outcomes, so we can’t comment on specificity –
further work will need to assess the number of false positive findings from the approach.
While SCCS method implicitly controls time invariant variables, we did not adjust age or
other time varying covariates in the model. From a signal detection perspective, inclusion of
fewer covariates is often reasonable or preferred [43] as confounders and effect modifiers are
unknown and can be better treated in post-hoc analyses. For relatively long observation
periods, could easily be added to the model. Key assumptions for the SCCS method include
conditionally independent events and events conditionally independent of exposure. While

selecting first incident event in the analysis helps satisfy the assumption of “conditionally
independent events”, the assumption of “events conditionally independent of exposure” is
likely violated (at least for some of pairs) as it is difficult to expect any event of interest does
not have an impact on the future exposure of interest in the study. Nonetheless, if the effect
on subsequent exposure is short lived the impact on effect estimates may not be great. Our
results support a perspective that different approaches are needed when considering different
outcomes and potentially which methods should be used to best detect emerging signals.
Much in the same way research suggests that some outcomes are more suited to detection in
spontaneous reports and others in longitudinal observational databases [8]; similarly
outcomes could be stratified into groups with similar properties (acute vs. chronic, transient
vs. persistent, etc.), and signal detection approaches targeted at the specific groups
individually, using a similar approach to epidemiological design proposed by mini- Sentinel
[44]. In order to conduct method testing and better understand the capabilities of SCCS for
signal detection, we have focused on a detailed analysis of labelled effects. In practice as
hypothesis free signal detection for unexpected effects is increasingly conducted some
further triage to focus most efforts on discovering outcomes often anticipated to have most
public health importance and be reliably - or more effectively - detected in longitudinal
observational databases may be warranted (e.g. those with biological plausibility, common
ADRs, outcomes listed in risk management plans as potential safety concerns etc.). One
example is using the SNIP criteria proposed for filtering spontaneous reports [45], focusing
on WHO Critical terms [46] or those proposed as of particular value to screen for in previous
longitudinal observation data research initiatives [9].
5. Conclusion
Our work shows that Self Controlled Case Series is a promising approach for signal
detection, highlighting known associations for products with limited time for market
penetration. We have shown which design choices look most promising and reaffirmed that
performance of the Self Controlled Case series varies by the nature of both exposure and
event pair and their anticipated association; this impact being important to consider in signal
detection where there is necessarily less scope for tailored analyses. Future work needs to
determine how effective the approach is for highlighting the previously unaccepted drug
event pairs and determining performance characteristics of the approach.

Acknowledgments
This project was funded by Pfizer Inc. We would like to acknowledge OMOP for the
open source code that provided the basis for the SCCS implementation code used for this
project.
Compliance with Ethical Standards
This study was funded by Pfizer Inc. Xiaofeng Zhou, Rongjun Shen and Andrew Bate
are full time employees of Pfizer Inc and hold stock and stock options. Pfizer
manufactures one of the drugs studied herein: desvenlafaxine, as well as other products
used to treat primary indications of the other two drugs analyzed herein, namely
depression and rheumatoid arthritis. Ian Douglas is a full time employee of London
School of Hygiene and Tropical Medicine and received no funding from Pfizer for his
contribution to this study and manuscript. He is funded by an unrestricted grant from,
holds stock in, and has consulted for, GlaxoSmithKline

References
1. Van De Carr, S.W. et al. Relationship of oral contraceptive estrogen dose to age. Am J
Epidemiol 1983; 117 (2), 153-159
2. Strom, B.L. et al. The computerized on-line Medicaid pharmaceutical analysis and
surveillance system: a new resource for postmarketing drug surveillance. Clin Pharmacol
Ther 1985; 38 (4), 359-364
3. Jick, H. et al. Validation of information recorded on general practitioner based
computerised data resource in the United Kingdom. BMJ 1991;302 (6779), 766-768
4. Jones, J.K. et al. Medicaid drug-event data: an emerging tool for evaluation of drug risk.
Acta Med Scand Suppl 1984; 683, 127-134
5. Bate, A. and Evans, S.J. Quantitative signal detection using spontaneous ADR reporting.
Pharmacoepidemiol Drug Saf 2009; 18 (6), 427-436
6. Coloma PM, Triﬁrò G, Schuemie MJ et al. Electronic healthcare databases for active
drug safety surveillance: is there enough leverage? Pharmacoepidemiology and Drug
Safety, 2012; 21: 611–621 DOI: 10.1002/pds
7. Norén, G.N. et al. Safety surveillance of longitudinal databases: results on real‐world data.
Pharmacoepidemiology and Drug Safety 2012; 21 (6), 673-675
8. Pacurariu AC, Straus SM, Trifirò G, Schuemie MJ, Gini R, Herings R, Mazzaglia G,
Picelli G, Scotti L, Pedersen L, Arlett P. Useful interplay between spontaneous ADR
reports and electronic healthcare records in signal detection. Drug safety. 2015 Dec 1;
38(12):1201-10.
9. Trifirò G, Pariente A, Coloma PM, Kors JA, Polimeni G, Miremont‐Salamé G, Catania
MA, Salvo F, David A, Moore N, Caputi AP. Data mining on electronic health record
databases for signal detection in pharmacovigilance: which events to monitor?.
Pharmacoepidemiology and drug safety 2009 Dec 1;18(12):1176-84
10. Zhou X, Murugesan S, Bhullar H et al. An Evaluation of the THIN Database in OMOP
Common Data Model for Active Drug Safety Surveillance. Drug Safety, 2013; 36:119–
134
11. Farrington CP. Relative incidence estimation from case series for vaccine safety
evaluation. Biometrics 1995; 51: 228–235.
12. Brauer, R. et al. Antipsychotic drugs and risks of myocardial infarction: a self-controlled
case series study. Eur Heart J 2015 April; Vol. 36, Issue 16, 21, 984–992
13. Douglas, I.J. et al. The risk of fractures associated with thiazolidinediones: a selfcontrolled case-series study. PLoS Med 2009; 6 (9), e1000154
14. Douglas, I.J. et al. Orlistat and the risk of acute liver injury: self-controlled case series
study in UK Clinical Practice Research Datalink. BMJ 2013;346, f1936
15. Whitaker, H.J. et al. Tutorial in biostatistics: the self-controlled case series method. Stat
Med 2006; 25 (10), 1768-1797
16. Whitaker, H.J. et al. The methodology of self-controlled case series studies. Stat Methods
Med Res 2009; 18 (1), 7-26
17. Grosso A, Douglas I, MacAllister R, et al. Use of the self-controlled case series method
in drug safety assessment Expert Opin Drug Saf. 2011 May; 10(3): 337–340.
doi:10.1517/14740338.2011.562187.
18. Simpson, S.E. et al. Multiple self-controlled case series for large-scale longitudinal
observational databases. Biometrics 2013;69 (4), 893-902

19. Suchard, M.A. et al. Empirical performance of the self-controlled case series design:
lessons for developing a risk identification and analysis system. Drug Saf 2013;36 Suppl
1, S83-93
20. Noren, G.N. et al. Empirical performance of the calibrated self-controlled cohort analysis
within temporal pattern discovery: lessons for developing a risk identification and
analysis system. Drug Saf 2013;36 Suppl 1, S107-121
21. Ryan, P.B. et al. Defining a reference set to support methodological research in drug
safety. Drug Saf 2013;36 Suppl 1, S33-47
22. Ryan, P.B. et al. Empirical assessment of methods for risk identification in healthcare
data: results from the experiments of the Observational Medical Outcomes Partnership.
Stat Med 2012;31 (30), 4401-4415
23. Lewis JD, Schinnar R, Bilker WB, Wang X, Strom BL. Validation studies of the health
improvement network (THIN) database for pharmacoepidemiology research.
Pharmacoepidemiol Drug Saf 2007; 16: 393–401.
24. Lin NC, Norman H, Regev A et al. Hepatic outcomes among adults taking duloxetine: a
retrospective cohort study in a US health care claims database, BMC Gastroenterol. 2015;
15: 134.
25. Richards JB, Papaioannou A, Adachi JD, Joseph L, Whitson HE, Prior JC, Goltzman D;
Effect of selective serotonin reuptake inhibitors on the risk of fracture. Arch Intern Med.
2007; Jan 22; 167 (2):188-94.
26. Wu Q, Bencaz AF, Hentz JG, Crowell MD, Selective serotonin reuptake inhibitor
treatment and risk of fractures: a meta-analysis of cohort and case–control studies,
Osteoporos Int 2012; 23:365–375 DOI 10.1007/s00198-011-1778-8
27. Liu B, Anderson G, Mittmann N, et al. Use of selective serotonin-reuptake inhibitors or
tricyclic antidepressants and risk of hip fractures in elderly people, Lancet 1998; 351:
1303–07
28. Hubbard R, Farrington P, Smith C, Smeeth L, Tattersfield A, Exposure to Tricyclic and
Selective Serotonin Reuptake Inhibitor Antidepressants and the Risk of Hip Fracture, Am
J Epidemiol 2003; 158 (1): 77-84.
29. Hua W, Sun G, Dodd CN, Romio SA, Whitaker HJ, Izurieta HS, et al. A simulation study
to compare three self-controlled case series approaches: correction for violation of
assumption and explanation of bias, Pharmacoepidemiol Drug Saf 2013;22, 819-825
30. Hauben M, Reich L. Safety related drug-labelling changes: findings from two data
mining algorithms Drug Saf. 2004; 27(10):735–44 [published erratum appears in Drug
Saf 2006; 29 (12): 1191].
31. Hochberg AM, Hauben M, Pearson RK, et al. An evaluation of three signal-detection
algorithms using a highly inclusive reference event database. Drug Saf. 2009;32(6):509–
25.
32. Foundation for National Institutes of Health, OMOP. Observational analysis methods and
methods library (online). http://omop.fnih.org/MethodsLibrary. Accessed 12 May 2011.
33. Gruber S, Chakravarty A et al. Design and analysis choices for safety surveillance
evaluations need to be tuned to the specifics of the hypothesized drug–outcome
association. Pharmacoepidemiology and drug safety 2016; 25: 973–981
34. Lewis J, Bilker WB, Weinstein RB, Strom BL The relationship between time since
registration and measured incidence rates in the General Practice Research Database –
Pharmacoepidemiology and drug safety 2005; 14: 443–451

35. Traczewski P, Rudnicka L, Adalimumab in dermatology, Br J Clin Pharmacol. 2008 Nov;
66(5): 618–625.
36. Humira (adalimumab) label - FDA, 2011,
https://www.accessdata.fda.gov/drugsatfda_docs/label/2011/125057s0276lbl.pdf
37. Ryan P, Highlights from the Observational Medical Outcomes Partnership’s (OMOP)
Annual Symposium , Brookings Roundtable on Active Medical Product Surveillance,
August 8, 2012; http://omop.org
38. Ryan P, Schuemie MA, Madigan D, Learning From Epidemiology: Interpreting
Observational Database Studies for the Effects of Medical Products, Journal of Statistics
in Biopharmaceutical Research 2013; 5 (3):170-179
39. Yngve Falck-Ytter, Gorden H. Guyatt, Chapter 3: “Guidelines: Rating the quality of
evidence and grading the strength of recommendation, Part I: Basics of the evidence
40. Douglas IJ, Smeeth L. Exposure to antipsychotics and risk of stroke: self-controlled case
series study. Bmj. 2008 Aug 28;337:a1227.
41. Humira (adalimumab) label - FDA, 2002,
https://www.accessdata.fda.gov/drugsatfda_docs/label/2002/adalabb123102LB.htm
42. Strangfeld A, Listing J, Herzer P, et al. Risk of herpes zoster in patients with rheumatoid
arthritis treated with anti-TNF alpha agents. JAMA 2009 February 18; 301(7):737e44.
43. Hopstadius J, Noren GN, Bate A, and Edwards IR. Impact of sstratification in adverse
drug reaction surveillance. Drug Safety 2008; 31(11): p. 1035-48
44. Gagne JJ, Nelson JC, Fireman B. Taxonomy for monitoring methods within a medical
product safety surveillance system: year two report of the Mini-Sentinel Taxonomy
Project Workgroup
45. Waller P, Heeley E, Moseley J. Impact analysis of signals detected from spontaneous
adverse drug reaction reporting data. Drug safety. 2005 Oct 1;28(10):843-50
46. Lindquist M, Edwards IR, Bate A, Fucik H, Nunes AM, Ståhl M. From association to
alert—a revised approach to international signal analysis. Pharmacoepidemiology and
drug safety 1999 Apr 1;8(S1)

