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Abstract Background: Recent withdrawals of major drugs have highlighted the critical
importance of drug safety surveillance in the postmarketing phase. Limita-
tions of spontaneous report data have led drug safety professionals to pursue
alternative postmarketing surveillance approaches based on healthcare ad-
ministrative claims data. These data are typically analysed by comparing the
adverse event rates associated with a drug of interest to those of a single
comparable reference drug.

Objective: The aim of this study was to determine whether adverse event
detection can be improved by incorporating information from multiple refer-
ence drugs. We developed a pharmacological network model that imple-
mented this approach and evaluated its performance.

Methods: We studied whether adverse event detection can be improved by
incorporating information from multiple reference drugs, and describe two
approaches for doing so. The first, reported previously, combines a set of re-
lated drugs into a single reference cohort. The second is a novel pharmaco-
epidemiological network model, which integrates multiple pair-wise comparisons
across an entire set of related drugs into a unified consensus safety score for
each drug. We also implemented a single reference drug approach for com-
parison with both multi-drug approaches. All approaches were applied
within a sequential analysis framework, incorporating new information as it
became available and addressing the issue of multiple testing over time. We
evaluated all these approaches using statin (HMG-CoA reductase inhibitors)
safety data from a large healthcare insurer in the US covering April 2000
through March 2005.

Results: We found that both multiple reference drug approaches offer earlier
detection (6—13 months) than the single reference drug approach, without
triggering additional false positives.
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Conclusions: Such combined approaches have the potential to be used with
existing healthcare databases to improve the surveillance of therapeutics in
the postmarketing phase over single-comparator methods. The proposed
network approach also provides an integrated visualization framework en-
abling decision makers to understand the key high-level safety relationships
amongst a group of related drugs.

Withdrawals of major drugs such as Baycol®
(cerivastatin)!-3 and Vioxx® (rofecoxib)*7 have
highlighted the critical importance of drug safety
surveillance in the postmarketing phase.[®1 Pre-
launch clinical trials often fail to detect drug-
related adverse events due to limitations in sample
size, demographic diversity, and range of co-
morbidities and drug interactions represented in
the trials.’! Improved methods for identifying
adverse drug effects earlier and more reliably have
the potential to prevent serious illness and save
lives. The Institute of Medicine has called for the
adoption of a ‘lifecycle’ approach to drug safety sur-
veillance that includes the postmarketing stage,!'%-11]
and the US Congress has reauthorized the Pre-
scription Drug User Fee Act with support for
postmarketing surveillance.['?]

For the past 40 years, postmarketing surveil-
lance has been performed in the US primarily
through the Spontanecous Reporting System/
MedWatch/Adverse Event Reporting System
(AERS), used to monitor spontaneous reports
submitted voluntarily by health professionals and
consumers. This approach has critical limitations,
including under-ascertainment, noise, delay in re-
porting and the lack of information about the total
number of people taking each drug,['>!4 leading
some to suggest that spontaneous reporting does
not provide a sufficient basis on which to make
appropriate drug safety decisions.[!”]

Because of the limitations of relying on spon-
taneous reports, recent efforts have focused on
leveraging an alternative data source: electronic
administrative healthcare claims databases.[®:1517]
These databases can provide broader population
coverage than spontaneous reports or pre-market
clinical trials. Studies have shown successful use
of these data for detecting a variety of adverse
drug effects,['®1%) including cyclooxygenase-2 in-
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hibitorst?” and statins (HMG-CoA reductase in-
hibitors).[?1-23] The use of these administrative
databases carries with it potential methodologi-
cal issues, including selection bias, lack of chart
review for case validation in some cases, and the
inability to assign causality for adverse events.
While grappling with these challenges, the scien-
tific and public health communities are evaluat-
ing these data to determine whether they can
improve on current methods for early, sensitive
and specific detection of adverse drug effects in
the postmarketing setting.

In a postmarket surveillance setting, these claims
data are typically analysed by comparing adverse
event rates among patients prescribed a particu-
lar drug versus patients prescribed a comparable
reference drug, and a sequential analysis frame-
work may be used to address the issue of multiple
testing over time. Brown et al.?!! present a general
framework for implementing sequential analysis
for postmarketing drug safety surveillance, and
Kulldorff et al.>> describe the maximized sequen-
tial probability ratio test (MaxSPRT) methodol-
ogy in greater detail.

Comparisons are usually performed against a
single reference drug, often a drug in the same
class!!?31 chosen to maximize comparability with
regard to unmeasured factors of the reference
group, or against all non-users of the drug.l**
However, there are typically a number of possible
reference drug candidates that can be used. For
example, cerivastatin is often compared against
the most commonly used statin — atorvastatin —
but may also be compared against other statins
such as pravastatin and simvastatin.[>1->3]

In this study, we hypothesize that information
contained in the relationships among multiple
pairs of drugs can improve drug safety surveil-
lance over the single reference drug methods used
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today. There are two major potential benefits to
incorporating information from multiple refer-
ence drugs. First, combining multiple analyses
can improve detection performance. We propose
that combining information from multiple refer-
ence drugs within a single study has the potential
to improve detection performance, whether by com-
bining multiple sub-threshold signals into a super-
threshold result, or by exploiting the fact that
certain reference drugs enable detection of signals
that other reference drugs do not. For a given
dataset available for analysis, we hypothesize
that combining multiple drug-drug comparisons
has the potential to enable earlier detection, and/
or detection of signals that would otherwise not
be detected at all. By detecting and removing dan-
gerous drugs from the market in a more timely
fashion, drug-related morbidity and mortality may
be minimized.

Second, integrating multiple comparisons can
provide a comprehensive view of the drug safety
environment. Choosing a drug as a reference
drug implies that the drug is assumed to have a
‘normal’ level of safety for a given adverse event.
However, this assumption may not be valid — the
chosen reference drug may actually be more
‘dangerous’ than assumed and thus make truly
‘dangerous’ drugs appear ‘safe’. Conversely, it may
have unusually low levels of an adverse event,
making truly ‘safe’ drugs appear ‘dangerous’. By
analysing and visualizing multiple relationships
amongst a group of drugs, such potential false
assumptions are more likely to be detected.

We describe two approaches to combining in-
formation from multiple reference drugs — one
previously reported and one novel —and compare
their performance to that of a single reference
drug approach. The first multiple reference drug
approach, described herein as the ‘combined co-
hort approach’, involves straightforwardly com-
bining a set of related reference drugs into a single
reference cohort, an approach similar to the one
used by Brown et al.[>] (see the Discussion sec-
tion for a full comparison with the paper by
Brown et al.). For the second approach, we des-
cribe a novel class of pharmacoepidemiological
networks that analyse and capture information
pertaining to multiple drug-drug safety relation-
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ships. Building on prior work developing net-
work-based approaches®” for prospective infec-
tious disease outbreak detection in public health
surveillance systems,?®2°1 we present a network-
based approach for supporting postmarketing
surveillance of drug safety. In addition to im-
proved detection performance, the networks are
designed to provide the comprehensive high-level
perspective that enables decision-makers to under-
stand the safety relationships across a group of
drugs, and to comprehend the different sources of
evidence that combine to form the final opinion
of the system.

We begin by describing the single reference
drug approach, then proceed to describe the
combined-cohort approach and, finally, the gen-
eral class of pharmacoepidemiological network
models. Using statin safety as a case study, we
evaluated the performance of the combined-
cohort approach and the pharmacoepidemiolo-
gical network approach versus the single reference
drug approach. For each of the approaches, we
performed a retrospective study in which we simu-
lated a prospective analysis based on chrono-
logical analysis of the historical data. The goal
of this research is not to evaluate the general va-
lidity of using healthcare administrative claims
databases for postmarketing drug surveillance,
nor is it to determine the presence or absence of
specific safety issues associated with statin drugs.
Rather, the goal of this study is to determine
whether, given the same healthcare data, the pro-
posed multiple reference drug approaches can
offer improved adverse event detection perfor-
mance versus the single reference drug approach.
We discuss the benefits and limitations of each
of the approaches and identify areas for future
research.

Methods

Data

We analysed de-identified administrative payer-
based healthcare information from the HealthCore
Integrated Research Database (HIRD), represent-
ing diverse regions in the US, including Western,
Midwestern, Mid-Atlantic and Southeastern states,
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and covering 9 million fully commercially insured
lives at the time of the study. The data consist of
health plan enrollment, medical and pharmacy
administrative claims files. All study materials
were handled in compliance with the Health In-
surance Portability and Accountability Act of
1996 (HIPAA) regulations, and the analysis was
conducted using a limited dataset. The data in-
clude prescription and diagnostic data for all
patients prescribed at least one statin drug from
April 2000 through March 2005.

Case Study: Statins

We focused on the association between statin
use and the subsequent diagnosis of rhabdomy-
olysis. The family of statin drugs have been shown
to effectively reduce blood lipid levels and reduce
atherosclerotic coronary artery disease morbidity
and mortality, as well as all-cause mortality.3%-31]
However, cerivastatin has been found to signifi-
cantly increase risk for rhabdomyolysis (a condition
involving the breakdown of muscle tissue)?>3% and
was withdrawn from the market in August 2001 for
this reason.!'-!

Cohort Study Design

All three detection approaches described be-
low are based on the same retrospective cohort
analysis, conducted as follows: for a given pair of
target and reference drugs, two cohorts are de-
fined — one for the target drug and one for the
reference drug (or combination of reference drugs).
Each cohort includes all patients aged 18 years
or older who received at least one prescription
of the relevant drug during the period April
2000-March 2005. The cohort includes patients
with strict statin monotherapy only, meaning
that patients prescribed one or more of the other
statin drugs at any point in the study period
are excluded. The total exposure time is calcu-
lated for each person based on the aggregate
amount of time covered by the prescriptions.
Gaps in exposure of 30 or fewer days are con-
sidered as exposed. Dosage information is not
considered.

Regarding the case definition, potential claims-
based cases of hospitalized rhabdomyolysis were
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identified by hospital discharge claims associated
with International Classification of Diseases, 9th
edition (ICD-9) codes, including all secondary
diagnoses, for myoglobinuria (791.3x), disorders
of the muscle, ligament, and fascia (728.89) and
rhabdomyolysis (728.88). These ICD-9 codes
were selected on the basis of previous studies,
reports, adverse medical events included in the
prescribing information of the lipid-lowering
drugs (LLD), and the advice of expert panels of
clinicians convened by the National Lipid Asso-
ciation (NLA). Available patient medical records
were abstracted using a chart abstraction form
developed by an expert panel of physicians from
the NLA. The chart abstractions were conducted
by two physicians who were blinded to the LLD
exposure status of the patients. Cases of rhab-
domyolysis were confirmed if the medical chart
indicated that the attending physician at the
time of hospitalization made a clinical diagnosis
of rhabdomyolysis or if the patient experienced
muscle injury at the time of hospitalization, and
their creatine kinase (CK) level during hospitali-
zation was at least 10 times the upper limit of
normal with signs of muscle weakness (normal
CK: male 24-204 U/L; female 24—-173 U/L). Only
cases of rhabdomyolysis unrelated to myocardial
infarction or other types of injuries were attrib-
uted to the use of statins. Furthermore, only cases
occurring during the course of treatment with the
drug or within 30 days of stopping treatment with
the drug were included.

A person enters the cohort upon receiving the
first prescription of the drug. A person exits the
cohort upon the first occurrence of any the fol-
lowing: (i) receiving a diagnosis matching the case
definition; (ii) stopping the course of treatment
with the drug; or (iii) termination of the study
period. The two cohorts are analysed with logistic
regression (SAS software, SAS Institute Inc., Cary,
NC, USA), using total exposure time as an offset
and adjusting for sex, age and co-morbidity. Each
analysis yields a 1-tailed p-value.

Co-morbidity was estimated using the Charlson
Comorbidity Index*? a commonly used and estab-
lished method for correcting for potential con-
founders. Other methods can be used, including
propensity score analysis.

Drug Saf 2012; 35 (5)
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Single-Comparison Method with Sequential
Analysis

We begin by describing the single reference
drug approach that serves as a basis for com-
parison for the two multiple reference drug ap-
proaches described below. In the single reference
drug approach, the retrospective cohort study
described above is used to compare adverse event
rates between two cohorts - the drug of interest
and the reference drug. The output of the analysis
is a 1-sided p-value (the test statistic). In a pro-
spective setting, this analysis takes place periodi-
cally — in this study once per month. To address
the issue of multiple testing over time, a sequen-
tial analysis framework is used to spread the de-
sired level of type I error (chosen to be 0.05)
evenly over a total of M periodic (monthly) tests
and to calculate a time-dependent decision
boundary. For this study, we have chosen a value
of M =60, a period of 5 years. The choice of the
value of M is up to the user: larger values of M
allow for a longer surveillance period, while
smaller values of M concentrate the desired type |
error over a shorter period of time, with the likely
effect of increased sensitivity during the shorter
surveillance period. We chose 5 years as a rea-
sonable period of time during which adverse drug
events could be expected to be detected, although
other values of M are certainly possible.

The sequential analysis procedure proceeds as
follows: performing the regression-based com-
parison once per time period yields M test sta-
tistics, p*(m), where m is the time period (month)
and p* is the one-sided test statistic which has not
been adjusted for multiple testing over time.
30000 permutations (the total number of per-
mutations depends on the desired precision of the
final analysis) are performed by randomly reas-
signing patients to one of the two cohorts while
maintaining the relative cohort sizes. A patient is
assigned to a cohort consistently for the entire
duration of a permutation, i.e. there is no switch-
ing between cohorts from month to month within
a permutation. A full set of regression analyses
are then calculated for each of the permutations,
yielding 30 000 M test statistics, p*,.(m ), where r is
the permutation number.
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Once all the permuted p* values have been cal-
culated, a table is set up with M columns (one for
each month) and 30 000 rows (one row for each per-
mutation). Each cell contains the value p*,.(m) for
the specific time period m and specific permutation r.
The following steps are then performed iteratively:

Step 1: The table is sorted in ascending order
according to the p* values in the first column. A
cutoff value ¢*; is identified so that (0.05/2)/M of
the p* values in the first column are smaller than
cx;. Conceptually, this results from setting the
monthly false-positive threshold in an empirical
fashion to ensure that the false positive rate is spread
evenly over each month. In this particular study, the
desired type I error rate of 0.05 was divided by 2
because of our interest in one-tail directional results,
resulting in a value for ¢*; of 0.000415.

Step 2: The implication of p*,.(m) being smaller
than c¢#*,, for a given month m is that, within
permutation r, an alert signal has been triggered
at month m. Therefore, for each cell in the first
column that is smaller than c¢*,, the entire row
containing that cell is deleted from the table,
thereby removing permutation r from the re-
maining months of the analysis, as required by
the sequential analysis framework.

Step 3. Steps 1 and 2 are performed iteratively,
each time analysing the next column in the data-
set, until all columns have been analysed, or until
the stopping rule, below, has been triggered.

Stopping rule: The result of the sequential
analysis is a vector c#,, ¢*,,...,c*,, that defines a
time-sensitive decision boundary (alarm thresh-
olds) for the test statistics. This decision bound-
ary is applied to the original un-permuted data
p*(m). The first month for which p*(m) is lower
than ¢*,, is considered to be the month where an
alert signal has been generated for the target
drug. A summary p-value is calculated for month
m by determining the rank placement of the un-
permuted p*(m ) value within the range of all per-
muted p*(m) values in column m.

Combined-Cohort Method with Sequential
Analysis

The first multiple-reference drug approach we
describe is identical to the single reference drug

Drug Saf 2012; 35 (5)
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approach described above, with one key difference:
a set of related reference drugs are combined into
one master reference cohort. This master refer-
ence cohort is then used in place of the single
reference drug cohort above. All other analysis
steps are identical.

The Pharmacoepidemiological Network
Model

The pharmacoepidemiological network model
integrates the results of multiple drug-drug com-
parisons across a set of related drugs within a
sequential analysis framework. In the pharmaco-
epidemiological network model, the sequential
methods described above are modified as follows.

Given a set of N drugs (for example, cer-
ivastatin plus six other control statins, N=7), we
maintain the assumptions of M periodic measure-
ments and a desired overall type I error of 0.05
over time. Using the same logistic-regression-
based comparison as above, we perform a direc-
tional comparison between every possible pair of
drugs, for a total of N(N-1) comparisons each
month (7x6=42 comparisons in the present ex-
ample). Performing these comparisons for the
M time periods results in N(N-1)M test statistics,
p*(t,b,m), where tis target drug, b is the reference
drug and m is the month. As above, these test
statistics have not yet been adjusted for the effects
of multiple testing.

For each month, we combine the p* values
from the N-1 individual comparisons, p*(t,b,m),
summing over all values of . We do this for each
target drug ¢ by using a combination function,
weighted by the exposure time of the referent drug b:

CHumy =2 In(Epp*(1.5,m)
D

where E, is the aggregate exposure time across
all patients in the cohort for the referent drug b.
(This combination approach is used only as a
convenient method of combining scores and the
results are not interpreted as p-values; no as-
sumptions are made about the validity of com-
bining test statistics using Fisher’s data fusion
method®3! in this context.) The result is NM
combination-test-statistics, C*(z,m ).
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As above, 30000 permutations are performed
on the data. The regression-based comparisons
are performed on each of the permutations,
yielding the value p#,(t,b,m) for each permuta-
tion r. The weighted combinations are then ap-
plied to these p* values to yield the combination
statistic C*,(t,m) for each permutation r.

Once all the permuted C* values have been
calculated, a table is set up with M columns (one
for each month) and 30 000N rows (one row for
each target drug and permutation). Each cell con-
tains the value C*,.(t,m) for the specific target
drug, month and permutation. The three-step iter-
ative procedure described above is then followed.

The result of the sequential analysis is a vector
%, cy%,...,cpf that defines a time-sensitive
decision boundary (alarm thresholds) for the
test statistics. This decision boundary is applied
to the original un-permuted data C*(¢,m), and
the first month for which C*(¢,m) is less than
c*,,, an alert signal is generated for that target
drug. Summary p-values are calculated by deter-
mining the rank placement of the un-permuted
C*(t,m) value within the range of all permuted
C*(t,m) values in column m.

One of the primary contributions of the
pharmacoepidemiological network model is the
network visualization (figure 1). In the network
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Fig. 1. A pharmacoepidemiological network showing the safety re-
lationships between different statin drugs for rhabdomyolysis. The
network shown is a snapshot in time taken in March 2005, the last
month of the study period. Reference drugs appear on the left and
target drugs appear on the right. Each edge connecting two nodes
represents the results of a single pair-wise comparison of a target
drug and a reference drug (green=no alert triggered, red=alert
triggered). The colour of each target node reflects the consensus
score (green=no consensus alert triggered, red=consensus alert
triggered), calculated by integrating the opinions of all the other ref-
erence drugs pertaining to the safety of that target node.
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Table 1. Description of inception cohorts for patients receiving statin monotherapy

Atorvastatin Cerivastatin Fluvastatin Lovastatin Pravastatin Rosuvastatin Simvastatin
N 254 617 9597 16 048 39 092 66 161 15 597 63 182
Female (%) 44 .46 48.24 50.70 48.42 47.26 4474 4477
Age (average; y) 55.94 57.38 58.85 57.39 56.76 54.50 58.06
Exposure (person-years) 209 866 2456 8657 20 684 49 696 5568 42 188
Mean Charlson 0.590 0.507 0.498 0.528 0.641 0.665 0.780
comorbidity scoref®?!
Rhabdomyolysis cases 216 [0.10] 10 [0.41] 6[0.07] 20[0.10] 50[0.10] 410.07] 40[0.09]

[% of exposure]

visualization, each drug appears twice — once on
the left as a reference node and once on the right
as a target node. Each edge connecting two nodes
represents the results of the regression-based
comparison of the target drug with the reference
drug, with red colour and greater thickness of
the edge reflecting a greater difference in adverse
event levels between the two nodes. In this visuali-
zation, we choose an overall type I error level of
0.05 as representing a significant level of alarm,
although other thresholds may be chosen depen-
ding on the requirements of users of the system.
The colour of each target node reflects the con-
sensus score, calculated by integrating the opin-
ions of all the other reference drugs pertaining to
the safety of that target node. This visualization
provides a comprehensive high-level perspective
that enables decision makers to understand the
safety relationships across a group of drugs, and
to comprehend the different sources of evidence
that combine to form the final opinion of the
system.

Results

Table I provides descriptions of the seven co-
horts used in this study — one for each of the seven
commonly used statin drugs. Table II reports the
relative risks for rhabdomyolysis for six of the
drugs, compared with atorvastatin (with 95%
Cls), adjusted for age, sex, Charlson comorbidity
score,3?l and exposure time.

Figure 2 shows the results of the single refer-
ence drug approach. Empirical p-values resulting
from comparisons involving cerivastatin are
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shown as coloured lines, while all comparisons
between other statins are shown as thin grey lines.
Using this approach, the earliest detection of the
risk of rhabdomyolysis associated with cerivastatin
would have occurred in June 2001, assuming an
optimal choice had been made ahead of time and
simvastatin was used as a reference. However,
many studies of cerivastatin-related rhabdomyo-
lysis risk use atorvastatin as a reference, in which
case the single reference drug approach would
have generated a signal only in October 2001.
(As a reminder, cerivastatin was withdrawn from
the market in August 2001.) Use of other statins
as references would have yielded even later
detection, or even no detection at all through
the end of the study period, as in the case of ro-
suvastatin.

Based on the same data, the combined-cohort
approach would have detected cerivastatin’s
rhabdomyolysis risk in September 2000, 9 months
earlier than the earliest detection achieved using
the single reference drug approach when choosing
the most favourable referent drug and 13 months
earlier than the single-referent approach when

Table Il. Relative risk of drug safety for different adverse events
compared with atorvastatin (with 95% Cls), adjusted for age, sex,
Charlson comorbidity scorel®?! and exposure

Drug Rhabdomyolysis
4.08 (1.38, 12.05)
0.69 (0.17, 2.78)
0.96 (0.44, 2.09)

(
(
0.96 (0.57, 1.61)
(
(

Cerivastatin
Fluvastatin
Lovastatin
Pravastatin
Rosuvastatin 0.66 (0.12, 3.68)

Simvastatin 0.88 (0.50, 1.56)
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Fig. 2. The results of drug safety analyses using the single reference drug approach. Coloured lines indicate empirical p-values resulting from
comparisons between cerivastatin and one of the other statin drugs. Grey lines indicate empirical p-values resulting from comparisons
between a pair of statin drugs that do not include cerivastatin. The threshold of 0.000415, indicated by the dashed red line, represents a desired
type-l error of 0.05 divided over 60 months within the sequential analysis framework using one-sided t-tests. Comparison against simvastatin
would have yielded an alert for cerivastatin in June 2001, while comparison against atorvastatin or pravastatin would have yielded an alert for

cerivastatin in October 2001.

using the most common referent drug, atorvas-
tatin. This is accomplished without flagging any
other statin drugs as dangerous using the combin-
ed-cohort approach. Thus, no additional false
positives appear in the present experiment.
Figure 3 shows the results achieved using
the pharmacoepidemiological network model.
Based on the same available healthcare data, the
pharmacoepidemiological network model would
have detected cerivastatin’s rhabdomyolysis risk
in December 2000, 6 months earlier than the
earliest detection achieved using the single refer-
ence drug approach when choosing the most
favourable referent drug and 10 months earlier
than the single reference drug approach when
using the most common referent drug, atorvas-
tatin. This is also accomplished without flagging
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any other statin drugs as dangerous using the
pharmacoepidemiological network model.

Discussion

Based on the results obtained in the present
analysis, the multiple reference drug approaches
yielded improved detection timeliness over the
single reference drug approach, without generat-
ing additional false positives. Each multiple ref-
erence drug approach has its own benefits. While
the combined-cohort approach achieves slightly
earlier detection, the novel pharmacoepidemiolo-
gical network approach provides a detailed
framework to help decision makers understand
the high-level relationships between drugs, and
comprehend the different components of the
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evidence used to generate the final consensus
opinion, a level of detail that is not available with
the combined-cohort approach.

As mentioned above, such a detailed frame-
work would be useful in cases where it is unclear
whether a given comparator drug itself has high
levels of a given adverse event. In pharmaco-
epidemiological analyses of claims data, the ‘safe-
ty’ of a given drug with regard to a particular
adverse event is a relative measure that depends
on the comparator drug used. A comparator with
high rates of a given adverse event could make
even a ‘dangerous’ target drug look ‘safe’. As-
suming that there are other ‘safe’ comparators
included in the analysis, the pharmacoepidemio-
logical network model can allow investigators to
instantly identify the ‘dangerous’ comparator — it

100

107"

1072

p-Value

1073

1074

will be revealed as having higher rates of the ad-
verse event than these other comparators.

As mentioned above, the goal of this work is
not to evaluate the general validity of using ex-
isting healthcare databases for postmarketing
drug surveillance, nor is it to determine the pre-
sence or absence of specific safety issues asso-
ciated with statin drugs. Rather, it is to determine
whether multiple reference drug approaches for
analysing these healthcare databases can offer
improved detection performance over the single
reference drug approach. Therefore, we compar-
ed the detection performance achieved by all the
approaches using the same dataset.

While the single reference drug approach re-
quires choosing the best reference drug to use,
the network approach allows the use of multiple

—— Atorvastatin
— Cerivastatin
—— Fluvastatin
—— Lovastatin
—— Pravastatin
Rosuvastatin
— Simvastatin

5 @ X X o
q,@& S & &S
S A IR AR > AR AR
Month-Year

Fig. 3. The results of drug safety analyses using the pharmacoepidemiological network (PEN) model. Each coloured line represents the
empirical p-values resulting from the consensus derived from comparing the target statin with all the other statins. The results show that using
the PEN model, an alert for cerivastatin would have been generated in December 2000, 6 months earlier than any of the single comparisons in
figure 2, and 9 months earlier than the single comparison using atorvastatin as a reference. Importantly, no false alarms would have been

generated for any of the other statins.
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reference drugs. In the chosen case of statin safety,
a well-defined class of seven drugs is readily avail-
able for mutual comparisons. In cases where
reference drugs from the same class are not
available, other drugs with similar indications or
the non-exposed population may be used as ref-
erences. We expect that the quality of the results
may vary as less-related drugs are used; the more
a reference drug is different from the target drug,
the greater likelihood that differences in the
treated populations may create confounders that
skew the results of the comparison. For this rea-
son it is possible that the use of a more hetero-
genous group of comparator drugs may lead to
poorer performance. In addition to conducting
additional evaluative examples, future work will
assess both the value of including additional ref-
erence drugs in a network, as well as the effects of
similarity between target drug and reference drug
on network performance. A long-term goal of
this future work is to inform the development of a
possible set of systematic guidelines for multiple
comparator selection, especially in cases where
there are many possible comparators to choose
from and there is concern that subjective selec-
tion of comparator drugs might bias the results
of the analysis.

The network approach includes adjustments
for multiple comparisons of a target drug with
multiple reference drugs. It is possible that these
adjustments would decrease the sensitivity of the
system to the point where the benefits of com-
bining evidence would be outweighed by the mea-
sures taken to combat multiple testing. Based on
the results obtained in the present analysis, the
benefits of combining evidence outweighed the
measures taken to combat multiple testing, leading
to earlier detection without causing additional
false positives. Additional analyses will enable
further study of these performance comparisons.

As mentioned above, Brown et al.[2! also re-
ported using a combined cohort approach within
a sequential analysis framework to detect a cer-
ivastatin/rhabdomyolysis signal by comparing
case rates for cerivastatin with those of all other
statins. Starting with data in January 2000, the
single reference drug approach generates a signal
for cerivastatin/rhabdomyolysis 13 months later

Adis © 2012 Springer International Publishing AG. All rights reserved.

in February 2001. Starting with data in April 2000,
the pharmacoepidemiological network method
generates a signal 8 months later in December
2000, and the combined cohort approach gen-
erates a signal 5 months later in September 2000.
While the results presented here are earlier, both
in relative and absolute terms, it is important to
realize that these two studies analyse different
datasets, covering different sized populations,
seeking care at different health systems and using
different case definitions. Specifically, the signal
reported by Brown et al. is based on one observed
case of rhabdomyolysis amongst 198 person-
years of cerivastatin exposure, while the present
signal is based on 10 observed cases of rhabdo-
myolysis amongst 2456 person-years of cer-
ivastatin exposure. Given the larger sample size
used in the present study, it would be expected
that a similar method would achieve earlier de-
tection. In general, the main difference between
the present study and the study by Brown et al. is
the introduction of the pharmacoepidemiological
network method, which offers a novel analytical
approach to combining information from multiple
comparator drugs, and provides a comprehensive
high-level perspective that enables decision ma-
kers to understand the safety relationships across
a group of drugs.

Like many other drug safety surveillance
methods, the pharmacoepidemiological network
model has been designed to analyse the safety of
a specified set of candidate drugs and adverse
events, in which the drug safety professional has
a specific interest. One of the primary questions in
the emerging field of postmarketing drug safety
surveillance is whether and how such methods
can also be used for broad screening (or ‘data
mining’) of potential safety issues across the en-
tire universe of drugs and adverse events. The
primary issue is the numerous false positives that
would likely be generated when analysing the full
range of drugs and adverse events. While correc-
tive measures can be taken to account for these
false positives, a broad analysis of the entire spec-
trum of drugs and adverse events would likely
require a very powerful correction, significantly
limiting the sensitivity of the system and causing
true cases to be missed or detected late. This is a
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fundamental issue in the field that applies to most
drug safety surveillance methods, and future
work will continue to address this issue.

Differences between the actual safety findings
of these analyses and those published in the clin-
ical trial and epidemiological literature may be
due to a number of factors, including differences
between the populations covered, prescribing
practices and co-morbidities, as well as differ-
ences in study design. While the database used
provides broad coverage of over 9 million lives in
diverse regions of the US, as described in Cziraky
et al.,?’it may not be representative of the entire
US population. Still, the data used are typical of
those that exist in real-world healthcare settings,
and would be available for performing similar
analyses in other environments. Furthermore, the
database analysed reflects a commercially in-
sured population, and results may differ in other
populations. The results reported here are subject
to the limitations of using existing healthcare
databases to perform pharmacoepidemiological
analyses in a prospective postmarketing drug safety
surveillance setting, including selection bias. Es-
tablished methods for dealing with selection bias
include propensity score analysis.?*33 Combin-
ing such methods with the proposed network
approach is an important area for future study.
Another area for future study is measuring the
safety of combination therapies and identifying
drug-drug interactions, such as the interaction
between statins and fibrates.[>3! While the present
study does not explicitly incorporate dosage in-
formation, future studies could include dosage
information in the model. This could be done,
among other approaches, through stratified
analyses that separately analyse different ranges
of dosages.

While the chosen case study of cerivastatin
and rhabdomyolysis illustrates the usefulness of
this method in a commonly used group of drugs,
rhabdomyolysis has been closely tied to statins,
so additional case studies would allow a more
complete evaluation of the method’s performance.
In order to evaluate our methods, we chose a
strong, well-established and specific adverse drug
event as a case study. Additional studies can be
conducted with weaker associations and less

Adis © 2012 Springer International Publishing AG. All rights reserved.

specific adverse events in order to test for gen-
eralizability in those cases. Our future work will
validate and extend the model across additional
case studies and data environments.

Conclusions

The pharmacoepidemiological network meth-
od provides a promising new approach for drug
safety surveillance using healthcare claims data.
The method presented here can be used with data
available today to improve on current methods
for adverse drug event detection in the postmar-
keting stage.
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